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Short Abstract

The neural representation of object shape in the primate ventral visual system
Akihiro Eguchi

St. Catherine’s College
Submitted for the Degree of DPhil in Experimental Psychology

Hilary Term 2017

The aim of this doctoral research is to advance understanding of how the primate brain
learns to process the detailed spatial form of natural visual scenes. Neurons in successive stages
of the primate ventral visual pathway encode the spatial structure of visual objects and faces.
However, it remains a difficult challenge to understand exactly how these neurons develop
their response properties through visually guided learning. This thesis approaches this problem
through the use of computational modelling. In particular, I first show how the brain may
learn to represent the spatial structure of objects and faces through a series of processing stages
along the ventral visual pathway. Then I propose how understanding the two complementary
unsupervised learning mechanisms of translation invariance may have useful applications in
clinical psychology. Next, the potential functional role of top-down (feedback) propagation of
visual information in the brain in driving the development of border ownership cells, which are
thought to play a role in binding visual features such as boundary edges to their respective
objects, is investigated. In particular, the limitations of traditional rate-coded neural networks
in modelling these cells are identified. Finally, a general solution to such binding problems
with the use of a more biologically realistic spiking neural network is presented. This work is
set to make an important contribution towards understanding how the visual system learns to
encode the detailed spatial structure of objects and faces within scenes, including representing
the binding relations between the visual features that comprise those objects and faces.
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Long Abstract

The neural representation of object shape in the primate ventral visual system
Akihiro Eguchi

St. Catherine’s College
Submitted for the Degree of DPhil in Experimental Psychology

Hilary Term 2017

The major challenge facing visual neuroscience today is discovering how the brain learns
to represent the full complexity of natural visual images. Single unit recording in non-human
primates has shed light on how the visual system encodes the spatial structure of objects
and faces, showing that representations develop through a hierarchy of neural layers within
the ventral visual pathway with visual information represented in a distributed manner across
brain areas, which communicate with each other through bottom-up (feedforward) and top-
down (feedback) connections. Consequently, understanding how neurons develop their firing
properties, and thereby learn to represent visual scenes, will require detailed neural network
computer models. This thesis presents a series of computer modelling studies that is aimed at
advancing our understanding of how objects and faces are encoded through these linked areas.

The first simulation study explores how representations of simple shape fragments might be
developed and are later integrated to represent more complex object shapes with a completely
unsupervised learning mechanism and feed-forward processing in a neural network model, Vis-
Net, of the primate ventral visual pathway. In particular, it is demonstrated that when VisNet
is trained on many objects with different boundary shapes, the neurons in the higher layers of
the network learn to respond to localised boundary contour elements, which are defined by the
curvature and location of the boundary element in the frame of reference of the object. Inter-
estingly, our result shows that neurons learn to respond to these boundary elements rather than
learning to respond to the whole objects that are actually presented during training. Moreover,
the neurons are able to learn to respond with translation invariance as visual objects are shifted
across different retinal locations. This is shown to be successful when VisNet is trained with
either the artificially constructed visual stimuli or with images of natural visual objects. A
population of such neurons, representing many different boundary elements of different curva-
ture and position within the object, could be used to provide a distributed coding of the entire
boundary shape of an object. This has been demonstrated with real neurons in primate visual
area V4. As such, these neurons are likely to play an important role in how the primate visual
system represents the shapes of objects.

The following chapter presents neural network simulations of the visually-guided develop-
ment of facial representations in VisNet. In particular, the followings are presented: (1) how
some neurons along the successive stages of processing learn to represent individual facial fea-
tures such as the eyes, nose, and mouth even though the visual system is always exposed to
whole faces, (2) how some neurons learn to represent particular spatial relationships between
facial features, such as the distance between the eyes, with monotonic tuning curves, (3) how
some neurons in later stages learn to respond to global attributes such as either a particular
identity or expression, and (4) what is the relationship between spatial configurations of fa-
cial parts and global representations of face identity and expression. This work represents an
important theoretical advance in understanding how the visual system learns to represent the
rich spatial structure of the faces, contradicting many current accounts of learning based on the
feedback of error signals from higher- to lower-levels of representation.

Then, based on the findings in the previous chapters, a clinical treatment for depression
known as Cognitive Bias Modification (CBM) is modelled. This family of treatments seek to
eliminate underlying cognitive biases towards negative information and are efficacious in reduc-
ing the recurrence of depression. However, the mechanisms behind the bias elimination are not
fully understood. The study conducted in this chapter investigates, through computer simula-
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tion of neural network models, the neural dynamics underlying the use of CBM in eliminating
the negative biases in the way that depressed patients evaluate facial expressions. Two CBM
methodologies using biologically plausible synaptic learning mechanisms are investigated: Con-
tinuous Transformation (CT) learning and trace learning, which guide learning by exploiting
either the spatial or temporal continuity between visual stimuli presented during training. Sim-
ulations with a simplified one-layer neural network are describe first, and then simulations in
VisNet are described. After training with either CT learning or trace learning, the one-layer
neural network eliminated biases in interpreting neutral stimuli as sad. The multi-layer neural
network trained with realistic face stimuli was also shown to be able to use CT learning or
trace learning in order to reduce biases in the interpretation of neutral facial expressions as
sad. The simulation results suggest two biologically plausible synaptic learning mechanisms,
CT learning and trace learning, that may subserve CBM. The results are highly informative
for the development of experimental protocols to produce optimal CBM training methodologies
with human participants.

The following chapter investigates the potential limitation of a traditional rate-coded model
such as VisNet when investigating visual feature binding in the form of border ownership rep-
resentations. Our visual perception tends to assign luminance contrast borders to one or other
of the adjacent image regions. Experimental evidence for the neuronal coding of such border-
ownership in the primate visual system has been reported in neurophysiology. It is investigated
exactly how such neural circuits may develop through visually-guided learning. More specifi-
cally, our VisNet model has been modified to include both bottom-up and top-down synaptic
connections between successive layers to investigate how top-down connections may play a fun-
damental role in the development of border ownership representations in the early cortical visual
layers V1/V2. The simulations reported in this chapter demonstrate that top-down connections
may help to guide competitive learning in lower layers, thus driving the formation of lower level
(border ownership) visual representations in V1/V2 that are modulated by higher level (ob-
ject boundary element) representations in V4. However, additional simulations conducted in
this chapter reveal a crucial limitation of such rate-coded models in the more general situation
where multiple objects are presented to the network simultaneously. In this more challenging
situation, the border ownership cells simulated in the rate-coded model fail to maintain their
proper firing properties.

Accordingly, the final two chapters present a potential solution for such limitations by imple-
menting the model with spiking dynamics. In particular, a hierarchical neural network model,
in which subpopulations of neurons develop fixed and regularly repeating temporal chains of
spikes (polychronization), which respond specifically to randomised Poisson spike trains repre-
senting the input images, is presented first. The performance is improved by including top-down
and lateral synaptic connections, as well as introducing multiple synaptic contacts between each
pair of pre- and postsynaptic neurons with different synaptic contacts having different axonal
transmission delays. In the latter case, Spike-Timeing-Dependent Plasticity (STDP) allows the
model to select the most effective axonal transmission delay between each pair of pre- and
post-synaptic neurons. Furthermore, neurons representing the binding relationships between
low-level and high-level visual features emerge through visually-guided learning. This provides
a solution to the classic feature binding problem in visual neuroscience and leads to a new
hypothesis concerning how information about visual features at every spatial scale may be
projected upwards through successive neuronal layers.

Then finally the last chapter of simulations investigates the development of robust repre-
sentations of border ownership information in the early cortical layers of the spiking model.
These last simulations provide computational evidence supporting the hypothesised solution to
the binding problem proposed in the previous chapter. More precisely, the limitations of the
“superposition catastrophe” in a traditional rate-coded model are overcome within the current
spiking neural network model, where the border ownership representations are robust even when
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multiple objects are presented to the network simultaneously.
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Chapter 1

Introduction

Over successive stages, the primate ventral visual pathway develops neurons that respond to
particular objects or faces independently of their position, size, or orientation (Perrett et al.,
1982; Desimone, 1991; Tanaka et al., 1991). The ventral visual pathway is thus thought to be
responsible for transform-invariant visual object and face recognition in the brain. However, it
remains a difficult challenge to understand exactly how these neurons develop their response
properties during learning. The learning processes will depend on how the neurons interact with
each other through successive layers of the ventral visual pathway as they are driven by rich
visual input from natural scenes. This can be investigated through computer simulations that
accurately model the behaviour of individual neurons, how these neurons are linked together
in the brain, how the synaptic connections between cells are modified during learning, and the
statistical properties of the visual input from the sensory environment. The aim of this doctoral
research is to advance understanding of how the primate brain learns to process visual input
from natural scenes. This problem goes beyond mere object recognition to understanding how
the visual system represents the full complexity of natural visual scenes. This is a profoundly
important and timely issue for achieving a more complete understanding of primate vision.
Understanding how complex visual scenes are represented in the brain will help to inform
clinical treatment of patients with damage to these brain areas, and perhaps lead to a new
generation of computer vision systems that are more effective at interpreting natural scenes.

1.1 Visual Processing along the Primate Ventral Visual Path-
way

The ability of the brain to analyse and recognize objects under natural viewing conditions
is unmatched by today’s computer vision systems. In order to achieve this singular ability,
the primate brain develops and utilizes a rich tapestry of cells that encode different kinds
of visual information. At the retina as the entrance of the visual information to the brain,
spatial contrasts that will be useful for the later perception are extracted from two dimensional
inputs of brightness and colours detected by photoreceptors. The information about the spatial
contrasts at every location around the visual field serves as the important set of features that
is to be processed in the later stages. Such feature information is propagated to the cerebral
cortex and integrated together along the visual pathway. As a result, over successive stages
of processing, the primate ventral visual pathway develops neurons that respond selectively to
objects of increasingly complex visual form (Kobatake and Tanaka, 1994), going from simple
orientated line segments in area V1 (Hubel and Wiesel, 1962) to whole objects or faces in the
inferotemporal cortex (IT) (Perrett et al., 1982; Tsao et al., 2003; Tsunoda et al., 2001). This
section gives a review of processing at successive stages of the ventral visual pathway.

1
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1.1.1 Detection of Spatial Contrast

Any kind of visual information is first received by the retina, an inner coat of the eye balls.
The lights comes into the eyes through the pupil, and figures in the visual world are projected
on the retina. Then, the incoming lights are converted into corresponding electrical signals by
the photoreceptors, which sit in the outermost layer of the retina. In the eyes of vertebrates,
the generated electrical signals are passed onto ganglion cells via bipolar cells, and then the
information is propagated to the brain. In other words, the ganglion cells are seen as the
output cells of the retina.

One of the most important roles of the neural circuits in the retina is to detect spatial
contrasts in the visual space. More precisely, it is known that ganglion cells do not react to
lights that uniformly cover a large area in the visual field, while they become highly reactive
when only a part of the visual field is relatively brighter or darker than the surrounding area.
A receptive field of a neuron is defined as the area in the visual field in which a stimulus can
influence the activity of the particular neuron. It is known that the receptive field of ganglion
cells has two types: on-centred and off-centred. The ganglion cells with an on-centred receptive
field increase their spike frequencies when the centre of the receptive field is illuminated. The
same ganglion cells also increase their spike frequencies when the light in the surrounding area
is turned off. On the other hand, the ganglion cells with an off-centred receptive field show
the opposite responses, which is increasing the spike frequencies when the light at the centre is
turned off or the light in the surrounding area is turned on. As a result, on-centred cells play the
role of detecting the points that are brighter than its background, while off-centred cells play
the role of detecting the points that are darker than its background. When the entire receptive
field of a ganglion cell is illuminated, the effects from the centre and from the surrounding area
cancel each other out, thus preventing the ganglion cell from reacting strongly in this condition.

As explained earlier, the photoreceptors make synaptic connections with bipolar cells, and
the bipolar cells make synaptic connections with ganglion cells. This pathway normally does not
spread horizontally, but rather follows one-to-one vertical topography, constituting the center
part of the receptive field of a ganglion cell. On the other hand, there are other kinds of cells in
the retina that establish horizontal synaptic connections such as horizontal cells and amacrine
cells. These connections constitute the surrounding part of the receptive field.

1.1.2 Edge Detection in V1

The information about spatial contrast within an image is projected to the lateral geniculate
nucleus (LGN) via axons from the ganglion cells, and then projected to the striate cortex (V1).
Generally, this projection preserves the topography, so it is known that area V1 develops a map
of the visual field based on the relative location of the receptive field of each cell in the visual
field. In particular, the right-hand side of the visual field is mapped onto the left hemisphere
of V1, while the left-hand side of the visual field is mapped onto the right hemisphere of V1.

One of the main characteristics of neurons in area V1 is that they react strongly to a bar
of light at particular orientation in a specific retinal position (Hubel and Wiesel, 1962). These
neurons are referred to as simple cells. The population of such cells at a particular retinal
position will cover all stimulus orientations. As explained earlier, the receptive field of an LGN
cell has a circular shape, similar to a ganglion cell. However, when the LGN cells establish
convergent synaptic connections to V1 cells, the receptive fields of such V1 cells can form
elliptical shapes. This can give a rise to the observed selectivity of simple cells in V1 to oriented
line segments.

Later visual areas in the cerebral cortex receive information from area V1 via polysynap-
tic connections to accomplish higher level information processing tasks such object and face
recognition. Traditionally, it has been proposed that there are two distinct pathways of visual
information propagation from area V1: a dorsal visual pathway towards the parietal lobe and
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a ventral visual pathway along the temporal lobe. It is generally thought that the dorsal vi-
sual pathway is responsible for representing spatial information to guide bodily actions such
as reaching, while the ventral visual pathway is responsible for processing the spatial forms of
objects and faces. In this thesis, our focus is mainly on the latter pathway, that is, the ventral
visual pathway.

1.1.3 Border Ownership Representations in V1/V2

Cortical area V2 receives inputs from area V1. Zhou et al. (2000) have shown that the responses
of simple cells in earlier cortical stages of visual processing such as V1 and V2, which respond
preferentially to oriented edges, are also modulated by which side of an object or figure the
edge occurs on. This is the case even when the figure/background cues lie well outside the
classical receptive field of the neuron, which in area V2 is approximately 3 degrees in size. Such
neurons are referred to as border ownership cells. Sugihara et al. (2011) later reported that the
border ownership signal emerges with a latency of 61 ms, which is about 13 ms later than the
onset of orientation selectivity. This suggests that the global image context specifying border
ownership modulates the activity of these neurons. In other words, there must be a mechanism
that enables the contextual information to be conveyed to these early stage visual neurons in
V1 and V2 from higher stages such as V4.

1.1.4 Local Contour Shape Representations in V4

Information about elementary visual features represented in earlier layers such as V1/V2 is
integrated in later areas such as V4 and IT (Brincat and Connor, 2004). Experimental studies
have shown that neurons in these later stages of the primate ventral visual pathway encode the
spatial structure of visual objects and their parts. For example, single unit recording studies
carried out by Pasupathy and Connor (2001) have shown that within area V4, an intermediate
stage of the ventral visual pathway, there are neurons that respond selectively to the shape
of a local boundary element (e.g. concave or convex) at a particular position in the frame of
reference of the object (i.e. with respect to the centre of the object). Some of these V4 neurons
also maintain their response properties as an object shifts across different locations on the retina;
i.e. they have developed translation-invariant representations. Therefore, these cells encode the
spatial form of the object boundary by representing the relations between individual boundary
contour elements within the object. Many theories suppose that object recognition operates
through the computation of intermediate representations which reflect the spatial relations
between the parts of objects (Brincat and Connor, 2004; Pasupathy and Connor, 2001; Giersch,
2001). Consistent with this view, a population of such V4 cells will provide a distributed
encoding of the complete boundary shape of an object (Pasupathy and Connor, 2002).

1.1.5 Object Representation in Inferotemporal Cortex (IT)

Further experimental studies have shown that neurons in the later stages of the ventral visual
pathway, including inferotemporal cortex (IT) and especially posterior IT (TEO), integrate
information from multiple boundary contour elements (Brincat and Connor, 2004). This rep-
resentation of the detailed spatial form of the separate parts of each object may provide a
necessary foundation for the subsequent recognition of whole objects. That is, object selective
cells at the end of the ventral visual pathway may learn to respond to unique distributed rep-
resentations of object shape in earlier areas (Booth and Rolls, 1998). In higher layers of the
ventral pathway such as the anterior IT (TE), the responses of neurons to objects and faces
show invariance to retinal location, size, and orientation (Tanaka et al., 1991; Rolls et al., 1992;
Rolls, 2000; Perrett and Oram, 1993; Rolls and Deco, 2002).
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Similarly, functional magnetic resonance imaging (fMRI) studies in humans have revealed
several cortical regions within the temporal lobe, which are exclusively dedicated to face pro-
cessing (Perrett et al., 1992; Kanwisher et al., 1997; Pitcher et al., 2011; Zhang et al., 2012).
Also, there is evidence for hierarchical processing. For example, an early stage of processing,
the occipital face area (OFA) in the inferior occipital gyrus, has been found to contribute to
face perception by responding to individual facial features such as the eyes, nose, and mouth
(Pitcher et al., 2011). On the other hand, a later stage of processing, the fusiform face area
(FFA) in the lateral fusiform gyrus, has been found to integrate such information by responding
more strongly to intact rather than scrambled faces (Kanwisher et al., 1997; Zhang et al., 2012).
Recently, it has also been reported that the face areas may also exhibit “faciotopy” where dif-
ferent cortical patches represent different face features, and the cortical distances between the
feature patches reflect the physical distance between the features in a face (Henriksson et al.,
2015).

Consistent with these findings, also in macaques, several face sensitive areas have been
identified in the temporal lobe, which are known as face patches (Gross et al., 1972). It has
been argued that the homologue of the FFA in macaques is the middle face patch (Tsao et al.,
2006). Some of those neurons are found to respond to the presence of facial features such as the
eyes, nose, or mouth, while other neurons encode the many spatial relationships between these
facial features (Freiwald et al., 2009). Some neurons also encode global properties such as facial
identity or expression (Morin et al., 2014; Hasselmo et al., 1989a). These experimental findings
indicate that our ability to process and recognise faces utilises this rich tapestry of different
kinds of visual information.

1.2 Computational Modelling Study

Inspired by the known hierarchical architecture of the primate vision, various models of visual
processing incorporate a convergent hierarchy of neurons organized into layers. One of the
earliest and well-known models, ‘neocognitron’, was developed by Fukushima (1980). In this
model, the network consists of an input layer of simulated photoreceptors followed by two types
of neuronal layers in turn for multiple times: a layer of simple-cells (S-layer) to enhance feature
integrations with modifiable synaptic connections and a layer of complex-cells (C-layer) to
achieve transform invariance. This model set a foundation of the current approach of hierarchical
modelling study of primate visual brains (Riesenhuber and Poggio, 1999; Wallis and Rolls, 1997).

While many modelling studies have investigated various kinds of visual processing in the
primate visual system (Eliasmith et al., 2012; Serre et al., 2005), most of these investigations
have not employed biologically accurate models or were not concerned with uncovering the
synaptic learning mechanisms by which the visual representations develop in the first instance.
However, there is a large body of experimental evidence for learning of visual form recognition
within the temporal lobes (Wallis, 2013). For example, Baker et al. (2002) showed that exposure
to abstract shapes formed by combing multiple parts enhanced both parts-level and holistic
shape tuning of neurons in the Inferior temporal cortex (IT). Studies with fMRI have also
reported large-scale alteration of the organization and selectivity of temporal lobe cortex in
humans after training with visual stimuli (Beeck et al., 2006; Gillebert et al., 2008). Additionally,
although the discrimination of non-face objects is known to be more difficult than for faces,
training on non-face objects improves the discrimination of these stimuli to nearly that of faces
(Yue et al., 2006). Thus, how visual representations develop through a biologically plausible
process of visually-guided learning is a key question that needs to be addressed by theoreticians,
and is a fundamental aspect of the model simulations presented in this thesis.
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1.2.1 V4/TEO cells

A number of modelling studies have tried to reproduce the observed shape selective and transla-
tion invariant firing properties of neurons in area V4 and TEO (Rodrguez-Snchez and Tsotsos,
2012; Cadieu et al., 2007). However, these past models have not utilised biologically plausible
learning mechanisms to guide the development of cell firing properties. In particular, previ-
ous models have not used plausible, local learning rules, which use pre- and post-synaptic cell
quantities to drive modification of the synaptic connections during visually-guided learning.
Therefore, it still remains a challenge to understand exactly how those V4 and TEO neurons
develop their shape selective response properties through learning.

1.2.2 Facial Representations

It is also the case that the mechanism by which the visual system separates the representations
of global facial attributes, which are always seen together, into different brain areas has been
a long-standing question in this field. Based on such functional and anatomical specialization,
Haxby et al. (2000) hypothesized the existence of a ‘core system’ that is dedicated for visual
analysis in the temporal lobe. The core system includes the OFA that detects the simpler
features of faces, the Superior temporal sulcus (STS) that processes changeable attributes of
faces such as expressions, and the FFA that processes invariant attributes of faces such as
identity. However, these previous theoretical and experimental studies do not explain the precise
learning mechanisms by which the neuronal representations of global attributes, such as identity
and expression, may become mapped onto separate processing areas in the later stages of the
visual system.

Lades et al. (1993) presented the first self-organising neural model that developed repre-
sentations of the spatial relationships between facial features. Their model employed a feature
based approach to face recognition via active dynamic linking of features (von der Malsburg,
1981; von der Malsburg and Schneider, 1986). The model uses an input representation by which
each face is convolved with a set of Gabor filters across the visual field. The output layer of the
network constructs a graph representation of the face, with each node in the graph representing
a particular facial feature, and each link representing the feature relation (Lades et al., 1993).
The model was proposed to be biologically realistic because the development of the output face
representations is unsupervised. Nevertheless, it is not clear how a population of neurons in the
brain may store facial representations in the form of graphs.

A more biologically plausible approach to modelling how transform (e.g. location or view)
invariant representations of faces and non-face objects may develop through unsupervised, as-
sociative learning mechanisms in the higher stages of the ventral visual pathway was carried out
by Wallis and Rolls (1997). The network architecture is shown in Figure 1.1. The inputs are
represented as columns of V1-like spatial filter activation values similar to the model proposed
by Lades et al. (1993). The architecture consists of four layers of competitive neural networks
representing successive visual areas V2, V4, TEO (posterior IT), and TE (anterior IT). During
training with visual images of faces and other objects, the feedforward synaptic connections
between successive layers were modified by a biologically plausible, local, associative learning
rule. The study showed that competitive learning allows neurons in the intermediate layers of
the model to learn to respond to particular combinations of simple visual features present in
faces and non-face objects. By building on these intermediate layer representations, the higher
layers were then able to develop transform invariant representations of whole faces. A detailed
description of the model is provided in the Section 1.3.

Tromans et al. (2011) demonstrated how physically separated representations of facial iden-
tity and expression may develop through a biologically plausible process of unsupervised com-
petitive learning in this model, VisNet. Nonetheless, this modelling study used highly idealised
cartoon faces, in which these two global attributes were artificially encoded by different facial



CHAPTER 1. INTRODUCTION 6

features. More recently, Wallis (2013) has started exploring various aspects of recognition which
are generally regarded as unique to faces such as holistic processing (Tanaka and Farah, 1993),
configural processing (Leder and Bruce, 1998), sensitivity to inversion (Yin, 1969; Maurer et al.,
2002), the other-race effects (Chance et al., 1982). Additionally, the development of face repre-
sentations within a more biologically accurate spiking neural network model with spike-timing
dependent plasticity (STDP) has been presented by Masquelier and Thorpe (2007). However,
again, these previous studies have not yet fully explained how these visual representations,
which correspond to those observed in single unit recording neurophysiology studies, develop
through successive layers of the model.

1.2.3 Spike Dynamics and Polychronization

Furthermore, many early neural network models of brain function assumed that neurons trans-
mit information exclusively through modulation of their mean firing rates. These ‘rate-coded’
models represented only the current average firing rate of each neuron, and did not explicitly
represent the timings of the action potentials or ‘spikes’ emitted by cells. However, in modern
literature the precise timing of spikes has been proposed to strongly contribute to encoding
in the brain (Fujii et al., 1996; Akolkar et al., 2015; Nikoli et al., 2013). Consistent with this
view, there is growing evidence from neurophysiological studies supporting the importance of
spike-timing dynamics in the brain (Softky, 1995; Lindsey et al., 1997; Prut et al., 1998; Mao
et al., 2001).

In the brain, neurons represent information and communicate with each other by pulses in
their somatic membrane potential, called action potentials or ‘spikes’. The activity of a somatic
spike propagates down the axon of the neuron, causing neurotransmitters to be released from
multiple presynaptic axon terminals into their corresponding synaptic clefts. Binding of the
neurotransmitters to the receptors of the postsynaptic dendrites causes a change in the electrical
activity of the postsynaptic neurons, constituting a communication of information from the
presynaptic neuron to the postsynaptic neuron. This neuron also spikes if the excitation of
the postsynaptic neuron from its afferent synapses increases the membrane potential above its
firing threshold potential. Raising the membrane potential of the postsynaptic neuron above
the firing threshold generally requires the activation of afferent synapses within a brief temporal
window, as the membrane potential naturally decays quickly back to a resting potential without
further afferent excitatory activation.

The relative timings of the spikes emitted by a pair of pre- and postsynaptic neurons has also
been shown to affect learning through spike time dependent changes in synaptic efficacy (Bi and
Poo, 1998; Markram et al., 1997), and hence how information and representations are stored
and propagated in the network. If a presynaptic neuron fires in a short time period (up to tens
of ms) prior to the postsynaptic neuron firing, the synaptic efficacy increases. An increase in
synaptic efficacy is known as Long Term Potentiation (LTP). If the presynaptic neuron instead
fires in a short period of time following the firing of a postsynaptic neuron, the efficacy of the
synapse is reduced. This reduction in synaptic efficacy is known as Long Term Depression
(LTD). These forms of LTP and LTD, which depend on the relative timings of the pre- and
postsynaptic neurons, are known as Spike-Timing-Dependent Plasticity (STDP). Compared to
firing rate based synaptic learning rules employed in rate-coded models, an STDP learning rule
can result in very different self-organisation of the synaptic connectivity in the network when
trained on visual scenes containing multiple objects (Evans and Stringer, 2012, 2013).

Simulation studies have shown that if the synaptic connections within a large population of
neurons have axonal transmission delays that are drawn from a random distribution of variable
magnitudes, from say a few milliseconds to several tens of milliseconds, then groups of cells
that detect the coincidence of incoming volleys of spikes emerge through STDP (Izhikevich
et al., 2004). Furthermore, the network develops repeating temporal chains of spiking activity
distributed across subgroups of coincidence detecting neurons, i.e. neurons firing in a well defined
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temporal sequence. This is referred to as ‘polychronization’ (Izhikevich, 2006). Each subgroup
of coincidence detecting neurons that comes together to form a regularly repeating temporal
chain of activity is known as a ‘polychronous group’ (PG). It has been hypothesised that each
PG could represent a particular sensory (e.g. visual) stimulus such as an object or perhaps
episodic memory (Izhikevich, 2006).

In theory, polychronization in spiking networks can offer a dramatic increase in represen-
tational capacity compared to rate-coded models that do not exploit the timings of spikes
(Izhikevich, 2006). Paugam-Moisy et al. (2008) have recently examined how PGs selectively
respond to artificial input patterns after training with STDP and shed light on the potential of
utilising PGs for real-life machine learning tasks such as handwritten digit recognition. How-
ever, the study carried out by these authors did not address three key issues as follows. Firstly,
the study carried out by Paugam-Moisy et al. (2008) used carefully ordered spike trains to rep-
resent input images, which is not biologically plausible. What would happen if the input spike
trains contained much more random variation as would be expected in the brain? Secondly,
their model did not incorporate multiple synaptic connections with different randomised axonal
transmission delays between each pair of pre- and postsynaptic neurons. This meant that the
axonal transmission delay between any pair of neurons was fixed to a single value, and could
not be effectively selected from a number of alternatives by STDP learning. Consequently, the
set of possible PGs that a neuron could participate in was limited before learning. Thirdly,
and perhaps most importantly, the study of Paugam-Moisy et al. (2008) did not investigate
how feature binding representations, which explicitly encode the binding relations between low
and high-level features, might develop through polychronization within a hierarchical model of
visual processing.

1.2.4 Border Ownership Representation and Feature Binding

One example of which the spike dynamics may play an important role is the border ownership
representation in the lower visual layers (corresponding to cortical areas V1 or V2) that respond
selectively to a vertical straight edge on either the left or right boundary of an object presented
at the neuron’s preferred retinal location. Some theoreticians have suggested that the context
integration required for border ownership representations in V1 and V2 can be achieved via
lateral propagation of signals within a layer via horizontal fibres (Zhaoping, 2005; Baek and
Sajda, 2005; Nishimura and Sakai, 2004). However, Sugihara et al. (2011) have argued that the
conduction velocity of horizontal fibres is too slow (most of them being between 0.1 and 0.4
m/s (Angelucci and Bullier, 2003)) to produce the border ownership signals within the short
latency observed in neurophysiology studies. Furthermore, Sugihara et al. (2011) showed that
varying the distance between the target border and the visual features that carry contextual
information about the ‘owner’ of the border does not in fact influence the latency before the
border ownership signals arise. Therefore, they concluded that context influence by horizontal
signal propagation alone is highly unlikely.

On the other hand, the feedforward (bottom-up) and feedback (top-down) connections be-
tween successive visual stages have fast-conducting axons, with conduction velocities of between
2 and 6 m/s, which is about ten times faster than cortical horizontal fibres (Angelucci and Bul-
lier, 2003). Accordingly, both Craft et al. (2007) and Jehee et al. (2007) have proposed models
that involve hypothetical ‘grouping circuits’ within a higher cortical layer that capture the
contextual information about local boundary elements, and these contextual signals are then
relayed down through feedback connections to modulate responses in an earlier layer. They pro-
posed that the larger receptive fields in the higher layer allow the network to employ ‘grouping
circuits’ without having to rely on slow lateral propagation of signals.

However, within the typical modelling studies with rate-coded neurons, there is the well-
known problem of “superposition catastrophe” (von der Malsburg, 1999) that occurs within
a rate-coded model when multiple objects are presented simultaneously, so the exact learning
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Figure 1.1: Left: Stylised image of the four layer VisNet architecture. Convergence through the network is designed to
provide fourth layer neurons with information from across the input retina. Right: Convergence in the visual system V1:
visual cortex area V1;TEO posterior inferior temporal cortex, TE anterior inferior temporal cortex. The diagonal lines show
the convergence of feedforward connections through successive layers of the ventral visual system leading to an increase in
receptive field size from 1.3◦ in V1 to 50◦ in TE.

mechanism of such neuronal circuits are not yet uncovered. One potential solution for this limi-
tation would be the temporal coding which could be achieved with the spiking neural networks.

1.3 VisNet

In this section, the detailed implementation of the hierarchical neural network model of the
primate ventral visual pathway, VisNet, which was used for a number of simulation studies
conducted in this thesis (Chapter 2, 3, and 4) is described.

VisNet is a rate-coded neural network model of the primate ventral visual pathway, which
was originally developed by Wallis and Rolls (1997). The standard network architecture is shown
in Figure 1.1. It is based on the following: (i) A series of hierarchical competitive layers with
local graded lateral inhibition. (ii) Convergent connections to each neuron from a topologically
corresponding region of the preceding layer, leading to an increase in the receptive field size of
neurons through the visual processing areas. (iii) Synaptic plasticity based on a biologically-
plausible local learning rule such as the Hebb rule (1.7) or trace rule (1.8) and (1.9), which are
explained below.

In past work, the hierarchical series of 4 neuronal layers of VisNet have been related to the
following successive stages of processing in the ventral visual pathway: V2, V4, the posterior
IT (TEO), and the anterior IT (TE).

In VisNet, the forward connections to individual cells are derived from a topologically corre-
sponding region of the preceding layer, using a Gaussian distribution of connection probabilities.
These distributions are defined by a radius which contained approximately 67% of the connec-
tions from the preceding layer. Typical values employed in the current studies are given in Table
1.1. The gradual increase in the receptive field of cells in successive layers reflects the known
physiology of the primate ventral visual pathway (Freeman and Simoncelli, 2011; Pasupathy,
2006; Pettet and Gilbert, 1992).

In many single-cell studies, translation invariance is measured by moving the stimulus within
the receptive field, not across the full retina. Accordingly, the size of the receptive fields in
the 4th (output) layer neurons is limited by the degree of divergence in the topological feed-
forward connections between successive layers of the model. Usually, the connectivity is set
to permit neurons in the output layer of VisNet to receive visual signals from any part of the
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Table 1.1: VisNet parameters

Layer Dimensions number of connections radius
Layer 4 128× 128 100 12
Layer 3 128× 128 100 9
Layer 2 128× 128 100 6
Layer 1 128× 128 201 6
Retina 256× 256× 16

retina simulated. However, this does not automatically mean that the receptive fields of output
neurons will cover the entire retina.

The VisNet architecture is feed-forward with lateral interactions within layers. There are
many engineering approaches to efficiently solve similar problems extensively rely their archi-
tectures on top-down information flows, mainly for their supervised learning. However, our
objectives are rather different. Our aim is to pin down the simplest form of core-mechanisms
in intermediate vision that are sufficient to explain a specific brain function. In fact, in other
hierarchical neural network modelling studies, such top-down information transfer is often ex-
cluded (Olshausen et al., 1993; Riesenhuber and Poggio, 1999; Serre et al., 2005, 2007; Wallis,
2013).

The researchers involved in these last publications acknowledge the extensive presence of
such back projections in the visual cortex; however, they also think the exact roles of these
projections still remain a matter of debate. For example, it has been proposed that the role of
these feedback pathways is to relay the interpretations of higher cortical areas to lower cortical
areas in order to verify the high-level interpretation of a scene (Mumford, 1992) or to refine
the tuning characteristics of lower-level cortical cells based upon the interpretations made in
higher cortical areas (Tsotsos, 1993). On the other hand, numerous physiological studies have
also reported that only short time spans are required for various selective responses to appear
in monkey IT cells, which imply that feedback processes may not be critical for coarse, rapid
recognition (Perrett et al., 1992; Hung et al., 2005; Vanrullen, 2007).

I also take a similar point of view, and learning mechanisms implemented in the simulation
studies conducted in this thesis are a direct extension of previous papers in the field. The un-
derlying learning mechanisms within the competitive networks are well understood (Rumelhart
and Zipser, 1985). In this thesis, these established learning mechanisms were applied to the
important new problem of how the primate ventral visual system learns to represent various
kinds of visual inputs.

1.3.1 Pre-processing of the visual input by Gabor filters

Before the visual images are presented to VisNet’s input layer 1, they are pre-processed by a
set of input filters that accord with the general tuning profiles of simple cells in V1. The filters
provide a unique pattern of filter outputs for each transform of each visual object, which is
passed through to the first layer of VisNet. In the VisNet studies conducted in this thesis, the
input filters matched the firing properties of V1 simple cells, which respond to local oriented
bars and edges within the visual field (Jones and Palmer, 1987; Cumming and Parker, 1999).
The input filters used are computed by the following equations:

g(x, y, λ, θ, ψ, b, γ) = exp

(
−x
′2 + γ2y′2

2σ2

)
cos

(
2π
x′

λ
+ ψ

)
(1.1)

with the following definitions:
x′ = x cos θ + y sin θ
y′ = −x sin θ + y cos θ

σ = λ(2b+1)
π(2b−1)

√
ln 2
2

(1.2)
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where x and y specify the position of a light impulse in the visual field (Petkov and Kruizinga,
1997). The parameter λ is the wavelength (1/λ is the spatial frequency), σ controls number
of such periods inside the Gaussian window based on λ and spatial bandwidth b, θ defines the
orientation of the feature, ψ defines the phase, and γ sets the aspect ratio that determines
the shape of the receptive field. In the experiments in this thesis, an array of Gabor filters is
generated at each pixel in the input images with the parameters given in Table 1.2.

Table 1.2: Parameters for Gabor input filters

Parameter (Symbol) Value

Wavelength(λ) 2, 4, 8, and 16
Spatial bandwidth (b) 1.5 octaves
Orientation(θ) 0, π/4, π/2, 3π/4
Phase shift (ψ) 0: white on black bar

π: black on white bar
Aspect ratio (γ) 0.5

The outputs of the Gabor filters are passed to the neurons in layer 1 of VisNet according
to the synaptic connectivity given in Table 1.1. Each layer 1 neuron received connections from
201 randomly chosen Gabor filters localised within a topologically corresponding region of the
retina. In the original VisNet model (Wallis and Rolls, 1997), the input filters were tuned to
the four different spatial wavelengths 2, 4, 8, and 16 pixels. The shortest wavelength filters
provided the highest resolution information about the image. The neurons in the first layer of
VisNet were thus assigned most of their afferent inputs from the shortest wavelength filters.
In some of the simulation simulations reported in this thesis, the model used inputs from only
the shortest wavelength filters, which was found to be sufficient to represent the simple visual
objects. However, for consistency with past VisNet simulations, each neuron in the first layer
of VisNet always received afferent connections from 201 of the short wavelength filters.

1.3.2 Calculation of cell activations within the network

Within each of the neural layers 1 to 4 of the network, the activation hi of each neuron i was set
equal to a linear sum of the inputs rj from afferent neurons j in the preceding layer weighted
by the synaptic weights wij . That is,

hi =
∑
j

wijrj (1.3)

where rj is the firing rate of neuron j, and wij is the strength of the synapse from neuron j to
neuron i.

1.3.3 Lateral inhibition and excitation between neurons within each layer

In the simulations reported below, the lateral inhibition between the neurons within each neu-
ronal layer was implemented in one of two different ways. The simplest approach was to imple-
ment a competitive network architecture (Rolls and Treves, 1998), in which neurons inhibited
all of their neighbours. However, in some simulations a more complex Self-Organising Map
(SOM) architecture (Kohonen, 1982), which included both short range excitation and longer
range inhibition between neurons (i.e., a ‘Mexican hat’ connectivity), was also implemented. A
SOM architecture leads to a map-like arrangement of neuronal response characteristics across
a layer after training, with nearby cells responding to similar inputs.

VisNet is implemented with a wrap-around organization of the cells in each layer. This
means that the upper neighbour of the cell at index (0,0) is the cell at index (0, ymax), and
the left neighbour of the cell at index (0,0) is the cell at index (xmax, 0). With this way, any
imbalanced computation due to the boundary could be ignored.
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1.3.3.1 Competitive network architecture

The original VisNet model implemented a competitive network within each layer. Within each
layer, competition was graded rather than winner-take-all. To implement lateral competition,
the activations hi of neurons within a layer were convolved with a spatial filter, Iab, where δ
controlled the contrast and σ controlled the width, and a and b indexed the distance away from
the centre of the filter:

Ia,b =


−δ exp

(
−a2+b2

σ2

)
a 6= 0 or b 6= 0

1−
∑

a6=0,b 6=0

Ia,b a = 0 and b = 0 (1.4)

1.3.3.2 Self-organising map

In this thesis, I also ran simulations with a self-organising map (SOM) (von der Malsburg, 1973;
Kohonen, 1982) implemented within each layer. In the case of the SOM architecture, short-
range excitation and long-range inhibition are combined to form a Mexican-hat spatial profile
and is constructed as a difference of two Gaussians as follows:

Ia,b = −δI exp

(
−a

2 + b2

σ2
I

)
+ δE exp

(
−a

2 + b2

σ2
E

)
(1.5)

To implement the SOM, the activations hi of neurons within a layer were convolved with a
spatial filter, Iab, where δI controlled the inhibitory contrast and δE controlled the excitatory
contrast. The width of the inhibitory radius was controlled by σI and the width of the excitatory
radius by σE . The parameters a and b indexed the distance away from the centre of the filter.

1.3.4 Contrast enhancement of neuronal firing rates within each layer

Next, the contrast between the activities of neurons with each layer was enhanced by passing
the activations of the neurons through a sigmoid transfer function (Rolls and Treves, 1998) as
follows:

r = f sigmoid(h′) =
1

1 + exp (−2β(h′ − α))
(1.6)

where h′ is the activation after applying the lateral competition or SOM filter, r is the firing
rate after contrast enhancement, and α and β are the sigmoid threshold and slope respectively.
The parameters α and β are constant within each layer, although α is adjusted within each
layer of neurons to control the sparseness of the firing rates. For example, to set the sparseness
to 5%, the threshold is set to the value of the 95th percentile point of the activations within
the layer.

1.3.5 Training the network: visually-guided learning of synaptic weights

During training, visual images were presented to the network after pre-processing by the Gabor
input filters. The outputs of the Gabor filters were passed to layer 1 of VisNet. Activity was
then propagated sequentially through layers 2 to 4 using the same mechanisms at each layer.

During training with visual objects, the strengths of the feed-forward synaptic connections
between successive neuronal layers are modified by biologically plausible local learning rules,
where the change in the strength of a synapse depends on the current or recent activities of
the pre- and post-synaptic neurons. Two such learning rules were implemented with different
learning properties.
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1.3.5.1 The Hebb learning rule

One simple well known learning rule is the Hebb rule:

δwij = krτi r
τ
j (1.7)

where δwij is the change of synaptic weight wij from pre-synaptic neuron j to post-synaptic
neuron i, rτi is the firing rate of post-synaptic neuron i at timestep τ , rτj is the firing rate of
pre-synaptic neuron j at timestep τ , and k is the learning rate constant. The relatively simple
Hebb learning rule is standardly used in competitive neural networks. It is employed in this
thesis for simulations that aim to explore how neurons may learn to respond to individual visual
stimuli.

1.3.5.2 The trace learning rule

Alternatively, a trace learning rule may be implemented for the simulation studies that require
neurons to learn different transforms of objects based on those temporal continuity. As described
in more detail in Section 1.4.2, Trace learning is a biologically plausible mechanism to achieve
such temporal association by incorporating a memory trace of recent neuronal activity into the
learning rule used to modify the feedforward synaptic connections (Foldiak, 1991; Wallis and
Rolls, 1997):

δwij = krτ−1
i rτj (1.8)

where rτi is the trace value of the firing rate of post-synaptic neuron i at timestep τ . The trace
term is updated at each timestep according to

rτi = (1− η)rτi + ηrτ−1
i (1.9)

where η may be set anywhere in the interval [0, 1], and for the simulations described below,
η was set to 0.8. The effect of this learning rule is to encourage neurons to learn to respond
to visual input patterns that tend to occur close together in time. If the eyes shift about a
visual scene containing a static object, then the trace learning rule will tend to bind together
successive images corresponding to that object in different retinal locations. Consequently,
such a learning rule has been previously used to model the development of translation invariant
neuronal responses in the primate ventral visual pathway (Foldiak, 1991; Wallis and Rolls, 1997).

In a typical simulation study, natural eye movements are simulated implicitly during training
by shifting each visual object in turn across a number of retinal locations. That is, to simulate
natural rapid eye movements during visual inspection of each object, the visual object itself is
shifted across the retina. After an object is shifted through all of the retinal locations, the next
object is presented across the same locations. These image presentation statistics combine with
the trace learning rule to encourage neurons to respond selectively to particular visual features
within the objects over all retinal locations.

The trace rule provides a biologically plausible mechanism whereby translation invariant
neuronal responses may emerge in the brain without the need to artificially prewire synaptic
connections as has been implemented in some other modelling approaches.

1.3.5.3 Weight Normalization

To prevent the same few neurons always winning the competition, the synaptic weight vector
wi of each neuron i is renormalised to unit length after each learning update for each training
pattern by setting

wi =
wi

‖wi‖
(1.10)
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where ‖wi‖ is the length of the vector wi given by

‖wi‖ =

√∑
j

w2
ij (1.11)

Neurophysiological evidence for synaptic weight normalization is provided by Royer and Paré
(2003).

1.4 Translation Invariant Learning Mechanisms

In vision, it is important to correctly identify an object in the environment as being the same
despite changes in the retinal image. As introduced in Section 1.1, over successive stages in the
visual system, neurons develop response properties that are invariant to the size, position, and
view of an object (Rolls et al., 1992; Rolls, 2000; Rolls and Deco, 2002; Desimone, 1991; Tanaka
et al., 1991). Cells in IT that show invariance to the translation (Op de Beeck and Vogels, 2000;
Kobatake and Tanaka, 1994; Ito et al., 1995; Tovee et al., 1994), size (Rolls and Baylis, 1986; Ito
et al., 1995), contrast (Rolls and Baylis, 1986), lighting (Vogels and Biederman, 2002), spatial
frequency (Rolls et al., 1985, 1987), and view (Hasselmo et al., 1989a; Booth and Rolls, 1998)
of objects have been reported.

Developing invariant recognition of objects involves associating together representations of
the same object under different conditions. In the particular case of translation invariance, this
would mean developing associations between the neural representations of an object in different
spatial locations on the retina. In order to develop these associations, the visual system can
exploit constraints placed upon object translation by the environment. For example, when an
object translates from one point to another, it does so in a manner that is continuous in both
space and time. These same constraints can be exploited for the development of view invariance,
as different views of an object also appear in a spatially and temporally continuous manner.

1.4.1 Continuous Transformation (CT) Learning

One method for developing translation and view invariance, known as Continuous Transforma-
tion (CT) learning, depends on the spatial continuity of object transformation (Stringer et al.,
2006). It has been reported that people learn to associate visually similar images together.

Human infants can categorize stimuli into human vs. nonhuman categories during the initial
months of life, learn to categorise human faces into male vs. female in the next several months,
and distinguish broad age groups of the faces in the further next several months (Quinn, 2010;
Quinn et al., 2002; Damon et al., 2016). In other words, various holistic processing of the
faces should gradually develop affected by experience. In an experimental study, Preminger
et al. (2007) trained subjects to classify faces into two categories: friends (F) and non-friends
(NF). Upon reaching good performance, subjects were then trained with a sequence of morphed
images from F to NF. The subjects were tested on how they classified the morphed images.
Initially, the first half of the morphed image sequence was classified as F, while the second half
of the morphed sequence was classified as NF. However, as training progressed, the separation
threshold moved towards NF; that is, an increasing number of frames were classified as F.
Eventually, all morphed frames were classified as F.

CT learning is an invariance learning mechanism that may provide an insight into the mech-
anism of such memory reconstruction via ordinary Hebbian learning 1.7 at the neuronal level
(Stringer et al., 2006). It associatively remaps the feedforward connections between successive
neural layers while keeping the same initial set of output neurons activated as the input pat-
terns are gradually changed. Consider a set of stimuli that can be arranged into a continuum, in
which each successive stimulus in the continuum has a degree of overlap – a number of features
in common – with the previous stimulus in the continuum. CT learning can exploit this feature
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overlap between successive stimuli to form a single percept of all, or at least a large subset, of
the stimuli in the stimulus set.

Specifically, when an output neuron responds to one of the input patterns, the feedforward
connections from the active input neurons to the active output neuron are strengthened by
associative (Hebbian) learning. Then, when the next similar (overlapping) input pattern is
presented, the same output neuron is again activated due to the previously strengthened con-
nections. Now the second input pattern is associated with the same output neuron through
further associative learning. This process can continue to map a sequence of many gradually
transforming input patterns, where each input pattern has a degree of spatial overlap with its
neighbours, onto the same output neuron.

1.4.2 Trace Learning

A second method for developing translation invariant representations utilises the temporally
continuous nature of object translation. More specifically, stimuli that are experienced close
together in time are likely to be strongly related; for instance, successive stimuli could be dif-
ferent views of the same object. If a mechanism exists to associate together stimuli that tend
to occur close together in time, then a network will learn that those stimuli form a single per-
cept. Neurophysiological evidence suggests that the brain might use this type of information
to develop translation invariant representations of objects (Li and DiCarlo, 2008). As break-
ing temporal continuity causes neurons to lose their selective responses to different objects.
Different approaches have been developed in order to understand how the brain might exploit
this temporally continuity, such as using inputs representing temporal context to guide learning
(Becker, 1999), learning high probability sequences of visual input in order to infer the object
being presented (George and Hawkins, 2005), and extracting slowly changing features in the
visual inputs to analyse the transform invariant representations (Berkes and Wiskott, 2005;
Wiskott and Sejnowski, 2002).

Trace learning provides one such mechanism by incorporating a temporal memory trace of
postsynaptic cell activity r̄i into a standard Hebbian learning rule as described in Equation (1.8)
and (1.9) (Foldiak, 1991; Rolls et al., 1992; Wallis and Rolls, 1997). This encourages neurons
to respond to stimulus image transforms that occur close together in time.

The advantage of this approach is that it can arise naturally out of biophysically realistic
spiking neural networks when longer time constants for synaptic conductance are introduced
(Evans and Stringer, 2012). Increasing this time constant keeps the neuron active for longer
as it lengthens the time period over which current leaks into the postsynaptic neuron, thus
allowing temporal trace learning to occur. Therefore, it is feasible that this type of learning
could occur in the brain without requiring a specific architecture to operate.

1.5 Analysis Methods

In this section, the typical analysis techniques used across the simulation studies conducted in
this thesis are described.

1.5.1 Testing the network

After the synaptic weights were established by training the network on a set of visual objects,
the learned response properties of neurons through successive layers were tested. This was done
by presenting a testing set of visual objects. A number of tests are applied to the recorded
neuronal responses, including information theory, which are described below. The learned
response properties of an output cell were also analysed by plotting the subset of input Gabor
filters with the strongest feed-forward connections to that output cell after training.



CHAPTER 1. INTRODUCTION 15

1.5.2 Information Analysis

To quantify the performance in transformation invariance learning with VisNet, the techniques
of Shannon’s information theory have previously been used (Rolls and Treves, 1998), which is
based on the Kullback-Leibler (KL) divergence of the conditional response distribution from the
unconditional distribution. Information theory can be used to quantify how selective neurons
are for particular stimuli, each of which may translate across different locations on the retina. If
the responses r of a neuron carry a high level of information about the presence of a particular
stimulus s, then this implies that the neuron will respond selectively to the presence of that
stimulus regardless of where the stimulus is presented on the retina. In this way, information
theory can provide a direct measure of both the selectivity of a neuron for a particular stimulus,
as well as how translation-invariant the neuronal responses are as the stimulus is shifted across
the retina.

Typically, two information measures were used to assess the ability of the network to develop
neurons that are selective to the presence of stimuli but also invariant to their occurrence
in different retinal locations (see Rolls et al. (1997); Rolls and Milward (2000)). These two
measures use the responses from either individual neurons (single-cell information analysis) or
small ensembles of neurons (multiple-cell information analysis), each of which will be discussed
in turn.

The following exposition provides a theoretical account of the two information measures
used in this thesis. However, in order to keep the notation consistent with past publications
(Rolls et al., 1997; Rolls and Milward, 2000), the neuronal firing rates were denoted by r.

1.5.2.1 Single-cell information

A single cell information measure was applied to individual cells to measure how much infor-
mation is available from the responses of a single cell about which stimulus input is present.
The amount of stimulus specific information that a certain cell transmits is calculated from the
following formula with details given by Rolls and Milward (2000).:

I(s, ~R) =
∑
r∈~R

P (r|s)log2
P (r|s)
P (r)

(1.12)

Here s is a particular stimulus and ~R is the set of responses of a cell to the set of stimuli.
The maximum information that an ideally developed cell could carry is given by the formula:

Maximum cell information = log2(n) bits (1.13)

where n is a number of different stimuli. This maximum single cell information measure is
achieved when a neuron responds selectively to all transforms of a particular category of objects,
but does not respond to any other object.

1.5.2.2 Multiple-cell information

While useful in assessing the tuning properties of a particular neuron, the single-cell information
measure cannot give a complete assessment of VisNet’s performance with respect to recognition
of each category of visual stimuli. If all cells learned to respond to the same stimulus category
(according to the single-cell measure) then there would be relatively little information available
about the whole set of stimulus categories ~S. To address this issue, a multiple-cell information
measure, which assesses the amount of information that is available about the whole set of cate-
gories of visual stimuli from a population of neurons, is also calculated. This measure quantifies
the network’s ability to determine which stimulus is currently presented to the network based
on the set of responses, ~R, of a sub-population of cells. Here the procedures for calculating the
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multiple-cell information measure as described by Rolls and Treves (1998); Rolls and Milward
(2000) are adopted.

In brief, we would like to calculate the mutual information between the stimuli and the
responses – the average amount of information obtained (across all stimuli) from the responses
of the ensemble, about which stimulus was present after a single presentation of a stimulus.
However, due to the difficulty in adequately sampling this high dimensional neural response
space, it is very hard to construct accurate probability distributions for directly calculating the
mutual information. Instead, a decoding procedure is used to estimate which stimulus s′ gave
rise to the particular firing rate response vector on each trial. In other words, the predicted
stimulus is simply a function of the response, as determined by the algorithm considered. A
probability table is then constructed between the real stimuli, s and the decoded stimuli, s′.
From this probability table, the multiple-cell information is then calculated as follows.

I ~C(S, S′) =
∑
s,s′

P (s, s′)log2
P (s, s′)

P (s)P (s′)
(1.14)

P (s′) =
∑
s∈S

P (s′|R ~C(s))× P (R ~C(s))) (1.15)

P (s, s′) = P (s′|R ~C(s))× P (R ~C(s)) (1.16)

Here, S represents the set of the stimuli presented to the network, and ~C defines the set of
cells used in the analysis, which had as single cells the most information about which stimulus
was present. From the set of cells ~C, the firing responses R ~C (R = r(c)|c ∈ ~C) to each stimulus
in S are used as the basis for the Bayesian decoding procedure as follows:

P (s′|R ~C) =
P (s′)

∏
c∈ ~C P (Rc(s

′)|s′)∑
s′′∈S P (s′′)

∏
c∈ ~C P (Rc(s′′)|s′′)

(1.17)

P (Rc(s)|s′) =

∑nTrans
t=1 pdf(Rc(s, t), R̄c(s

′), SDc(s
′))

nTrans
(1.18)

where nTrans defines the number of possible transforms, and pdf computes the probability
density function of the firing response from a subset of cells when exposed to a stimulus s in
the tth transform using the normal distribution with their mean and standard deviation.

For a given set of cells, the probabilities generated by the decoding procedure are factored
into a confusion matrix, that matches up the actual input stimuli in ~S with the predicted
stimuli in ~S′. Here, P (si

′) represents the probability that the predicted stimulus si
′ is actually

the stimulus si that is currently presented to the network. A higher value of P (s, s′) relative
to P (s)P (s′) indicates a stronger relationship between s and s′; this information provides the
basis for calculating the multiple-cell information analysis.

1.5.3 Estimation of Input Gabor Filters

The feedforward synaptic connections between successive layers are traced back to the retina
in order to determine the specific features of a stimulus that drive categorical discrimination
among the trained neurons of the output layer. Starting from the target output cell, we select
the connections from the previous layer that have the highest weights, repeating this process
through successive layers until the connections reach the Gabor filters in the retina. This then
allows us to plot the pattern of Gabor input filters which the target output neuron has become
tuned to.
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1.6 Overview of research conducted

1.6.1 The Neural Basis of Object Shape Representations

As explained earlier, neurons in successive stages of the primate ventral visual pathway encode
the spatial structure of visual objects. For example, neurons in V4 encode the conformation of
boundary contour elements at a particular position within an object regardless of the location
of the object on the retina, while neurons in TEO integrate information from multiple boundary
contour elements. The first set of studies conducted in Chapter 2 investigates through computer
simulation how these cell firing properties may develop through unsupervised visually-guided
learning.

Our model of the primate ventral visual pathway, VisNet, is trained by presenting many
different object shapes to the network while the strengths of the synaptic connections between
successive layers are modified by a local learning rule. Individual neurons in the model are shown
to exploit statistical regularity and temporal continuity of the visual inputs during training to
learn firing properties that are similar to neurons in V4 and TEO.

These computer simulations represent an important step towards understanding how the
visual system learns to encode the detailed spatial structure of objects within natural scenes.
This representation goes beyond mere object recognition, in which neurons simply respond to
the presence of a whole object, but provides an essential foundation from which the brain is
subsequently able to recognise the whole object. This work has been published in Frontiers in
Computational Neuroscience (Eguchi et al., 2015).

1.6.2 The Neural Basis of Face Representations

Experimental studies have shown that neurons at an intermediate stage of the primate ventral
visual pathway, occipital face area, encode individual facial parts such as eyes and nose while
neurons in the later stages, middle face patches, are selective to the full face by encoding the
spatial relations between facial features. In this second set of simulation studies conducted
in Chapter 3, a computer modelling study was performed to investigate how these cell firing
properties may develop through unsupervised visually-guided learning.

VisNet is trained by presenting many randomly generated faces to the network while a local
learning rule modifies the strengths of the synaptic connections between neurons in successive
layers. After training, the model is found to have developed the experimentally observed cell
firing properties. In particular, I showed how the visual system forms separate representations of
facial features such as the eyes, nose, and mouth as well as monotonically tuned representations
of the spatial relationships between these facial features. I also demonstrated how the primate
brain learns to represent facial expression independently of facial identity.

Furthermore, based on the simulation results, I propose that neurons encoding different
global attributes simply represent different spatial relationships between local features with
monotonic tuning curves or particular combinations of these spatial relations. This work has
been published in Psychological Review (Eguchi et al., 2016).

1.6.3 Neural Basis of Cognitive Bias Modification (CBM) as a Clinical Treat-
ment for Depression

Following the results reported in previous chapters, the study in Chapter 4 tried to investigate
the clinical application of the finding in the previous study. Many mental health problems are
linked to cognitive biases towards emotionally negative information. For example, depressed
patients have a greater tendency to interpret faces as sad, and are less able to detect mildly
happy expressions. Recently, interest has grown in a new class of psychological treatments
for depression, anxiety, and addictive disorders known as Cognitive Bias Modification (CBM),
which can eliminate these underlying negative cognitive biases.
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It is thought that the elimination of negative cognitive biases may help to shift the depressed
mood state of a patient. The study reported in this chapter uses a computer simulation to in-
vestigate the neural and synaptic dynamics underlying two forms of CBM, which may be able
to eliminate the negative biases in the way that depressed patients evaluate facial expressions.
The new CBM methodologies utilise two previously established biologically plausible synaptic
learning mechanisms, continuous transformation (CT) learning and trace learning. These learn-
ing mechanisms are able to guide visual development by exploiting either the spatial continuity
or temporal continuity between visual stimuli presented during training.

Our simulation results show that both of these learning mechanisms, when combined with
carefully designed sequences of transforming face images presented to the model, will eliminate
negative biases in the interpretation of facial expression. That is, a sub-population of ‘sad’
output neurons that initially responds to both sad and neutral faces before learning will only
respond to the sad faces after CBM training. Simulations with a simplified one-layer neural
network architecture is described first in order to test the two hypothesised CBM learning
mechanisms in a highly controlled manner. Then simulation results in which realistic face
stimuli are used to train VisNet is presented. This work has been published in Journal of
Consulting and Clinical Psychology (Eguchi et al., 2017b).

1.6.4 The Neural Basis of Border Ownership Representations

As Rubin’s famous vase demonstrates, our visual perception tends to assign luminance con-
trast borders to one or other of the adjacent image regions. Experimental evidence for the
neuronal coding of such border-ownership in the primate visual system has been reported in
neurophysiology studies.

Chapter 5 investigated exactly how such neural circuits may develop through visually-guided
learning. More specifically, it was investigated through computer simulation how top-down
connections may play a fundamental role in the development of border ownership representations
in the early cortical visual layers V1/V2. Our model consists of a hierarchy of competitive
neuronal layers, with both bottom-up and top-down synaptic connections between successive
layers, and the synaptic connections are self-organised by a biologically plausible, temporal trace
learning rule during training on differently shaped visual objects.

The simulations reported in this chapter have demonstrated that top-down connections
may help to guide competitive learning in lower layers, thus driving the formation of lower
level (border ownership) visual representations in V1/V2 that are modulated by higher level
(object boundary element) representations in V4. Lastly the limitations of our model in the
more general situation where multiple objects are presented to the network simultaneously were
investigated. This work has been published in Neurobiology of Learning and Memory (Eguchi
and Stringer, 2016).

1.6.5 Polychronization and Feature Binding in a Spiking Neural Network
Model

Chapter 6 investigates the behaviour of a biologically realistic hierarchical neural network model
of the primate ventral visual system. It is shown that, even when the input images are repre-
sented by randomised Poisson spike trains during training, the network model develops stimulus
representations in the form of fixed and regularly repeating temporal chains of spikes emitted
by subpopulations of neurons (‘polychronization’). It was found that the inclusion of top-down
and lateral synaptic connections in the network architecture results in an increase in the number
and length of such temporal spiking patterns compared to a purely bottom-up architecture.

The performance of the model could be further improved by including multiple synaptic
contacts between each pair of pre- and postsynaptic neurons, with different synaptic contacts
having axonal delays of different durations. In this case, STDP enables the network to select
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which of the synaptic connections between two neurons to strengthen in order to set the effective
axonal transmission delay between the cells. This in turn helps to drive the development of
polychronous groups (PGs) of neurons with precise temporal patterns of spiking activity, and
hence results in a greater representational capacity for the network. Finally, it was found that
the PGs that emerged in the network during visually-guided learning contained a type of neuron,
which we have named a ‘binding neuron’, which represents the binding relationship between
low-level and high-level visual features.

These binding neurons provide a solution to the classic feature binding problem in visual
neuroscience. Our simulation results suggest that binding is a much richer phenomenon than
traditionally described by visual psychologists. Indeed, the binding mechanism proposed here
is potentially so rich that it would be difficult to describe the process at a high psychological
level; it requires a description at the neuronal level as presented in this chapter. The proposed
mechanism for the development of binding neurons leads directly to a new hypothesis concerning
how information about visual features at every spatial scale may be projected upwards through
successive neuronal layers to the highest (output) layer of the network, which we have termed the
holographic principle. This might be a useful operation if the subsequent behavioural systems
of the brain are limited to reading out visual information from only the later stages of the visual
system.

1.6.6 The Neural Basis of Object Shape Representations in a Spiking Neural
Network Model

The final study reported in Chapter 7 demonstrates the development of border ownership rep-
resentations in a hierarchical spiking neural network model. Consistent with the studies in
Chapter 6, the visual objects presented to the network are represented as randomised Poisson
spike trains in the input layer. During visual training, V4 like neurons develop in the high-
est (output) layer that encode the conformation of boundary contour elements at a particular
position within an object regardless of the location of the object on the retina. At the same
time, border ownership cells develop in the lower layers, which respond preferentially to ori-
ented edges and are also modulated by which side of an object or figure the edge occurs on.
Importantly, the limitations of the “superposition catastrophe” (von der Malsburg, 1999) in a
traditional rate-coded model are overcome within the current spiking neural network model,
and the border ownership representations are robust even when multiple objects are presented
to the network simultaneously.





Chapter 2

The Neural Basis of Object Shape
Representations

Experimental studies have shown that neurons in successive stages of the primate ventral visual
pathway encode the spatial structure of visual objects. For example, neurons at an intermediate
stage, area V4, encode the conformation of boundary contour elements at a particular position
within an object, regardless of the location of the object on the retina. On the other hand,
neurons in the later stages TEO and TE integrate information from multiple boundary contour
elements. In this chapter, I investigate through computer simulation how these cell firing
properties may develop through visually-guided learning, and thus how the primate ventral
visual pathway learns to represent the spatial structure of objects.

A biologically plausible neural network model, VisNet, of the primate ventral visual pathway,
which consists of a hierarchical series of competitive layers corresponding to successive stages
of the ventral visual pathway, is used in this study (See Section 1.3). The model is trained
by presenting many different object shapes to the network while the strengths of the synaptic
connections between successive layers are modified by a local learning rule that depends on the
activities of the pre-synaptic and post-synaptic neurons. After training, the model is found to
have developed the experimentally observed cell firing properties found in V4, TEO, and TE.

Two key mechanisms drive the development of the cell firing properties during learning.
First, the network architecture is able to exploit the statistical decoupling that exists between
different boundary contour elements over a large population of different shapes in order to
produce separate neural representations of different boundary contour elements. Secondly, the
same neurons can learn to respond with translation invariance as objects shift across the retina
through the use of a temporal trace learning rule to set up the synaptic connection strengths,
which encourages post-synaptic neurons to respond to input patterns that occur in close tem-
poral proximity as described in Section 1.4.2.

These computer simulations represent an important step towards understanding how the
visual system learns to encode the detailed spatial structure of objects within natural scenes.
This goes beyond mere object recognition, in which neurons may respond to the presence of an
undifferentiated object. Instead, the neurons in our model learn to respond to the conformation
of localised boundary contour elements at a particular position within an object, irrespective of
the object’s retinal location. This representation of the spatial form of each object may provide
an essential foundation from which the brain is subsequently able to recognise the whole object.

20
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2.1 Introduction

2.1.1 Hierarchical representations in the primate ventral visual pathway

Over successive stages of processing, the primate ventral visual pathway develops neurons that
respond selectively to objects of increasingly complex visual form (Kobatake and Tanaka, 1994),
going from simple orientated line segments in area V1 (Hubel and Wiesel, 1962) to whole objects
or faces in the inferotemporal cortex (IT) (Perrett et al., 1982; Tsao et al., 2003; Tsunoda et al.,
2001). In addition, in higher layers of the ventral pathway, the responses of neurons to objects
and faces show invariance to retinal location, size, and orientation (Tanaka et al., 1991; Rolls
et al., 1992; Rolls, 2000; Perrett and Oram, 1993; Rolls and Deco, 2002). These later stages of
processing carry out object recognition by integrating information from more elementary visual
features represented in earlier layers (Brincat and Connor, 2004). Thus, in order to understand
visual object recognition in the primate brain, we need also to understand the encoding of
more elementary features in the early and middle stages of the ventral visual pathway. In
particular, many theories suppose that object recognition operates through the computation
of intermediate representations which reflect the spatial relations between the parts of objects
(Brincat and Connor, 2004; Pasupathy and Connor, 2001; Giersch, 2001).

Experimental studies have shown that neurons in successive stages of the primate ventral vi-
sual pathway encode the spatial structure of visual objects and their parts. For example, single
unit recording studies carried out by Pasupathy and Connor (2001) have shown that, within an
intermediate stage of the ventral visual pathway, area V4, there are neurons that respond selec-
tively to the shape of a local boundary element (e.g., concave or convex) at a particular position
in the frame of reference of the object (i.e., with respect to the centre of the object). Some
of these V4 neurons also maintain their response properties as an object shifts across different
locations on the retina; i.e. they have learned translation-invariant representations. Therefore,
these cells encode the spatial form of the object boundary by representing the relations between
individual boundary contour elements within the object. A population of such cells will provide
a distributed encoding of the complete boundary shape of the object (Pasupathy and Connor,
2002). Further experimental studies have shown that neurons in the later stages of the ventral
visual pathway, anterior IT (TEO) and posterior IT (TE), integrate information from multiple
boundary contour elements (Brincat and Connor, 2004). This representation of the detailed
spatial form of the separate parts of each object may provide a necessary foundation for the
subsequent recognition of whole objects. That is, object selective cells at the end of the ventral
visual pathway may learn to respond to unique distributed representations of object shape in
earlier areas (Booth and Rolls, 1998).

2.1.2 Computer Modelling Study

A number of modelling studies have tried to reproduce the observed shape selective and trans-
lation invariant firing properties of neurons in area V4 (Rodrguez-Snchez and Tsotsos, 2012;
Cadieu et al., 2007). However, these past models have not utilised biologically plausible learning
mechanisms to guide the development of cell firing properties. In particular, previous models
have not used plausible, local learning rules, which use pre- and post-synaptic cell quantities
to drive modification of the synaptic connections during visually-guided learning. Therefore, it
still remains a challenge to understand exactly how V4 neurons develop their shape selective
response properties through learning. The purpose of this chapter is to provide the first biolog-
ically plausible theory of this learning process. More generally, I investigate through computer
simulation how the cell firing properties reported in visual areas V4 and TEO may develop
through visually-guided learning, and thus how the primate ventral visual pathway learns to
represent the spatial structure of objects.

The simulation studies presented below are conducted with an established hierarchical neural
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network model of the primate ventral visual pathway, VisNet (Wallis and Rolls, 1997), described
in detail in Section 1.3. The standard network architecture consists of a hierarchy of four
competitive neural layers (Rumelhart and Zipser, 1985) corresponding to successive stages of
the ventral visual pathway. Within a competitive layer, neurons ‘compete’ with each other to
respond to the current visual input stimulus. Competition between neurons in the brain is
mediated by inhibitory interneurons. In VisNet, competition between neurons is effected by
local inhibitory filters.

2.2 Hypothesis

In this chapter, I consider how biologically plausible neuronal and synaptic learning mechanisms
may be applied to the challenge of explaining (i) how neurons in V4 learn to respond selectively
to the shape and location of localised boundary contour elements in the frame of reference of the
object, (ii) how neurons in area TEO learn to respond to localised combinations of boundary
contour elements, and (iii) how these neurons learn to respond with translation invariance
as the object is shifted through different retinal locations. In particular, I hypothesise that a
biologically plausible solution may be provided by combining the statistical decoupling (Stringer
et al., 2007; Stringer and Rolls, 2008) that will occur between different forms of boundary
contour element over a large population of different object shapes, with the use of a temporal
trace learning rule (see Section 1.4.2) to modify synaptic weights as objects shift across different
retinal locations (Wallis and Rolls, 1997; Rolls, 2000).

2.2.1 Neurons learn to respond to individual boundary contour elements by
exploiting statistical decoupling

Previously, Stringer et al. (2007) and Stringer and Rolls (2008) investigated how VisNet may
learn transform invariant representations of individual objects if the network is always presented
with multiple objects simultaneously during training. This is an important problem to address
in order to understand how the visual system learns to recognise individual objects if they
are seen in natural scenes with other objects present during training. They have found that
if VisNet is trained on different combinations of objects on different occasions and as long as
there are enough objects in the total pool of objects, this will result in statistical decoupling
between any two objects. This statistical decoupling forces neurons in the higher competitive
layers of VisNet to learn to respond to the individual objects, rather than the combinations of
objects on which the network is actually trained.

This is because a competitive neural network has a capacity limit in terms of the number
of object categories that can be represented in a non-overlapping manner in the output layer.
For example, in the simplest situation of winner-take-all competition, the output layer can
develop non-overlapping representations of at most n object categories where n is the number
of neurons within the layer. With soft competition, in which a small number of output neurons
may remain active at a time, the number of non-overlapping output representations possible
is further reduced. If the network is trained on more object shapes than can be represented
by non-overlapping subsets of output neurons, then the output representations must start to
overlap. In this case, the competitive network will start to represent the objects in a distributed,
overlapping manner.

Figure 2.1 provides some further insight into the learning mechanisms driving the forma-
tion of neurons encoding individual object. Consider the highly simplified situation where, a
winner-take-all competitive network with 64 × 64 = 4096 output neurons is presented with n
different objects, which are presented in pairs to VisNet during training. Will the neurons in the
output layer learn to represent the individual objects or the pairs of objects that the network
is actually trained on? The governing factor is the capacity limit of the competitive network.
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Figure 2.1: How the capacity limit of a competitive neural network forces individual output neurons to switch from
representing object shapes to representing the boundary elements as the number of object shapes on which the network is
trained increases. Consider a competitive network consisting of 64 × 64 = 4096 neurons, which is trained on all possible
objects constructed from pairings of n boundary elements. In the simplest case of winner-take-all competition, in which
only a single neuron remains active at a time, the network can represent at most 4096 object categories in a non-overlapping
manner. The two graphs show how the number of boundary elements, y1, and the number of objects comprised of pairs of
boundary elements, y2, rise with n. The number of objects, y2, rises quadratically with n, and thus reaches the capacity
limit of the network much more quickly at n = 91 boundary elements (91C2 = 4095). At this point, the network is forced
to switch from representing the objects to representing individual boundary elements.

With winner-take-all competition, the network is able to develop 4096 non-overlapping output
representations. Figure 2.1 shows how the number of individual objects, y1 = n, and the num-
ber of possible objects comprised of pairs of objects y2 =n C2 = n(n− 1)/2, rise quadratically
with increasing n. Because of this, y2 reaches the capacity limit of the network much more
quickly than y1. Therefore, for n greater than 91, individual output neurons are forced to
switch from representing the objects to representing the individual objects. At the same time,
of course, the output layer as a whole will still provide unique representations of the pairs of
objects, themselves, but in a distributed, overlapping manner. This effect has been reported by
Stringer and Rolls (2008), who found that for small numbers of objects n, the output neurons
still represented the paired-stimulus input patterns. However, for large enough n, the output
neurons began to learn to respond to the individual objects instead of the multi-object input
patterns used during training. This work was extended by Stringer et al. (2007), who showed
that the same effect occurred when the network was trained on input patterns composed of
three objects.

I now propose that a similar learning mechanism may operate to enable the network to learn
to represent the individual boundary contour elements within objects. For example, consider
the simplified case shown in Figure 2.2. This figure shows a set of four sided shapes, where each
side has one of three possible conformations: concave, straight, or convex. Therefore, there
are 4 sides × 3 side types = 12 different boundary contour elements (each defined by a unique
combination of position and shape), which may be used to construct a total of 34 = 81 different
whole objects. It is demonstrated that, when VisNet is trained on such a large population of
different object shapes constructed from different combinations of boundary contour elements,
there is statistical decoupling between any two boundary contour elements. That is, any two
boundary contour elements are seen together very infrequently across the entire population of
objects. This forces neurons in the intermediate and higher layers of VisNet to learn to respond
to the individual boundary contour elements rather than to particular combinations of contour
elements representing whole objects.

Figure 2.3 provides an illustration of how the capacity limit forces output neurons to learn
to represent individual boundary elements. Figure 2.3(left) shows two different object shapes
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Figure 2.2: Form of visual objects used to train and test VisNet for Study 1. The objects are constructed from a pool of
boundary contour elements. Specifically, each object has a fixed number of sides (n), each of which has a fixed number
of possible boundary conformations (p). In the figure, examples of objects with 4 sides, each of which has three possible
conformations (concave, straight and convex) are shown. This gives a total number of 34 = 81 objects.

Figure 2.3: Illustration of how the network model develops neurons that have learned to respond to individual boundary
elements of 2D object shapes. Left: during training, the network is presented with many different 2D object shapes, where
each shape is defined by a unique combination of boundary elements of different curvatures. Two such shapes are shown
here. Each of these shapes stimulates a different subset of neurons in the output layer of the network. The two shapes shown
have one boundary element in common, which is located at the bottom of the two shapes. This boundary element becomes
especially strongly connected, through associative learning in the feed-forward synaptic connections, with the intersection
of the two subsets of output neurons shown. This intersecting subset of neurons will come to represent the boundary
element present at the bottom of the two shapes. Right: during testing, whenever the particular boundary element is part
of a 2D object shape, the same intersecting subset of output neurons will be activated. A similar learning process will drive
the development of many other subsets of output neurons representing different localised boundary elements.
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presented to the network during training. Each of the two objects stimulates a subset of output
neurons. The number of output neurons activated by each shape will depend on the level of
competition between neurons in the layer, which in the brain is mediated by inhibitory interneu-
rons. In the VisNet model used in this chapter, the level of competition is implicitly modelled
by specifying the sparseness of the firing rates within each layer, which is itself controlled by
adjusting the sigmoid threshold α. For the simplified case of neurons with binarised firing rates
= 0/1, the sparseness is defined as the proportion ∈ [0, 1] of neurons that are active. For exam-
ple, to set the sparseness to 5%, the sigmoid threshold α is set to the value of the 95th percentile
point of the activations within the layer. In this case, the network can represent up to twenty
objects with non-overlapping sets of output neurons.

However, if the network is trained on more than twenty objects, then the network is forced
to develop overlapping distributed representations of the object shapes. This situation is shown
in Figure 2.1(left). Here we see that the two objects stimulate overlapping subsets of output
neurons. Thus, the key point is that if there are more object shapes than can be represented
by non-overlapping subsets of output neurons, then the output representations must start to
overlap. What, then, will be the nature of these distributed representations? What object
components will individual neurons in the output layer learn to represent? In Figure 2.3(left)
the two object shapes share a boundary element at the bottom of the two shapes. This boundary
element becomes especially strongly associated, through associative learning in the feed-forward
synaptic connections, with the subset of output neurons at the intersection of the two object
shape representations. Figure 2.3(right) shows that during testing this intersecting subset of
output neurons will respond whenever the network is presented with an object shape containing
the given boundary element. In this way, it can be seen how output neurons in fact learn to
respond to the individual boundary elements of objects. In this manner, without any top-
down information transfer, the network should be able to develop representations of localised
boundary elements. This kind of the distributed coding of 2D object shape, utilising an alphabet
of localised boundary elements, may be used to represent the shape of any object. This will
potentially explain an unsupervised processing of the input images that leads to the efficient
code based on shared features similar to the fruit of the algorithm reported in Torralba et al.
(2007) by reducing the computational and sample complexity.

2.2.2 Neurons develop translation invariant responses through trace learning
(temporal association)

Another key property of the neurons reported by Pasupathy and Connor (2001) in area V4
and neurons reported by Brincat and Connor (2004) in area TEO is that they respond with
translation invariance as an object shifts across different locations over the receptive field. The
question is how these neurons might learn to respond in such a translation invariant manner?

One possible explanation is that the brain uses temporal associative learning to develop
such transformation invariant representations as described in Section 1.4.2. The theory assumes
that, every now and then, a primate will make a series of fixations at different points on the
same visual object before moving onto another object; much experimental work has studied the
statistics of saccades and fixations across natural visual scenes (Findlay and Gilchrist, 2003).
Of particular relevance is how the eyes saccade around natural visual scenes containing multiple
objects. Seminal psychophysical studies of how human subjects move their gaze around pictures
of natural scenes were carried out by Yarbus (1967). It was indeed evident from this work that
there was a tendency for observers to shift their fixation to a number of different points on a
salient object, such as a person, before moving onto the next object.

It is still unclear that whether such learning can occur across shifts in fixation. Therefore,
in the simulation study, the eye movements are assumed to be sufficiently small so that the
same object is always projected within the simulated receptive field when learning it. I believe
this constraint is reasonable for simulating recent physiological findings. For example, Li and
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DiCarlo (2008) conducted a study where monkeys are trained to track an object on a screen
where an object with identity A is originally placed on one of two possible retinal positions
(+3 or −3 degrees) and later shifted to the centre (0 degree). In the experimental condition,
the identity of the object is swapped from A to B when it is shifted to the centre, and the
eyes saccade to it. As a result, individual neurons in primate IT that are originally selective
to object A start to respond also to object B at the central retinal location. This finding does
not exclude the possibility of the temporal association learning which may occur at larger eye
movement; however, it provided a reasonable evidence for the translation invariance learning
mechanism within IT (Isik et al., 2012).

Accordingly, our proposed solution is temporal trace learning (Foldiak, 1991; Wallis and
Rolls, 1997; Rolls and Milward, 2000). An example of such a learning rule is given in equations
(1.8) and (1.9) in Section 1.4.2. This learning rule incorporates a memory trace, rτ−1

i , of recent
neuronal activity. The effect of trace learning in VisNet is to encourage neurons to learn to
respond to visual input patterns that tend to occur close together in time. If the eyes shift
about a visual scene more rapidly than the objects change within the scene, then the images
of an object in different locations, scale, or orientations on the retina will tend to be clustered
together in time. In this case, a trace learning rule will encourage neurons in higher layers to
learn to respond with transform invariance to specific objects or features.

This rule is biologically plausible in terms of the way it utilises only locally available biolog-
ical quantities, that is, the present and recent activities of the pre- and post-synaptic neurons
respectively. Also, it has been shown that this type of temporal associative learning has been
shown to arises naturally within biophysically realistic spiking neural networks when longer
time constants for synaptic conductance are introduced (Evans and Stringer, 2012), of which I
also investigated in Chapter 7.

Some of the past research have shown that this trace learning rule may be combined with
the mechanism of statistical decoupling described above to produce translation invariant repre-
sentations of statistically independent visual objects (Stringer et al., 2007; Stringer and Rolls,
2008). It can be thus hypothesised that the same trace learning rule could encourage neurons
representing boundary contour elements to respond with translation invariance across different
retinal locations.

2.2.3 Overview of simulation studies carried out in this chapter

Study 1 provides a proof-of-principle analysis. VisNet was trained on artificial visual objects
similar to those shown in Figure 2.2. For each simulation, the visual objects had a fixed number
of sides (n), each of which had a fixed number of different possible boundary conformations
(p). These carefully constructed objects allowed us to explore how the statistical decoupling
between different boundary contour elements influences the neuronal firing properties that de-
velop during learning. I also showed how the capacity of the network to represent many different
boundary contour conformations can be increased by introducing a Self-Organising Map (SOM)
architecture within each layer (Section 1.3.3.2). Finally, the same artificial visual stimuli was
used to confirm that trace learning can produce neurons that respond to individual boundary
contour elements with translation invariance across different retinal locations.

In Study 2, the sets of visual stimuli presented to VisNet during training and testing were
similar to those used in the original physiological experiments of Pasupathy and Connor (2001).
Examples are shown in Figure 2.4. This allowed for a direct comparison between the perfor-
mance of the VisNet model and real neurons recorded in area V4 of the primate ventral visual
pathway. It was demonstrated that, using the computational principles discussed above, VisNet
developed neurons during visually-guided training that have firing properties similar to those
reported by Pasupathy and Connor (2001). That is, the neurons learned to respond to local
boundary contour elements defined by a specific combination of their curvature and position
within the whole stimulus.
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Figure 2.4: Form of visual objects used to train and test VisNet in Study 2. These visual stimuli are similar to those
used in the original neurophysiological experiments of Pasupathy and Connor (2001). This permitted direct comparison
between the performance of the VisNet model and real neurons recorded in area V4 of the primate ventral visual pathway.
The stimuli were created by systematically combining convex and concave boundary elements. Each shape is defined by
the configuration of three convex projections. The convex projections ended in either sharp angles or medium curves. The
angular separations between the convex projections were either 135 ◦/135 ◦/90 ◦ (top) or 180 ◦/90 ◦/90 ◦ (bottom). The
convex projections were connected by concave and convex circular arcs. As an example, the object shown in the top left
plot had three sharp convex projections separated by angles 135 ◦/135 ◦/90 ◦, which are connected by concave circular arcs.

In Study 3, VisNet was trained on a large number of realistic visual objects with different
boundary shapes. A sample of these objects is shown in Figure 2.5. This generated a more
realistic and demanding test of the underlying theory. Across a large set of different object
shapes, there should be statistical decoupling between localised boundary contour elements of
different conformation. After training on real objects, the network was tested using visual
stimuli similar to those originally used by Pasupathy and Connor (2001) and shown in Figure
2.4. In support of the theory, it was found that neurons again learned to respond to local
boundary contours defined by their curvature and position with respect to the whole stimulus.

The computer simulations reported in this chapter are designed to test the feasibility and
efficacy of the computational principles described above, as well as build an intuitive under-
standing of these mechanisms. The simulations thus make an important contribution towards
understanding how the visual system may learn to represent the detailed spatial structure of ob-
jects. These visual representations go beyond the mere recognition of objects, in which neurons
simply respond if a particular object is present. Instead, the neurons found in area V4 by Pa-
supathy and Connor (2001) and reproduced in our model learn to respond to the conformation
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Figure 2.5: Examples of some of the realistic visual objects used for training VisNet in Study 3. In total, there were 177
realistic objects used for training VisNet in this study.
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of localised boundary contour elements at a particular position within an object, irrespective of
where the object is on the receptive field. This representation of the spatial form of individual
objects may provide a foundation of intermediate-level representations of object parts, which
the brain subsequently utilises to recognise whole objects within natural scenes.

2.3 Materials & Methods

2.3.1 VisNet

VisNet is a hierarchical neural network model of the primate ventral visual pathway, which
was originally developed by Wallis and Rolls (1997) (see Section 1.3). The standard network
architecture is shown in Figure 1.1. It is based on the following: (i) A series of hierarchical
competitive layers with local graded lateral inhibition. (ii) Convergent connections to each
neuron from a topologically corresponding region of the preceding layer, leading to an increase
in the receptive field size of neurons through the visual processing areas. (iii) Synaptic plasticity
based on a biologically-plausible local learning rule such as the Hebb rule (1.7) or trace rule
(1.8) and (1.9), which are explained in Section 1.3.5.

In past work, the hierarchical series of 4 neuronal layers of VisNet have been related to the
following successive stages of processing in the ventral visual pathway: V2, V4, the posterior
IT (TEO), and the anterior IT (TE). In this chapter, neuronal response properties observed
within a series of intermediate layers, V4 and TEO, of the ventral pathway were modelled for
the first time. Due to the relatively course-grained 4-layer architecture of VisNet, I do not wish
to emphasise a specific correspondence between the layers of VisNet and particular stages of
the ventral pathway. However, as our main focus was on the neuronal properties reported in
V4 and TEO, the focus is mostly set on the first three layers of VisNet.

In VisNet, the forward connections to individual cells are derived from a topologically corre-
sponding region of the preceding layer, using a Gaussian distribution of connection probabilities.
These distributions are defined by a radius which contained approximately 67% of the connec-
tions from the preceding layer. Typical values employed in the current studies are given in
Table 2.1, which have been proposed to be realistic in Wallis and Rolls (1997). These were
the values used unless otherwise stated. The gradual increase in the receptive field of cells in
successive layers reflects the known physiology of the primate ventral visual pathway (Freeman
and Simoncelli, 2011; Pasupathy, 2006; Pettet and Gilbert, 1992).

Table 2.1: VisNet parameters

Layer Dimensions number of connections radius
Layer 4 128× 128 100 12
Layer 3 128× 128 100 9
Layer 2 128× 128 100 6
Layer 1 128× 128 201 6
Retina 256× 256× 16

The parameters for the sigmoid activation function are shown in Table 2.2. These are the
standard parameter values that have been used in past VisNet studies (Stringer et al., 2006,
2007; Stringer and Rolls, 2008).

Table 2.2: Parameters for Sigmoid activation function

Layer 1 2 3 4
Percentile 99.2 98 88 91
Slope (β) 190 40 75 26

In each experiment, an array of Gabor filters is generated at each of 256 × 256 retinal
locations with the parameters given in Table 2.3 based on the Equations described in Section
1.3.1. The outputs of the Gabor filters are passed to the neurons in layer 1 of VisNet according
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Table 2.3: Parameters for Gabor input filters

Parameter (Symbol) Value

Wavelength(λ) 2
Spatial bandwidth (σ) 1.5 octaves
Orientation(θ) 0, π/4, π/2, 3π/4
Phase shift (ψ) 0: white on black bar

π: black on white bar
Aspect ratio (γ) 0.5

to the synaptic connectivity given in Table 2.1. Each layer 1 neuron received connections from
201 randomly chosen Gabor filters localised within a topologically corresponding region of the
retina. In the current simulations reported here, the model used inputs from only the shortest
wavelength filters, which was found to be sufficient to represent the simple visual objects. For
consistency with past VisNet simulations, each neuron in the first layer of VisNet received
afferent connections from 201 of the short wavelength filters.

2.3.1.1 Lateral inhibition/excitation between neurons within each layer

In the simulations reported below, the lateral inhibition between the neurons within each neu-
ronal layer was implemented in one of two different ways. The simplest approach was to imple-
ment a competitive network architecture (Rolls and Treves, 1998), in which neurons inhibited all
or some of their neighbours (see Section 1.3.3.1). However, in some simulations a more complex
Self-Organising Map (SOM) architecture (Kohonen, 1982), which included both short range
excitation and longer range inhibition between neurons (i.e., a ‘Mexican hat’ connectivity),
was implemented. A SOM architecture leads to a map-like arrangement of neuronal response
characteristics across a layer after training, with nearby cells responding to similar inputs (see
Section 1.3.3.2). In particular, I investigated the hypothesis that the SOM architecture could
increase the capacity of the network by enabling neurons in the higher layers to discriminate
between more boundary contour shapes. Parameters shown in Table 2.4 and 2.5 were selected
based on those that previously optimised performance (Tromans et al., 2011; Rolls and Milward,
2000). The lateral inhibition parameters for the competitive network architecture are given in
Table 2.4.

Table 2.4: Lateral inhibition parameters for the competitive network architecture

Layer 1 2 3 4
Radius (σ) 1.38 2.7 4.0 6.0
Contrast (δ) 1.5 1.5 1.6 1.4

The lateral inhibition and excitation parameters used in the SOM architecture are given in
Table 2.5.

In the simulations reported in Section 2.4, each of the artificial or natural visual objects
were constructed from a large pool of local boundary contour elements. During training, many
objects constructed from different combinations of boundary elements were presented to the
network. Due to the effects of statistical decoupling between the boundary elements, neurons
in the higher layers of the model learn to respond to individual boundary elements, or small
localised clusters of boundary elements.

By using a combination of trace learning and training on many different object shapes, the
model is thus able to simulate and illuminate the learning mechanisms underpinning visually-
guided development in neurons that encode the local boundary conformation of objects as
reported by Pasupathy and Connor (2001), in area V4, and by Brincat and Connor (2004), in
area TEO.
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Table 2.5: SOM parameters

Layer 1 2 3 4
Excitatory Radius (σE) 1.4 1.1 0.8 1.2
Excitatory Contrast (δE) 5.35 33.15 117.57 120.12
Inhibitory Radius (σI) 2.76 5.4 8.0 12.0
Inhibitory Contrast (δI) 1.5 1.5 1.6 1.4

2.3.2 Modification of Information Analysis

To quantify the performance in transformation invariance learning with VisNet, the techniques
of Shannon’s information theory have previously been used (Rolls and Treves, 1998), which
is based on the Kullback-Leibler divergence of the conditional response distribution from the
unconditional distribution. As described in Section 1.5.2, information theory can be used to
quantify how selective neurons are for particular boundary elements, each of which occurs
within a subset of objects, which may translate across different locations on the retina. If the
responses r of a neuron carry a high level of information about the presence of a particular
boundary element stimulus s within an object, then this implies that the neuron will respond
selectively to the presence of that boundary element across the complete subset of objects that
feature it. Furthermore, for simulations in which the objects are shifted across different locations
on the retina, a high level of information would imply that the neuron responds to the presence
of that boundary element within an object regardless of where the object is presented on the
retina. In this way, information theory can provide a direct measure of both the selectivity of
a neuron for a particular boundary element, as well as how translation-invariant the neuronal
responses are as the object is shifted across the retina.

Two information measures were used to assess the ability of the network to develop neurons
that are selective to the presence of individual boundary contour stimuli but also invariant to
their occurrence within different objects and in different retinal locations. These two measure
use the responses from either individual neurons (single-cell information analysis) or small
ensembles of neurons (multiple-cell information analysis), each of which will be discussed in
turn. The standard implementation of the analysis is described in Chapter 1.5.2.

2.3.2.1 Single-cell information analysis

A single cell information measure was first applied to analyse the responses of individual cells.
To be informative in the context of this study, the responses of a given neuron (r) should
be specific to a particular contour that appears at a particular side (s), and independent of
the remaining global form of the object or retinal location. The amount of stimulus-specific
information that a certain cell transmits is calculated from the formula (1.12) described in
Section 1.5.2.

Table 2.6 shows an example of a cell that is ideally developed to respond to such a stimulus
across all the objects containing it. In this experiment, the number of sides (n) is three and the
number of contours on a side (p) is two. In past research with VisNet, this single-cell information
analysis was used when only one object was presented to the network at a time. Therefore, the
maximum information that an ideally developed cell could carry was log2(number of stimuli).
However, in this study, the complete object shape (composed of n contours) is presented. There-
fore, this would have been conceptually equivalent to always presenting n stimuli simultaneously,
thus altering the maximum attainable value of the single-cell information.

Suppose in an experiment where n = 3 and p = 2, there is a cell that is ideally developed to
respond to any object containing a convex curve at the top. In this case, a single cell’s response to
just one shape cannot provide sufficient information to determine whether the cell is responding
to the convex curve on the top or any other contours on the other two sides. However, it is
still apparent that such an ideal cell will not respond to any object where its preferred contour
is absent. Therefore, even though the maximum amount of information conveyed cannot reach
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Table 2.6: Simple example of a calculation of single cell information

Firing rates of a cell X
P (si)r1[0− 0.25) r2[0.25− 0.5) r3[0.5− 0.75) r4[0.75− 1]

contour 1 0 0 0 4 4/24
contour 2 4 0 0 0 4/24
contour 3 2 0 0 2 4/24
contour 4 2 0 0 2 4/24
contour 5 2 0 0 2 4/24
contour 6 2 0 0 2 4/24
P (ri) 12/24 0/24 0/24 12/24

I(s1, ~R) = P (r1|s1) log2(P (r1|s1)/P (r1)) + ...+ P (r4|s1) log2(P (r4|s1)/P (r4))
= 0 + 0 + 0 + (4/4) · log2((4/4)/(12/24))
= log2(2) = 1bit

log2(n× p) bits, the cell still carries up to log2(p) bits of information, as the cell responses are
independent between the p contours on the same side.

In accordance with this, the single-cell information measure in this chapter is modified to
calculate the conditional probabilities, not from the individual responses of cells to particular
stimuli, but from their average responses across the set of objects with one particular feature
held constant.

2.3.2.2 Multiple-cell information analysis

While useful in assessing the tuning properties of a particular neuron, the single-cell information
measure cannot give a complete assessment of VisNet’s performance with respect to recognition
of the set of boundary contour elements as explained in Section 1.5.2.2. We, therefore, also
calculated a multiple-cell information, which assesses the amount of mutual information that is
available about the whole set of boundary elements from a population of neurons. This measure
quantifies the network’s ability to tell which stimulus is currently exposed to the network based
on the set of responses, ~R, of a sub-population of cells. Here the procedures for calculating the
multiple-cell information measure as described by Rolls and Treves (1998); Rolls and Milward
(2000) is adopted.

A decoding procedure is used to estimate which boundary element stimulus s′ gave rise to
the particular firing rate response vector on each trial. A probability table is then constructed
between the real boundary element stimuli, s and the decoded stimuli, s′. From this probability
table, the multiple-cell information is then calculated with the equations (1.14). For further
details of this decoding, see the procedure explained in Section 1.5.2.2.

In past experiments, the confusion matrix was constructed based on the firing responses
to each individual input stimulus. However, as discussed in the single-cell information theory
section, it is impossible to determine the specific contour that elicited a particular neural re-
sponse because n contours are always presented simultaneously. Therefore, instead of using
the neuron’s firing responses to individual stimuli, the responses are averaged across multiple
objects which all feature a common contour. It is these averaged responses which are then used
to estimate the required probability distributions.

2.4 Simulation Studies

2.4.1 Study 1: VisNet simulations with artificial visual objects constructed
from multiple boundary elements

In Study 1, VisNet was trained on artificial visual objects similar to those shown in Figure 2.2.
For each simulation, these visual objects had a fixed number of sides (n), and the curvature
of each side was selected from a fixed number of different boundary conformations or elements
(p) and were projected on 256× 256 pixels of simulated retina. Therefore, for each simulation
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there were pn complete objects constructed from all combinations of the n×p contour elements.
These artificially constructed objects allowed us to investigate how the learned neuronal re-
sponse properties are affected by the number of object sides and number of possible boundary
conformations at each side. The development of translation invariance as objects are shifted by
10 pixels at a time over a grid of 4 different locations on the retina by utilising the trace learning
mechanism discussed above was then investigated . In the final simulations of the study, the
effects of rotating the objects on the retina by 2 degrees at a time was investigated.

2.4.1.1 Development of neurons that respond to localised boundary conformation

I began by demonstrating how neurons in the output layer learn to respond to individual
boundary contour elements when VisNet, implemented with competitive network, is trained
on whole objects comprised of a number of such boundary elements. During training, the
feedforward synaptic connections were modified using the Hebb learning rule (1.7).

VisNet was first trained on a set of stimuli with n = 3 sides: top, left and right. Each side
has two possible boundary conformations: concave and convex. This gave a total of 23 = 8
objects. As conceptually the third layer of VisNet may represent TEO, the VisNet architecture
consisted of three competitive network layers in this simulation.

Figure 2.6 shows the learned responses y, given by equation (1.6), of a typical output cell in
layer 3 of VisNet, which developed selectivity to a concave contour situated at the top of each
object after training; the criteria of the selectivity is whether the cell responds with a firing rate,
r, approximately equal to 1 (1.00000 ≥ r ≥ 0.99995) across a set of whole objects containing a
concave contour on the top while the cell responds with a firing rate approximately equal to 0
(0.00005 > r ≥ 0.00000) across a set of whole objects not containing a concave contour on the
top (i.e., cells with nearly maximum single cell information).

Figure 2.6 (top) shows a histogram of the average firing rate responses of the neuron to 6
(overlapping) subsets of objects, where each subset contains all those objects that incorporate
a particular one of the 6 contour elements. Figure 2.6 (bottom) shows the actual subsets of
objects that correspond to the 6 data points shown in the histogram. The results confirm that
the neuron responds selectively.

Figure 2.7 shows the input Gabor filters that the same output cell in layer 3 has learned
to respond to after training. Specifically, Figure 2.7 plots the Gabor filters with the strongest
connectivity to the output cell, where each Gabor filter is weighted by the strengths of the
connections from that filter through successive layers to the output neuron (see Section 1.5.3).
In this case, the neuron receives the strongest inputs from a subset of Gabor filters that represent
a concave contour on the top of each object.

Figure 2.8 shows results for six neurons in layer 2 that have learned to respond selectively to
different boundary elements. For each neuron, the input Gabor filters that have the strongest
connectivity through successive layers to that neuron are shown. These plots show directly
the boundary contours that each of the neurons has learned to respond to. In this case, the
six neurons learned to respond to the following boundary elements: (a) right/concave, (b)
right/convex, (c) left/concave, (d) left/convex, (e) top/concave, (f) top/convex. Figure 2.8 also
shows the firing rate responses of the neurons to the eight objects that are constructed from
these boundary elements. After training, the six neurons learned to respond maximally to the
four objects that contain their preferred boundary element, but do not respond to the other
four objects. Such cells for all six of the contours in both layer 2 and layer 3, which are roughly
corresponding to V4 and TEO of ventral visual pathway were found.
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Figure 2.6: The responses of a cell in the output (3rd) layer of VisNet that developed selectivity to the concave contour on
the top of each object. The simulation was performed with a competitive network architecture incorporated within each
layer of the model. Top: a histogram of the average firing rate responses of the neuron to 6 (overlapping) subsets of objects,
where each subset contains all those objects that incorporate a particular one of the 6 contour elements. For example,
the first datum plotted shows the average response of the neuron to all those objects that contained a concave contour
on the right, which is designated by ’right/concave’. The next 5 data points represent the average response of the neuron
to subsets of objects incorporating the following contour elements: right/convex, left/concave, left/convex, top/concave,
top/convex. Bottom: the actual subsets of objects that correspond to the 6 data points shown in the histogram. The
objects that the cell responds to are ringed in red. Since the firing rates of neurons were effectively binarised (0/1) by the
steep slopes β used to parameterise the sigmoid transfer functions, a cell was categorised as responsive if its firing rate was
approximately 1. It can be seen that the neuron responds with an average firing rate of 1 to the subset of objects that
contain a concave contour on the top. Thus, the neuron always fires maximally to any object containing this particular
contour. The same neuron has an average firing rate of zero to the subset of objects with a convex contour on the top.
Thus, the neuron fails to respond if the object does not have a concave contour on the top. The neuron has an average
firing rate of 1/2 to the other four subsets of objects, right/concave, right/convex, left/concave, left/convex, because the
neuron responds maximally to the half of the objects in these subsets that contain a concave contour on the top.

2.4.1.2 How the responses of neurons to their preferred boundary elements depend
on the position of the boundary element in the frame of reference of the
object

Additional simulations investigated how the responses of neurons to their preferred bound-
ary element depended on the position of the boundary element with respect to the object.
In these simulations, VisNet, implemented with competitive networks, was trained on objects
constructed with n = 4 sides: top, bottom, left, and right. Each side had p = 3 possible bound-
ary conformations: concave, straight, and convex. During training, the feedforward synaptic
connections were modified using the Hebb learning rule (1.7).

After training, the network was tested to find an output neuron that had learned to respond
to a straight contour on a particular position of each object. In the case of neurons that
become selective to a straight vertical contour specifically on the right of each object, it would
be expected that such a neuron to receive a strong input from a vertical straight contour,
with somewhat weaker inputs from other boundary contours on the left of the vertical straight
contour. In order for the output neuron to respond selectively to the vertical straight contour
on the right of all possible objects, the neuron must receive inputs from all possible boundary
contours in all of the other locations on the left, but which will be somewhat weaker than the
inputs from the vertical straight contour on the right. This will make the output neuron sensitive
to the local context in which the vertical straight contour occurs; i.e. the vertical straight contour
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Figure 2.7: The input Gabor filters that an output cell in layer 3 has learned to respond to after training. This is the same
neuron whose firing rate responses are plotted in Figure 2.6. Specifically, the Gabor filters with the strongest connectivity
to the output cell are plotted, where each Gabor filter is weighted by the strengths of the feed-forward connections from
that filter through successive layers to the output neuron in layer 3. It can be seen that this neuron receives the strongest
inputs from a subset of Gabor filters that represent a concave contour on the top of each object.

must be situated on the right of a collection of other boundary contours defining the left part
of the object.

Figure 2.9 shows the input Gabor filters that had strong connectivity through the layers
to such a neuron. The plot is dominated by a strong vertical straight bar on the right hand
side. This shows that the neuron has learned to respond to a straight contour on the right of
each object. However, the activity of the neuron will also be influenced by other less strong
filters shown in the plot. These additional filters extend furthest to the left of the dominating
vertical straight bar. In particular, the strong input filters to the left of the vertical straight
bar represent boundary contour features that could co-occur within an object with the vertical
straight contour on the right. The same is not true for the curve on the right of the vertical
straight bar, which joins the same two vertices linked by the vertical straight bar and so would
have to be an alternative contour element to the vertical straight bar. The effect of this pattern
of additional input filters is that the neuron may require the presence of additional object
contours to the left of the vertical straight contour in order for the neuron to respond. That is,
the neuron will only respond to a vertical straight contour when that particular contour shape
is on the right hand side of an object rather than the left of the object.

This was confirmed in further simulations in which the responses of the neuron were recorded
as VisNet was tested with two sets of objects. The first set contained those 4-sided objects from
the original training set that had at least one straight contour element, either on the right,
bottom, left, or top. The second set contained mirror images of the first set of objects. The
mirror images were constructed by reflecting the original trained objects around the retinal
location of the vertical straight contour on the right of the training objects. An example of
an object and its mirror image is shown in Figure 2.10(a). It can be seen that the vertical
straight contours on the right and left of the two objects are aligned on the retina. This
procedure ensured that the right and left vertical straight contours from the first and second
sets of objects, respectively, overlapped on the retina. I wondered whether the neuron would
not only respond to the mirrored object but also to the mirror image objects with a vertical
straight contour on the left. This should not happen if the neuron has also learned about the
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Figure 2.8: Results for six neurons (a)-(f) in layer 2 that learned to respond selectively to different boundary elements. The
simulations were performed with a competitive network architecture implemented within each layer. For each neuron, the
following four subplots were shown. Top left: input Gabor filters that have the strongest connectivity through successive
layers to the neuron. The input Gabor filters immediately show which boundary element each of the six cells has learned
to respond to. From these plots, it can be seen that the six neurons have learned to respond to the following boundary
elements: (a) right/concave, (b) right/convex, (c) left/concave, (d) left/convex, (e) top/concave, (f) top/convex. Top right:
histogram showing average firing rate response of the neuron to the six subsets of objects that contain one of the different
boundary elements. That is, each of the data points (1-6) represents the average firing rate of the neuron across the four
objects containing the following boundary elements: (1) right/concave, (2) right/convex, (3) left/concave, (4) left/convex,
(5) top/concave, (6) top/convex. Bottom left: the firing rate responses of the neuron to all eight objects before training.
Results are shown separately for the four objects that contain the neuron’s preferred boundary element (solid line) and
the four objects that do not contain the neuron’s preferred boundary element (dashed line). Bottom right: the firing
rate responses of the neuron after training. It can be seen that after training, the six neurons have learned to respond
maximally to the four objects that contain their preferred boundary element, but do not respond to the four objects that
do not contain that boundary element.
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Figure 2.9: Demonstration of neuronal response tuning in an object centred frame of reference. For these simulations, a
competitive network architecture was implemented within each layer of VisNet. VisNet is trained on objects with four
sides: top, bottom, left and right. Each side has three possible boundary elements: concave, straight and convex. The plot
shows the input Gabor filters that had strong connectivity through the layers to a neuron that had learned to respond to a
straight contour on the right of each object. There is a dominating vertical straight bar on the right hand side of the plot,
which shows that the neuron had learned to respond to a straight contour on the right of the objects. However, there are
some other less strong input filters present in the plot, which will also influence the responses of the same output neuron.
This pattern of additional input filters indicates that this neuron may require the presence of additional object contours
to the left of the vertical straight contour in order for the neuron to be activated. That is, the neuron will only respond to
a vertical straight contour when that contour is on the right but not the left of an object.

local image context represented by nearby input filers, as shown in Figure 2.9, and has thereby
learned to respond selectively only when the bulk of the object is on the left so that the vertical
straight contour is on the right. This effect is confirmed in Figure 2.10(b) and 2.10(c). Figure
2.10(b) shows a histogram of the average firing rate response of the neuron to the four subsets
of trained objects that contain a straight contour at one of the sides: right, bottom, left and top
(conventions as in Figure 2.6). The histogram confirms that the neuron has learned to respond
to a vertical straight contour on the right of each of the trained objects. Figure 2.10(c) shows
similar results for the mirror image objects. Here it can be seen that the neuron fails to respond
to any of the mirror image objects, including those mirror image objects with a vertical straight
contour on the left.

The neuron is thus selective for those members of the first set of trained objects that have a
vertical straight contour on the right. The neuron does not respond to objects from the second
mirror image set with a vertical straight contour on the left, even if these objects are shifted to
ensure the vertical straight contours are overlapping between the two sets of objects. In other
words, these neuronal responses seem to encode a ‘border ownership’ information of the vertical
straight contour presented. If so, it may be said that the connections through successive layers
to the output neuron learn about both the shape of the boundary contour element and the local
image context such as the relative positions of other object features.

However, it is important to note that this result illustrates only a simple example of neural
responses that seems to code the ‘border ownership context. For example, the figures used
in this simulation are always black. Therefore, in order to conclude whether the strict border
ownership response selectivity is achieved through the learned feed-forward connectivity set up
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Figure 2.10: Demonstration of neuronal response tuning in an object centred frame of reference. The responses of the
neuron analysed in Figure 8 were recorded as VisNet was tested with two sets of objects. The first set contained 4-sided
objects from an original training set that had at least one straight contour element. The second set of objects were mirror
images of the first set of objects. The mirror images were constructed by reflecting the original trained objects around the
retinal location of the vertical straight contour on the right of the trained objects. An example of an object and its mirror
image is shown in part (a). It can be seen that the vertical straight contours on the right and left of the two objects are
aligned on the retina. Part (b) shows a histogram of the average firing rate response of the neuron to the four subsets of
trained objects that contain a straight contour at one of the sides: right, bottom, left and top. The histogram confirms that
the neuron has learned to respond to a vertical straight contour on the right of each of the trained objects. Part (c) shows
similar results for the mirror image objects. Here it can be seen that the neuron fails to respond to any of the mirror image
objects, including those mirror image objects with a vertical straight contour on the left. The neuron is thus selective for
those members of the first set of trained objects that have a vertical straight contour on the right. The neuron does not
respond to objects from the second mirror image set with a vertical straight contour on the left, even if these objects are
shifted to ensure the vertical straight contours overlap across the two sets of objects.

during training, more detailed investigations are conducted in a later chapter in Chapter 5.

2.4.1.3 How the number of object sides (n) and the number of possible boundary
elements at each side (p) affect the learned neuronal response properties

I investigated how the neuronal firing properties that develop in the network depend on the
number of object sides (n) and the number of possible boundary contour elements (p) at each
side. Each simulation was run with a fixed value of n and p. Across simulations, the number
of sides, n, was varied from 3 to 8, while the number of possible boundary elements, p, was
varied from 2 to 4. For each simulation, the network was trained on the full set of objects that
could be constructed given the fixed values of n and p for that simulation. This means that
the total number of distinct visual stimulus presented to the network during the simulations
for each condition. Therefore, for practical reasons, simulations with pn > 1, 000 were omitted.
Alternatively, the number of visual stimulus across different conditions could have been matched.
Nevertheless, as well as practical reasons, because even with the smallest number of visual
stimulus (pn = 8), the network had settled as reported in Section 2.4.1.1, I did not choose the
option. During training, the feedforward synaptic connections were modified using the Hebb
learning rule (1.7) within VisNet implemented with competitive networks.

For each combination of n and p, Figure 2.11(top) gives the number of neurons that learned
to respond selectively to all objects that contained one particular type of boundary contour
element, but not to objects that did not contain that boundary element.



CHAPTER 2. OBJECT SHAPE REPRESENTATIONS 39

Untrained Networks

3 4 5 6 7 8

2

3

4

Trained Networks

3 4 5 6 7 8

3 4 5 6 7 8

0

500

1000

1500

2000

2500

3000

3500

4000

4500

5000

number of sides (n) number of sides (n)

number of sides (n)

nu
m
be
r o
f b
ou
nd
ar
y e
le
m
en
ts
 (p
)

3 4 5 6 7 8
number of sides (n)

Competitive Networks

SOM

2

3

4

2

3

4

2

3

4
nu
m
be
r o
f b
ou
nd
ar
y e
le
m
en
ts
 (p
)

nu
m
be
r o
f b
ou
nd
ar
y e
le
m
en
ts
 (p
)

nu
m
be
r o
f b
ou
nd
ar
y e
le
m
en
ts
 (p
)

Figure 2.11: Results of simulations in which VisNet is trained and tested on objects constructed with a fixed number of
sides (n) and number of possible boundary elements at each side, p. These simulations were performed with a competitive
network architecture (top) or SOM (bottom) incorporated into each layer of VisNet. Due to the limited capacity of the
VisNet programme, only the results for simulations where the total number of objects, pn, is less than 1,000 are given. For
each simulation, the table records the number of neurons (in the 3rd layer) that learned to respond selectively to all objects
that contained one particular type of boundary contour element, but not to objects that did not contain that boundary
element. Results are given before training (left) and after training (right). For all combinations of n and p, it can be
seen that training VisNet on all possible pn objects has lead to many neurons learning to respond selectively to objects
containing a particular boundary contour element.

It was found that the last layer of the untrained network already contained a small number
of cells that were selective for objects that contained one type of boundary element. This was
because this simulation task was relatively easy in that it did not require the output neurons to
respond invariantly as objects were translated across different retinal locations. In simulations
reported later, the output neurons were tested with the objects presented in different retinal
locations. In these simulations, training was indeed required to produce any neurons that
responded selectively to objects containing one kind of boundary element.

In the trained network, it can be seen that all simulations produced large numbers of neurons
that were selective for objects that contained one particular type of boundary element. Secondly,
the number of object sides, n, did not have a significant systematic effect on the performance
of the network. In contrast, as the number of possible boundary elements at each side, p,
increased, the number of neurons that learned to respond selectively to objects containing one
type of boundary element declined.

Here, it is important to understand the exact effects of varying n and p. While varying n
should affects the size and displacement of the features, changing p should affect dimensionality
and similarity simultaneously. Therefore, I hypothesise that the increased difficulty of neurons
in the higher layers to develop separate representations of contour elements at each side is due
to the effective increase in the density of the boundary contour elements, which results in more
similar boundary conformations.

In particular, an invariance learning mechanism known as Continuous Transformation (CT)
learning (Stringer et al., 2006) may cause neurons in higher layers to learn to respond to a num-
ber of similar boundary conformations at each side; CT learning is able to bind smoothly varying
input patterns, such as a continuum of different possible boundary conformations at one of the
object sides, onto the same postsynaptic neuron (see Section 1.4.1). In this way, CT learning
may dramatically reduce the selectivity of neurons for particular boundary conformations.

Typical network behaviour for a relatively large value of p is shown in Figure 2.12. In
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Figure 2.12: Simulation showing the failure of an output neuron to discriminate between a relatively large number of
boundary contours at one object side. The simulation was performed with a competitive network architecture implemented
within each layer of VisNet. The network is trained on objects with n = 3 sides, where each side has a relatively large
number of p = 4 possible boundary elements. The figure shows results after training for a typical output neuron that
failed to learn to respond selectively to one particular boundary element. Left: The input Gabor filters that had strong
connectivity through the layers to the output neuron. It can be seen that the neuron has strong connections from three
similar boundary elements on the lower right. Right: histogram showing average firing rate response of the neuron to the 12
subsets of objects that contain one of the different boundary elements. That is, each of the data points (1-12) represents the
average firing rate of the neuron across the 16 objects containing the following boundary elements: (1) right/sharp-convex,
(2) right/convex, (3) right/concave, (4) right/sharp-concave, (5) left/sharp-convex, (6) left/convex, (7) left/concave, (8)
left/sharp-concave, (9) top/sharp-convex, (10) top/convex, (11) top/concave, (12) top/sharp-concave. It can be seen that
the neuron responds maximally to the first three subsets of objects, which contain the three boundary elements that are
strongly represented in the left plot. Thus, the neuron has learned to respond to these three boundary elements and is
unable to distinguish between them. This effect is typical when the number (density) of boundary contour elements at
each side is increased.

this example, the network was trained on objects with n = 3 sides, each of which had p = 4
possible boundary elements. The figure shows results for a typical output cell that failed to learn
to respond selectively to objects containing one particular type of boundary contour. Figure
2.12(left) shows the input Gabor filters that had strong connectivity through the layers to the
neuron. The neuron has strong connections from three similar boundary elements on the lower
right. Figure 2.12(right) shows the average firing rate response of the neuron to the 12 subsets
of objects that contain one of the different boundary elements. The neuron responds maximally
to the first three subsets of objects, which contain the three boundary elements that are strongly
represented in the left plot. Thus, the neuron has learned to respond equally strongly to all
of these three boundary elements and is unable to distinguish between them. This observed
behaviour is typical when the number (density) of boundary contour elements at each side is
increased. Investigation into the responses of neurons across the output layer after the training
the network on objects where each side had a relatively high number of possible boundary
element contours, p, showed that many cells were unable to distinguish between differently
shaped contours on the same sides.

The simulations at this juncture show that a biologically plausible neural network can learn
to code relative position information for visual elements, but has limited capacity. In the next
section, I show how introducing a Self-Organising Map (SOM) architecture within each layer
of VisNet can enhance the selectivity of neurons for individual boundary elements when the
number of boundary elements at each side, p, is large, overcoming the capacity limitation.
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2.4.1.4 The effect of a Self-Organising Map (SOM) architecture on learned neural
selectivity for boundary contour elements

I compared the performance of the standard competitive network architecture in each layer
with performance when a Self-Organising Map (SOM) was introduced. It hypothesised that
the SOM architecture could increase the capacity of the network to represent and distinguish
between a larger number of finer variations in boundary contour curvature.

As discussed in the previous section, a competitive network may have difficulty in forming
separate output representations of similar input patterns. In particular, Continuous Transfor-
mation learning introduced in Section 1.4.2 (Stringer et al., 2006) may encourage the same
output neurons to learn to respond to similar input patterns representing boundary contour el-
ements of slightly different shape, or even bind together a continuum of input patterns covering
the space of all possible boundary shapes at a particular object-centred boundary location.

The SOM architecture is specifically designed to encourage the output neurons to develop a
fine-scaled representation of a continuum of smoothly varying input patterns (Kohonen, 1982).
A SOM has additional short range lateral excitatory connections between neurons within each
layer. These connections encourage nearby output neurons to learn to respond to similar input
patterns, which in turn leads to a map-like arrangement of neuronal response characteristics
across the layer after training. In particular, slightly different input patterns will be distributed
across different output neurons. Thus, the effect of these additional short range excitatory
connections is to influence learning in the network to spread the representations of a continuum
of overlapping input patterns over a map of output neurons. This should allow the network to
develop a more fine-grained representation of the space of possible boundary contour shapes.

I therefore hypothesised that the introduction of a SOM architecture within each layer of
VisNet would spread out the representations of many different boundary contour curvatures (p)
at a particular side of the object over a map of output neurons. This would help to produce
distinct neural representations of a large number of different boundary contour elements in the
output layer, and effectively increase the capacity of the network to represent finer variations
in boundary contour curvature.

During training, the feedforward synaptic connections were, again modified using the Hebb
learning rule (1.7), and the simulation results with the Self-Organising Map (SOM) architec-
ture implemented within each layer are presented in Figure 2.11(bottom). The network was
tested on objects constructed with a fixed number of sides, n, and different numbers of possible
boundary elements at each side, p. For each simulation, the heatmap shows the number of
neurons that learned to respond selectively to all objects that contained one particular type of
boundary contour element, but not to other objects. These results should be compared with
Figure 2.11(top), which gives the corresponding results with a competitive network architecture
implemented within each layer. As hypothesised, the introduction of the short range excitatory
connections of the SOM architecture within each layer led to many more neurons learning to
respond selectively to objects containing a particular boundary contour element. This effect is
particularly pronounced for larger numbers of n and p.

These effects can also be seen by examining the amount of information carried by neurons
about the presence of particular types of boundary elements within the objects presented to
VisNet. We have previously used information theoretic measures to assess the amount of in-
formation carried by neurons about the presence of whole object stimuli within a scene, where
the objects may be presented under different transforms such as changes in retinal position
or orientation (Wallis and Rolls, 1997; Rolls and Milward, 2000; Stringer et al., 2007; Stringer
and Rolls, 2008). A neuron that responds selectively to one particular stimulus across a large
number of transforms will carry a high level of information about the presence of that object
within a scene. In this chapter, I was instead interested in the amount of information carried
by neurons about the presence of particular boundary elements within an object.

Two information measures, single-cell information analysis and multiple-cell information
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Figure 2.13: (a) Single cell information analysis results and (b) multiple cell information analysis results for simulations
in which VisNet is trained and tested on objects with different numbers of sides, n, and numbers of possible boundary
elements at each side, p. For each simulation, the single cell information measures for all output (3rd) layer neurons are
plotted in rank order according to how much information they carry, and the multiple cell information measures are plotted
according to the number of cells used to construct the probability table for the analysis. For each simulation, results are
presented before training (dotted line) and after training with competitive network (broken dashed line) and with SOM
(solid line). In all simulations, training the network on the set of pn whole objects led to many top layer neurons attaining
the maximal level of single cell information of log2(p) bits. However, consistent with our hypothesis, there was a clear
trend that the SOM architecture increased the number of neurons that attained the maximal level of single cell information.
Furthermore, for all simulations, the multiple cell information measures asymptoted to maximal values of log2(n× p) bits,
which indicated that all of the boundary contour elements were represented by a subset of different neurons.

analysis, were used to assess the ability of the network to develop neurons that are able to
respond selectively to the presence of individual boundary contour stimuli. Single-cell informa-
tion analysis indexes, for each cell, how much information is available about which boundary
element is present at a particular side location within an object. On the other hand, multiple-
cell information analysis indexes how many cells are needed in order to perfectly discriminate
the entire set of input stimuli based on the ensemble of those cells’ activations. The detailed
procedures are provided in Section 2.3.2.

Figure 2.13 present (a) the single cell information analysis results and (b) the multiple
cell information analysis results for simulations in which VisNet was tested on objects with
different numbers of sides, n, and numbers of possible boundary elements at each side, p. For
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each simulation, results are presented before training (dotted line), after training with the
competitive network architecture (broken dashed line) and with the SOM architecture (solid
line).

The single cell information measures for all output layer neurons are plotted in rank order
according to how much information they carry. In all simulations, training the network on the
set of pn whole objects led to many top layer neurons attaining the maximal level of single
cell information of log2(p) bits. These results imply that training the network on the whole
objects led to many output neurons learning to respond selectively to all of the objects that
contained a particular one of the boundary contour elements, but not to objects that do not
contain that boundary element. That is, these neurons had learned to respond to the presence
of that particular boundary contour element within any object. In all simulations, many top
layer neurons attained the maximal level of single cell information of log2(p) bits. However,
consistent with our hypothesis, the incorporation of a SOM architecture typically led to a
significant increase in the number of neurons that attained the maximal level of single cell
information.

Furthermore, for all simulations, the multiple cell information measure asymptoted to the
maximal possible value of log2(n × p) bits, demonstrating that the whole set of boundary
contour elements was successfully represented by a set of different neurons. In particular, for
simulations with relatively large n or p, in which it is less likely for untrained neurons to
respond selectively to a particular boundary contour shape across all objects by chance, there
is a noticeable improvement in the multiple cell information computed with just a few (e.g. 5)
neurons after training. These few neurons that convey high levels of multiple cell information
between them are those neurons that have learned to respond selectively to individual boundary
contour elements across all objects.

For multiple cell information plots, there was little difference between the SOM and the
competitive network. This was because both architectures produced a large enough number
of neurons with maximal single cell information to ensure that only a small subset of these
neurons was needed to give high levels of multiple cell information in either case. However,
for relatively large values of n and p, such as p = 3 and n = 6, the SOM architecture gave
rise to larger multiple cell information measures with fewer neurons. This provided further
evidence that when the network needs to produce a more fine-grained representation of larger
numbers of similar boundary contours, the SOM is able to outperform the competitive network
architecture.

Furthermore, different sub-populations of cells that carry maximum single-cell information
about each contour element were mapped onto the corresponding locations within the layer.
This extended analysis has revealed that using a SOM led to a feature map as shown in Figure
2.14.

The lateral excitation utilized in the SOM architecture was initially used to produce self-
organising systems that mimicked mappings found in early visual areas (Kohonen, 1982). In
addition, this result shows that the architecture also results in developing the clustering of
neural selectivity across visual stimuli. This result was consistent with various physiological
findings that indicate the topographic organization within ventral visual pathway (Larsson and
Heeger, 2006; Hansen et al., 2007; Silver and Kastner, 2009). This type of clustering of neural
selectivity across faces throughout the temporal lobe is called ‘face patch’ (Wang et al., 1998;
Tsao et al., 2006), which is simulated in the later in Chapter 3.

2.4.1.5 Response properties of neurons through successive layers of VisNet

I subsequently investigated how the response properties of neurons vary through successive
layers of VisNet, which is implemented with either the competitive network or Self-Organising
Map (SOM), before and after training. For all of the simulations performed, the feedforward
synaptic connections were modified using the Hebb learning rule (1.7).
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(a) Information map (n=3 and p=2) (b) Information map (n=3 and p=3)
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Figure 2.14: Simulation results demonstrating that the SOM architecture leads to a feature map in the output layer. (a)
Left: contour plots showing the amount of single cell information carried by the 128 x 128 layer of output neurons for six
boundary elements after training on objects with n=3 and p=2. The different coloured contour plots correspond to the
following boundary elements: top/convex (pink), top/concave (light green), right/convex (blue), right/concave (yellow),
left/convex (light blue), and left/concave (red). (b) Right: similar results for the case n=3 and p=3. For both simulations,
it can be seen that the output neurons have self-organised into feature maps, in which nearby neurons in the layer tend to
be tuned to the same kind of boundary element.

Figure 2.15 presents simulation results comparing the performance of the competitive net-
work (left) and SOM architectures (right). In these simulations, VisNet was presented with
objects with n = 4 sides, where each side has p = 4 possible boundary elements with varying
degrees of curvature. The table presents the results for layers 1, 2 and 3. Each cell within the
table gives the total number of neurons that learned to respond selectively to objects that con-
tained a particular boundary element defined by side position and curvature. In all three layers,
the SOM architecture outperformed the competitive network architecture in terms of producing
more neurons that had learned to respond selectively to individual boundary elements.

The results also illustrated that the proportion of neurons representing more highly curved
boundary elements increases in the higher layers. This is another physiological property repli-
cated in our simulations (Kayaert et al., 2005). For both the competitive network and SOM
architectures, the proportion of neurons representing more highly curved boundary elements
increased through successive layers of VisNet as shown in Figure 2.15. Contour specific cells
start to appear in layer 1, which itself is consistent with the experimental observation that
curvature processing begins in visual area V2, an early stage of the ventral visual pathway (Ito
and Komatsu, 2004). There was only a slight bias towards contour elements of higher curvature
in layer 1. In layer 2, there is a much stronger bias towards the representation of boundary ele-
ments with higher curvature. This bias reached a maximum in layer 3, where the vast majority
of cells are tuned to higher curvature contour elements.

Table 2.7 presents simulation results showing the responses of neurons through layers 1 to 3
with the Self-Organising Map (SOM) architecture. The results are presented for two different
simulations: objects with n = 4 sides and p = 2 contour elements per side; and objects with
n = 5 sides and p = 3 contour elements per side. For each simulation, results before and after
training are compared. Each sub-table gives the number of neurons that responded selectively
to either objects containing a single boundary element, objects containing a combination of
two boundary elements, or a single whole object. For both simulations, it can be seen that,
in all three layers, training the network led to a substantial increase in the number of neurons
that responded to objects containing a single boundary element. The numbers of neurons
that learned to respond to individual boundary elements increased through successive layers of
VisNet.
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Figure 2.15: Simulation results comparing the performance of the competitive network architecture (left) and the Self-
Organising Map (SOM) architecture (right) through successive layers of the network. In these simulations, VisNet is
trained and tested on objects with n=4 sides, where each side has p=4 possible boundary curvatures: highly concave,
moderately concave, moderately convex and highly convex. Each of the two subplots shows the number of neurons that
learned to respond selectively to objects containing each kind of contour curvature regardless of side position. It can be
seen that, for both the competitive network and SOM architectures, the proportion of neurons representing more highly
curved boundary elements increases in the higher layers of VisNet.
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Table 2.7: Simulation results showing the responses of neurons through layers 1 to 3 with the Self-Organising Map (SOM)
architecture.

N4P2 experiment (SOM)
Untrained Network Trained Network
Layer 1 contour 2 contours object Layer 1 contour 2 contours object

3 856 270 538 3 4216 92 89
2 418 104 82 2 2440 10 10
1 293 0 0 1 540 8 0

N5P3 experiment (SOM)
Untrained Network Trained Network
Layer 1 contour 2 contours object Layer 1 contour 2 contours object

3 131 9 143 3 4028 1 34
2 487 8 10 2 2507 0 17
1 287 0 0 1 754 0 0

On the other hand, the training did not lead to a similarly large increase in the number
of neurons that responded to a particular combination of two boundary elements and in the
number of neurons that responded to a particular whole object (Table 2.7).

In terms of physiology, (Brincat and Connor, 2004) reported that neurons in the later stages
of the ventral visual pathway, TEO, integrate information from multiple boundary contour
elements to represent increasingly complex object shape. This means that in order for the
whole shape representations to develop in the simulation, it should require a large number of
representation of local contour elements in earlier stage of processing.

The question is why the numbers of cells that seemingly exhibit selectivity to a particular
combination of two boundary elements and whole shapes are larger before training than those
after training (Table 2.7). In order to investigate how exactly these neurons before training
might have exhibited such response properties, the input Gabor filters that had a strong con-
nectivity to an example cell that exhibits selectivity to a particular combination of two contour
elements and to a single whole object are examined (Figure 2.16).

It turned out that most of the untrained cells that seemingly exhibit selectivity to a particular
combination of multiple local contour elements in fact neither encoded any shape nor performed
integrations of the local shapes, but rather simply responded based on more abstract location
of the stimulation on the input layer. On the other hand, many trained cells actually learned
to respond to a specific combinations of particular local contour shapes.

Figure 2.16 compares the response properties of trained and untrained neurons in simulations
with the Self-Organising Map (SOM) architecture. The network is presented with objects
containing n = 4 sides, where each side has p = 2 possible boundary elements. Results are
shown for four neurons. For each neuron, the input Gabor filters that had strong connectivity
through the layers to the neuron (left), and a histogram showing average firing rate response of
the neuron to the objects that contain one of the 8 boundary elements (right) are shown. The
four neurons shown in the figure had the following characteristics. (a) A trained neuron that has
learned to respond to a combination of two adjacent boundary contour elements: top convex
and right convex. The Gabor filter plot shows that the feed-forward synaptic weights have been
strengthened selectively from the two boundary elements only. (b) A trained neuron that has
learned to respond to a whole object. The preferred object is comprised of two concave on top
and right and two convex on bottom and left. The Gabor filter plot shows that the neuron has
learned to respond to the complete set of boundary elements comprising the preferred object.
(c) An untrained neuron that happens to respond selectively during testing to two adjacent
boundary elements. However, the Gabor filter plot shows that a random collection of Gabor
filters have strong feed-forward connections to the neuron. This means that across a richer
diversity of test images, this neuron would not maintain such a strict selectivity, and would
in fact be most effectively stimulated by the random constellation of Gabor filters shown. (d)
An untrained neuron that responds selectively to a whole object. The Gabor filter plot shows
that the neuron receives strong connections from a random collection of Gabor filters. This
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Figure 2.16: Comparison of response properties of trained and untrained neurons in simulations with the Self-Organising
Map (SOM) architecture. The network is presented with objects containing n = 4 sides, where each side has p = 2 possible
boundary elements. The figure shows results for four typical neurons. For each neuron, two plots are shown. Left: The
input Gabor filters that had strong connectivity through the layers to the neuron. Right: histogram showing average firing
rate response of the neuron to the 8 subsets of objects that contain one of the different boundary elements. That is, each of
the data points (1-8) represents the average firing rate of the neuron across the 8 objects containing the following boundary
elements: (1) right/concave, (2) right/convex, (3) bottom/concave, (4) bottom/convex, (5) left/concave, (6) left/convex,
(7) top/concave, (8) top/convex. The four neurons have the following response properties: (a) a trained neuron that learned
to respond to a combination of two adjacent boundary contour elements, (b) a trained neuron that learned to respond to a
whole object, (c) an untrained neuron that responds selectively to two adjacent boundary elements, and (d) an untrained
neuron that responds selectively to a whole four-sided object.

neuron would not maintain a strict selectivity to the object when tested on a greater diversity
of images.

The conclusion of the results shown in Figure 2.16 is that although Table 2.7 appeared not
to show an increase during training in the numbers of neurons that responded to combinations
of two boundary elements or a whole object, in fact training did lead to an increase in the
numbers of neurons that had specifically learned to respond to whole stimuli. However, in
Table 2.7, this effect had been masked by the existence of many untrained cells that already
responded by chance to combinations of two boundary elements or a whole object, but which
in fact had random inputs from a large randomised collection of Gabor filters. Such untrained
neurons are unlikely to be selective for combinations of two boundary elements or a particular
object if the network were tested on a richer diversity of images. In particular, these untrained
neurons would respond more selectively for images corresponding to the random constellations
of Gabor filters shown in Figure 2.16 for cells (c) and (d). In contrast, the trained neurons (a)
and (b) have strengthened connections specifically from combinations of two boundary elements
or a whole object, and would therefore maintain their selectivity more robustly across a greater
variety of test images.

This juncture was tested in more detail subsequently. I also found that output neurons in
layer 3 learned to respond to whole objects by combining inputs from neurons in the preceding
layer that responded to the individual boundary elements. This can be seen by examining
the strengths of the synaptic connections from neurons in layer 2 to output neurons in layer
3 after training. Output neurons that had learned to respond to a particular object received
the strongest synaptic connections from neurons in layer 2 that represented the constituent
boundary elements of that object. Figure 2.17(a) shows an output neuron that learned to
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Figure 2.17: Simulation results showing how output neurons may learn to represent whole objects by combining inputs
from multiple neurons in the preceding layer that represent individual boundary contours. (a) An example output neuron
in the third layer that learned to respond to a whole object containing concave contours at the top and right sides and
convex contours at the bottom and left sides. The left plot shows the input Gabor filters that had strong connectivity
through the layers to the output neuron. The right plot presents a histogram of the average firing rate response of the
output neuron to the 8 subsets of objects that contain one of the different boundary elements. That is, each of the
data points (1-8) represents the average firing rate of the neuron across the 8 objects containing the following boundary
elements: (1) right/concave, (2) right/convex, (3) bottom/concave, (4) bottom/convex, (5) left/concave, (6) left/convex,
(7) top/concave, (8) top/convex. Although the Gabor filter plot also shows concave contours at the bottom and left sides,
the average firing rate responses indicate that the neuron did not respond to these two contours. (b) Four neurons in layer
2 with strong synaptic connections to the output neuron shown in (a). For each of these four neurons in layer 2, the input
Gabor filters that had strong connectivity through the layers to that neuron (left) and a histogram showing average firing
rate response of the neuron to the 8 subsets of objects that contain one of the different boundary elements are shown. It
can be seen that each of the four neurons in layer 2 had learned to respond to a different one of the boundary elements
which were contained in the object that the output neuron had learned to respond to.

respond to a whole object containing concave contours at the top and right sides and convex
contours at the bottom and left sides. Figure 2.17(b) shows four neurons in layer 2 with strong
synaptic connections to the output neuron shown in part (a). Each of the four neurons in layer 2
had learned to respond to a different one of the boundary elements which were contained in the
object that the output neuron had learned to respond to. This example shows that neurons in
the later stages of the model are able to integrate information from multiple boundary contour
elements, as consistent with neurophysiological results for area TEO of the primate ventral
visual pathway (Brincat and Connor, 2004).

2.4.1.6 Translation invariance of neuronal responses as objects are shifted across
different locations on the retina

The neurons reported by Pasupathy and Connor (2001) in area V4, and neurons reported by
Brincat and Connor (2004) in area TEO, respond with translation invariance as an object is
shifted across different retinal locations. In this section I show how these translation invariant
neuronal responses may be set up by training the network with the trace learning rule (1.8) and
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(1.9).
The trace learning rule encourages individual postsynaptic neurons to learn to respond to

subsets of input patterns that tend to occur close together in time. Therefore, in the simulation
described below, during training each object is selected in turn and presented in a number
of different retinal locations before moving on to the next object. Thus, for each object, the
presentations at different retinal locations were clustered together in time. In this case, the
trace learning rule will encourage output neurons to learn to respond to a particular object or
boundary contour with translation invariance on the retina.

For this simulation, VisNet had 4 layers with a SOM architecture implemented within each
layer. The visual objects had n = 4 sides, where each side has p = 3 possible boundary elements.
Each of the visual objects was presented in a 2 × 2 grid of 4 different retinal locations, which
were separated by horizontal and vertical shifts of 10 pixels. This means that many stimuli
contains overlapping region with a differently shaped stimulus at a different retinal location,
which makes the problem more difficult.

Although it is not shown in this report, prior to the current simulation study with trace
learning rule implemented, the network was trained with the same set of stimuli with ordinal
Hebbian learning rule. The result was that none of the output cells learned to exhibit translation
invariant responses. With the trace learning rule implemented in the current simulation study,
we expected that the network can combine the retinal location specific representations of the
shapes reported in earlier sections to learn to develop the translation invariant representations.

Figure 2.18 shows the results after training for a typical output neuron in layer 4. Figure
2.18(top) shows the input Gabor filters that had strong connectivity through the layers to the
output neuron. It can be seen that the neuron has strong connections from a convex boundary
element on the left of an object. The separate contours that can be seen in the plot correspond
to the different retinal locations in which the objects are trained. Figure 2.18(bottom) shows
a histogram presenting the average firing rate response of the output neuron to the 12 subsets
of objects that contain one of the boundary contour elements. The neuron responds maximally
to the subset of objects containing a convex boundary element on the left. Notably, the neuron
responds maximally to this subset of objects over all 4 retinal locations. Thus, the neuron has
learned to respond to objects containing the convex boundary element on the left regardless of
where the object is presented on the retina. These translation invariant neuronal responses are
a result of training the network with the trace learning rule.

Fig 2.19 shows findings from the single cell information analysis (top) and the multiple cell
information analysis (bottom). The results are presented before training (broken line) and after
training (solid line). Training the network on the set of pn whole objects over the 4 retinal
locations led to many top layer neurons attaining the maximal level of single cell information of
log2(p) bits. Neurons carrying maximal single cell information responded selectively to a subset
of objects containing one particular type of boundary element, and with translation invariance as
the objects also were shifted over all 4 retinal locations. Furthermore, after training, the multiple
cell information measures asymptoted to the maximal level of log2(n × p) bits. This indicates
that all of the different boundary contour elements are represented with translation invariance
by different output neurons after training. In these simulations with translation invariance,
the multiple cell information is dramatically increased after training. This is because it is very
unlikely for untrained neurons to both respond selectively to a single boundary contour element
across all objects, and be able to respond with translation invariance as these objects are shifted
across the retina. Therefore, training will lead to a much more significant difference between
the performances of the untrained and trained networks.

Figure 2.20 shows the numbers of neurons that responded selectively to all objects that
contained one particular type of boundary element, and with translation invariance as the
objects shifted over all 4 retinal locations. The results are presented before training (left)
and after training (right). Before training, there were no neurons in any of the layers that



CHAPTER 2. OBJECT SHAPE REPRESENTATIONS 50

Figure 2.18: Simulation of network trained with the trace learning rule (1.8) and (1.9) as each of the visual objects is shifted
across 4 different retinal locations: top right, top left, bottom right and bottom left. The objects had n = 4 sides, where
each side has p = 3 possible boundary elements. The simulation was carried out with a competitive network architecture
implemented within each layer of VisNet. The figure shows results after training for a typical output neuron in layer 4.
Top: The input Gabor filters that had strong connectivity through the layers to the output neuron. It can be seen that
the neuron has strong connections from a convex boundary element on the left of an object, which may be presented at
four different retinal locations. Bottom: histogram showing the average firing rate response of the output neuron to the 12
subsets of objects that contain one of the boundary contour elements. That is, each of the data points (1-12) represents
the average firing rate of the neuron across the 27 objects containing the following boundary elements: (1) right/concave,
(2) right/straight, (3) right/convex, (4) bottom/concave, (5) bottom/straight, (6) bottom/convex, (7) left/concave, (8)
left/straight, (9) left/convex, (10) top/concave, (11) top/straight, (12) top/convex. Each of these results is given for the
objects placed in the 4 different retinal locations. It can be seen that the neuron responds maximally to the ninth subset
of objects, which contains a convex boundary element on the left of an object as shown in the top subplot. In particular,
the neuron responds maximally to this subset of objects over all 4 retinal locations.

responded selectively to a particular boundary contour with translation invariance. However,
after training, there were significant numbers of neurons that learned to respond selectively
to a particular boundary contour element over all 4 retinal locations. It can be seen that all
of the different types of boundary contour are well represented by different subsets of output
neurons. Interestingly, the numbers of such perfectly discriminating and translation invariant
cells gradually increased through successive layers from 2 to 4. This observation reflects the
increase in the size of receptive fields of neurons through successive layers of VisNet, which
permits neurons in higher layers to respond to objects over a larger region of the retina.

2.4.1.7 Sensitivity of neuronal responses to object rotation

The neurophysiological study of Pasupathy and Connor (2001) showed that the responses of
neurons were sensitive to the position of a local boundary contour element with respect to the
centre of mass of a visual object. For example, a neuron might encode a convex contour at
the top right (e.g. 45 degrees) of an object. This implies that the responses of such a neuron
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Figure 2.19: Simulation of network trained with the trace learning rule (1.8) and (1.9) as each of the visual objects is shifted
across 4 different retinal locations. The objects had n = 4 sides, where each side has p = 3 possible boundary elements. The
simulation was carried out with a competitive network architecture implemented within each layer of VisNet. The figure
shows single cell information analysis results (top) and multiple cell information analysis results (bottom). The single cell
information measures for all output layer neurons are plotted in rank order according to how much information they carry,
and the multiple cell information measures are plotted according to the number of cells used in the analysis. Results are
presented before training (broken line) and after training (solid line). Training the network on the set of pn whole objects
over the 4 retinal locations led to many top layer neurons attaining the maximal level of single cell information of log2(p)
bits. Furthermore, after training, the multiple cell information measures asymptoted to the maximal level of log2(n × p)
bits.

will be sensitive to the rotation of an object that contains such a boundary contour element. I
tested whether our model also demonstrated sensitivity to object rotation by running additional
simulations in which the visual objects underwent in-plane rotation during training and testing.

The visual objects had n = 3 sides and each side had p = 2 possible boundary elements. Each
object was rotated through 120 degrees in steps of 2 degrees during training and testing. This
ensured that each boundary element shape (concave or convex) was sampled in every rotational
position (albeit in increments of 2 degrees). The VisNet architecture used in this simulation
consisted of three Self-Organising Map (SOM) layers. During training, the feedforward synaptic
connections were modified using the Hebb learning rule (1.7). The Hebb learning rule was used
in preference to the trace learning rule (1.8), (1.9) because it can be assume that in natural
environment, objects are not likely to keep rotating so often.

The simulation results are shown in Figure 2.21, which illustrates the firing characteristics
of a typical output neuron after training. The Gabor filter plot (b) showed that the neuron
had learned to respond to a local convex contour at about 75 degrees. This was confirmed
by the average firing rate response of the neuron to the 6 subsets of objects containing the 6
different boundary contour elements shown in plots (c)-(h). The response of the neuron was thus
sensitive to the rotational position of the contour within an object. Specifically, the neuron fired
maximally when there was a local convex contour at about 75 degrees. This result is consistent
with the physiological findings reported by Pasupathy and Connor (2001).

2.4.2 Study 2: VisNet simulations with visual stimuli of Pasupathy and
Connor

In Study 2, the visual stimuli presented to VisNet were similar to the artificial stimuli used in
the neurophysiological experiments of Pasupathy and Connor (2001) and are shown in Figure
2.4. This allowed direct comparison between the learned response characteristics of the neurons
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Figure 2.20: Simulation of network trained with the trace learning rule (1.8), (1.9) as each of the visual objects is shifted
across 4 different retinal locations. The objects had n = 4 sides: right, bottom, left and top. Each side has p = 3 possible
boundary elements: concave, straight and convex. The simulation was carried out with a competitive network architecture
implemented within each layer of VisNet. Results are presented before training (left) and after training (right). Each
heatmap shows the numbers of neurons in each of the layers 1 to 4 that respond selectively to all objects that contained
one particular type of boundary element, and that respond with translation invariance as the objects are shifted over
all 4 retinal locations. Before training, there are no neurons in any of the layers that respond selectively to a particular
boundary contour with translation invariance. However, after training, there are significant numbers of neurons that have
learned to respond selectively to a particular boundary contour element over all 4 retinal locations. It can be seen that all
of the different types of boundary contour are well represented by different subsets of output neurons. The number of such
perfectly discriminating and translation invariant cells gradually increases through successive layers from 2 to 4.

in the VisNet model and the experimentally observed cell responses encoding local boundary
information reported by Pasupathy and Connor (2001).

The stimuli were constructed by systematically combining sharp convex, medium convex,
broad convex, medium concave, and broad concave boundary elements to form closed shapes.
Furthermore, in order to make the stimulus set more realistic, more heterogeneity by varying
the angular separations of the vertices used to construct the stimuli is introduced. Specifically,
the top subset of objects shown in Figure 2.4 had vertices separated by 135 ◦/135 ◦/90 ◦, while
the bottom set of objects had vertices separated by 180 ◦/90 ◦/90 ◦. Furthermore, the visual
stimuli are also rotated through 360 degrees during training to provide more natural visual
training because in natural environments, objects are seen in many different orientations on the
retina. This meant that there was not such a clean statistical decoupling between the boundary
elements as for Study 1. A total of 24 objects were constructed in this way. Nevertheless, I
expected that with the new objects used in Study 2 there would still be sufficient statistical
decoupling between the boundary elements to ensure that the network developed neurons during
visually guided learning that responded to a localised region of boundary curvature similar to
the performance of the model in Study 1.

For all simulations in Study 2, the VisNet architecture consisted of three layers of Self-
Organising Maps, where each layer is composed of 64 × 64 neurons. During training, the
feed-forward synaptic weights are modified using the trace learning rule (1.8), (1.9), which is
needed to develop translation invariant neuronal responses.
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Figure 2.21: Simulation of network trained and tested with visual objects undergoing in-plane rotation. Results for an
output neuron that learned to respond to a local convex contour at about 75 degrees are shown. (a) A typical visual object
used in the simulation. The objects had n = 3 sides and each side had p = 2 possible boundary elements. Each object is
rotated through 120 degrees in steps of 2 degrees during training and testing. This ensured that each boundary element
shape (concave or convex) was seen in every rotational position (albeit in increments of 2 degrees). (b) The input Gabor
filters that had strong connectivity through the layers to the output neuron. It can be seen that the neuron has strong
connections from a convex boundary element at about 75 degrees of rotation. (c)-(h) These 6 plots show the average firing
rate response of the neuron to the 6 subsets of objects that contain one of the different boundary contour elements as these
objects are rotated through 120 degrees. These plots confirm that this neuron responds maximally when a concave contour
appears at around 75 degrees orientation. The neuron does not respond in plot (g) because none of the visual objects used
for this plot contains a convex contour on the top, which is what the neuron is tuned to.

2.4.2.1 Development of neurons encoding local boundary conformation in an object-
centred frame of reference

In this simulation, VisNet was presented with all 24 visual stimuli shown in Figure 2.4. During
training, each stimulus was rotated through 360 degrees in a single central location on the retina
in steps of 10 degrees. The size of the images was 256× 256 pixels, and the radius between the
centre and each vertex of the objects was set to 50 pixels.

Figure 2.22 shows a comparison between the responses of a neuron recorded in area V4 of the
primate ventral visual pathway by Pasupathy and Connor (2001) and a neuron recorded from
our simulation, which exhibits a similar degree of selectivity. The neuron recorded by Pasupathy
and Connor (2001) responds selectively to object shapes with an acute convex curvature at the
top right of the object. The example neuron recorded in the VisNet simulation shows similar
degree of selectivity. Moreover, many other neurons in the output layer of VisNet learned to
respond selectively to particular combinations of local boundary curvature and position with
respect to the centre of mass of the object. The network accomplished this even though the
statistical independence of the boundary contour elements was not perfect.

To further analyse the detailed firing properties of each output neuron, its response to all
objects as they were rotated through 360 degrees was recorded. Next the boundary contour
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Figure 2.22: Comparison between the single neuron recording data of Pasupathy and Connor (2001) and corresponding
results from VisNet simulations. On the left of the figure are shown the responses of a neuron recorded in area V4 of
the primate ventral visual pathway and shown in Figure 5a of Pasupathy and Connor (2001). (Figure reproduced with
permission.) Each object shape shown to the monkey is represented by a white icon, and the firing rate response of the
neuron is represented by the surrounding shading with high firing denoted by black. Each row shows a different object
shape, with each column corresponding to a different orientation of the object. It can be seen that the neuron responds
selectively to object shapes with an acute convex curvature at the top right of the object. On the right of the figure are
shown corresponding results for an output cell in layer 3 of VisNet, which has learned to respond with similar selectivity.
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Figure 2.23: Heatmap showing the average responses of an output neuron to different combinations of local boundary
curvature and angular position where the boundary curvature appears. The average is computed over all orientations
(0-360 degrees) of all objects. The neuron plotted on the top-left responds maximally to object shapes with an acute
convex curvature at the top-right (45 degrees). This is the same neuron that was shown on the right of Figure 2.22. The
neuron plotted on the top-right responds maximally to object shape with an acute convex curvature at the top and the
bottom-right. Two other cells that show different firing patterns are also plotted below to show the variability in the
network.

of each object was segmented into multiple elements based on the positions where the rate
of change of the curvature exceeded a fixed threshold. This then enabled us to calculate the
average response of the neuron to each particular combination of local boundary curvature and
angular position where that boundary curvature appears, where the average is computed over
all orientations of all objects. Figure 2.23(top-left) shows a heatmap of the average responses
of the output neuron shown on the right of Figure 2.22 to different combinations of boundary
conformation and angular position. The plot confirms that this neuron responds maximally to
object shapes with an acute convex curvature at the top right. The correlation coefficient be-
tween the result and a predicted result of a modelled V4 neuron based on Gaussian distribution,
which is tuned to acute contours at 70 degree is strong (0.798) and confirms the selectivity.

In order to quantify the effect of training on the number of combinations of local boundary
curvature and angular position that individual neurons were responsive to, for each neuron
the number of local peaks in the heatmap of average firing rate against curvature and angular
position was analysed, as shown in Figure 2.23. Specifically, for each neuron, the number of local
peaks that were greater than 60% of the average firing rate across the heatmap was counted.
Before training, 176 cells had one peak, 98 cells had two peaks, 63 cells had three peaks, and
44 cells had four peaks. After training, the distributions were 319 cells, 460 cells, 414 cells,
and 374 cells. (These distributions were significantly different, chi-square = 17.58, df = 3, P
� 0.01.) Thus, training led to a large increase in the number of neurons that were selectively
tuned to either one or just a few boundary contour elements. The simulation results also predict
the existence of individual neurons that are tuned to boundary elements in multiple locations.
Consistent with this, Brincat and Connor (2004) have reported that some neurons in TEO do
indeed respond to the co-occurrence of multiple adjacent contour elements.
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2.4.2.2 Development of translation invariant neuronal responses

As noted in the earlier Section 2.4.1.6, Pasupathy and Connor (2001) and Brincat and Connor
(2004) reported that neurons encoding the boundary conformation of objects also respond
with translation invariance as an object is shifted across different retinal locations. Section
2.4.1.6 presented examples of translation invariance across retinal locations with simple shapes
of objects. Here the result is extended with more abstract shapes shown in Figure 2.4, which
are similar to those used in the neurophysiology experiments of Pasupathy and Connor (2001).
To cope with the larger computational resource requirements, only the stimuli with an angular
separation between vertices of 135 ◦/135 ◦/90 ◦ were used, and the size of the image was reduced
to 128 × 128 pixels. During training, the trace learning rule (1.8), (1.9) was used to modify
the synaptic weights, which is needed for the neurons to develop translation invariant responses
across the nine retinal locations.

In this simulation, during training each object was shifted across a 3×3 grid of nine different
retinal locations, which are separated by horizontal and vertical intervals of 10 pixels. At
each pixel location, the objects are presented in all orientations through 0-360 degrees in 10
degree steps. This means that during training the objects underwent two different kinds of
transformation, both translation and rotation. It is therefore needed to consider how the two
kinds of transformation should be temporally sequenced. To answer this, I need to consider how
the trace learning rule operates. It is an important part of the underlying theory developed in
this chapter that the trace learning rule (1.8), (1.9) is used to modify the synaptic weights in
order to enable neurons to develop translation invariant responses across the different retinal
locations. The trace learning rule operates by encouraging neurons to learn to respond to input
patterns that tend to occur close together in time. This means that, in order for neurons to learn
translation invariance, images corresponding to a particular object in different retinal positions
must occur in temporal proximity. Contrariwise, the neurophysiology studies of Pasupathy and
Connor (2001) and Brincat and Connor (2004) do not demonstrate a large degree of rotation
invariance. Therefore, in order to replicate the experimentally observed response properties
of translation invariance and rotational sensitivity, it is assume that typically the eyes shift
about a visual scene more rapidly than the objects rotate on the retina. To simulate this effect,
VisNet was trained as follows. During training, the orientation of each object was kept fixed at
some initial angle while the object was shifted across all of the different retinal locations. Then
the orientation of the object was adjusted by, for example, 10 degrees and the object was again
shifted across all of the retinal locations. This procedure was repeated for all object orientations
from 0-360 degrees in steps of 10 degrees. This training procedure ensured that images of each
object in the same orientation but different retinal locations were closely clustered together in
time. The trace learning rule was then able to develop translation invariant responses. On the
other hand, it is assumed that images corresponding to different orientations of an object would
not be clustered together in time, and so the neurons would not develop rotational invariance
by trace learning. I admit that we do not have the data to verify this assumption, but this is an
empirical issue that requires collecting data on natural statistics of eye-movements and object
motions and is beyond the scope of the current study.

Figure 2.24 shows results for a typical output neuron after training. Each subplot shows
the average responses of the neuron to different combinations of local boundary curvature and
angular position. The top subplot shows the average neuronal responses over all nine retinal
locations, while the remaining subplots show the average neuronal responses to each of the
nine separate retinal locations. Although not perfect, it is evident that the neuron displays
a pattern of selectivity for boundary curvature and angular position that is similar across the
nine retinal locations. Thus, the responses of the neuron exhibit translational invariance, similar
to the neurons reported in the neurophysiology experiments of Pasupathy and Connor (2001)
and Brincat and Connor (2004). There are a number of factors that could potentially improve
the translation invariance of neurons in the network. In particular, I expect that increasing
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Figure 2.24: Demonstration of translation invariance after training the network on the visual stimuli shown in Figure 2.4,
which were similar to those used in the neurophysiology studies of Pasupathy and Connor (2001). The figure shows the
average responses of a typical output neuron over the nine retinal locations after training with the trace learning rule (1.8),
(1.9). Each of the ten subplots shows the average responses of the neuron to different combinations of local boundary
curvature and angular position where the boundary curvature appears (conventions as for Figure 2.23). The top subplot
shows the average neuronal responses computed over all nine retinal locations. While the bottom subplots show the average
neuronal responses computed separately for each of the nine retinal locations. It can be seen that the selectivity of the
neuron is reasonably invariant across the nine retinal locations.

the resolution of the retinal input layer as well as increasing the numbers of neurons in the
higher competitive layers should increase the capacity of the model to represent many different
boundary contours in a translation invariant manner. However, the current network size is at
the limit of what is practically feasible in terms of computational cost and simulation run times.

In order to quantify the distribution of such cells, the number of peaks of responses for each
cell were calculated. Before training, 91 cells had one peak, 61 cells had two peaks, 34 cells
had three peaks, and 24 cells had four peaks. After training, the distributions were 288 cells,
253 cells, 119 cells, and 158 cells. (These distributions were significantly different, chi-square =
1.99e+03, df = 3, P � 0.01.)

2.4.3 Study 3: VisNet simulations with images of natural objects

In Study 3, VisNet was trained with images of natural objects in order to demonstrate that the
learning mechanisms elucidated in this chapter and tested with artificially constructed visual
stimuli in sections of Study 1 and 2 will indeed work effectively on real world visual objects. I
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hypothesise that across many images of natural objects with different boundary shapes, there
will be an effective statistical decoupling between localised boundary elements, which are defined
by local curvature and angular position with respect to the centre of mass of the object. This
should force the neurons in higher layers of the network to learn to respond to the individual
boundary elements rather than the whole objects.

Some examples of the natural objects used in these simulations are shown in Figure 2.5
in the Section 2.2.3. The set of stimuli used in the simulations is composed of 177 realistic 3
dimensional objects. Various kinds of 3 dimensional objects are downloaded from Google 3D
Warehouse, converted into grey-scaled images, and rescaled to fit on the centre of 256 × 256
retina. In order to enhance the realism of the visual images used to train VisNet, during training
each of the natural objects is rotated in plane through 360 degrees in steps of 10 degrees.

After training, the neuronal responses in the network were examined with the test stimuli
used for Study 2 (Figure 2.4), which are similar to those used in the original neurophysiology
experiments of Pasupathy and Connor (2001). This allows direct comparison between the
responses of neurons in the VisNet model and the experimentally observed firing characteristics
of neurons that encode local boundary conformation as reported by Pasupathy and Connor
(2001).

2.4.3.1 Development of neurons encoding local boundary conformation in an object-
centred frame of reference

In this simulation, during training VisNet was presented with the 177 natural objects rotating
through 360 degrees in one central location on the retina. Figure 2.25 shows the responses
of a typical output neuron after training. This neuron learned to respond to an acute convex
curvature at the bottom left of an object. Moreover, although not shown, many other neurons
in the output layer of VisNet learned to respond selectively to particular combinations of local
boundary curvature and angular position of the boundary element.

In order to quantify the distribution of such cells, the number of peaks of responses for each
cell were calculated. Before training, 176 cells had one peak, 98 cells had two peaks, 63 cells
had three peaks, and 44 cells had four peaks. After training, the distributions were 232 cells,
141 cells, 125 cells, and 103 cells. (These distributions were significantly different, chi-square =
176.82, df = 3, P � 0.01.)

This result showed that VisNet was able to develop these neuronal responses even though
the network had been trained on many natural visual objects without artificially constructing
the boundary shapes from artificially predefined elements.

2.4.3.2 Development of translation invariant neuronal responses

I then tested whether neurons in VisNet can also develop translation invariant responses when
the network was trained on the natural objects shown in Figure 2.5. Each of the natural
objects was shifted across a 3×3 grid of nine different retinal locations, which were separated by
horizontal and vertical intervals of 10 pixels. At each pixel location, the objects were presented
in different orientations through 0-360 degrees in 10 degree steps. The temporal sequencing
of these two kinds of transforms was the same as described above. During training, the trace
learning rule (1.8), (1.9) was used to modify the synaptic weights to enable the neurons to
develop translation invariant responses across the nine retinal locations.

Figure 2.26 shows results for a typical output neuron after training. Each subplot shows
the average responses of the neuron to different combinations of local boundary curvature and
angular position. The top subplot shows the average neuronal responses over all nine retinal
locations, while the remaining subplots show the average neuronal responses to each of the nine
separate retinal locations. It can be seen that the neuron responds selectively to objects with a
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Figure 2.25: The development of neuronal responses in VisNet that encode combinations of local boundary curvature and
rotational position after the network has been trained with images of natural objects as shown in Figure 2.5. The figure
shows the responses of an output neuron which has learned to respond to an acute convex curvature at the bottom left (225
degree) of an object. Parts (a) and (b) show the responses of the neuron to objects with an angular separation between
the vertices of 135 ◦/135 ◦/90 ◦ and 180 ◦/90 ◦/90 ◦, respectively. Each object shape is represented by a white icon, and
the firing rate response of the neuron is represented by the surrounding shading with high firing denoted by black. Each
row shows a different object shape, with each column corresponding to a different orientation of the object. It can be seen
that the neuron responds selectively to object shapes with an acute convex curvature at the bottom left of the object.
Part (c) shows a heatmap of the average responses of the neuron to different combinations of local boundary curvature
and angular position where the boundary curvature appears. The average is computed over all orientations (0-360 degrees)
of all objects. The plot confirms that the neuron responds maximally to objects with an acute convex curvature at the
bottom left.

high convex curvature at the top-left. Moreover, the responses of the neuron are similar across
all nine retinal locations.

In order to quantify the distribution of such cells, the number of peaks of responses for each
cell were calculated.

The distributions were that before training, 97 cells had one peak, 38 cells had two peaks,
25 cells had three peaks, and 31 cells had four peaks, whereas after training, the distributions
were 349 cells, 148 cells, 90 cells, and 109 cells. (These distributions were significantly different,
chi-square = 1.34e+03, df = 3, P � 0.01.)

Thus, the responses of the neuron are reasonably translation invariant, similar to the neurons
reported in the neurophysiology experiments of Pasupathy and Connor (2001) and Brincat and
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Figure 2.26: The development of translation invariant neuronal responses in the output layer of VisNet after the network
has been trained with images of natural objects as shown in Figure 2.5. The network was trained with the trace learning
rule (1.8), (1.9) in order to promote invariance learning across nine different retinal locations. The figure shows the average
responses of a typical output neuron over the nine retinal locations after training. Each of the ten subplots shows the average
responses of the neuron to different combinations of local boundary curvature and angular position where the boundary
curvature appears (conventions as for Figure 2.23). The top subplot shows the average neuronal responses computed over
all nine retinal locations. While the bottom subplots show the average neuronal responses computed separately for each
of the nine retinal locations. The neuron has become tuned to an acute convex curvature at the top-left of an object.
Moreover, it can be seen that the neuron responds similarly across the nine retinal locations.

Connor (2004).
In conclusion, the above results thus demonstrate that even when VisNet is trained on

realistic natural visual objects, where the boundary shapes have not been carefully constructed
from a pool of artificial elements, the network still develops neurons that respond selectively to
the curvature and location of localised boundary contour elements in the frame of reference of
the object. Moreover, with the help of the trace learning rule, these neuronal responses are also
translation invariant as an object shifts across different retinal locations.

2.5 Discussion

In this chapter, I demonstrated that when a neural network model, VisNet, of the primate
ventral visual pathway is trained on many objects with different boundary shapes, the neurons
in the higher layers of the network learn to respond to localised boundary contour elements,
which are defined by the curvature and location of the boundary element in the frame of reference
of the object. Interestingly, neurons learn to respond to these boundary elements rather than
learning to respond to the whole objects that were actually presented during training. Moreover,
the neurons were able to learn to respond with translation invariance as visual objects are
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shifted across different retinal locations. This was shown to be successful when VisNet was
trained with either the artificially constructed visual stimuli used in Studies 1 and 2, or with
images of natural visual objects in Study 3. A population of such neurons, representing many
different boundary elements of different curvature and position within the object, could be
used to provide a distributed coding of the entire boundary shape of an object. This has been
demonstrated with real neurons in primate visual area V4 by Pasupathy and Connor (2002).
As such, these neurons are likely to play an important role in how the primate visual system
represents the shapes of objects.

The primary contribution of this chapter is to elucidate and test two key biologically plausible
learning mechanisms that can combine to promote the development of these neuronal response
characteristics. First, if the network is trained on many objects with different boundary shapes,
where each boundary is comprised of a different constellation of contour elements, then this
leads to a statistical decoupling between the boundary elements. This is sufficient to allow the
competitive layers of VisNet to develop neurons that respond to individual boundary elements
defined by curvature and position within the object, which are similar to the neurons reported in
the physiological experiments conducted by Pasupathy and Connor (2001). Secondly, neurons
may learn to respond with translation invariance across different retinal locations through the
use of a trace learning rule. This kind of learning places constraints on the statistics of how
the eyes move and visual objects change or transform on the retina. Specifically, it is assumed
that the eyes usually shift about a visual scene faster than the objects are changing or rotating
on the retina. These two mechanisms together provide a biologically plausible account of how
neurons in the primate ventral visual pathway may learn to represent localised boundary contour
elements of objects as revealed by Pasupathy and Connor (2001).

Furthermore, neurophysiological experiments carried out by Brincat and Connor (2004) have
shown that neurons in the later stages of the ventral visual pathway, TEO, integrate information
from multiple boundary contour elements. In our simulations, the number of cells that were
tuned to combinations of multiple contours increased in the higher layers. Tracing back the
feed-forward synaptic connectivity to these output neurons confirmed that their selectivities
were built by combining inputs from neurons representing each local boundary contour in the
preceding layer.

However, global analysis of object shape in the higher competitive layers of VisNet does not
occur by merely averaging over neurons in intermediate layers that represent lower level bound-
ary contour elements. In Elliffe et al. (2002), VisNet was trained on a set of visual objects that
were constructed from the same basic alphabet of visual features, horizontal and vertical bars,
which made up the boundaries of the objects. These objects thus had superset/subset relation-
ships with each other. Nevertheless, individual neurons in the higher layers were able to learn
to respond selectively to just one of the objects, with different neurons responding to each of
the objects in the training set. Neurons that responded selectively to one of the objects did not
respond to either simpler stimuli comprised of a subset of the features of the preferred object,
or more complex stimuli comprised of all of the features plus additional features. This network
behaviour results from the competitive interactions between neurons representing different ob-
ject shapes in the higher layers. Thus, neurons in the higher competitive layers do not simply
average over neurons in the intermediate layers, but are able to learn to respond selectively to
specific combinations of low level visual features such as boundary contour elements.

The simulations reported in this present work are the first to show how neuronal responses
encoding the local boundary conformation of objects may develop through a biologically plau-
sible process of visually-guided learning. Both the Hebb learning rule (1.7) and trace learning
rule (1.8), (1.9) used above are biologically plausible in that they are ‘local’ learning rules, which
only use locally available biological quantities, such as the activity of the pre- and post-synaptic
neurons, to modify the synaptic weights. This is in sharp contrast to other modelling stud-
ies that manually set up the synaptic weights in a non-local manner. In particular, the trace
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learning rule drives the development of translation invariant neuronal responses. Convincing
experimental evidence for the presence of trace learning in the primate visual system has been
provided by Cox et al. (2005), and a plausible account of the synaptic basis of trace learning
has been provided by simulations of biologically detailed integrate and fire neural networks car-
ried out by Evans and Stringer (2012) and also later in this thesis in Chapter 7. Furthermore,
the trace learning rule can be implemented in the afferent synaptic connections to all neuronal
layers in the network, which avoids the biologically implausible need for separate layers for tem-
plate learning and invariance learning as has been implemented in previous models. Another
important factor that underpins the biological plausibility of the simulations carried out in this
chapter is that the network model was always trained on whole objects rather than carefully
pre-segmented and isolated parts of objects corresponding to local boundary elements. Indeed,
in Study 3, VisNet was trained on a random assortment of whole natural visual objects. Nev-
ertheless, the network was still able to develop neurons that were specifically tuned to localised
boundary segments of objects. I also found the performance of the model to be extremely
robust, which gives additional credence to the learning mechanisms explored in this chapter.

2.5.1 Future work

In future work, it will be important to investigate how VisNet learns to represent the spatial
structure of objects when the network is trained with more realistic eye and head movements,
more realistic network architectures that also incorporate top-down connections between layers
and recurrent connections within layers, as well as a variety of more complex visual objects with
internal structure.

The simulation studies reported in this chapter showed how neurons can develop translation
invariant firing properties, but respond selectively to the orientation of an object. This was
achieved by trace learning, which encourages neurons in higher layers to respond to subsets
of input patterns that tend to occur close together in time. In this case, trace learning will
encourage neurons to learn to respond to objects or object features with translation invariance
across the retina. In order to simulate eye movements, the simulations reported in this chapter
simply shifted each individual object in turn across a number of locations on the retina before
moving on to presenting the next object. However, of course, these simulated eye movements
were highly idealised. In future work I propose to record real eye and head movements as human
subjects visually examine a test environment. This will, for example, permit objects to appear
to rotate continuously in plane on the retina. If this is combined with trace learning, then this
could encourage some neurons to develop rotation invariant responses. Therefore, it will be
important to feed real recorded eye and head movements into the model to test whether the
experimentally observed response properties continue to develop.

Also, the version of the VisNet architecture used in this chapter incorporated associative
learning only in the bottom-up (feedforward) connections between successive layers of the net-
work. Furthermore, no top-down connections was included in the model even though these are
known to exist in the primate ventral visual pathway. The rationale for using this simplified
architecture in the current study was that it is sufficient to replicate how neurons in V4, TEO,
and TE are able to learn to encode the conformation of boundary contour elements at a partic-
ular position within an object. However, Zhou et al. (2000) have shown that the responses of
neurons in earlier stages of visual processing such as V1 and V2, which have preferred responses
to oriented edges, are also modulated by which side of a figure the edge occurs on. This is the
case even when the figure/background cues lie well outside the classical receptive field of the
neuron. This suggests that global image context specifying border ownership modulates the ac-
tivity these neurons. This contextual information must be conveyed to these early stage visual
neurons by some combination of top-down connections between layers and recurrent connections
within layers. This problem is investigated in detail in Chapter 5.

Another issue that needs to be addressed in future modelling work is how the shape tun-
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ing properties of neurons in V4 and other areas may evolve over tens of milliseconds during
a stimulus presentation. For example, Yau et al. (2013) analysed the time course of curva-
ture processing in V4. They found that the shape tuning of V4 neurons evolves over tens of
milliseconds from individual contour fragments to multifragment shape representations. The
modelling study presented in this chapter has not sought to explain how this dynamical tuning
phenomenon may occur. However, given the above discussion about the potential combined
bottom-up and top-down flow of visual information within the primate ventral visual pathway,
I speculate that dynamical changes in tuning properties over time may arise as the hierarchi-
cal system gradually settles into a stable representation, with the firing of neurons in lower
and intermediate layers eventually modulated by top-down signals. In future work, I intend to
replicate this modelling study with a time-accurate, integrate & fire neural network, which is
needed to faithfully simulate the temporal dynamics of real neurons. This will permit us to in-
vestigate the precise millisecond time course of the neuronal response properties. This problem
is investigated in detail in Chapter 6 and Chapter 7.

Furthermore, another question is whether the approach proposed here can be extended to
3D shape. Yamane et al. (2008) have demonstrated the existence of neurons that encode the
3D configuration of localised surface fragments defined by their conformation, orientation and
position with respect to the centre of mass of the object. A population of such neurons provides
a distributed representation of an object’s 3D shape. The response characteristics of these
neurons are also invariant as the object is shifted through different locations on the retina.
It will be important to evaluate if a model such as VisNet, trained using stereoscopic input,
can begin to capture the partonomic structure of 3D objects. Furthermore, it will be critical to
assess whether learning rules, such as trace learning, can still be used to generate translationally
invariant recognition processes.

Further computer simulations should be aimed at understanding how neurons that encode
3D surface structure develop their firing properties through visually guided learning, and un-
derstanding how populations of such neurons could provide distributed representations of the
full 3D structure of visual objects. To carry out these simulations, the architecture may be
extended to incorporate stereoscopic visual inputs corresponding to the left and right eyes.

I expect that neurons may learn to represent 3D surface patches through learning principles
similar to those proposed in this chapter. That is, when the network is trained on many different
3D object shapes constructed from combinations of surface patch elements, I expect that the
surface patch elements will be statistically decoupled from each other. In this case, I hypothesise
that the higher layers of VisNet will form representations of the statistically independent 3D
surface patches. Furthermore, I hypothesise that such neurons may also develop translation
invariant reposes through the kind of trace learning mechanisms demonstrated above.

However, theorists have long posited that the visual system in fact represents complex 3-
dimensional shapes, such as a table or a chair, by decomposing it into volumetric parts with
axial symmetry (Biederman, 1987). A recent fMRI study in humans has provided evidence
for this at the level of the neuronal population, where it was found that the visual system
explicitly represents the relationships between the medial axes of linked object parts (Lescroart
and Biederman, 2013). Consequently, more recently, Hung et al. (2012) have investigated medial
axis shape coding in the inferotemporal cortex. This work extended their studies of parts-based
spatial representations to ‘skeletal’ representations involving a configuration of volumetric parts,
where each part has an axis of radial symmetry or medial axis. The 3-dimensional structure of
an object may then be represented by a combination of the relationships between the medial axes
of the object parts as well as the conformations of the surfaces of the object parts. Hung et al.
(2012) confirmed that individual neurons in IT do in fact encode a configuration of both medial
axis and surface fragments. In future work, we shall investigate whether the computational
learning mechanisms demonstrated in this chapter may also give rise to these kinds of skeletal
representations.



Chapter 3

The Neural Basis of Face
Representations

Experimental studies have shown that neurons at an intermediate stage of the primate ventral
visual pathway, occipital face area (OFA), encode individual facial parts such as eyes and nose
while neurons in the later stages, middle face patches, are selective to the full face by encoding
the spatial relations between facial features. In this chapter, I perform a computer modelling
study to investigate how these cell firing properties may develop through unsupervised visually-
guided learning. A hierarchical neural network model of the primate’s ventral visual pathway,
VisNet, is trained by presenting many randomly generated faces to the network while a local
learning rule modifies the strengths of the synaptic connections between neurons in successive
layers. After training, the model is found to have developed the experimentally observed cell
firing properties. In particular, I show how the visual system forms separate representations of
facial features such as the eyes, nose, and mouth as well as monotonically tuned representations
of the spatial relationships between these facial features. I also demonstrate how the primate
brain learns to represent facial expression independently of facial identity. Furthermore, based
on the simulation results, I propose that neurons encoding different global attributes simply
represent different spatial relationships between local features with monotonic tuning curves or
particular combinations of these spatial relations.

3.1 Introduction

The ability of the brain to analyse and recognize faces under natural viewing conditions is
unmatched by today’s computer vision systems. In order to achieve this singular ability, the
primate brain develops and utilizes a rich tapestry of cells that encode different kinds of visual
information about faces. For example, some neurons respond to the presence of facial features
such as the eyes, nose, or mouth, while other neurons encode the many spatial relationships
between these facial features (Freiwald et al., 2009). Some neurons also encode global properties
such as facial identity or expression (Morin et al., 2014; Hasselmo et al., 1989a). Our ability
to process and recognise faces utilises this rich tapestry of different kinds of visual information.
Understanding how these diverse visual representations develop through sensory-guided learning
may help to inform future research into computer vision for facial analysis and recognition.

3.1.1 Hierarchical representations of faces along ventral visual pathway

Functional magnetic resonance imaging (fMRI) studies in humans have revealed several cortical
regions within the temporal lobe, which are exclusively dedicated to face processing (Perrett
et al., 1992; Kanwisher et al., 1997; Pitcher et al., 2011; Zhang et al., 2012). In particular, there
is evidence for hierarchical processing. For example, an early stage of processing, the occipital
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face area (OFA) in the inferior occipital gyrus, has been found to contribute to face perception
by responding to individual facial features such as the eyes, nose, and mouth (Pitcher et al.,
2011). On the other hand, a later stage of processing, the fusiform face area (FFA) in the lateral
fusiform gyrus, has been found to integrate such information by responding more strongly to
intact rather than scrambled faces (Kanwisher et al., 1997; Zhang et al., 2012). Recently, it
has also been reported that the face areas may also exhibit “faciotopy” where different cortical
patches represent different face features, and the cortical distances between the feature patches
reflect the physical distance between the features in a face (Henriksson et al., 2015).

In macaques, several face sensitive areas have been identified in the temporal lobe, which
are known as face patches (Gross et al., 1972). It has been argued that the homologue of the
FFA in macaques is the middle face patch (Tsao et al., 2006). In one single unit recording
study by Freiwald et al. (2009), cartoon faces were presented to the monkey. The cartoons
were systematically modified by varying the number of facial features present, as well as the
spatial relationships between the features such as the distance between the eyes. It was found
that the middle face patch also integrated information across facial features. That is, neurons
were found to respond to different combinations of facial features (Figure 3.1) and the spatial
relations between them (Figure 3.2). Furthermore, the tuning profiles of individual neurons
that were selective to such spatial relations were typically ramp-shaped between two extremes,
which even transgressed the limits of realistic face space. They reported that the responses
of neurons encoding spatial relations between facial features were thus amplified for extreme
values of these relations compared to intermediate values. Such amplifications may explain the
neural mechanisms for the results of experiments showing that faces which are more deviant in
appearance are recognized better than those that are more typical (Rhodes, 1997; Benson and
Perrett, 1991; Bruce and Young, 2011).

In this chapter, I investigate through computer modelling how some neurons may learn to
respond selectively to individual facial features, or subsets of facial features, even when the
model is always trained on whole faces with all of the facial features present. I also investigate
how some other neurons learn to encode the spatial relations between facial features, such as
distance between the eyes, with monotonic tuning profiles.

3.1.2 Representations of global attributes of faces

In addition to individual facial features, the primate visual system is able to process various
global attributes of faces such as identity, emotional expression, age, race, gender, etc. (Homola
et al., 2012; Freeman et al., 2010; Morin et al., 2014; Hasselmo et al., 1989a). Past theoretical
work has suggested that the different attributes of a face such as its identity and expression are
processed by functionally and anatomically separated pathways. For example, a highly influen-
tial psychological model of face processing proposed by Bruce and Young (1986) hypothesized
a series of distinct stages involved in face processing. Consistent with this model, experimental
studies in macaques have reported that distinct sub-populations of neurons encode different
global facial attributes across a number of areas of the primate visual system. For example, it
has been shown that the inferior temporal gyrus contains cells that are primarily selective to
facial identity, while the adjacent superior temporal sulcus (STS) contains cells that primarily
respond to facial expression (Hasselmo et al., 1989a; Perrett et al., 1992; Engell and Haxby,
2007; Wegrzyn et al., 2015). Moreover, a recent study has reported that the number of neurons
that encode global attributes such as identity and expression increase along the visual pathway
(Morin et al., 2014). This is a quite extraordinary finding since primates are usually exposed
to whole faces during visual development. The question is then how might the visual system
separate the representations of these global facial attributes, which are always seen together,
into different brain areas.

Based on such functional and anatomical specialization, Haxby et al. (2000) hypothesized the
existence of a ‘core system’ that is dedicated for visual analysis in the temporal lobe. The core
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Figure 3.1: Physiological evidence from a single unit recording study carried out by Freiwald et al. (2009) showing neuronal
selectivity for face parts in the primate ventral visual pathway. In this study, cartoon faces were shown to a macaque while
the responses of neurons in the middle face patch were recorded. The face stimuli were varied across trials by varying
which combination of facial features was present. The top panel (a) shows which facial features were present on each trial
(left), and the corresponding responses of four example cells. All combinations of seven face parts (hair, outline, irises,
eyes, eyebrows, nose, and mouth) were shown, including the whole cartoon face with all features (top row) and a gray
background without any face features (bottom row). The responses of the four example cells to each of the face stimuli
are shown as a function of time. The bottom panel (b) shows the average neuronal responses in the presence (white bars)
or absence (black bars) of a given face part. * indicates significant modulation. Cell 1 fired significantly more strongly
when irises were present and when hair was present. Cell 2 was influenced by two facial features, and cells 3 and 4 by four
facial features. Cell 4 responded more strongly when irises were absent than when they were present. In cell 4, interactions
between face parts were stronger than in the other cells, giving rise to less regular responses across stimulus conditions.
Figures are reproduced with permission from Freiwald et al. (2009).

system includes the OFA that detects simple features of faces, the STS that processes changeable
attributes of faces such as expressions, and the FFA that processes invariant attributes of faces
such as identity.

However, these previous theoretical and experimental studies do not explain the precise
learning mechanisms by which these neuronal representations of global attributes, such as iden-
tity and expression, may become mapped onto separate processing areas in the later stages of
the visual system. Recently, Tromans et al. (2011) developed the first neural network model
demonstrating how physically separated representations of facial identity and expression may
develop through a biologically plausible process of unsupervised competitive learning. Nonethe-
less, this modelling study used highly idealised cartoon faces, in which these two global attributes
were artificially encoded by different facial features. In the simulations described below, these
learning mechanisms using much more realistic face stimuli produced using the FaceGen 3D
face modelling software package, which generates stimuli based on real faces (FaceGen, 2013),
are investigated. This permits a fine-grained study of how facial representations gradually de-
velop through successive stages of processing within the network, until different forms of global
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Figure 3.2: Physiological evidence from the single unit recording study carried out by Freiwald et al. (2009) showing
neuronal selectivity for the spatial relationships between facial features with monotonic tuning curves. The top panel (a)
shows example cartoon face stimuli for six different feature dimensions (hair width, eyebrow slant, eyebrow height, inter-eye
distance, iris size and mouth shape) with seven feature values each spanning the entire range of values. The bottom panel
(b) shows the response curves of three example cells to each of 19 feature dimensions. For each of the feature dimensions,
the response curve (blue) is shown at a delay corresponding to maximal modulation. Maximal, minimal and mean values
from the shift predictor are shown in gray. Asterisks mark significant modulation. Figures are excerpted with permission
from Freiwald et al. (2009).

attribute eventually appear in distinct regions of the highest layers.

3.1.3 Computational modelling studies

While many modelling studies have investigated various kinds of processing in the primate visual
system (Eliasmith et al., 2012; Serre et al., 2005), most of these investigations have not been
concerned with uncovering the synaptic learning mechanisms by which the visual representations
develop in the first instance. However, there is a large body of experimental evidence for learning
of visual form recognition within the temporal lobes (Wallis, 2013). For example, Baker et al.
(2002) showed that exposure to abstract shapes formed by combing multiple parts enhanced
both parts-level and holistic shape tuning of neurons in the Inferior temporal cortex (IT).
Studies with fMRI have also reported large-scale alteration of the organization and selectivity
of temporal lobe cortex in humans after training with visual stimuli (Beeck et al., 2006; Gillebert
et al., 2008). Additionally, although the discrimination of non-face objects is known to be more
difficult than for faces, training on non-face objects improves the discrimination of these stimuli
to nearly that of faces (Yue et al., 2006). Thus, how visual representations develop through
a biologically plausible process of visually-guided learning is a key question that needs to be
addressed by theoreticians, and is a fundamental aspect of the model simulations presented in
this chapter.



CHAPTER 3. FACIAL REPRESENTATIONS 68

Lades et al. (1993) presented the first self-organising neural model that developed repre-
sentations of the spatial relationships between facial features. Their model employed a feature
based approach to face recognition via active dynamic linking of features (von der Malsburg,
1981; von der Malsburg and Schneider, 1986). The model uses an input representation in which
each face is convolved with a set of Gabor filters across the visual field. The output layer of the
network constructs a graph representation of the face, with each node in the graph representing
a particular facial feature, and each link representing the feature relation (Lades et al., 1993).
The model was proposed to be biologically realistic because the development of the output face
representations is unsupervised. However, it is not clear how a population of neurons in the
brain may store facial representations in the form of graphs.

A more biologically plausible approach to modelling how transform (e.g. location or view)
invariant representations of faces and non-face objects may develop through unsupervised, as-
sociative learning mechanisms in the higher stages of the ventral visual pathway was carried
out by Wallis and Rolls (1997), which is VisNet (see Section 1.3). The inputs are represented as
columns of V1-like spatial filter activation values similar to the model proposed by Lades et al.
(1993). The architecture consists of four layers of competitive neural networks representing
successive visual areas V2, V4, TEO and TE. During training with visual images of faces and
other objects, the feedforward synaptic connections between successive layers were modified by
a biologically plausible, local, associative learning rule.

The study showed that competitive learning allows neurons in the intermediate layers of the
model to learn to respond to particular combinations of simple visual features present in faces
and non-face objects. By building on these intermediate layer representations, the higher layers
were then able to develop transform invariant representations of whole faces. More recently,
Wallis (2013) has started exploring various aspects of recognition which are generally regarded
as unique to faces such as holistic processing (Tanaka and Farah, 1993), configural processing
(Leder and Bruce, 1998), sensitivity to inversion (Yin, 1969; Maurer et al., 2002), the other-
race effects (Chance et al., 1982). Besides, the development of face representations within a
more biologically accurate spiking neural network model with spike-timing dependent plasticity
(STDP) has been presented by Masquelier and Thorpe (2007).

However, these previous studies have not yet fully explained how these representations
correspond to those observed in single unit recording neurophysiology studies develop through
successive layers of the model.

In the current work, I investigate how successive layers of VisNet develop representations
of individual facial features and the spatial relations between these features as reported in
the neurophysiological studies described in the introduction. In particular, I show how these
cell firing properties may develop naturally through a biologically plausible process of visually-
guided learning when the network is trained on realistic face images generated using the FaceGen
3D face modelling software (FaceGen, 2013).

3.2 Hypothesis

In this present study, the followings are considered: (1) how some neurons along the successive
stages of processing learn to represent individual facial features such as the eyes, nose, and
mouth given that the visual system is always exposed to whole faces, (2) how some neurons
learn to represent particular spatial relationships between facial features, such as the distance
between the eyes, with monotonic tuning curves, (3) how some neurons in later stages learn to
respond to global attributes such as either a particular identity or expression, and (4) what is
the relationship between spatial configurations of facial parts and global representations of face
identity and expression.
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Training Testing

Figure 3.3: Illustration of how the network model develops neurons that have learned to respond to individual facial feature
(mouth) from whole faces via statistical decoupling, which is similar to the mechanism of which V4 neurons may learn
to represent the shapes of local boundary elements shown in Figure 2.3 (Eguchi et al., 2015). Left: during training, the
network is presented with many different faces, where each shape is defined by a unique combination of facial features of
different shapes. Two such faces are shown here. Each of these faces stimulates a different subset of neurons in the output
layer of the network. The two faces shown have the mouth in common. As a result, this mouth becomes especially strongly
connected, through associative learning in the feed-forward synaptic connections, with the intersection of the two subsets of
output neurons shown. This intersecting subset of neurons will come to represent the mouth of the particular shape in the
two faces. Right: during testing, whenever the mouth is part of a face, the same intersecting subset of output neurons will
be activated. A similar learning process will drive the development of many other subsets of output neurons representing
different individual facial features.

3.2.1 How some neurons learn to represent individual facial features such as
the eyes, nose, and mouth

3.2.1.1 The representation of individual local facial features

In Chapter 2, I considered how neurons in V4 learn to respond selectively to the shape and
location of localised boundary contour elements in the frame of reference of the object, and
how neurons in the area TEO learns to respond to localised combinations of boundary contour
elements (Eguchi et al., 2015). A biologically plausible solution for the development of such
cells is provided by showing that the statistical decoupling (Stringer et al., 2007; Stringer and
Rolls, 2008) which occurs between different forms of boundary contour element over a large
population of different object shapes is a sufficient mechanism for the process. I hypothesise
that a similar learning mechanism may operate to enable the network to learn to represent the
individual face parts within a whole face as shown in Figure 3.3.

Let us assume that each face is comprised of n different kinds of local facial feature such as
the eyes, mouth, and facial outline, and that each such facial feature may occur in p different
possible shapes. In this context, presenting a whole face to VisNet can be seen as presenting an
n-tuple of different facial features simultaneously to VisNet. With p possible shapes for each
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Figure 3.4: Example set of realistic faces used to train VisNet. This set of faces was generated by systematically varying
the n = 3 facial features eyes, mouth, and facial outline. In this example, there are p = 2 shape variations of each facial
feature. This gives a total number of pn = 8 faces that may be constructed by combining the facial features in different
combinations. The top two rows show how the shape of the eyes is varied. These two rows show all possible pn = 8 faces,
where faces with the first shape of the eyes are shown on the left and the faces with the second shape of the eyes are shown
on the right. Similarly, the middle two rows show how the shape of the mouth is varied, where faces with the first mouth
shape are shown on the left and faces with the second mouth shape are shown on the right. Lastly, the bottom two rows
show how the facial outline is similarly varied between two different shapes shown on the left and right.

facial feature, the number of distinct whole faces that may be constructed is pn. This means that
if the number of identifiable facial features n is constant, the number of possible whole face input
patterns grows polynomially with p. This polynomial increase in the representational burden
makes it increasingly difficult for the network to develop non-overlapping output representations
of all of the faces which are comprised of unique combinations of n facial features. Therefore, I
hypothesise that at a certain point, it becomes less likely that neurons represent all the possible
pn whole faces, consisting of n-tuples of features, but rather the neurons may start to represent
individual facial features.

For example, consider the case shown in Figure 3.4. This figure shows a set of faces which
are systematically composed of the combination of two possible shapes of the eyes, mouth, and
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Figure 3.5: Example set of stimuli used to test VisNet after training. Each of the test stimuli is constructed by extracting
one of the facial features used during training. In this example, each test stimulus contains one of the n = 3 facial features:
(a) eyes, (b) mouth, and (c) facial outline. Each of the four facial features has p = 2 possible shape variations.

facial outline. Therefore, there are n = 3 facial features and p = 2 shapes of each facial feature,
which may be used to construct a total of 23 = 8 different faces. In the VisNet simulations
reported in the first half of the study 1b in Section 3.4.1.2, the cell firing properties of the
trained network between two conditions were compared: the network trained with only one
face (n = 3 and p = 1) and the network trained with 8 faces (n = 3 and p = 2). In order to
minimize the number of cells that happen to exclusively respond to a particular element due to
the topologically distributed feed-forward connections of VisNet, each face was shifted across
four different retinal locations during training. This would help to confirm the role of statistical
decoupling between facial features of different shape, through exposure to many different faces
comprised of different combinations of feature shapes, in the development of representations of
individual facial features.

In order to test the hypothesis, the responses of neurons in VisNet to stimuli that contained
just one of the facial features were recorded during training. An example set of such test stimuli
is shown in Figure 3.5. These test stimuli allowed us to test whether neurons learned to respond
to a specific shape of a particular facial feature as the number of possible shapes p is varied.
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3.2.1.2 Shape invariant representations of local facial features

However, if the number p of possible shapes of each facial feature continues to increase, then the
range of possible shapes for each feature will begin to form a continuum of gradually changing
shapes. Each facial feature will then change its shape in a gradual and continuous manner across
different faces. In this situation, the invariance learning mechanism continuous transformation
(CT) learning (Stringer et al., 2006) may begin to operate as described in Section 1.4.1. If
an individual facial feature is seen by the network in a large number p of gradually changing
shapes, then the different feature shapes may be bound together onto the same shape invariant
neurons in the higher layers of the network by CT learning. This will lead to the development
of shape invariant representations of local facial features.

The concept of this learning process is somewhat analogous to that demonstrated in a pre-
vious simulation study (Tromans et al., 2012), which investigated the development of transform
(view) invariant representations of individual rotating objects when multiple objects were pre-
sented rotating together during training. In this simulation study, the objects were presented
rotating smoothly across many different views with only small (i.e. 1 degree) changes in orienta-
tion between successive transforms. It was found that if two objects were rotated independently
of each other, leading to a statistical decoupling between any two particular views of the two
objects, then the output neurons in VisNet learned to respond with transform (view) invariance
to either one object or the other. The object specificity of the neuronal responses was driven
by the statistical decoupling between any two particular views of the two objects during train-
ing, while the view invariance of the responses was driven by CT learning across the gradually
changing views of each object. In this way, the network developed separate transform (view)
invariant representations for each object.

In our setting, each of the facial features can be regarded as a different object, and the
many possible shapes of each facial feature may be regarded as a near continuous space of
gradually changing transforms. Because the changing shapes of any two different facial features
are independent of each other across many faces, it is expected that the network will first
develop neurons that respond to specific local facial features even when the network is always
exposed to whole faces during training. However, as the number p of possible shapes of each
facial feature continues to increase, then it can also be hypothesized that CT learning will begin
to drive the development of shape invariant responses to specific facial features.

In the VisNet simulations reported in the later half of the study 1b in Section 3.4.1.2, only
the shape of the eyes was varied, and how shape invariant eye selective cells may develop was
tested. In particular, the effects of CT learning on the nature of the facial feature representations
that developed in the network during training were tested by varying the number of shapes of
the eyes p (5, 10, or 30 shapes) as shown in Figure 3.6. I hypothesized that as p increases, the
facial feature representation turns from shape specific to shape invariant. In order to test the
hypothesis, the responses of neurons in VisNet to stimuli that contained just eyes were recorded.
An example set of such test stimuli is shown in Figure 3.7. These test stimuli allowed us to test
whether individual neurons learned to respond to just one or a number of different eye shapes
as the number of shapes p was increased.

As a result of the development of representations of individual facial features within the
visual hierarchy, I conjectured that neurons in higher layers would start to process these rep-
resentations and consequently develop various other related response properties. In particular,
Young and Yamane (1992) have previously reported that the cells in the middle face patch
carried information about the identity of individual faces distributed across the population.
Furthermore, they showed that the code for macaques looking at faces of men could be summa-
rized by two dimensions of configurations of facial parts: the amount of hair possessed by the
face and an elongated to round face dimension. This results highlight the importance of both
featural and configural information to the holistic process (Tanaka and Gordon, 2011).

I propose that representations of individual shapes of local facial features could contribute
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Figure 3.6: Example set of realistic faces used to train VisNet. This set of faces was generated by varying the shape of the
eyes.

to the development of representations of the spatial relationships between these facial features
(Freiwald et al., 2009) as well as the global properties of faces such as identity and expression
(Hasselmo et al., 1989a; Morin et al., 2014). At the same time, a collection of shape invari-
ant representations of individual facial features may contribute to the development of global
representations of whole faces.

3.2.2 How some neurons learn to represent particular spatial relationships
between facial features with monotonic tuning curves

In neurophysiology studies, neurons in the primate middle face patch have been found to en-
code spatial relationships between facial features, such as the distance between the eyes, with
monotonic tuning curves (Freiwald et al., 2009). For example, some neurons that encode the
distance between the eyes respond maximally when the eyes are furthest apart, and reduce
their responses monotonically as the eyes get closer together. On the other hand, other neurons
respond maximally when the eyes are closest together and reduce their responses monotonically
as the eyes move further apart. I hypothesise that these monotonic tuning curves develop natu-
rally as a result of competitive learning on the afferent connections into that cortical area when
individual neurons receive connections from a physically localised region of the preceding area.

A basic competitive neural network architecture is shown in Figure 3.8. It consists of a
layer of input neurons that send associatively modifiable synaptic connections to a layer of
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Figure 3.7: Example set of faces used to test VisNet. This set of faces only contained eyes, and was generated by varying
the shape of the eyes between faces.

output neurons. The neurons in the output layer compete with each other through inhibitory
interneurons to respond to incoming input patterns. Let us identify the neurons in the output
layer of this model with a localised sub-population of neurons in the middle face patch, while the
input layer contains a localised sub-population of neurons in a preceding cortical area. During
learning, the afferent connections to the output neurons are modified by some form of associative
learning. The synaptic weight vectors of individual output neurons are also bounded by some
form of continual rescaling such as renormalisation, as has been reported in neurophysiology
studies (Royer and Paré, 2003). The modification of the afferent connections to the output
neurons drives the development of their response properties. These are standard elements of a
competitive neural network architecture (Rolls and Treves, 1998). The question is how neurons
in the output layer might learn to represent the spatial relationships between facial features
with monotonic tuning curves.

Real neurons in the visual cortex of the brain receive afferent connections from a topologically
localised region of the preceding cortical layer. Consequently, local sub-populations of neurons
within an area such as the middle face patch may receive afferent connections from input neurons
representing only a part of a particular feature space such as the distance between the eyes. In
this case, the aforementioned middle face patch neurons may receive a full input representation
when the eyes are an intermediate distance apart, but only a partial input representation when
the eyes are either far apart or very close together. I hypothesised that this boundary effect



CHAPTER 3. FACIAL REPRESENTATIONS 75

Output Layer

Input Layer

0 50 100

Figure 3.8: Figure showing the architecture of simple one layer network where Gaussian packet of neural activities in the
input layer represent a finite 1-dimensional feature space such as the distance between the eyes. The curve filled with
green shows the situation where a whole input packet is within the input layer whereas the curves filled with red show the
situations where only part of the input packet is within the input layer.

at the extrema of the feature space may drive the development of monotonic tuning curves in
the middle face patch neurons. Let us illustrate the argument in the context of the competitive
network architecture shown in Figure 3.8 as follows.

Consider the situation where a localised sub-population of output neurons in the middle
face patch receives afferent connections from a localised sub-population of input neurons within
a preceding cortical area, as shown in Figure 3.8. Assume that the given input layer neurons
represent part of a finite 1-dimensional feature space such as the distance between the eyes.
In this idealised example, let the position in the space, i.e. the distance between the eyes, be
represented by the position of a localised (e.g. Gaussian) packet of neural activity within the
input layer, as shown by the green curve in Figure 3.8.

The key aspect of this architecture that drives the development of monotonic tuning curves
in the output layer is what happens at the two boundaries of the space, when the eyes are either
furthest apart or closest together. Specifically, if at each boundary only part (e.g. half) of the
input packet is represented, as shown by the red curve in Figure 3.8, then the output neurons
that learn to respond to these particular end locations will end up with relatively large synaptic
weights. This is due to these output neurons becoming more tightly tuned to a smaller (end)
region of the input layer by (Hebbian) associative learning based on co-activity of the input and
output neurons, yet with the magnitudes of the synaptic weight vectors of these output neurons
still renormalised over this smaller input region.

If the widths of the input activity packets are relatively broad, then when the input packet
is shifted to a more central location within the feature space, the same output neurons, which
learned to respond to the end locations, continue to win the competition and respond to the
more central locations of the space as well. However, as the input packet shifts away from the
ends of the feature space, the responses of these neurons will decline monotonically. Different
sub-populations of neurons will learn to respond to the two ends of the feature space, with each
sub-population reducing its responses monotonically as the input packet shifts away from its
preferred end location.

However, I also hypothesize that the output neurons only develop monotonic tuning curves
if the packet of activity in the input layer is wide enough; otherwise, the end effect breaks down
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and output neurons develop peaked (e.g. Gaussian) tuning curves. Moreover, if the input space
is circular with no end effects, then the output neurons should not develop monotonic tuning
curves at all.

The VisNet model architecture shown in Figure 1.1 is designed to mimic these key aspects of
cortical architecture that are needed for the development of monotonic tuning curves. The model
is comprised of four competitive layers of neurons. Neurons within each layer receive afferent
synaptic connections from a topologically corresponding, localised region of the preceding layer.
The synaptic weights may be updated by associative (Hebbian) learning rules, with the weight
vectors of individual neurons continually renormalised. It was therefore expected that when
VisNet is trained on many realistic faces, neurons in the higher layers of model would learn to
encode spatial relationships between facial features, such as the distance between the eyes, with
monotonic tuning curves.

3.2.3 How some neurons in later stages of visual processing learn to respond
to global attributes of faces such as a particular identity or expression

The primate visual system can process global attributes of faces such as identity, emotional
expression, age, race, and gender (Homola et al., 2012; Freeman et al., 2010; Morin et al., 2014;
Hasselmo et al., 1989a). For example, some neurons in the anterior IT (TE) respond selectively
to facial identity, while other neurons in the superior temporal sulcus (STS) respond to facial
expression (Hasselmo et al., 1989a; Perrett et al., 1992). The important question is how such
selective cell response properties could develop given that the visual system is always exposed
to both facial identity and expression simultaneously during early visually-guided learning and
self-organisation in the visual system.

In earlier work carried out by Tromans et al. (2011), it was shown that when VisNet was
trained on a large number of faces, the higher layers of the model developed neurons that
either responded to the identity of a face regardless of its emotional expression, or responded
to the facial expression irrespective of facial identity. The hypothesised learning mechanism
was as follows. If VisNet is exposed to many possible combinations of facial identity and
expression during training, then any particular identity is seen only rarely coupled with a
particular expression. This creates a statistical decoupling between any particular facial identity
and expression. This, in turn, forces individual neurons in the higher layers to learn to respond
to either a particular identity regardless of expression, or particular expression regardless of
identity. This was demonstrated successfully when VisNet was trained on a matrix of cartoon
images of faces with varying identity and expression.

However, this earlier study used a highly idealised set of cartoon faces with two especially
unrealistic properties. First, facial identity and expression were represented by different facial
features, and thus had non-overlapping representations on the input layer. In particular, facial
identity was represented by variation in the shape of the eyes and nose, while facial expression
was represented by changes in the shape of the eyebrows and mouth. Thus, the representations
of identity and expression were non-overlapping on the input retina, which is not realistic.
With real faces, features such as the eyebrows, eyes, nose, and mouth will all contribute to the
representations of both facial identity and expression in a more complex, distributed manner.
Accordingly, in this chapter, I investigated whether VisNet will still form neurons that respond
to either facial identity or expression even when the network is trained on more realistic faces
created using FaceGen, where all of the facial features are involved in representing both facial
identity and expression. I hypothesize that this can occur because it is a standard property
of competitive networks that under the right conditions, they are able to develop separate
(orthogonalised) output representations of distributed (overlapping) input patterns (Rolls and
Treves, 1998). These learning mechanisms are demonstrated in simulations presented in the
study 3a below.

Secondly, in the study carried out by Tromans et al. (2011), VisNet was trained on every
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Figure 3.9: The architecture of a competitive neural network where the output neurons receive connections from two
distinct populations of input neurons, A and B, which represent two different feature spaces such as facial identity and
expression. The degree of overlap between the two input populations was varied across different simulations: 0% overlap,
50 % overlap, and 100 % overlap.

possible combination of facial identity and expression in order to ensure the strongest possible
statistical decoupling between these two facial dimensions. This helped to force individual
neurons in the higher competitive layers to learn to respond to either a particular identity or
expression. However, with real life situations, we do not need to be trained on every possible
combination of facial identity and expression in order to learn to recognise these two different
facial attributes.

In fact, Tromans (2012) trained VisNet on realistic faces generated using a software Face-
Gen, the network failed to develop separate representations of facial identity and expression. I
hypothesize that this failure was due to the the network being trained on a very dense set of
different facial identities and expressions, with the both identity and expression varying almost
continuously across their respective dimensions. This rather unnatural set of training faces
may have increased the difficulty of neurons in the higher layers developing separate represen-
tations of facial identity or expression. In particular, an invariance learning mechanism known
as Continuous Transformation (CT) learning (Stringer et al., 2006) may have caused individual
neurons in higher layers to learn to respond simply to a large number of gradually changing
faces. This is because CT learning is able to bind together smoothly varying input patterns,
such as gradually changing faces, onto the same post-synaptic output neuron. In this way, CT
learning may have dramatically reduced the selectivity of neurons for particular facial identities
or expressions in the study of Tromans (2012).

I propose that this problem can be remedied by training VisNet on a more realistic, reduced
set of face images, with only a limited number of different combinations of facial identity and
expression chosen randomly during training. This ensures that the training stimuli do not cover
a near continuum of every possible facial identity and expression, which should prevent CT
learning from operating. This reduced set of training faces is more realistic than that used by
Tromans et al. (2011) since real faces do not actually morph between each other very gradually.
In the simulations reported in the study 3a below, training VisNet on the reduced set of realistic
faces successfully led to the development of neurons that responded selectively to either facial
identity or expression.

The mechanisms underpinning the above hypothesis, that competitive learning can map dis-
tributed (overlapping) input patterns to separate (orthogonal) output patterns, may be further
elucidated by considering the operation of a simplified competitive network comprised of an
input layer that sends associatively modifiable synaptic connections to an output layer. Let us
assume that each output neuron receives input from two distinct populations of input neurons, A
and B, as shown in Figure 3.9. Each input population represents a different finite 1-dimensional
bounded feature space, such as identity or expression, where the location in the feature space
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is encoded by the position of a Gaussian packet of activity. During training, Gaussian activity
packets are shifted through both of the input populations simultaneously.

According to the basic principle of statistical decoupling, we should see the following effects
during learning. If the activity patterns in the two input populations transform in lockstep, so
that each location in A is paired with the same location in B, then the output neurons should fail
to develop separate representations of the two input spaces. However, if the activity patterns
in the two input populations vary independently of each other, so that each location in A is
paired with many different random locations in B etc, then the output neurons should develop
separate representations of the two input spaces.

In simulations described in the study 3b below, the effects of statistical decoupling were
initially demonstrated for the case, where the representations of the two input spaces are per-
fectly orthogonal to each other. That is, the two input populations A and B have no cells in
common. This situation is analogous to the past study with cartoon faces where identities and
expressions were represented orthogonally by different facial features (Tromans et al., 2011). In
this simple case, as expected, independent movement of the activity packets in the two input
populations leads to the development of separate representations of the two feature spaces in
the output layer.

Then I tested whether the same effect is seen when the two input populations are overlap-
ping, i.e. share a number of neurons in common. I first tried 50% overlap between the two
input populations, and then tried 100% overlap where each input neuron is a member of both
populations A and B. In both cases, individual output neurons learned to respond to either
the A population or B population as long as the activity packets in the two spaces moved
independently during training. This result shows how competitive learning can form separate
representations of two feature spaces, such as facial identity and expression, even when these
two dimensions are represented by a common set of input neurons.

I hypothesise that a similar effect will be seen when the VisNet architecture, which consists
of a hierarchy of competitive layers, is trained on realistic FaceGen faces, in which both facial
identity and expression are represented in a distributed manner by all of the facial features such
as the eyebrows, eyes, nose, and mouth.

3.2.4 What is the connection between neurons representing spatial rela-
tionships between facial features and neurons representing global at-
tributes such as facial identity and expression?

Above, we have discussed how some neurophysiology studies have reported the existence of neu-
rons that represent spatial relationships between facial features such as the inter-eye distance or
height of the eyes (Freiwald et al., 2009), while other studies have reported neurons that encode
global attributes of faces such as facial identity or expression (Hasselmo et al., 1989a; Perrett
et al., 1992; Morin et al., 2014). It is reasonable to expect that the representations of global at-
tributes are dependent upon different spatial configurations of facial parts, with different global
attributes such as identity and expression influenced by different spatial configurations of facial
parts. I now hypothesise that the cells that encode spatial relationships between facial features
in fact largely overlap with the cells representing global facial attributes such as identity and
emotion. That is, cells with responses that are correlated with particular global attributes of
faces, such as a specific identity or expression, may actually be tuned to a particular spatial
relationship between certain facial features that are indicative of that global attribute. For
example, the responses of cells that are tuned to a specific shape of the mouth might be also
correlated with a particular facial expression such as happy. In this situation, the cell might be
regarded as contributing to representing both the shape of the mouth and facial expression.

It has long been known that the neural representation of faces in the primate visual system
is distributed, with individual faces represented by many neurons and individual neurons par-
ticipating in the representation of many faces (Rolls and Treves, 1998). The question is whether
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Table 3.1: Parameters used for simulations

Parameter Value
(a) VisNet
Gabor: Phase shift (ψ) 0, π
Gabor: Wavelength(λ) 2
Gabor: Orientation(θ) 0, π/4, π/2, 3π/4
Gabor: Spatial bandwidth (b) 1.5 octaves
Gabor: Aspect ratio (γ) 0.5
No. of Layers 4
Retina 256× 256× 16

1st layer 2nd layer 3rd layer 4th layer
Dimension 128× 128 128× 128 128× 128 128× 128
Num. of fan-in connections 201 100 100 100
Fan-in radius 8 8 12 16
Sparseness of activations 2 % 20 % 30 % 30 %
Sigmoid slope (β) 190 40 75 26
Learning rate (k) 1.0 1.0 1.0 1.0
Training Epochs 50 100 100 76
Excitatory Radius (σE) 1.4 1.1 0.8 1.2
Excitatory Contrast (δE) 5.35 33.15 117.57 120.12
Inhibitory Radius (σI) 2.76 5.4 8.0 12.0
Inhibitory Contrast (δI) 1.6 1.5 1.6 1.5
(b) Simplified Network
No. of cells in each layer 100
Sigmoid slope β 10
Learning rate k 0.001
Training epochs 3000
Sparseness of activations 50 % (simulation 1) and 25 % (simulation 2)
Inhibitory contrast δI 0.01
Inhibitory radius σI 15
Excitatory contrast δE 0.5
Excitatory radius σE 5

a global attribute, such as a particular identity or expression, is represented by a random subset
of neurons, or whether individual neurons actually represent specific constituent features of the
global attribute. In the latter case, a neuron that represents a particular curvature of the mouth
might participate in the representation of a happy expression across a number of different facial
identities. This is what I am proposing. In this case, the activity of neurons encoding a partic-
ular spatial relationship will also be correlated with a particular corresponding global attribute,
and may be thought of as participating in the representation of that global attribute.

It is then possible that individual neurons in even higher layers learn to respond to specific
combinations of neurons representing the spatial relationships between facial features that are
correlated with a particular global attribute. These higher layer neurons would be tuned to
a combination of all the spatial relationships comprising a particular global attribute, and so
might be regarded as providing the most abstracted representation of the global attribute, that
is, in a way that does not depend on the presence of any one particular spatial relationship
between facial features.

3.3 Materials & Methods

3.3.1 Model Descriptions

3.3.1.1 VisNet Model

The main simulation studies presented in this chapter are conducted with an established bio-
logically plausible neural network model, VisNet, of the primate ventral visual pathway, which
was originally developed by Wallis and Rolls (1997). The detailed description is provided in
Section 1.3. The values used in the current studies are given in Table 3.1(a).

Before the visual images are presented to the VisNet’s input layer 1, they are preprocessed
by a set of Gabor filters that accord with the general tuning profiles of simple cells in V1
(Jones and Palmer, 1987; Cumming and Parker, 1999; Lades et al., 1993). The filters provide
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a unique pattern of filter outputs for each transform of each visual object, which is passed
through to the first layer of VisNet. These filters are known to provide a good fit to the
firing properties of V1 simple cells, which respond to local oriented bars and edges within the
visual field (Jones and Palmer, 1987; Cumming and Parker, 1999). The input filters used are
computed by Equations (1.1) and (1.2). In the experiments conducted in this chapter, an
array of Gabor filters is generated at each of 256 × 256 retinal locations with the parameters
given in Table 3.1(a). These parameters were selected based on those that previously optimised
performance (Tromans et al., 2011; Rolls and Milward, 2000). The outputs of the Gabor filters
are passed to the neurons in layer 1 of VisNet according to the synaptic connectivity given
in Table 3.1(a). That is, each layer 1 neuron receives connections from 201 randomly chosen
Gabor filters localised within a topologically corresponding region of the retina.

In this chapter, simulations utilised a self-organising map (SOM) (von der Malsburg, 1973;
Kohonen, 1982) implemented within each layer. In the SOM architecture, short-range excitation
and long-range inhibition are combined to form a Mexican-hat spatial profile and is constructed
as a difference of two Gaussians as described in Section 1.3.3.2. The lateral inhibition and
excitation parameters used in the SOM architecture are given in Table 3.1(a), which were
selected based on those that previously optimized performance (Rolls, 2000; Tromans et al.,
2011).

The parameters for the sigmoid activation function are shown in Table 3.1(a). They are
similar to the standard VisNet sigmoid parameter values that were previously optimised to
provide reliable performance (Stringer et al., 2006, 2007; Stringer and Rolls, 2008).

During training with visual objects, the strengths of the feed-forward synaptic connections
between successive neuronal layers are modified by biologically plausible local learning rules,
where the change in the strength of a synapse depends on the current or recent activities of
the pre- and post-synaptic neurons. A variety of such learning rules may be implemented with
different learning properties as described in Section 1.3.5.

3.3.1.2 Simplified network model

In order to analyse the learning mechanisms in greater detail, some complementary simulations
were also carried out within a much simpler competitive neural network architecture with only
one layer of fully connected, associatively modifiable synapses as shown in Figure 3.8. The
network was trained and tested on 1-dimensional Gaussian input patterns, which provided an
idealised representation of a 1-dimensional facial feature space such as the distance between
the eyes. This abstracted neural network model allowed a more controlled investigation of the
hypothesised mechanisms underpinning the development of the cell response characteristics of
interest.

Firing rates of neurons in the input layer The population of input neurons represent the
current position x within a 1-dimensional feature space, such as the distance between the eyes.
Each input neuron j is set to respond maximally to a unique position xj in the feature space.
The firing rate rj of each input neuron j is determined by a Gaussian distribution positioned
at xj with standard deviation σ as follows:

rj =
1

σ
√

2π
e−

(x−xj)
2

2σ2 (3.1)

The representation across the population of input cells thus takes the form of a Gaussian packet
of activity centred on the current position x within the feature space.

Activations of neurons and competition within the network Within the output layer
of the network, the activation hi of each output neuron i is set equal to a linear sum of the
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inputs rj from afferent neurons j in the preceding input layer weighted by the synaptic weights
wij as shown in equation (1.3).

Next, lateral competition is applied between neurons in the output layer. In the simulations
reported below, competition is implemented in one of two possible ways as follows.

In the first competition method, divisive inhibition, the activation hi of each output neuron
i is divided by the average activation < h > across all output neurons.

The second type of competition method implements a combination of lateral inhibition and
excitation between cells in the output layer in order to effect a self-organising map (SOM).
Short-range excitation and long-range inhibition are combined to form a ‘Mexican-hat’ spatial
filter, which is constructed as a difference of two Gaussians as follows:

Ia = −δI exp
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(3.2)

To implement the SOM, the activations hi of neurons within the output layer are convolved with
the spatial filter, Ia, where δI controls the inhibitory contrast and δE controls the excitatory
contrast. The width of the inhibitory radius is controlled by σI while the width of the excitatory
radius is controlled by σE . The parameter a indexes the distance away from the centre of the
filter. The lateral inhibition and excitation parameters are given in Table 3.1(b).

Next, the contrast between the activities of neurons with the output layer is enhanced by
passing the activation hi of each output neuron, i, through a sigmoid transfer function as shown
in equation (1.6). The sigmoid slope β is set to a fixed value throughout each simulation given in
Table 3.1(b). However, the sigmoid threshold α is continually adjusted to control the sparseness
of the firing-rates within the output layer.

Modification of synaptic weights during training At the beginning of each simulation,
the synaptic weights from the input neurons to the output neurons are initialized with random
values.

The simulation begins with a training phase. At each timestep τ during training, the firing
rates of the input neurons are first updated to represent a new position x in the feature space,
and then the firing rates of the output neurons are computed as described above. Then the
synaptic weights are updated according to an associative (Hebbian) learning rule as described
in equation (1.7)

To prevent the same few output neurons always winning the competition, the synaptic
weight vector wi of each output neuron i is renormalised after each learning update by equation
(1.10) and (1.11).

3.3.2 Information Analysis

To quantify the performance in transformation invariance learning with VisNet, the techniques
of Shannon’s information theory have previously been used (Rolls and Treves, 1998). Informa-
tion theory can be used to quantify how selective neurons are for particular stimuli, each of
which may translate across different locations on the retina (see Section 1.5.2).

Two information measures were used to assess the ability of the network to develop neurons
that are selective to the presence of stimuli but also invariant to their occurrence in different
retinal locations (see Rolls et al. (1997); Rolls and Milward (2000)). These two measure use
the responses from either individual neurons (single-cell information analysis as described in
Section 1.5.2.1) or small ensembles of neurons (multiple-cell information analysis as described
in Section 1.5.2.2).
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3.4 Simulation Studies

In this chapter, three simulation studies using VisNet were carried out. As described earlier in
Section 1.3, the standard network architecture is shown in Figure 1.1. The VisNet model was
trained on realistic images of faces with different identities and expressions generated using the
FaceGen face modelling software (FaceGen, 2013). FaceGen builds artificial 3D face images from
templates taken from 273 high resolution 3D face scans. The images are averaged, and PCA
is used to extract a set of variances from the mean representing facial features such as shape,
colour and gender. This in turn gives a normal distribution from which a random coefficient
can be chosen, creating a random, realistic face based on a range of alterable features. After
training, I investigated whether the neurons in the higher layers of the network had developed
response characteristics similar to those reported in neurophysiology studies.

In the series of studies conducted in this chapter, I tested whether VisNet developed neurons
with response characteristics similar to what has been found in neurophysiology experiments.
In the first study, I explored how neurons learn to respond to individual local facial features
such as the facial outline, eyes, nose, and mouth, as well as specific global combinations of
these features. The second study investigated how some neurons learn to represent the spatial
relationships between particular facial features, such as the distance between the eyes, with
monotonic tuning curves. Finally, in the third study, I explored how some neurons learn to
represent the global attributes of either facial identity or facial expression.

However, unless otherwise stated, these VisNet studies were carried out by testing the same
trained network. That is, the VisNet model was trained only once at the beginning, and then the
same trained network was tested across all three studies for the various cell response properties.
There is one exception to this in the first study, where the network is retrained to investigate
how increasing the variation in facial features, such as the eyes, nose, and mouth, drives the
development of neurons that respond to the individual features.

During the initial training of VisNet, the network was presented with 450 realistic human
faces as shown in Figure 3.10 and 150 non-face objects as shown in Figure 3.11. The faces were
randomly generated with different identities using the commercial software FaceGen, and the
expressions of individual faces were also randomly set along a continuous dimension between
happy and sad. Non-face objects were retrieved from Google 3D warehouse. All stimuli were
grayscaled and projected onto an input retina that was 256× 256 pixels in size.

In the second and third studies, some complementary simulations with the simplified network
model with only one layer of fully connected, associatively modifiable synapses as shown in
Figure 3.8 were carried out. The network was trained and tested on 1-dimensional Gaussian
input patterns, which provided an idealised representation of a 1-dimensional facial feature
space such as the distance between the eyes. This abstracted neural network model allowed a
more controlled investigation of the hypothesised mechanisms underpinning the development
of the cell response characteristics of interest. The parameters used in the simulations in this
chapter are shown in Table 3.1(b). Full details of the network architecture are provided in
Section 3.3.1.2. The purpose of these additional simulations was to investigate deeper into the
underlying learning mechanisms using a more simplified and controlled setup.

3.4.1 Study 1: The neural representation of local facial features and combi-
nations of features

3.4.1.1 a. Simulation results of VisNet

Freiwald et al. (2009) showed that cells in the middle face patch of the primate visual sys-
tem responded selectively to individual facial features or particular combinations of features.
Therefore, in this first study, I investigated the neural representation of individual local facial
features, such as the facial outline, eyes, nose, and mouth, as well as global combinations of
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Figure 3.10: Examples of randomly generated faces with different identities used for training the VisNet network. These
stimuli were generated using the commercial software FaceGen. The facial expression of each face was also randomly set
along a continuous dimension between happy and sad.

these features, throughout the hierarchical architecture of VisNet. Specifically, it was explored
whether such neuronal responses had developed in VisNet during the initial training on 450
realistic human faces as shown in Figure 3.10 and 150 non-face objects as shown in Figure 3.11.

The neurophysiology study carried out by Freiwald et al. (2009) showed that cells in the
middle face patch were tuned to different combinations of facial features. For example, some
neurons were tuned to the presence of only one particular facial feature, while other cells were
tuned to a particular combination of either 2, 3, or 4 facial features. Therefore, to investigate
whether similar cells had developed in VisNet, the network was tested on face stimuli that were
comprised of all possible combinations of the four facial features: facial outline, eyes, nose,
and mouth. For each possible combination of facial features, 15 different facial identities were
created in order to test for generalisation across different facial identities. A subset of the face
stimuli used for testing the network is shown in Figure 3.12.

Similar to the results reported by Freiwald et al. (2009), neurons were found to have learned
to respond to different combinations of the facial features. Figure 3.13 shows the firing rate
responses of five different 4th layer neurons to face stimuli constructed from different combi-
nations of facial features for 15 distinct facial identities. For example, the first cell (113,1)
shown in the figure is more likely to be activated when the facial outline is present. The second
cell (82,67) responds strongly whenever the mouth is present. The third cell (80,61) responds
when the facial outline and eyes are presented together. The fourth cell (102,62) responds most
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Figure 3.11: Examples of non-face objects used for training the VisNet network. Original images were retrieved from google
3D warehouse and then rescaled and grayscaled.

Figure 3.12: Examples of test faces which are composed of a different combination of the four facial features: facial outline,
eyes, nose, and mouth. Different faces may have either 1, 2, 3, or 4 of these features present. The purpose of these face
stimuli is to test for the existence of neurons that have learned to respond selectively to particular subsets of these facial
features.
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Figure 3.13: Simulation results showing the presence of 4th layer neurons that have learned to respond selectively to
particular combinations of the four facial features: facial outline, eyes, nose, and mouth. The network was tested with
faces constructed from all possible combinations of the four facial features. (a) The top left subplot shows the different
combinations of facial features used to test the network, where each row corresponds to a different combination of facial
features. (b) The five subplots on the top right show the responses of five different 4th layer neurons to faces constructed
from different combinations of features. Each row corresponds to a different combination of facial features defined by the
top left plot, and each column corresponds to a different facial identity. (c) The five subplots on the bottom show the
average responses of the same 4th layer neurons to face stimuli with a given facial feature (white bars) and without the
facial feature (black bars). Based on paired t-test, * indicates significant excitatory modulation of the neuronal responses
by a particular facial feature (P < 0.005). For example, cell (113, 1) fired significantly more strongly when the facial outline
was present (P < 0.005).

strongly when the facial outline is present but the mouth is absent. The fifth cell (99,38) re-
sponds most when the facial outline and mouth are absent. Similar cell selectivities were also
found by Freiwald et al. (2009).

Figure 3.14 shows the number of 4th layer neurons that responded significantly more strongly
(P < 0.005) to the presence or absence of a particular number (1, 2, 3, or 4) of facial features
before and after training based on paired t-test over identities. The results confirm that, after
training, different neurons responded maximally to different numbers of the facial features.
Some cells were tuned to only a single facial feature, while other cells responded most to either
2, 3, or 4 facial features.

However, the figure still shows that many cells before training also seem to show the se-
lectivity to a particular combination of facial features. This can be explained with the similar
reason to the result reported in Section 2.4.1.5 about the unexpectedly large number of cells
that exhibited a selectivity to a particular combination of multiple local contour elements. Ba-
sically due to simply the location specific stimulation in the input rather than the actual shape
information, even a number of cells in an untrained network could happen to show the seem-
ingly appropriate firing properties. This could have been investigated in more detail, the result
reported in this simulation study at least shows that the training improved the performance
significantly in terms of statistics, which serves the purpose for the aim of this particular study.

In order to further quantify the selectivity of neurons to individual face parts in the successive
layers, single cell information analysis was conducted as described in Section 3.3.2. Figure 3.17
shows the single cell information plots for each layer of VisNet in which the testing stimuli are
four different face parts (mouth, nose, eyes, and outline) for 15 distinct facial identities shown
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Figure 3.14: Frequency histogram showing the number of 4th layer neurons that responded significantly more strongly
(P < 0.005) to the presence rather than absence of a particular number (1, 2, 3, or 4) of facial features. The network was
tested as follows For each of the four facial features (outline, eyes, nose and mouth), the average response of each 4th layer
neuron to (i) all possible faces that contain the feature and (ii) all possible faces that omit that feature were recorded. Then
I computed for each neuron whether it responded significantly more to the presence rather than absence of that feature.
This was done using a paired t-test. This procedure was repeated for all four facial features. Then, for each neuron, the
number of facial features for which the neuron responded significantly more to the presence rather than absence of that
feature was recorded. The histogram shows the number of neurons that responded more strongly to either 1, 2, 3 or 4
facial features. Results are shown before and after training.
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Figure 3.15: Information analysis of selectivity of neurons to specific face parts. VisNet was trained on 450 realistic human
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(mouth, nose, eyes, and outline) for 15 distinct facial identities shown in Figure 3.12. In this analysis, I tested whether
individual cells had learned to respond selectively to the presence of a particular face part. To do this, the amount of single
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layer (dashed line), and 4th layer (solid line). Since there are four different face parts, the maximum amount of information
possible is log2(4), that is 2 bits. The results show that the number of cells that reached maximum single cell information
is small in the first layer, is largest in the second and third layers, and then declines slightly in the fourth layer. This may
imply the more holistic representations in higher layers.
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Figure 3.16: Map showing face feature selectivity of all 4th layer neurons to the mouth (red), nose (green), eyes (blue),
and outline (black) features shown in Figure 3.12. The selectivity measure was computed based on single cell information
analysis, and the 500 cells that carry the highest information for each facial feature are presented.

in Figure 3.12. The number of cells that reached maximum single cell information is small in
the first layer, is the largest in the second and the third layers, but then declines slightly in
the fourth layer. These simulation results reflect the hierarchical representation of faces in the
primate visual system discussed in the introduction. Specifically, the simulation results mirror
how the occipital face area (OFA) in an early stage of processing learns to respond to individual
facial features, while the fusiform face area (FFA) in a later stage of processing subsequently
integrates this information.

In addition, the 4th layer cells that carry highest single cell information were mapped for each
facial feature to explore whether “facitopy” has been developed in our simulation as reported
in the fMRI study of Henriksson et al. (2015). In their study, the cortical representations of
facial features such as the eyes, nose and mouth were found to be arranged in a map that
corresponded to their relative positions within the face. The contour plots shown in Figure
3.16 indicate each sub-region comprised of the top 500 cells that carry the highest single cell
information for one of the four facial features: mouth (red), nose (green), eyes (blue), and
outline (black). Consistent with the facitopy hypothesis, the distribution of the sub-regions are
found to be roughly corresponding to the physical configurations of facial features within the
face.

The above results show that along the hierarchy, the network develops separate representa-
tions of the local facial features such as the facial outline, eyes, nose, and mouth. However, the
question is how the network learns to represent the individual facial features when the network
is always exposed to complete faces comprised of all the facial features presented together during
training. Since it was identified that the number of face feature selective cells is greater in the
intermediate layers (i.e. 2 and 3) than in the output (4th) layer, in the following subsection,
the focus of the analysis was moved on to underpin the learning mechanisms of feature selective
neurons on the third layer of the network.
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Figure 3.17: Results of simulations in which VisNet was trained on facial stimuli that were constructed by varying p, the
number of possible shapes of each of the facial features. The face stimuli had n = 3 facial features, eyes, mouth, and
outline, each of which was varied over p different shapes during training. (An example set of training stimuli where p = 2
is shown in Figure 3.4.) There were two separate simulations in which the training stimulus set had p equal to either 1
(dotted line) or 2 (solid line). In both simulations, the network was tested on the set of stimuli constructed by extracting
only one facial feature from the facial stimuli used during training, as shown in Figure 3.5 for p = 2. The figure shows
single cell information plots for the two separate simulations with p equal to 1 or 2. Each plot shows the normalized single
cell information carried by each of the 3rd layer neurons (in rank order) about the presence of one of the n × p facial
features. The maximum amount of information possible for the two simulations is log2(n× p), that is 1.6 and 2.6 bits for
simulations with p equal to 1 or 2 respectively. The results show that the number of cells that reached maximum single
cell information increases as p increases from 1 to 2. This supports the hypothesis that the increased statistical decoupling
between facial features across multiple faces as p increases from 1 to 2 forces neurons to learn to become more selective to
particular facial features.

3.4.1.2 b. How the network learns to represent individual facial features through
competitive learning driven by statistical decoupling between the features

Shape selective facial feature representations In Section 3.2, I hypothesised that some
neurons would become tuned to particular facial features due to the statistical decoupling
between any two of these features as the number of shape variations increases. Specifically,
eyes of a particular shape and a particular shaped mouth would be seen together only rarely.
This creates a statistical decoupling between these two particular features, which in turn makes
it difficult for neurons to learn to respond to this particular combination. In order to carry
out a controlled test of this hypothesis, two simulations in which VisNet was trained on faces
with n = 3 variable facial features (eyes, mouth, and facial outline) were conducted. In the
simulations, the number of shape variations of each of these facial features p was set to either
1 or 2. Accordingly, the number of distinct shapes of facial features to be learned is 3 and 6
(n× p), and the number of whole faces presented during training is 1 and 8 (p(n)), respectively.
Additionally, in order to eliminate the cells that happen to exhibit facial feature selectivity due
to the topologically distributed feedforward synaptic connections in the model, each face was
presented in a 2× 2 grid of 4 different retinal locations, which were separated by horizontal and
vertical shifts of 10 pixels. For each simulation, after training using the temporal trace learning
rule as described in equations (1.8) and (1.9) in Section 1.3.5.2, the network was tested with
the set of face stimuli constructed by extracting just one of the three facial features as shown
in Figure 3.5 for p = 2.

In order to quantify the performance, single cell information analysis was conducted as
described in Section 1.5.2.1. Figure 3.17 shows normalized single cell information plots for two
simulations in which the training stimuli were constructed with p set to either 1 or 2 shapes for
each of n = 3 facial features, eyes, mouth, and outline. Each plot shows the information carried
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Figure 3.18: Results of simulations in which VisNet was trained on facial stimuli that were constructed by varying the
number of possible shapes of the eyes as shown in Figure 3.6, and tested on facial feature stimuli that were constructed
by extracting just the eyes of novel faces as shown in Figure 3.7. The plot shows how, as the network is exposed to more
shapes of eyes during training, many cells start to exhibit shape invariant selectivity to the eyes.

by all of the 3rd layer neurons about a specific shape of one of the three facial features, where
the neurons are plotted in rank order along the abscissa. The maximum amount of information
possible for the simulations is log2(n× p), that is 1.6 or 2.6 bits for p = 1 or 2 respectively. The
result shows that the number of cells that learned to carry maximum single cell information
increased as p was increased from 1 to 2. Thus, for the higher value of p = 2, neurons learned
to be more selectively tuned to a specific facial feature shape, which was due to statistical
decoupling between different shaped features across multiple faces.

Shape invariant facial feature representations At the same time, I hypothesized that as
p increases, then CT learning will begin to bind together the different shapes of a particular
facial feature leading to different subset of neurons that respond to all possible shapes of that
feature. In particular, if the network is exposed to many different shapes of eyes covering a near
continuum of gradually changing eyes, then the CT learning mechanism may bind together the
different shapes of eyes onto the same subset of output cells, which would then respond to all
eyes. Something similar would occur for the other facial features such as the facial outline and
mouth. The end result of these learning mechanisms should be that as the number of shape
variations p for each facial feature increases, more cells should learn to respond selectively to
all possible shape variations of just one particular facial feature.

In order to confirm our hypothesis that CT learning was beginning to bind together the
shape variations of each particular facial feature as p increased, another series of simulations
was conducted. For each of three further simulations, the network was exposed to larger numbers
of faces where the shape of eyes was varied over 5, 10, or 30 shapes during training as shown in
Figure 3.6. Again, in order to eliminate the cells that happen to be exclusively responding to a
particular facial feature due to the topologically distributed feed-forward synaptic connectivities,
the faces were shifted across four different retinal locations during learning. After training using
the temporal trace learning rule (1.8) and (1.9) described in Section 1.3.5, the network was
tested with 50 eyes which were extracted from randomly generated faces as shown in Figure
3.7. Figure 3.18 shows the distribution of the number of cells that respond to different numbers
of the shapes of eyes. The result when the network was trained with 5 faces is plotted with a
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dotted line, the results with 10 faces is plotted with a dashed line, and the results with 30 faces
is plotted with a solid line. It can be seen that over the three simulations, for larger values
of p, the number of cells that have learned to respond to most of the shape variations of eyes
increases. This confirms that as the number of shape variations of a particular facial feature
increases, CT learning binds together these shape variations to produce neurons that respond
selectively to one particular facial feature over all possible shapes.

In conclusion, the above simulations show how the network is able to develop neurons that
respond to just one particular shape of a facial feature, or particular combinations of facial
features, through the statistical decoupling that occurs between facial features when the network
is presented with many different faces during training. Moreover, I showed how some neurons
may learn to respond invariantly to all the different shape variations of a particular facial feature
through continuous transformation (CT) learning when the number of feature shape variations
across different faces is large.

Given these representations of individual facial features within the visual hierarchy, I conjec-
tured that neurons in higher layers would start to process these representations and consequently
develop various other related response properties. In particular, representations of individual
shapes of local facial features could contribute to the development of representations of the
spatial relationships between these facial features (Freiwald et al., 2009) as well as the global
properties of faces such as identity and expression (Hasselmo et al., 1989a; Morin et al., 2014).
At the same time, a collection of shape invariant representations of individual facial features
may contribute to the development of global representations of whole faces.

3.4.2 Study 2: The representation of spatial relationships between facial
features with monotonic tuning curves

3.4.2.1 a. Simulation results of VisNet

Freiwald et al. (2009) showed that some neurons in the middle face patch of the primate visual
system encoded the spatial relationships between facial features, such as the distance between
the eyes, with monotonic tuning profiles. We, therefore, tested whether such neurons had
developed in VisNet during the initial training on 450 realistic human faces as shown in Figure
3.10 and 150 non-face objects as shown in Figure 3.11. For this purpose, a set of test face
stimuli, in which the geometrical parameters of the facial features were systematically varied to
be comparable with the physiological study conducted by Freiwald et al. (2009), was constructed.
In particular, the dimensions of inter-eye distance, eye-brow angle, eye-height, and mouth shape
were varied as shown in Figure 3.19. For each such dimension of spatial variation, faces with five
different identities were used. And for each facial identity, ten face images were constructed by
sampling ten different, evenly-spaced feature values of the relevant dimension. The ten selected
feature values spanned the entire range of realistic values for that dimension. These face stimuli
were presented to VisNet during testing, and the firing rate of each neuron in the network was
recorded.

Figure 3.20 shows eight example neurons (a-h) found in the 4th layer of VisNet which
represent different spatial relationships between facial features with monotonic tuning profiles.
Neurons a and b encode inter-eye distance, neurons c and d encode eyebrow angle, neurons e
and f encode eye height, and neurons g and h encode mouth shape. Visual inspection of the
firing rate responses across the 4th layer confirmed that many neurons had developed monotonic
tuning responses to variation in these four spatial relationships between facial features.
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Figure 3.19: Examples of face stimuli used to test VisNet for the presence of neurons that had learned to represent the
spatial relationships between facial features with monotonic tuning curves. Four different spatial relationships between
facial features were varied during testing: inter-eye distance, eye-brow angle, eye-height and mouth shape.
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Figure 3.20: Firing rate responses of eight example neurons found in the 4th layer of VisNet which represent different spatial
relationships between facial features with monotonic tuning profiles. The network was tested on the face stimuli shown in
Figure 3.19. Each row shows the responses of a different neuron (a-h), while each column corresponds to a different kind
of spatial relationship: inter-eye distance, eyebrow angle, eye height and mouth shape. The individual subplots show the
firing rate responses of the neuron as the corresponding spatial relationship is varied across ten selected feature values. It is
evident that the cells are tuned monotonically to different spatial relationships between the facial features: (a,b) inter-eye
distance, (c,d) eyebrow angle, (e,f) eye height, and (g,h) mouth shape.
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3.4.2.2 b. Simulation results of the simplified network model with one layer of
synapses

In order to carry out a deeper investigation into the learning mechanisms by which neurons could
develop monotonic tuning responses encoding the spatial relationships between facial features,
further simulations in a simplified neural network architecture with one layer of synapses were
carried out as described in Section 3.3.1.2 and shown in Figure 3.8. The network was trained and
tested on 1-dimensional Gaussian input patterns, which provided an idealised representation of
a 1-dimensional facial feature space such as the distance between the eyes. During training,
a Gaussian packet of activity is imposed at a series of randomly selected locations on the
input layer. At each location of the Gaussian input packet, activity is propagated to the output
neurons, and then the synaptic weights are modified using a local associative (Hebbian) learning
rule with synaptic weight vector normalisation as described in Section 3.3.1.2. The sigma value
that controls the width of the Gaussian input packet, σ, was set to 10 unless otherwise stated.
During the testing, the location of the Gaussian packet was moved from neurons 1 to 100
across the input layer, and the firing responses of the output neurons were recorded for each
location. This abstracted neural network model allowed a more controlled investigation of the
learning mechanisms responsible for the development of monotonically tuned responses among
the output cells.

Figure 3.21 shows the development of monotonic tuning responses in the simplified network
model with one layer of synapses. The figure shows results for three different simulations:
(i) network trained with circularly arranged input neurons with wrap-around (top row), (ii)
network trained with linearly arranged input neurons with no wrap-around (divisive inhibition)
(middle row), and (iii) network trained with linearly arranged input neurons with no wrap-
around (combined lateral inhibition and excitation) (bottom row). The columns show the
following: (a) the width, σ, of the Gaussian activity packet imposed on the input layer during
training and testing, (b) matrix of synaptic weights from input neurons to output neurons, (c)
matrix showing activations of output neurons as a Gaussian activity packet is shifted through
successive locations on the input layer, and (d) matrix showing firing rates of output neurons as
a Gaussian activity packet is shifted through the input layer. The plots show that, regardless
of the type of competition implemented, the trained networks with linearly arranged input
neurons with no wrap-around (middle and bottom rows) have developed output neurons with
monotonic tuning responses to the location of the Gaussian activity packet in the input layer.
On the other hand, output neurons did not show monotonic responses in the network trained
with circularly arranged input neurons with wrap-around. In such a circular network there are
no such end effects on learning, which are needed to drive the development of output neurons
with monotonically tuned responses.

Figure 3.22 shows further results for the three simulations shown in Figure 3.21. For each of
these simulations, Figure 3.22 shows the behaviour of twelve typical output neurons in separate
subplots. In particular, those cells are the cells indexed with 1, 10, 19, 28, 37, 46, 55, 64, 73,
82, 91, and 100 in the output layer. Each subplot shows how the activation and firing rate
of the neuron vary as a Gaussian activity packet is shifted through the input layer. Figure
3.22 confirms that regardless of the type of competition, the trained network with linearly
arranged input neurons with no wrap-around displays output neurons with responses that are
monotonically tuned to the location of the Gaussian activity packet in the input layer. Moreover,
some output neurons respond maximally when the Gaussian activity packet is presented at the
left end of the input feature space, and their responses decline monotonically as the packet
is shifted to the right. While other output neurons respond maximally when the Gaussian
activity packet is presented at the right end of the input feature space, and their responses
decline monotonically as the packet is shifted to the left (Figure 3.22(b,c)). This demonstrates
that the network develops either monotonically increasing or decreasing responses along the
feature space as was reported by Freiwald et al. (2009). However, output neurons failed to
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Figure 3.21: Simulation results investigating the development of monotonic tuning responses in the simplified network
model with one layer of synapses as described in Section 3.3.1.2. The current location in the feature space is represented
by the position of a Gaussian packet of activity imposed on the 1-dimensional layer of 100 input neurons. The results for
three different simulations are shown in separate rows. Top row: network trained with circularly arranged input neurons
with wrap-around. Middle row: network trained with linearly arranged input neurons with no wrap-around (divisive
competition). Bottom row: network trained with linearly arranged input neurons with no wrap-around (combined lateral
inhibition and excitation). The columns show the following: (a) the width, σ, of the Gaussian activity packet imposed
on the input layer during training and testing, (b) matrix of synaptic weights from input neurons (ordinate) to output
neurons (abscissa), (c) matrix showing activations of output neurons (abscissa) as a Gaussian activity packet is shifted
through successive locations on the input layer (ordinate), and (d) matrix showing firing rates of output neurons (abscissa)
as a Gaussian activity packet is shifted through the input layer (ordinate). Inspection of these plots shows that the trained
networks with linearly arranged input neurons with no wrap-around (middle and bottom rows) have developed output
neurons with monotonic tuning responses to the location of the Gaussian activity packet in the input layer regardless of
the type of competition. However, output neurons did not show monotonic responses in the network trained with circularly
arranged input neurons with wrap-around (top row).

show monotonic responses in the network trained with circularly arranged input neurons with
wrap-around. Instead, the output neurons in the circular network developed peaked responses
(Figure 3.22(a)).

These results are consistent with our original hypothesis described in Section 3.2. The key
aspect of this network architecture that drives the development of monotonic tuning curves
in the output layer is what happens at the two ends of the input space during learning. In
the network trained with linearly arranged input neurons with no wrap-around, only part (e.g.
half) of the input packet is represented at each end. In this case, the output neurons that learn
to respond to the end locations develop relatively large synaptic weights. This is due to these
output neurons becoming more tightly tuned to a smaller (end) region of the input layer by
associative learning, but with the magnitudes of their synaptic weight vectors still renormalised
over this smaller input region. If the widths of the input activity packets are relatively broad,
then the same neurons continue to win the competition and respond when the input packet is
shifted to a more central location within the input layer. However, as the input packet shifts
away from the ends of the input layer, the responses of these neurons will decline monotonically.
Different sub-populations of neurons will learn to respond to the two ends of the input layer,
with each sub-population reducing its responses monotonically as the input packet shifts away
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Figure 3.22: Simulation results investigating the development of monotonic tuning responses in the simplified network
model with one layer of synapses as described in Section 3.3.1.2. The results for three different simulations are shown in
separate blocks. Block a: network trained with circularly arranged input neurons with wrap-around. Block b: network
trained with linearly arranged input neurons with no wrap-around (divisive competition). Block c: network trained with
linearly arranged input neurons with no wrap-around (combined lateral inhibition and excitation). For each of the three
simulations, the behaviour of twelve typical output neurons is shown in separate subplots. Each subplot shows how the
activation (blue) and firing rate (green) of the neuron (ordinate) vary as a Gaussian activity packet is shifted through
successive locations on the input layer (abscissa). It is evident that regardless of the type of competition implemented, the
trained networks with linearly arranged input neurons with no wrap-around (block b and c) have developed output neurons
with monotonic tuning responses to the location of the Gaussian activity packet in the input layer. However, this was not
the case for output neurons in the network trained with circularly arranged input neurons with wrap-around (block a).



CHAPTER 3. FACIAL REPRESENTATIONS 95

0 50 100

0

0.5

1

si
g

m
a

 =
2

 

output neuron index

in
p

u
t 

n
e

u
ro

n
 in

d
e

x

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

0 50 100

0

0.5

1

si
g

m
a

 =
 5

output neuron index

in
p

u
t 

n
e

u
ro

n
 in

d
e

x

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

0 50 100

0

0.5

1

si
g

m
a

 =
 1

0

output neuron index

in
p

u
t 

n
e

u
ro

n
 in

d
e

x

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

0 50 100

0

0.5

1

si
g

m
a

 =
 2

0

output neuron index

in
p

u
t 

n
e

u
ro

n
 in

d
e

x

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

(b) Weight Matrix (c) Activation Matrix (d) Firing Rate Matrix(a) Input Width

Figure 3.23: Simulation results investigating the development of monotonic tuning responses after training in the simplified
network model with one layer of synapses. These simulations implemented divisive inhibition. Four simulations were run
with different widths, σ, for the Gaussian packet of activity imposed on the 1-dimensional layer of 100 input neurons. The
results for the four different simulations are shown in separate rows with σ set to 2, 5, 10 and 20 neurons. The columns
follow the same conventions as in 3.21 and show the following: (a) the width of the Gaussian input packet, (b) synaptic
weight matrix, (c) activation matrix, and (d) firing rate matrix. It can be seen that for a relatively small value of sigma
equal to 2, the output neurons do not develop monotonic tuning responses. However, for a large value of σ = 20 neurons,
the output neurons do display monotonic tuning profiles after training. Thus, the output neurons gradually switch to
monotonic tuning curves with increases in the width, σ, of the Gaussian input packet.

from its preferred end location.
I also explored how varying the standard deviation σ that determine the width of the

Gaussian activity packet imposed on the input layer affected the development of monotonic
neuronal responses in the output layer. Figures 3.23 and 3.24 show the results of four simulations
with divisive inhibition, where each simulation used a different value of σ set to 2, 5, 10, and 20,
respectively. It can be seen that for a relatively small value of σ equal to 2, the output neurons
do not develop monotonic tuning responses (Figure 3.23 (top row) and 3.24(a)). However,
when σ is increased to 20, then the output neurons do develop monotonically tuned profiles
after training (Figure 3.23 (bottom row) and 3.24(d)). Simulation results for σ equal to 5 or 10
show intermediate output behaviours. These results show that the output neurons gradually
transition to developing monotonic responses as the standard deviation σ that determine the
width of the Gaussian input packet increases. Thus, the width of the input packet needs to be
reasonably large with respect to the size of the input space in order to drive the development
of monotonically tuned output neurons.
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Figure 3.24: Simulation results investigating the development of monotonic tuning responses after training in the simplified
network model with one layer of synapses. These simulations implemented divisive inhibition. Four simulations were run
with different widths, σ, for the Gaussian packet of activity imposed on the 1-dimensional input layer. The results for the
four different simulations are shown in separate blocks: (a) σ = 2 neurons, (b) σ = 5 neurons, (c) σ = 10 neurons, and
(d) σ = 20 neurons. For each of the four simulations, the behaviour of twelve typical output neurons is shown in separate
subplots. Each subplot shows how the activation (blue) and firing rate (green) of the neuron (ordinate) vary as a Gaussian
activity packet is shifted through successive locations on the input layer (abscissa). It is evident that the output neurons
gradually transition to developing monotonic responses as the width, σ, of the Gaussian input packet increases.

The above simulations showed how output neurons may develop monotonic tuning profiles
when the network with divisive inhibition is trained with the input activity packet presented
across all locations in the input feature space. However, Freiwald et al. (2009) showed that
neurons in the middle face patch of the primate visual system maintained their monotonic
tuning curves even when the monkey was presented with cartoon faces with unrealistically
extreme spatial variations between the facial features, such as unrealistically large inter-eye
distances, that could not have been encountered during prior visual experience. Accordingly,
our next question was whether our model still develop output neurons that are monotonically
tuned over the entire input feature space, including the extremal locations, if the model was
trained with the input activity packet presented within only a limited central sub-region of
the input feature space. Figures 3.25 and 3.26 show the results of three simulations in which
the Gaussian activity packet was shifted over different sized central intervals, 25%, 50% and
75%, of the input layer during training. It can be seen that monotonic response curves still
develop in the output layer when the input activity packet is presented within only 75 % or 50
% of the input feature space during training. Both of these two simulations still allow for some
degree of truncation of the Gaussian activity packet at the two ends of the input layer, which is
required for the development of monotonic tuning profiles in the output layer according to the
hypothesis described in Section 3.2. These results thus confirm that the training set does not
have to cover entire input space in order for the output neurons to develop monotonic tuning
curves. This, in turn, offers an explanation for the experimental findings of Freiwald et al.
(2009) that neurons in the monkey brain maintain their monotonic tuning curves even when
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Figure 3.25: Simulation results investigating the development of monotonic tuning responses after training in the simplified
network model with one layer of synapses. These simulations implemented divisive inhibition. Three simulations were run
in which the Gaussian activity packet was shifted over different sized intervals of the input layer during training. The
results for the three simulations are shown in separate rows. Top row: Gaussian activity packet is shifted during training
over 75% of the input layer. Middle row: Gaussian activity packet is shifted over 50% of the input layer. Bottom row:
Gaussian activity packet is shifted over 25% of the input layer. However, after training, the network is tested with the
Gaussian activity packet presented at all locations on the input layer. The columns follow the same conventions as in
Fig. 3.21 and show the following: (a) the width of the Gaussian input packet, (b) synaptic weight matrix, (c) activation
matrix, and (d) firing rate matrix. It can be seen that the output neurons develop monotonic tuning when the Gaussian
activity packet is shifted over 50% of the input layer during training (top and second row). However, as the Gaussian
activity packet is shifted through less of the input layer during training, the output neurons gradually lose their monotonic
responses.

presented with unrealistically extreme spatial variations between the facial features.
Lastly, I ran simulations to test whether the truncation of the Gaussian activity packet at

the ends of the input layer during training played a key role in driving the development of
monotonically tuned output neurons, as hypothesised in Section 3.2. In these simulations of
the simplified network, the input layer was extended to include 100 extra neurons on either side
of the 100 original input neurons, which gave a total of 300 input neurons. However, during
training, the Gaussian activity packet was still presented only within the interval covering the
original 100 input neurons. The inclusion of the extra 100 input neurons on either side of
the original central region ensured that the Gaussian activity packet was not truncated at the
original end locations. This should, according to our hypothesis described in Section 3.2, reduce
the development of monotonic tuning profiles in the output layer. The result shown in Figure
3.27 support the hypothesis. In particular, some of the output neurons began to develop non-
monotonic peaked (Gaussian) tuning responses as the end effects due to truncated Gaussian
input packets broke down as the input layer was extended.

In conclusion, the above simulations show how the network is able to develop neurons that
encode spatial relationships between facial features, such as the distance between the eyes, with
monotonic tuning curves as reported in physiology (Freiwald et al., 2009). I proposed and
provided evidence of the possible developmental mechanism of such cells, which is a result of
competitive learning on the afferent connections into that cortical area when individual neurons
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Figure 3.26: Simulation results investigating the development of monotonic tuning responses after training in the simplified
network model with one layer of synapses. These simulations implemented divisive inhibition. Three simulations were run
in which the Gaussian activity packet was shifted over different sized intervals of the input layer during training. Three
simulations were run in which the Gaussian activity packet was shifted over different sized intervals of the input layer
during training. The results for the three simulations are shown in separate blocks: (a) Gaussian activity packet is shifted
during training over 75% of the input layer, (b) Gaussian activity packet is shifted over 50% of the input layer, (c) Gaussian
activity packet is shifted over 25% of the input layer. After training, the network is tested with the Gaussian activity packet
presented at all locations on the input layer. For each of the three simulations, the behaviour of twelve typical output
neurons is shown in separate subplots. Each subplot shows how the activation (blue) and firing rate (green) of the neuron
(ordinate) vary as a Gaussian activity packet is shifted through successive locations on the input layer (abscissa). It is
evident that the output neurons display monotonic tuning when the Gaussian activity packet has been shifted over 50%
of the input layer during training. However, the output neurons gradually lose their monotonic tuning as the Gaussian
activity packet is shifted through a smaller interval of the input layer during training.
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Figure 3.27: Simulation results investigating the development of monotonic tuning responses after training in the simplified
network model with one layer of synapses. These simulations implemented divisive inhibition. In this simulation, the input
layer was extended to include 100 extra neurons on either side of the 100 original input neurons to ensure that the Gaussian
activity packet was not truncated at the original end locations. The columns follow the same conventions as in Fig. 3.21
and show the following: (a) the width of the Gaussian input packet, (b) synaptic weight matrix, (c) activation matrix,
and (d) firing rate matrix. (e) In addition, the behaviour of twelve typical output neurons was shown in separate subplots.
Each subplot shows how the activation (blue) and firing rate (green) of the neuron (ordinate) vary as a Gaussian activity
packet is shifted through successive locations on the input layer (abscissa). It can be seen that some of the neurons show
non-monotonic peaked (Gaussian) tuning profiles.

receive connections from a physically localised region of the preceding area leading to end effects.

3.4.3 Study 3: The representation of global facial attributes such as facial
identity and expression

3.4.3.1 a. Simulation Results of VisNet

Neurophysiology studies have demonstrated the existence of separate clusters of neurons in
the primate visual system that encode either facial identity or facial expression (Hasselmo
et al., 1989a; Perrett et al., 1992; Morin et al., 2014). The question is how such cell response
properties could develop. When Tromans et al. (2011) trained VisNet on cartoon faces of varying
identity and expression, the network successfully developed separate clusters of neurons that
encoded either facial identity or expression. However, when Tromans (2012) trained VisNet on
a continuum of realistic faces generated using FaceGen, the network failed to develop separate
representations of facial identity and expression. I hypothesised in Section 3.2 that this problem
can be remedied by training VisNet on a more realistic, reduced set of face images, with only a
limited number of different combinations of facial identity and expression. Another limitation
of the study of Tromans et al. (2011) was that VisNet was trained on cartoon images of faces
in which facial identity and expression were artificially represented by different facial features.
I hypothesised in Section 3.2 that VisNet should still form neurons that respond to either facial
identity or expression when the network is trained on more realistic faces where facial identity
and expression may be represented by common facial features.

I tested whether neurons that responded selectively to either facial identity or expression had
developed in VisNet during the initial training on 450 realistic human faces as shown in Figure
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Figure 3.28: The face stimuli used to test VisNet for the existence of neurons that respond selectively to either facial
identity or expression. A 1-dimensional space of 20 different facial identities, which varied gradually from one Identity A
to another Identity B, was constructed. Each of these identities was then varied over a 1-dimensional space of 20 different
expressions from Sad to Happy. This produced a matrix of 400 face stimuli constructed from 20 identities × 20 expressions.

3.10 and 150 non-face objects as shown in Figure 3.11. For this purpose, a new test set of realistic
face stimuli using FaceGen was constructed as follows. A 1-dimensional space of 20 different
facial identities, which varied gradually from an extreme Identity A to another extreme Identity
B, was first created. Then each of these identities was varied over a 1-dimensional space of 20
different expressions from Sad to Happy. This resulted in a set of 400 face stimuli constructed
from 20 identities × 20 expressions as shown in Figure 3.28. The trained network was tested
on each face stimulus in the set, and the firing-rates of all neurons in the model were recorded.

Figure 3.29 shows the firing rate responses of typical neurons in the 4th layer of VisNet
when tested on the facial stimuli representing combinations of identity and expression shown
in Figure 3.28. Results are shown before and after training on the 450 realistic human faces
shown in Figure 3.10 and 150 non-face objects shown in Figure 3.11. The individual plots in
Figure 3.29 show how the firing rate of each neuron varies with facial identity and expression.
Before training, the neuronal responses do not depend in a structured way on facial identity and
expression (Figure 3.29(a)). However, after training, individual neurons have learned to respond
selectively to localised regions of either the space of identities or space of expressions (Figure
3.29(b)). The first (top) row in Figure 3.29(b) shows neurons that have learned to respond
to expressions near the right of the expression space bounded by Sad, while other neurons in
the second row have learned to respond to expressions near the left of the expression space
bounded by Happy. In contrast, the third row shows neurons that have learned to respond to
identities on the top of the identity space bounded by Identity A, while other neurons in the
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Figure 3.29: Firing rate responses of typical neurons in VisNet when tested on the facial stimuli representing combinations
of identity and expression shown in Figure 3.28. Results are shown before training (a) and after training (b). Each row
shows a different block of eight neurons in the 4th layer of the network. For each neuron, its firing rate as a function of facial
expression (abscissa) and identity (ordinate) is plotted, with high firing denoted by black. Before training, the neuronal
responses are quite unstructured with respect to facial identity and expression. However, after training, individual neurons
respond selectively to localised regions of either the space of identities or space of expressions.

fourth (bottom) row have learned to respond to identities on the bottom of the identity space
bounded by Identity B.

It can be seen that training VisNet has produced neurons that respond selectively to either
particular identities or expressions. Furthermore, very interestingly, it can be seen that individ-
ual neurons have monotonic responses to the particular global feature dimension, i.e. identity or
expression, which the neuron is tuned to. This is reminiscent of the neurons shown above in the
study 2 in Section 3.4.2, which represent the spatial relationships between facial features with
monotonic tuning curves. The question is could there be an underlying connection between
these two kinds of neuron. This idea is further explored below. Figure 3.29 also shows that
neurons that represent specific identities tend to be clustered close together, and the same is
true for neurons that encode particular expressions. This is due to a combination of short range
excitation and long range inhibition, effecting a self-organising map (SOM), within each layer
of VisNet.

Figure 3.30 shows the results of analysing the amount of single and multiple cell information
carried by 4th layer neurons in VisNet about facial identity and expression before and after
training (Section 1.5.2). The left column of Figure 3.30 shows the amount of information about
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Figure 3.30: Analysis of the amount of single and multiple cell information carried by 4th layer neurons in VisNet about
facial identity and expression before and after training. The left column shows the results of analysing the amount of single
cell information (a) and multiple cell information (c) about identity conveyed by fourth layer cells before and after training.
(a) shows the amount of single cell information carried by output cells plotted in rank order. The dotted line represents the
untrained network while the solid line represents the trained network. This analysis involved quantising the identity space
into five separate contiguous blocks. The maximal amount of information possible in this case is log2(5) = 2.32 bits. The
right column shows equivalent results of analysing the amount of single cell information (b) and multiple cell information
(d) about expression conveyed by fourth layer cells before and after training. This analysis similarly involved quantising
the expression space into five separate contiguous blocks. The maximal amount of information possible is again 2.32 bits.
It is evident that training has significantly increased the amount of single and multiple cell information carried by 4th layer
neurons about both facial identity and expression.

identity conveyed by fourth layer cells. This analysis involved quantising the identity space into
five separate contiguous blocks. The maximal amount of information possible in this case is
log2(5) = 2.32 bits. The right column of Figure 3.30 shows equivalent results for the amount of
information conveyed by fourth layer cells about expression. It can be seen that training has
led to a substantial increase in the amount of single and multiple cell information about both
facial identity and expression. Thus, information analysis confirms the enhanced selectivity of
neurons for either identity or expression after the training. More than 100 neurons carry 1.5 bits
or above of single cell information for facial identity, and around 100 cells carry 1 bit or above
of single cell information for expression. This is consistent with the monotonic tuning curves
shown in Figure 3.29. Such neurons respond to a localised region at one end of their preferred
feature space, e.g. responding to Happy faces but not Sad faces. Such neuronal responses will
carry at least 1 bit or more of information about the neuron’s preferred feature space, i.e.
identity or expression. However, different neurons have monotonic tuning curves with different
slopes. This means that the distributed representation across a population of such neurons
should still be sufficient to specify the exact identity or expression of a face stimulus. The
reason why neurons were found to encode more information about identity than expression in
our simulations might be related to the fact that with a set of realistic faces, such as the Ekman
set (Friesen and Ekman, 1976), a pixel wise variation in identity tends to be greater than the
variation in expression (Calder et al., 2001) so enabling easier discrimination for identity.

I next investigated what facial features, such as eyes, nose, and mouth, the different kinds
of 4th layer neurons were responding to. This was done by tracing the connections that had
been strengthened by learning from the 4th layer neurons back to the input Gabor input filters
(see Section 1.5.3). Figure 3.31 shows the Gabor filters that have strong connectivity through
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(a) Happy face selective cell - Cell(63, 70)  (b) Sad face selective cell - Cell(81, 62)  

(c) Identity A selective cell - Cell(124, 29)  (d) Identity B selective cell - Cell(114, 83)  
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Figure 3.31: The input Gabor filters that have strong connectivity through the network to example 4th layer neurons in
VisNet which are tuned to four global attributes: Happy (top left), Sad (top right), Identity A (bottom left), and Identity
B (bottom right). Each of these four subplots shows the Gabor filters with strong connectivity to that neuron (left) and
the neuron’s firing rate responses to the facial stimuli representing combinations of identity and expression shown in Figure
3.28.

the network to example 4th layer neurons in VisNet which are individually tuned to one of
four global attributes: Happy, Sad, Identity A, and Identity B. Each of the four corresponding
subplots shows the Gabor filters with strong connectivity to that neuron as well as the neuron’s
firing rate responses to the facial stimuli representing combinations of identity and expression
shown in Figure 3.28. It can be seen that the neuron tuned to Happy faces receives strong
connectivity from Gabor filters representing the mouth. On the other hand, the neuron tuned
to Sad faces receives strong connectivity from Gabor filters representing the eyes and eyebrows.
Interestingly, the two neurons that differentiated between Identity A and Identity B received
strong connectivity from Gabor filters representing the facial outline.

The above results indicate that there might be a relationship between neurons that represent
particular global attributes, such as Happy, Sad, Identity A, and Identity B, and the kind of
neurons discussed in the study 2 in Section 3.4.2 that encode the spatial relationships between
local facial features such as the eyes, nose, and mouth with monotonic tuning curves. In fact,
it could be that these apparently two different kinds of neuronal response characteristic is
displayed by the same neurons. In other words, I wonder if the neuron that appears to respond
to a global attribute such as Sad is simply responding to a particular spatial relationship between
local facial features with a monotonic tuning curve.

To investigate this possibility, the four example cells shown in Figure 3.31, which represent
particular global attributes such as Happy, Sad, Identity A, and Identity B, were taken to apply
the same analysis that was used in Study 2 for Figure 3.20 with the test faces shown in Figure
3.19. These results are shown in Figure 3.32, which shows how the firing rate responses of the
four neurons vary with the spatial relationships between facial features. Each row shows the
responses of a different neuron, while each column corresponds to a different kind of spatial
relationship: inter-eye distance, eyebrow angle, eye height and mouth shape. The individual
subplots show the firing rate responses of the neuron as the corresponding spatial relationship is
varied across ten selected feature values. It can be seen that some neurons responding to global
attributes such as Sad and Identity A have monotonic tuning to particular spatial relationships
between local facial features. For example, the cells that encode the facial expressions Happy
and Sad essentially encode the shape of the mouth. While the cell tuned to Identity A encodes
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Figure 3.32: How the firing rate responses of four example neurons in the 4th layer of VisNet, which respond selectively to
global attributes such as sad, happy, Identity A, and Identity B, depend on variation in the spatial relationships between
facial features. Each row shows the responses of a different neuron, while each column corresponds to a different kind of
spatial relationship: inter-eye distance, eyebrow angle, eye height and mouth shape. The individual subplots show the
firing rate responses of the neuron as the corresponding spatial relationship is varied across ten selected feature values. It is
evident that some neurons responding to global attributes such as sad and Identity A have monotonic tuning to particular
spatial relationships between local facial features.

the eyebrow angle. The cell tuned to Identity B does not show a strong correlation to any
of the four dimensions tested, but it is quite possible that this cell encodes a different spatial
relationship between facial features that is not shown here. These results strongly support the
notion that a neuron that appears to respond to a global attribute is simply responding to
a particular spatial relationship between local facial features with a monotonic tuning curve.
Thus, these two kinds of neuron may in fact be the same, with neurons encoding different
global attributes simply representing different spatial relationships between local features with
monotonic tuning curves or particular combinations of them.

Additional Study: the Representation of Six Basic Expressions So far in this chapter,
VisNet has been trained on only two different facial expressions, happy and sad, including
intermediate expressions. This leaves open the question of whether VisNet could learn to
recognise a larger number of different expressions. This question is in part motivated by a
recent study by Sormaz et al. (2016), which has shown that the perceptual similarity of five
expressions (happy, sad, angry, disgust, and fear) could be predicted from the patterns of neural
response in the STS.

To address this question, an additional VisNet study where the network was trained on a
set of 100 randomly generated facial identities for each one of six basic expressions (Happy, Sad,
Anger, Disgust, Fear and Surprise) was conducted. Then, the network was tested on a new set
of randomly generated face stimuli for each of the 6 facial expressions. Specifically, for each
expression, 10 different random facial identities were created in order to test whether the network
representation of facial expression could generalise across the different facial identities. Figure
3.33 shows the results of the simulation. Each subplot in the top row shows the average responses
of 10 cells, which are identified to carry the highest single cell information for a particular facial
expression, to ten different randomly generated facial identities with that expression.

Although these results do not show perfect performance, it can be seen that the neurons
shown in each subplot do respond more to faces with their preferred expression. The subplots
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Figure 3.33: Results of the additional VisNet study where the network was trained on a set of 100 randomly generated
facial identities for each one of six basic expressions: happy, sad, angry, disgust, fear, and surprise. The network was
tested on face stimuli with the same six expressions. For each expression, 10 different randomly generated facial identities
were created in order to test whether the network representation of facial expression could generalise across the different
facial identities. Each subplot in the top row shows the average firing rate of the ten 4th layer neurons that carry the
most information about one of the six expressions, with the neurons encoding each expression shown in a separate column.
Each subplot shows the average responses of the ten neurons to ten different randomly generated facial identities with that
particular expression. The subplots in the middle row show the average inputs from the gabor filters that are most strongly
connected to the ten output cells that represent each expression shown in the top row. The images in the bottom show
examples of the randomised face stimuli with the corrsponding facial expression used to test the network.

in the middle row show the gabor filters that are most strongly connected to the ten output
cells in the top row that represent each expression. It can be seen that the Happy neurons
(first column) are receiving strong connections from gabor filters representing the shape of the
mouth, while the Anger neurons (third column) are receiving strong connections from a dif-
ferent part of the mouth. The Sad neurons (second column) are receiving strong inputs from
gabor filters representing the shape of the eyes, while Fear neurons (fifth column) and Surprise
neurons (sixth column) receive strong inputs from different parts of the eyebrows.

3.4.3.2 b. Learning mechanisms by which the network may form distinct repre-
sentations of global facial attributes such as identity and expression : One
layer network simulations

The question is how the network can develop separate output representations of different global
facial attributes such as identity and expression if these attributes are always seen together at the
same time. Moreover, I wonder how the same retinal input neurons are used to encode the two
global attributes simultaneously. Somehow, through a hierarchical series of neuronal layers, the
primate visual system must use competitive learning to separate these global attributes, which
are initially encoded by overlapping sets of retinal input neurons, onto distinct populations of
output cells.

In order to explore the mechanisms by which this transformation might take place, I ran
simulations of an idealised one-layer competitive neural network as described in Section 3.3.1.2,
but now with two 1-dimensional input spaces. One of the input spaces could be considered
as encoding facial identity, while the other input space encoded facial expression. Each input
space was represented by a 1-dimensional row of 100 neurons.

In some simulations the two input spaces were completely orthogonal to each other in that
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they shared no input neurons. In this case, there was a total of 200 input neurons. On the other
hand in other simulations, the two input spaces shared some neurons. In the case of completely
overlapping input spaces the network contained a total of 100 input neurons, with these neurons
ordered differently within the two spaces. The location of a face in each of these two spaces was
encoded by the position of a Gaussian activity packet within that input space. The standard
deviation σ governing the width of the Gaussian activity packets in both input layers was was
set to 10 in all simulations.

At each timestep during training, an input stimulus was defined by Gaussian activity packets
presented at random locations within each of the two input layers. In simulations with dependent
motion, the two input spaces were fully statistically linked in that the Gaussian activity packets
always occurred at corresponding locations in the two spaces. In simulations with independent
motion, the two input spaces were statistically independent in that the locations of the Gaussian
packets in the two spaces were entirely independent of each other.

The activities of the input neurons were fed through the feedforward synaptic connections
to drive the responses of 100 neurons in the output layer. Combined lateral inhibition and
excitation was implemented between neurons in the output layer in order to effect competition.
During training, the feedforward synaptic weights were then modified using a local associative
(hebbian) learning rule with synaptic weight vector normalisation as described in Section 3.3.1.2.

I explored how the output representations that developed in the network though learning
were affected by (i) the degree of statistical independence between the two spaces during train-
ing, i.e. whether identity and expression varied independently of each other over the stimulus
training set, and (ii) the degree of overlap between the input neurons encoding the two spaces,
i.e. how many neurons the two input spaces had in common.

After training, the learned response behaviours of the output neurons were analysed using
two methods. In the first method, the position of the Gaussian activity packet in one of the
input spaces was systematically shifted through neurons 1 to 100, while the position of the
Gaussian packet in the other input space remain fixed at the centre of that space. In the second
method, Gaussian activity packets were presented at all 100 × 100 combinations of positions
within the two input spaces, and the firing rate response table of each output cell was recorded
for comparison with the results of the VisNet simulation reported in Figure 3.29.

Figure 3.34 shows how the dependent motion of Gaussian activity packets in two input layers
during training affects the learned response properties of output neurons. In this simulation
there was no overlap between the two input spaces. The top six subplots show the results of
the first method of analysis. The three columns show the (a) weight matrix, (b) activation
matrix, and (c) firing rate matrix of the population of output neurons. With dependent motion
of the activity packets in the two input layers during training, the firing rate maps of the output
neurons in response to the two input spaces largely overlap. Thus, the output neurons failed to
develop separate representations of the two input spaces. The four subplots in the bottom row
(d) show the second method of analysis. Each of the four subplots in the bottom row shows
the firing rate responses for a different output neuron. Individual output neurons learned to
respond to particular combinations of locations in the two input spaces that occurred together
during training. Thus, these neurons had not learned to respond selectively to just one or other
of the two input spaces.

Figure 3.35 shows how the independent motion of Gaussian activity packets in two input
layers during training affects the learned response properties of output neurons. In this simula-
tion there was again no overlap between the two input spaces. It can be seen in (a), (b) and (c)
that the output neurons have developed separate representations of the two input spaces, with
individual neurons responding to just one of the input spaces. In particular, the four output
neurons shown in (d) each learned to respond selectively to a localised end region of one of the
input spaces. For example, cell 82 shown in the first column of Figure 3.35(d) responds selec-
tively to the right side of input space B regardless of where an activity pattern occurs in input
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Figure 3.34: Simulation of a one-layer competitive network showing how the dependent motion of Gaussian activity packets
in two input layers during training affects the learned response properties of output neurons. In this simulation there was
no overlap between the two input spaces. The top six subplots show the results of the first method of analysis, in which
the position of the Gaussian activity packet in one of the input spaces was systematically shifted through neurons 1 to
100, while the position of the Gaussian packet in the other input space remain fixed at the centre of that space. The first
(top) row corresponds to shifting the activity packet through the first input space, while the second row corresponds to
shifting the activity packet through the second input space. The three columns show the (a) weight matrix, (b) activation
matrix, and (c) firing rate matrix of the population of output neurons. It can be seen that, with dependent motion of the
activity packets in the two input layers during training, the output neurons have failed to develop separate representations
of the two input spaces. The four subplots in the bottom row (d) show the second method of analysis, in which Gaussian
activity packets were presented at all 100× 100 combinations of positions within the two input spaces, and the firing rate
response tables of each output cell were recorded. Each of the four subplots in the bottom row shows the table of firing rate
responses for a different output neuron. It is evident that individual output neurons have learned to respond to particular
combinations of locations in the two input spaces that occurred together during training.

space A. Similarly, cell 75 presented in the third column of Figure 3.35(d) responds selectively
to the top of input space A regardless of the location of an activity pattern in input space B.
Thus, the output neurons successfully developed distinct representations of the two input spaces
when the motion of the Gaussian patterns in the two input layers was independent.

Next, the network was tested by gradually increasing the overlap of the two input spaces.
Figure 3.36 shows the results of a simulation with 50% overlap, while Figure 3.37 shows the
results of increasing the overlap to 100%. In both of these simulations, the Gaussian activity
patterns moved independently through the two input spaces during training. It was found that
even if the retinal input neurons are entirely overlapped, the output neurons still developed
separate representations of two input spaces. This effect relied on the motions of the activity
patterns in the two input spaces being independent during training.

I propose that these simulations may explain how the primate visual system develops phys-
ically separate representations of global facial attributes such as identity and expression, with
individual neurons responding selectively to a localised region of one of these spaces, even though
both attributes are encoded by the same population of retinal input neurons.
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Figure 3.35: Simulation of a one-layer competitive network showing how the independent motion of Gaussian activity
packets in two input layers during training affects the learned response properties of output neurons. In this simulation
there was no overlap between the two input spaces. Conventions as in Figure 3.34. It can be seen in (a), (b) and (c) that
the output neurons have developed separate representations of the two input spaces, with individual neurons responding to
just one of the input spaces. In particular, the four output neurons shown in (d) have each learned to respond selectively
to a localised end region of one of the input spaces.

3.5 Discussion

I presented biologically plausible neural network simulations of the visually-guided development
of facial representations in the visual brain using completely unsupervised learning mechanisms
with feed-forward visual processing. These simulations contrast with many current engineering
approaches based on the feedback of error signals from higher- to lower-levels of representation
to guide supervised learning of facial attributes such as identity and expression (Lawrence
et al., 1997; Lisetti and Rumelhart, 1998; Taigman et al., 2014). Supervised learning by back-
propagation of error (Rumelhart et al., 1986) is not a biologically plausible mechanism for
learning facial representations in the brain. Although there exist back-projections in the visual
system, it is not possible that these are carrying the kind of error signals needed by back-
propagation of error learning (Stork, 1989). Hence, the simulations reported in this chapter
represent an important theoretical advance in understanding how the visual system in the brain
learns to represent the rich spatial structure of the faces.

In this chapter, a series of simulation studies investigating how visual representations of
faces may develop in the primate visual system was conducted. In particular, VisNet was
trained with realistic human face stimuli constructed using FaceGen. As a result, it was found
that the network successfully developed various kinds of cells with response properties similar
to those reported in neurophysiological studies. To further advance our understanding of the
learning mechanisms involved, additional simulations were performed within simplified one-layer
competitive network models.

Our initial simulations with the VisNet model showed the development of neurons that
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Figure 3.36: Simulation of a one-layer competitive network showing how the independent motion of Gaussian activity
packets in two input layers during training affects the learned response properties of output neurons. In this simulation
there was a 50% overlap between the two input spaces. Conventions as in Figure 3.34. Even though there is a 50%
overlap between the two input spaces, subplots (a), (b) and (c) show that the output neurons still developed separate
representations of the two input spaces. The four output neurons shown in (d) have each learned to respond selectively to
a localised end region of one of the input spaces.

learned to respond to individual facial features such as the eyes and mouth, as well as combi-
nations of these features, as has been reported in single cell recordings in the macaque brain
(Freiwald et al., 2009). However, the question was how neurons might learn to respond to in-
dividual facial features if the facial features are always seen together within whole faces during
training. Particular facial features such as the eyes occur in different shapes across different
faces. Thus, across a population of faces the network will be exposed to different combinations
of facial feature shapes on different occasions. This will lead to a statistical decoupling (Stringer
et al., 2007; Stringer and Rolls, 2008) between the individual facial features, which I hypothe-
sised may force the neurons in higher layers to learn to represent the individual features rather
than whole faces. This hypothesis was confirmed in the VisNet simulations, where it was found
that the output neurons switched to predominantly representing the individual facial features
as the number of possible shapes of any facial feature p used to generate the set of training faces
increased from 1 to 2.

I further hypothesised that as the number of shapes of any facial feature p increased further,
an invariance learning mechanism known as continuous transformation (CT) learning would
begin to drive the development of neurons that responded invariantly to many or all of the
shape variations of a particular facial feature. Such neurons would represent a facial feature
such as a mouth irrespective of the particular shape of that feature. This hypothesis was also
confirmed in VisNet simulations as p was increased to 5, 10 and 30. At p = 30 there was a
sharp rise in the number of neurons that responded to all 50 of the differently shaped eyes used
to test the network.



CHAPTER 3. FACIAL REPRESENTATIONS 110

output neuron index
in

p
u

t 
n

e
u

ro
n

 A
 in

d
e

x
20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

n
e

u
ro

n
 B

 in
d

e
x

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

output neuron index

in
p

u
t 

lo
ca

ti
o

n

20 40 60 80 100

20

40

60

80

100

cell (26) cell (59) cell (45) cell (73)

(a) Weight Matrix (b) Activation Matrix (c) Firing Rate Matrix

In
de

pe
nd

en
t M

ot
io
n

10
0%

 o
ve
rla

pp
in
g 
in
pu

t n
eu

ro
ns

(d) Activation table of example cells

in
pu

t A

input B

20

40

60

80

100
20 40 60 80 100

in
pu

t A

input B

20

40

60

80

100
20 40 60 80 100

in
pu

t A

input B

20

40

60

80

100
20 40 60 80 100

in
pu

t A

input B

20

40

60

80

100
20 40 60 80 100

Figure 3.37: Simulation of a one-layer competitive network showing how the independent motion of Gaussian activity
packets in two input layers during training affects the learned response properties of output neurons. In this simulation
there was a 100% overlap between the two input spaces. That is, exactly the same set of input neurons was used to encode
both of the two input spaces. Conventions as in Figure 3.34. Even though there is a 100% overlap between the two input
spaces, subplots (a), (b) and (c) show that the output neurons still developed separate representations of the two input
spaces. The four output neurons shown in (d) have each learned to respond selectively to a localised end region of one of
the input spaces.

Furthermore, the VisNet simulations also developed some cells with monotonically increasing
or decreasing tuning responses to gradually changing spatial relations between facial features
such as inter-eye distance, as has been observed in neurophysiology studies (Freiwald et al.,
2009). The question was how such monotonic response properties develop. In complementary
simulations of a one-layer competitive network, it was found that the finite receptive field of a
neuron due to a topologically restricted fan-in of afferent synaptic connections, as well as the
nature of the competition within the output layer, both played important roles in the emergence
of neurons with monotonic tuning.

3.5.1 Relationships between the global facial representations and local facial
feature representations

It was also found that VisNet developed neurons encoding global facial attributes such as face
identity and facial expression as reported in neurophysiology studies (Morin et al., 2014). The
question was how different sub-populations of higher layer neurons can learn to respond selec-
tively to either face identity or expression if the network is always exposed to both attributes
simultaneously, and the same retinal input neurons represent both global attributes simultane-
ously in a complex distributed manner. In complementary simulations of a one-layer competitive
network, it was shown that the network can develop separate representations of multiple per-
ceptual input spaces such as facial identity and expression even if the input neurons encoding
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these spaces are fully overlapping. In particular, this may occur when the input patterns vary
independently between the different input spaces. This result provides a possible mechanism
for the simultaneous development of multiple global facial representations such as facial identity
and expression.

In the main simulation study reported in Study 3a in 3.4.3.1, it was shown that the cell
that learned to be selective to happy faces had a higher sensitivity to the shape of the mouth.
Interestingly, Gosselin and Schyns (2001) explored the specific visual information humans use
to recognize global attributes of faces based on a technique called “bubbles,” and they also
found that the humans use information around the mouth for expression extraction. Their
study has indicated that rather than the facial features which simply have the highest local
variance between the considered categories, humans tend to use “partially efficient, not a formal,
optimally efficient, feature extraction algorithm” (Gosselin and Schyns, 2001). In the additional
simulation study conducted at the end of Study 3a, it was also presented that the Anger neurons
(third column) are also receiving strong connections from the mouth. The Sad neurons (second
column) are receiving strong inputs from gabor filters representing the shape of the eyes, while
Fear neurons (fifth column) and Surprise neurons (sixth column) receive strong inputs from
different parts of the eyebrows. These results would provide a predictions about the facial
features that might be used for the processing of facial expressions in the brain.

Furthermore, one of the most important arguments raised in this chapter is that the neurons
that encode global attributes of faces (such as facial identity and expression) and the neurons
that encode a spatial relationship between facial features (such as inter-eye distance) are essen-
tially the same. More specifically, I propose that neurons encoding different global attributes
such as expression simply represent different spatial relationships between local features with
monotonic tuning curves or particular combinations of these spatial relations. In this way,
the population response of a set of facial features would be amplified for extreme compared
with intermediate feature values along the visual pathway, and thereby explain why faces with
more deviant appearances are recognized better than those which are more typical (Rhodes,
1997; Benson and Perrett, 1991; Bruce and Young, 2011). In particular, this proposal contrasts
sharply with the idea of neurons being assigned in an entirely random distributed manner to
represent particular facial identities. Instead, neurons encoding facial identity are in fact rep-
resenting specific structural information about the faces they encode. Our simulation results
provide convincing evidence for this argument.

3.5.2 The Representation of Faces and Non-face Objects

Recently, a modelling study carried out by Khaligh-Razavi and Kriegeskorte (2014) demon-
strated that a number of unsupervised neural network models developed neuronal representa-
tions of faces that were highly correlated compared to the representations of non-face objects.
These modelling results mirrored a similar effect found in actual data collected from monkey
IT (Kriegeskorte et al., 2008b) and the human temporal lobe (Kiani et al., 2007). On the other
hand, Khaligh-Razavi and Kriegeskorte (2014) showed that none of those unsupervised neural
network models successfully captures the high correlations in the neuronal responses to non-face
objects, which is also present in the brain.

In order to compare our results with those published by Khaligh-Razavi and Kriegeskorte
(2014), the activity within the network was analysed by computing representational dissimilarity
matrices (RDM) (Kriegeskorte et al., 2008a) for each layer of VisNet. Figure 3.38 shows the
RDMs computed in response to 50 faces and 50 non-faces for each layer of VisNet before
training (left column) and after training (right column). These results show that, after training,
the output (4th) layer of the network demonstrates neuronal activity patterns that are highly
correlated in response to pairs of stimuli from within one of the stimulus categories, i.e. faces
or non-face objects, but are decorrelated in response to stimuli from different categories. It
can also be seen that this effect gradually increases through successive neuronal layers of the
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Figure 3.38: Representational dissimilarity matrices (RDM) (Kriegeskorte et al., 2008a) showing the correlations in network
activity in response to 50 faces (Figure 3.10) and 50 non-faces (Figure 3.11) for each layer of VisNet before training (left
column) and after training (right column). For each layer, the responses of all 128× 128 neurons in response to each of the
100 test images were recorded. The Pearson correlations between the vectors of neuronal responses across the layer to each
pair of test images were then computed. A representational dissimilarity matrix was then constructed for each layer where
each element corresponding to a particular pair of test images was computed as 1 - the Pearson correlation. These results
show that, after training, the output (4th) layer of the network demonstrates neuronal activity patterns that are highly
correlated in response to pairs of stimuli from within one of the stimulus categories, i.e. faces or non-face objects, but are
decorrelated in response to stimuli from different categories. It can be seen that this effect gradually increases through
successive neuronal layers of the network.
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Figure 3.39: Map showing stimulus selectivity of all 4th layer neurons to the faces and non-face objects before training (a)
and after training (b). The selectivity measure was computed for all cells that had an average firing rate response greater
than or equal to 0.8 for at least one of the stimulus categories. The selectivity measure was calculated by subtracting the
average firing rate response of each cell to the non-face objects from the average firing rate response to the faces. The
selectivity measure is near +1 (red) for a cell that is selective to faces and near -1 (blue) for a cell that is selective to
non-face objects. The selectivity measure was set to zero for those cells with an average firing rate response below 0.8 for
both stimulus categories.

network.
This result contradicts VisNet’s poor performance reported in Khaligh-Razavi and Kriegesko-

rte (2014). However, this inconsistency can be explained by the way the network was trained
and the size of the network simulated in their study. In Khaligh-Razavi and Kriegeskorte (2014),
the model was trained with a trace learning rule over two stimulus categories: 442 ‘animated
images’ (faces/bodies of humans/non-humans) and 442 ‘inanimated images’ (natural/artificial
objects). In theory, any visual stimulus in the same category should be associated together
with the trace learning rule they implemented. This makes the network difficult to develop a
representation that is exclusively dedicated to faces. Additionally, the size of the network they
simulated was 16 times smaller than the network simulated in the current study, which may also
have resulted in limiting the potential of the model. Accordingly, in contrast to the previously
reported result in Khaligh-Razavi and Kriegeskorte (2014), our own simulations showed high
correlations in the responses of the output layer of VisNet after training with objects from the
same stimulus category whether faces or non-face objects. This implies a potential for models
to develops similar kind of self-organisation to our brains through feedforward, unsupervised,
visually-guided training.

Another important aspect of the visual processing can be found in the cortical structure
of the brains. Even though the task of both face and object recognition is achieved along
the ventral visual pathway, there is physiological evidence that faces and non-face objects are
processed in distinct cortical areas. For example, it has been found that faces are preferentially
processed in the occipital face area (OFA) (Pitcher et al., 2011) and several later cortical areas
known as ‘face patches’ (Tsao et al., 2006). These effects were in fact seen in our simulations.
When the network was trained on a mixture of faces and non-face objects, it was found that
neurons that learned to represent faces tended to be clustered together within localised patches
in the output layer, while neurons representing non-face objects were clustered within separate
patches. This effect was due to the use of a self-organising map (SOM) architecture implemented
within each layer of the model. In this case, the short range excitatory connections between
neurons within each layer encouraged nearby neurons to learn to respond to similar stimuli.
This was sufficient to lead to separate patches for faces and non-face objects.

Figure 3.39 shows maps of the selectivity of all 4th layer neurons to the faces and non-face
objects before and after training. The selectivity measure was calculated for each cell as follows.
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First, the average firing rate response ∈ (0, 1) of the cell to all 150 faces and the average firing
rate response to all non-face objects were computed. If the average firing rate response to both
categories of stimuli was less than 0.8 then the cell was deemed not responsive enough and the
selectivity measure was set to zero. If the average firing rate response of the cell was greater
than or equal to 0.8 for at least one of the stimulus categories then the selectivity measure
was calculated by subtracting the average firing rate response to the non-face objects from the
average firing rate response to the faces. Thus, the selectivity measure has a value near +1
(red) for a cell that is selective to faces and a value near -1 (blue) for a cell that is selective
to non-face objects. Figure 3.39 shows that layer 4 developed large distinct patches of neurons
that were selective for either faces or non-face objects after training. As mentioned above, this
map like structure is reminiscent of the localised regions of face selectivity, called face patches,
reported in neurophysiology studies (Gross et al., 1972).

Figure 3.39 shows some evidence of spatially structured selectivity to the two stimulus
categories in the untrained network. However, this is simply due to neurons in different regions
of layer 4 receiving different amounts of connectivity from different regions of the retina because
of the topological feedforward connectivity through the layers. In this case, neurons in the
centre of layer 4 may be driven more by the relatively rich visual structure at the centre of
non-face objects, while the neurons surrounding the centre of layer 4 may be driven more by
peripheral facial features such as the facial outline, etc. This effect is also artifactual because it
only arises due to the face and non-face objects not being shown in different retinal locations.
However, the strengths of the feedforward connections are extensively modified during visually
guided training, leading to the development of selectivity maps with relatively large, contiguous
patches of stimulus selectivity, as seen in the primate visual system.

Even though faces and non-face objects are processed in different visual areas, does this mean
that the underlying nature of visual processing is different for these two stimulus categories?
It was originally suggested by Biederman and Kalocsai (1997) that the processing of faces
is unlike that of other objects. These authors argued that the retinal image of an object is
decomposed into simple 3D primitives called geons as well as the spatial relationships between
these primitives (Biederman, 1987). Such a structural description is viewpoint-independent. On
the other hand, the information required for face recognition is proposed to be more holistic,
which may be coded as a form of graph with each node representing a particular facial feature
and each link representing a relationship between features (Lades et al., 1993; Biederman and
Kalocsai, 1997).

However, it has later been argued that the basic visual processing of faces and non-face
objects may in fact be similar (Mangini and Biederman, 2004; Yue et al., 2006). In particular,
the different psychophysical behaviour towards faces and non-face objects may naturally arise
if the representation of faces retains aspects of the original spatial filter representation. In
particular, they proposed that larger receptive fields which partially overlap with each other
would provide sufficient information to produce the sensitivity to the layout and the spacing of
nameable parts of the face (configural effects). A recent simulation study conducted by Xu et al.
(2014) supports this hypothesis and concluded that “the configural effect is largely a function
of the overlap in the encoding of multiple face features allowed with large receptive fields”.

The simulations reported in this chapter use the VisNet architecture originally developed by
Wallis and Rolls (1997). This model uses a biologically plausible architecture, with unsupervised
learning mediated by local, associative learning rules. Wallis and Rolls (1997) proposed that
the learning principles underlying the processing of faces and non-face objects are similar, and
used VisNet to model the development of transform invariant representations of both faces and
non-face objects. These authors hypothesised that it would be possible for the model to develop
detailed representations of the local features of faces if more neurons were incorporated into the
model. I have now verified this prediction in a network with 16 times as many neurons as that
originally used by Wallis and Rolls (1997).
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3.5.3 Limitations and Future Directions

The simulations reported in this chapter used face images constructed using the FaceGen 3D
face modelling software. In future work, I plan to replicate these studies using real faces. This
will introduce new problems such as how the network achieves correspondence of the same facial
features, such as the eyes or nose, across very differently shaped faces. I anticipate that this
may require training VisNet on faces in different retinal locations and different scales to achieve
representations of facial features that are both location and scale invariant. This will be a
significantly more challenging task than with the controlled artificial FaceGen images used in
the current study.

The version of the VisNet architecture used in this chapter incorporated only bottom-up
(feedforward) connections between successive layers of the network. No top-down connections
were included in the model even though these are known to exist in the primate ventral vi-
sual pathway and are proposed to have a role in matching incoming inputs with top-down
expectations or predictions (Clark, 2013). Nevertheless, the rationale for using this simplified
architecture in the current study was that it is sufficient to replicate how neurons in face areas
are able to learn to encode the various kinds of face related information.

Another thing to be mentioned is that the current study proposes theories that may explain
the development of various neuronal properties that are localized along the ventral visual system,
which may be mapped onto the ‘core system’ in the model proposed by Haxby et al. (2000);
however, our model does not explicitly model cognitive processes, which is achieved in the
‘extended system’ to act in concert with the regions of the core system to extract meaning from
faces (Haxby et al., 2000). Therefore, even though our results are compared with physiological
data, such as face feature space representations (Freiwald et al., 2009) and global representations
of identity and expression (Hasselmo et al., 1989a; Morin et al., 2014), the model does not
generate the behaviours associated with the extracted information.

I believe that such behaviour can be implemented with architectural extensions to the current
model that may more accurately reflect the known neuroanatomy of the relevant brain areas. For
example, Rolls and Treves (1998) have previously hypothesised that pattern association learning
may operate in the feedforward connections from area TE at the end of the ventral visual
pathway, which represents faces and other visual objects, to areas such as the amygdala and
orbitofrontal cortex (OFC). Consistent with this theory, single unit recording studies have shown
that neurons in the amygdala and OFC learn associations between visual stimuli (conditioned
stimuli) and the corresponding tastes (unconditioned stimuli). Therefore, pattern association
appears to operate in these brain areas, which are thought to be involved in the evaluation of
the emotional valence of visual stimuli. This would be a useful extension of the model in order
to compare the simulated results with human performance on a human categorization task.

Nevertheless, as Wallis (2013) explains, the work presented in this chapter also “serves to
explain how such a core system would operate, in terms of its adaptive encoding of objects
of expertise, but not how these other systems come to extract information from it to solve
specific tasks.” For example, Yankouskaya et al. (2014) has recently reported that the level
of integration of identity and emotion cues in faces may be determined by life experience and
exposure to individuals of different ethnicities. This is consistent with the finding reported in
Wallis (2013) that showed that the network trained on Caucasian faces exhibits less sensitivity
to changes in appearance of Japanese faces than those of Caucasian faces. I have also shown
that after the exposure to 450 faces with randomly generated identities and expressions, many
cells became sensitive to changes of identity and expression in a target face. Moreover, the
fact that some cells in our model became sensitive to both of these attributes is consistent
with the physiological evidence provided by Morin et al. (2014). Such neuronal representations
developed in the self-organizing models provide important information to the ‘external system’
to generate the perceptions and behaviour reported in cognitive experiments (Yankouskaya
et al., 2014). Accordingly, this chapter investigated the developmental process of various kinds
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of such ‘structural codes’ (Bruce and Young, 1986), which may set the necessary foundation to
achieve face perception in the later stages.





Chapter 4

The Neural Basis of Cognitive Bias
Modification as a Clinical Treatment
for Depression

Many mental health problems are linked to cognitive biases towards emotionally negative infor-
mation. For example, depressed patients have a greater tendency to interpret faces as sad and
are less able to detect mildly happy expressions. Recently, interest has grown in a new class
of psychological treatments for depression, anxiety, and addictive disorders known as Cognitive
Bias Modification (CBM), which can eliminate these underlying negative cognitive biases. It
is thought that the elimination of negative cognitive biases may help to shift the depressed
mood state of a patient. In this chapter, I use computer simulation to investigate the neural
and synaptic dynamics underlying two new predicted forms of CBM, which may be able to
eliminate the negative biases in the way that depressed patients evaluate facial expressions.
The new CBM methodologies utilise two previously established biologically plausible synaptic
learning mechanisms, continuous transformation (CT) learning and trace learning (see Section
1.4). These learning mechanisms are able to guide visual development by exploiting either the
spatial continuity or temporal continuity between visual stimuli presented during training. Our
simulation results show that both of these learning mechanisms, when combined with carefully
designed sequences of transforming face images presented to the model, will eliminate nega-
tive biases in the interpretation of facial expression. That is, a sub-population of ‘sad’ output
neurons that initially responds to both sad and neutral faces before learning will only respond
to the sad faces after CBM training. I first describe simulations with a simplified one-layer
neural network architecture in order to test the two hypothesised CBM learning mechanisms in
a highly controlled manner. Then I present simulation results in which realistic face stimuli are
used to train a more biologically detailed multi-layer neural network computer model, VisNet,
of the ventral visual pathway in the primate brain.

4.1 Introduction

Depression is the most common mental health problem, affecting 8 - 12% of the adult population
(Ustn et al., 2004). It can lead to a significant reduction in the quality of life for sufferers and
in extreme cases may lead to suicide. It has been related to a number of chronic diseases such
as coronary heart disease (Rugulies, 2002; Schneider and Moyer, 2010), and has damaging long
term effects on health and well-being. Furthermore, depression within the UK population places
a significant burden on psychiatric health services and impacts negatively on the economy due
to reduced productivity. The economic cost of depression in England in the year 2000 was
estimated at £9 billions (Thomas and Morris, 2003), with the biggest impact on workplace
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productivity. The latest WHO report shows that anxiety and depression leads to a loss of
millions of work days (Jones, 2016); indeed the most common cause of absenteeism from work
in the UK is self-reported depression (Almond and Healey, 2003). The economic impact of
depression in the United States is estimated to be in the tens of billions of dollars (Wang et al.,
2003). Consequently, it is of huge importance to discover new more effective treatments for
depression.

A common finding in both clinical depression and anxiety is a link to cognitive biases in
processing towards emotionally negative information, with patients tending to pay attention
to negative stimuli, interpret events negatively, and recall negative memories (Mathews and
MacLeod, 2005; Roiser et al., 2012). These biases therefore have been included within cogni-
tive models of depression (Beck, 2008) and anxiety (Mathews and MacLeod, 2005), leading to
a growing interest in exploring the causal relationship between these biases, mood states and
clinical symptoms. A series of experimental tools have been developed to assess this relation-
ship. For example, a typical approach has been to present ambiguous information and then
ask participants to make a judgement on a positively or negatively valanced probe word (for
example, whether or not the word is grammatically legitimate) (Hirsch and Mathews, 1997;
MacLeod and Cohen, 1993; Richards and French, 1992). Anxious patients are usually found to
have quicker and/or more accurate responses to negative probes.

4.1.1 Cognitive Bias Modification (CBM)

It is thought that the elimination of negative cognitive biases may help to shift the depressed
mood state of a patient and reduce anxiety. This led many researchers to recognise the clinical
potential of these tools, inspiring the development of a family of potential treatments known as
Cognitive Bias Modification (CBM) (MacLeod and Mathews, 2012; MacLeod, 2012). CBM seeks
to eliminate these underlying processing biases, with three main varieties of treatment:CBM-
Attention (CBM-A), CBM-Interpretation (CBM-I), and CBM-Memory (CBM-M). CBM-A
seeks to shift the attention of subjects away from negative stimuli in the environment (MacLeod
et al., 2002; Hakamata et al., 2010), CBM-I aims to reduce the tendency for negative interpre-
tation of events (Grey and Mathews, 2009, 2000), and CBM-M seeks to reduce the recall and
influence of negative memories (Anderson and Green, 2001; Joormann et al., 2005). In this
chapter, the aim is to advance understanding of how CBM might alter biases through the
application of neural network modelling, focusing on CBM-I.

One specific example of a negative bias found in clinical disorders has been in the inter-
pretation of facial expressions. For example, depressed patients evaluate facial expressions as
being more sad, compared with the evaluations of healthy individuals (Bourke et al., 2010a).
Similarly, high-trait anxious individuals are more likely to classify neutral facial expressions as
fearful (Richards et al., 2002; Surcinelli et al., 2006). It has been found that CBM intervention
can change the bias in emotion recognition of facial expressions, giving a measurable therapeutic
outcome (Penton-Voak et al., 2013). In this study, faces were morphed from unambiguously
happy to unambiguously angry to give 15 total stimuli. Participants were asked to rate each
randomly presented face as either happy or angry, giving a baseline for each participant’s emo-
tion recognition along the spectrum of morphs. A balance point was therefore determined, at
which participants switched from a categorisation of happy to a categorisation of angry. A
CBM training procedure followed in which the previous procedure was repeated, but partici-
pants were also given feedback about whether their decision was ‘correct’ or ‘incorrect’. Correct
responses were defined as the responses they had previously given in the baseline phase, but
with the balance point shifted so that two more faces should now be classified as happy. A final
testing phase showed that feedback had shifted participants’ balance point in the direction of
training. Furthermore, when conducted on adolescents in a youth program who were at high
risk for committing a crime, a reduction was also found in self-rated aggression and staff-rated
aggression two weeks after training.
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Similarly promising results have been found using other CBM-I paradigms, usually involving
language-based scenarios, where training a particular interpretation often produces congruent
changes in anxiety or affect (e.g. Grey and Mathews, 2000; Mathews and Mackintosh, 2000).
Indeed, some studies have found that with variations on this paradigm, CBM can be used as
a “cognitive vaccine” to protect against markers of relapse risk in depression (Browning et al.,
2012; Holmes et al., 2009). However, CBM is not without controversy. CBM-A in particular has
suffered from a number of recent studies failing to find any clinical benefits at all (e.g. Carlbring
et al., 2012; Julian et al., 2012), leading some researchers to denounce its potential as a clinical
tool entirely (Emmelkamp, 2012). Whilst meta-analyses on CBM-I have shown slightly more
promising results than CBM-A, it has remained unclear whether this is due to a time-lag bias
- CBM-I is a newer procedure and therefore potentially more likely to have positive results due
to studies being less well-controlled (Cristea et al., 2015; Hallion and Ruscio, 2011).

Despite this, many researchers feel it is too early to give up on CBM research just yet. It
has been less than two decades since the seminal CBM studies, meaning the field is still in its
early stages (Grey and Mathews, 2000; MacLeod et al., 2002). A recent commentary describes
the problem with current CBM research as a lack of focus on reliably changing the underlying
cognitive biases (Fox et al., 2014). They argue that the theoretical assumption behind CBM
is the role of negative biases in maintaining clinical symptoms. Any procedure that does not
successfully change a bias cannot be expected to give a clinical benefit. Indeed, a study working
from the same premise found that when a bias change is achieved, so is the change in clinical
symptom (Clarke et al., 2014). When the study fails to change a bias, then the clinical change
is also not found.

Seemingly therefore, future CBM research needs to investigate the mechanisms behind
changing cognitive biases, in order to optimise bias-change procedures. Some explanation for
this can be given by neuropharmacology, in which it has been found that the action of antide-
pressants can reduce negative affective biases in depressed patients (Harmer et al., 2009), as
well as modify the neural processing of nonconscious threat cues (Harmer et al., 2006). These
studies suggest that antidepressants may operate, at least in part, by altering underlying nega-
tive biases in information processing in a similar way to psychological treatments such as CBM.
The common mechanism shared between these psychological and pharmacological approaches
is hypothesised to be the shifting of underlying negative patterns of information processing in
the brain. From a theoretical perspective, this implies modifying synaptic connections between
neurons in order to adjust the flow of electrical signals through the brain. This must be done
through synaptic plasticity, which is either guided by the form of the CBM treatment used or
shaped by the action of antidepressants. Effective application of CBM, therefore, could poten-
tially offer a low-cost and non-invasive treatment, particularly if used in combination with other
therapies (e.g., Cognitive behavioural therapy (CBT)).

4.1.2 Modelling Study

Computational modelling is one way to investigate the clinical impact of CBM methodologies.
For example, Frewen et al. (2008) has replicated the attentional bias towards threatening stimuli,
which is a common symptom of highly anxious patients. In the modelling study, the authors
used two output units representing whether the network was attending to either the left or
right of its attentional field. Furthermore, a number of more abstract modelling studies have
investigated the possibility of restructuring the synaptic connectivity within neural network
architectures and thereby reshaping memories. For example, modelling studies with attractor
neural networks with associatively modifiable recurrent connections (Blumenfeld et al., 2006;
Bernacchia and Amit, 2007), as well as psychophysical studies (Preminger et al., 2007, 2009;
Wallis and Blthoff, 2001), have shown that different memories can be merged together when a
continuum of intermediate stimuli are presented during further training.

The current study investigates the effects of CBM-I through neural network computer mod-
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elling in order to understand how CBM might work from a neurobiological perspective. More
precisely, I investigated the underlying plasticity mechanisms and emergent neural dynamics
using competitive neural networks, which are unsupervised in that no given activity pattern is
imposed on the output neurons during training. In other words, the learning in our model is
solely guided by the suitable input patterns.

In this chapter, computer simulations are presented to explore two possible CBM-I train-
ing methodologies for rewriting previously learned associations. I refer back to the work of
Bourke et al. (2010b), aiming to change a negative interpretation of facial expressions into a
positive interpretation. The new CBM methodologies utilise two previously established biologi-
cally plausible synaptic learning mechanisms known as continuous transformation (CT) learning
(Stringer et al., 2006) (see Section 1.4.1) and trace learning (Foldiak, 1991; Wallis and Rolls,
1997) (see Section 1.4.2). These learning mechanisms are able to guide visual development by
exploiting either the spatial continuity or temporal continuity between visual stimuli presented
during training. The aim is to explore whether both of these learning mechanisms, when com-
bined with carefully designed sequences of transforming face images presented to the model,
will eliminate negative biases in the interpretation of facial expression.

4.2 Hypothesis

4.2.1 Continuous Transformation Learning

It has been reported that people learn to associate visually similar images together. In an
experimental study, Preminger et al. (2007) trained subjects to classify faces into two categories:
friends (F) and non-friends (NF). Upon reaching good performance, subjects were then trained
with a sequence of morphed images from F to NF. The subjects were tested on how they classified
the morphed images. Initially, the first half of the morphed image sequence was classified as
F, while the second half of the morphed sequence was classified as NF. However, as training
progressed, the separation threshold moved towards NF; that is, an increasing number of frames
were classified as F. Eventually, all morphed frames were classified as F.

Continuous transformation (CT) learning is an invariance learning mechanism that may
provide an insight into the mechanism of such memory reconstruction via ordinary Hebbian
learning at the neuronal level (Stringer et al., 2006). It associatively remaps the feedforward
connections between successive neural layers while keeping the same initial set of output neurons
activated as the input patterns are gradually changed. Consider a set of stimuli that can be
arranged into a continuum, in which each successive stimulus in the continuum has a degree of
overlap – a number of features in common – with the previous stimulus in the continuum. CT
learning can exploit this feature overlap between successive stimuli to form a single percept of
all, or at least a large subset, of the stimuli in the stimulus set.

Specifically, when an output neuron responds to one of the input patterns, the feedforward
connections from the active input neurons to the active output neuron are strengthened by
associative (Hebbian) learning. Then, when the next similar (overlapping) input pattern is
presented, the same output neuron is again activated due to the previously strengthened con-
nections. Now the second input pattern is associated with the same output neuron through
further associative learning. This process can continue to map a sequence of many gradually
transforming input patterns, where each input pattern has a degree of spatial overlap with its
neighbours, onto the same output neuron. The standard Hebbian learning rule used to modify
the feedforward synaptic connections at each timestep τ is described in Equation (1.7). To
prevent the same few neurons always winning the competition, the synaptic weight vector of
each output neuron i is renormalized to unit length after each learning update for each training
pattern with Equation (1.10) and (1.11).

I hypothesised that this CT learning will eliminate negative biases in the interpretation of
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facial expression when combined with carefully designed sequences of transforming face images
presented to the model. More precisely, it is hypothesised that this CT learning will eventually
shift the critical point of the categorical perception through training so that more neutral faces
will be seen as happy faces rather than sad faces. In particular, I will exploit the remapping
capabilities of CT learning by morphing very happy faces, which are associated with a positive
output representation, into neutral faces during training. This may cause the strong efferent
connections from the neutral faces to be remapped to the positive output representation by
associative learning operating in the feedforward connections. This should result in positive
output neurons firing to both positive (happy) and neutral faces, and negative output neurons
only firing to negative (sad) faces.

4.2.2 Trace Learning

Other psychological studies have shown that sequential presentation of the different views of an
object, which produces temporal continuity, can facilitate view invariant object learning, where
the different views of an object occurring close together in time are bound onto the same output
representation (Perry et al., 2006). In contrast, systematically switching the identity of a visual
object during such sequential presentation impairs position-invariant representations (Cox et al.,
2005). Li and DiCarlo (2008) have reported a neuronal evidence of similar temporal association
of visual objects that are presented close together in time. In their study, monkeys were first
trained to track an object that was shifted around on a screen. In the experimental condition,
the target object was swapped to a different object when the object was at a particular retinal
location for the monkeys. As a result, individual neurons in IT that were originally selective to
the target object started to respond also to the different object at the specific retinal location.
These results show that the temporal statistics of object presentations should play a key role
in the development of transform-invariant object representations in the visual brain.

Trace learning is a biologically plausible mechanism to achieve such temporal association
by incorporating a memory trace of recent neuronal activity into the learning rule used to
modify the feedforward synaptic connections (Foldiak, 1991; Wallis and Rolls, 1997). This
encourages output neurons to learn to respond to input patterns that occur close together in
time. Stimuli that are experienced close together in time are likely to be strongly related; for
instance, successive stimuli could be different views of the same object. If a mechanism exists
to associate together stimuli that tend to occur close together in time, then a network will
learn that those stimuli form a single percept. Trace learning provides one such mechanism by
incorporating a temporal memory trace of postsynaptic cell activity r̄i into a standard Hebbian
learning rule as described in Equation (1.8) and (1.9).For the simulations described below, η was
set to 0.8. The synaptic weight vector of each output neuron i is renormalized to unit length
according to Equation (1.10) and (1.11) after each learning update for each training pattern.

I propose that such innate trace learning mechanisms may also be exploited to eliminate
negative biases in the interpretation of facial expression when combined with carefully designed
sequences of transforming face images presented to the model. In particular, if during training
with a trace learning rule, a neutral face is presented in temporal proximity with many other
very happy faces that are associated with a positive output representation, then this should
encourage these positive output neurons to learn to respond to the neutral face as well. When
the neutral face is subsequently presented, the positive output representation should suppress
the negative output representation by competition mediated by inhibitory interneurons. By
implementing a trace learning rule and presenting the network with occasional neutral faces
amongst many happy faces, it is expected to see positive output neurons learning to respond to
both positive and neutral faces.
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4.2.3 Overview of Simulation Studies Carried Out in this chapter

Simulations with a simplified one-layer neural network architecture were first described in order
to test the two hypothesised CBM learning mechanisms in a highly controlled manner in Section
4.3 (Studies 1). Then, simulation results in which realistic face stimuli are used to train VisNet
(Wallis and Rolls, 1997) are presented in Section 4.4 (Studies 2).

In both sections, I extend these previous modelling studies involving synaptic plasticity and
learning to the problem of understanding the neurobiological basis of CBM training by both CT
learning (Studies 1a and 2a) and trace learning (Studies 1b and 2b). Specifically, I show that
both of these learning mechanisms can be used to eliminate negative biases in the interpretation
of facial expression. That is, a subpopulation of ‘sad’ output neurons that initially responds
to both sad and neutral faces before learning will only respond to the sad faces after CBM
training. On the other hand, a subpopulation of ‘happy’ output neurons that initially responds
to just happy faces before learning will respond to both happy and neutral faces after training.

4.3 Simulation Studies 1: One-Layer Network

In this section, the aim is to demonstrate how CT learning and trace learning may each be
used to carry out CBM within a one-layer competitive neural network. These simulations used
a highly idealised network architecture and input stimulus representations in order to provide
a very controlled way of investigating and testing the underlying computational hypotheses
described in Section 4.2.

In particular, I show how the responses of a one-layer competitive neural network may
be remapped, through CBM training, from a negatively biased state to an unbiased state.
The remapping using CT learning is demonstrated first in Study 1a in Section 4.3.3, then the
remapping using trace learning is demonstrated in Study 1b in Section 4.3.4.

4.3.1 One-Layer Model Description

The network architecture and activation equations are common to the models described in
Section 4.3.3 (Study 1a) and in Section 4.3.4 (Study 1b). The network, depicted in Figure
4.1a, comprises a single layer of input cells which drive activity in a layer of two output cells
through feedforward synapses. The output neurons compete with each other so that only one
such neuron can remain active at a time when an input pattern is presented to the network.
In the brain, such competition between neurons within a layer is implemented by inhibitory
interneurons.

This architecture is described as a one-layer network because there is only a single layer
of synapses in the model. The 1-dimensional layer of input cells provide a highly idealised
representation of facial expressions ranging continuously from happy to sad. In the simulations,
the input neurons have binarised (0/1) firing rates. Each input neuron responds selectively
to a small localised region of the unidimensional space of facial expressions, with the entire
space of expressions from happy to sad covered by the input layer. Consequently, the input
layer represents each facial expression of a particular emotional valence by the co-activation of
a localised cluster of input neurons at the corresponding position within the layer.

At the beginning of the simulation, the feedforward synaptic connection weights are ini-
tialised such that the left output cell (happy output cell) responds to happy stimuli, and the
right output cell (sad output cell) responds to sad stimuli. A negative cognitive bias can be
introduced in the network by initialising the synaptic connections such that the more neutral
input stimuli are initially responded to by the sad output neuron rather than the happy output
neuron. Then, by modifying the strengths of the feedforward synaptic weights from the input
cells to the output cells through CBM training, it is possible to alter the response characteris-
tics of the output neurons in the network. In particular, it will be shown that CBM training
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Figure 4.1: (a) The one-layer neural network architecture used in the models described in Section 4.3 (Study 1). A single
layer of N input cells drives activity in the two output cells through the feedforward synapses (black arrows). The input
layer cells respond to stimuli that range from happy to sad, with different simulations requiring different numbers of input
cells, as detailed in Section 4.3.3 (Study 1a) and 4.3.4 (Study 1b). There are always two output cells in the network, with
the left output cell responding to happy stimuli, and the right output cell responding to sad stimuli. (b) The training
protocol for the one-layer network trained by CT learning. The input layer contains a total of N = 600 neurons. During
each training step, the current input stimulus is represented by the firing rates of a contiguous subblock of input cells
being set to 1 as illustrated by the horizontal grey lines. The length of the stimulus is referred to as its stride, which was
set to be 100 input neurons. The firing rates of all other input cells are set to 0. At each successive training step, the
input stimulus is advanced by 1 input cell in order to ensure that successive stimuli are varied in a continuous manner,
i.e. successive stimuli overlap with each other, which is a requirement of CT learning. During each training epoch, the
input stimili are shifted once through the whole continuum from happy to sad. (c) The training protocol for the one-layer
network trained by trace learning. The input layer contains a total of N = 900 neurons. During each training step, the
current input stimulus is represented by the firing rates of a contiguous subblock of input cells being set to 1 as illustrated
by the horizontal grey lines. The length of each stimulus, its stride, was set to be 100 input neurons. The firing rates
of all other input cells are set to 0. In order to prevent CT-like learning effects from occurring, the input stimuli do not
overlap with each other. During training, the most happy input stimuli are closely interleaved with more neutral input
stimuli from the middle of the stimulus range, while the most sad stimuli are shown without temporal interleaving with
the neutral stimuli. This stimulus presentation order enables trace learning to associate together the happy and neutral
stimuli onto the same happy output cell.

by either CT learning or trace learning can shift the network away from a negative bias to a
situation in which the happy output cell responds to the majority of the input stimuli including
both happy and more neutral stimuli.

At each timestep during simulation of the network, an input stimulus of a particular emo-
tional valence is selected to be presented to the network. During CBM training, the input
stimuli are presented in accordance with the spatio-temporal statistics required by either CT
learning or trace learning, as described in Section 4.3.3 (Study 1a) and in Section 4.3.4 (Study
1b) respectively. Then the input cell firing rates, rj , are set to be either 0 or 1 according to
the training and testing protocols described in Section 4.3.3.1 (Study 1a) and in Section 4.3.4.1
(Study 1b). The output cell firing rates, ri, are calculated by setting the activation level, hi, of
each output cell i based on the Equation (1.3).

The output cell firing rates are then set by applying winner-take-all inhibition so that the
output cell with the highest activation level is given a firing rate of 1 and the other output cell
is given a firing rate of 0. During CBM training, after the firing rates of the output cells have
been computed, the synaptic weights are then updated by either the Hebbian learning rule (1.7)
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in Study 1a or the trace learning rule (1.8) and (1.9) in Study 1b.

4.3.2 Initial Setup of the Network

Before the network undergoes CBM training, the feedforward synaptic weights to the sad and
happy output cells are set manually to control whether or not there is a pre-existing cognitive
bias.

In order to establish the synaptic connectivity without an initial bias, the synaptic weights
to the sad output cell, wSADj , are set so that

wSADj =
1

1 + exp(−2β(εj − α))
(4.1)

The parameter εj ∈ [−3,+3] represents the preferred stimulus location of input cell j within
the sad to happy continuum, with most sad =-3 and most happy=+3. The input neurons are
distributed evenly throughout the sad to happy stimulus continuum. The slope β is set to
an appropriate value (described in Table 4.1a), and the threshold α is set to 0. The synaptic
weights to the happy output cell, wHAPPYj , are set to be

wHAPPYj = 1− wSADj . (4.2)

The effect of setting the weights in this manner is that all input cells send feedforward synaptic
weights to both of the output cells, but the sad output cell receives stronger synaptic weights
from the input cells representing the sad end of the input continuum, and the happy output cell
receives stronger synaptic weights from the input cells representing the happy end of the input
continuum. In particular, with α = 0, the feedforward synaptic connections are unbiased in
that the happy output cell and sad output cell receive mirror-symmetric distributions of afferent
synaptic connections covering the entire stimulus space. This can be seen in the left plot of
Figure 4.2a for the first simulation with CT learning (Study 1a) and Figure 4.2d for the second
simulation with Trace learning (Study 1b).

In order to introduce a negative bias in the synaptic weights such that the sad output cell
will also respond to most of the middle, more neutral, portion of the input continuum, the
synaptic weights from the input cells to the sad output cell are set according to Equation (4.1)
with the threshold α set to a negative value (described in Table 4.1a for Study 1a and Table
4.1b for Study 1b). The synaptic weights from the input cells to the happy output cell are
then set according to Equation (4.2). As can be seen in the left plot of Figure 4.2b for the first
simulation (Study 1a) and Figure 4.2e for the second simulation (Study 1b), this results in the
sad output cell receiving stronger synaptic weights from a greater proportion of the input cells
than the happy output cell does.

4.3.3 Study 1a: CBM by CT Learning

In this section, CBM in the one-layer network is simulated by the continuous transformation
(CT) learning mechanism described in Section 4.2.1. It associatively remaps the feedforward
connections between successive neural layers while keeping the same initial set of output neu-
rons activated as the input patterns are gradually changed. This mechanism will be exploited
by morphing happy input stimuli, which are strongly associated with the positive output repre-
sentation, i.e. the happy output neuron, into more neutral stimuli during training. This causes
the efferent connections from the neutral stimuli to be remapped to the positive output repre-
sentation by associative learning operating in the feedforward connections. When the neutral
stimuli are presented again after training, the positive output representation should respond
and also suppress the negative output representation by competition mediated by inhibitory
interneurons.
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Table 4.1: Parameters used in the simulations

Parameter Value
(a) One-Layer Network (CT)
No. of Input Cells N 600
Stride 100
Sigmoid Slope (β) 0.5
Biased Sigmoid Threshold (α) -1
Learning Rate (k) 0.001
Training Epochs 100
(b) One-Layer Network (Trace)
No. of Input Cells N 9
Stride 100
Sigmoid Slope (β) 0.5
Biased Sigmoid Threshold (α) -1
Learning Rate 0.01
Eta (η) 0.8
Training Epochs 100
(c) VisNet
Gabor: Phase shift (ψ) 0, π
Gabor: Wavelength(λ) 2
Gabor: Orientation(θ) 0, π/4, π/2, 3π/4
Gabor: Spatial bandwidth (b) 1.5 octaves
Gabor: Aspect ratio (γ) 0.5
No. of Layers 4
Retina 256× 256× 16

1st layer 2nd layer 3rd layer 4th layer
Dimension 128× 128 128× 128 128× 128 128× 128
Num. of fan-in connections 201 100 100 100
Fan-in radius 24 24 36 48
Sparseness of activations 1 % 44 % 32 % 25 %
Sigmoid slope (β) 15 99 146 207
Learning rate (k) 1.0 1.0 1.0 1.0
Training Epochs 20 20 20 20
Excitatory Radius (σE) 1.4 1.1 0.8 1.2
Excitatory Contrast (δE) 5.35 33.15 117.57 120.12
Inhibitory Radius (σI) 4.94 13.88 9.72 14.80
Inhibitory Contrast (δI) 1.5 1.5 1.6 1.4

4.3.3.1 Method

Figure 4.1b shows the setup for training the one-layer network with CT learning. The input
layer contains a total of N = 600 neurons. The layer of input cells represent a continuum of
facial expressions from happy (left) to sad (right). The input stimulus presented to the network
at any given training step is represented by the firing rates of a contiguous subblock of input
cells being set to 1, as illustrated by the horizontal grey lines in Figure 4.1b. The length of the
stimulus is referred to as its stride, which was set to be 100 input neurons. The firing rates of all
other input cells are set to 0. In this simulation with CT learning, the Hebb learning rule (1.7)
is used. Since the Hebb learning rule does not contain a memory trace of previous neuronal
activity, this ensures that any observed bias modification is the result of CT learning and not
the result of trace learning.

During training of the network, illustrated in Figure 4.1b, the input stimulus is moved
continuously through the layer of input cells, advancing one input cell per learning update of the
network. At each stimulus presentation, the activations of the output neurons are first updated
according to Equation (1.3), the firing rates of the output neurons are then computed using
winner-take-all competition, and then the feedforward synaptic weights are modified according
to Equations (1.7), (1.10), and (1.11). One epoch of training is completed after the input
stimulus has been shifted through the whole continuum from happy to sad. Upon reaching
the specified number of training epochs, the training phase is finished and the testing phase
begins, which follows the same protocol as the training phase with the exception that the weight
update and normalization equations, Equations (1.7), (1.10), and (1.11), are not simulated.
The simulation is then complete. A one-layer neural network model was simulated with the
parameters given in Table 4.1a.
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4.3.3.2 Results

First, the network was simulated with the synaptic weights initially hardwired to unbiased
values according to Equations (4.1) and (4.2) with the threshold α set to 0. Next, the network
was simulated with a negative cognitive bias introduced by hardwiring the synaptic weights
according to Equations (4.1) and (4.2) with the threshold α set to −1. This ensured that the sad
output cell responded not only to very sad stimuli but also to the majority of the more neutral
stimuli. In the final simulation, the negative bias in the previous biased network was eliminated
by CBM training using CT learning. This had the effect of remapping the feedforward synaptic
weights so that the happy output cell took over responding to the majority of the neutral stimuli.

Untrained Network Performance (Before and After Biases are Added) The network
was simulated with the synaptic weights initially hardwired to unbiased values. The left plot
of Figure 4.2a shows the unbiased weights from the input cells to the output cells. The sad
output cell receives the strongest synaptic weights from the input cells representing the sad end
of the stimulus continuum, and the happy output cell receives the strongest synaptic weights
from the input cells representing the happy end of the stimulus continuum. The two output
cells receive equal, albeit mirror symmetric, distributions of synaptic weights from the input
cells representing the middle, more neutral, portion of the stimulus continuum. The right plot
of Figure 4.2a shows the firing rates of the two output cells in response to presentation of the
input stimuli. The happy output cell responds strongly to very happy input stimuli, the sad
output cell responds strongly to very sad input stimuli, and most importantly both output cells
respond to equal sized regions of the more neutral intermediate input stimuli. These responses
are to be expected given the unbiased feedforward synaptic weight profiles between the input
cells and the output cells.

The network was simulated with a negative cognitive bias introduced by hardwiring the
synaptic weights. The left plot of Figure 4.2b shows the synaptic weights after a bias has been
applied. The sad output cell receives stronger synaptic weights from the sad end of the input
range and most of the more neutral input cells, and the happy output cell now receives stronger
synaptic weights from only the input cells representing the happy end of the input continuum.
The effect of this bias is that the sad output cell now responds not only to very sad stimuli but
also to the majority of the more neutral stimuli, whereas the happy output cell does not. This
can be seen in the right plot of Figure 4.2b.

Learned (Remapped) Network Performance The negative bias in the previous biased
network was eliminated by CBM training using CT learning. After CT learning, the synaptic
weights should remap such that the happy output cell now receives stronger synaptic weights
from the input cells representing a larger portion of the intermediate, more neutral, stimuli than
the sad output cell. The effect of this learned remapping is that the happy output cell responds
to a greater proportion of the input stimulus space than the sad output cell does. That is, the
happy output cell now responds to the majority of the intermediate neutral stimuli. This can
be seen in the right plot of Figure 4.2c (c.f. the right plot of Figure 4.2b). This represents
CBM, where the bias in the network has been shifted from negative to positive by CT learning.

4.3.4 Study 1b: CBM by Trace Learning

Having shown how CBM may be accomplished through CT learning, I now show how it may
also be accomplished using a different learning paradigm: trace learning. In this section, CBM
in the one-layer network is simulated by the trace learning mechanism described in Section
4.2.2. Trace learning is an invariance learning mechanism which utilises a trace learning rule,
Equation (1.8) and (1.9) with weight vector normalisation Equation (1.10) and (1.11) to modify
the feedforward synaptic connections. Trace learning incorporates a memory trace r̄τ−1

i of recent
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(d) Hardwired network without bias

(e) Hardwired network with negative bias

(f ) Network after CBM retraining

CBM by CT Learning CBM by Trace Learning
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Figure 4.2: Demonstration of CBM in a one-layer network using CT learning (a-c) and trace learning (d-f) to remap the
synaptic weights. The figure shows the feedforward synaptic weights (left column) and firing rates of the output cells (right
column) at various stages of the simulation. (a,d) Results of testing the initial, unbiased hardwired network. The lack of
bias in the synaptic weights results in the happy and sad output cells responding to equal numbers of the input patterns.
(b,e) Results of testing the biased hardwired network. After the negative bias is introduced to the synaptic weights, the
sad output cell now responds to the majority of the input patterns. (c,f) Results of testing the network after remapping
the synaptic weights through CBM training with CT learning (c) and with trace learning (f). The learning has effected a
remap in the synaptic weights such that the happy output cell now has stronger synaptic weights from the majority of the
input cells. The effect of this remapping is that the happy output cell now responds not only to the most happy stimuli
but also to the majority of the more neutral input patterns.

neuronal activity into the learning rule used to modify the feedforward synaptic connections.
This encourages output neurons to learn to respond to input patterns that occur close together in
time. If, during training, a neutral stimulus is presented in temporal proximity with many other
very happy stimuli that are associated with the positive output representation, i.e. the happy
output neuron, then this should encourage the positive output representation to respond to
the neutral stimulus as well. When the neutral stimulus is subsequently presented, the positive
output representation should suppress the negative output representation by competition, which
in the brain is mediated by inhibitory interneurons.

4.3.4.1 Method

The setup for training the one-layer network with trace learning is shown in Figure 4.1c. The
input layer contains N = 900 neurons. The input layer represents a range of facial expressions
from happy (left) to sad (right). Each input stimulus shown to the network is represented by the
firing rates of a contiguous subblock of input cells being set to 1, as illustrated by the horizontal
grey lines in Figure 4.1c. The length of each stimulus presented to the network was set to be
100 input neurons, while the firing rates of all other input cells were set to 0.

In contrast to the training protocol used for the above simulations with CT learning de-
scribed in Section 4.3.3.1, the input stimuli used for trace learning in this section do not overlap
as they advance through the input space. This prevents any CT-like learning effects from oc-
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curring, and so ensures that any bias modification that occurs is the result of trace learning
and not the result of CT learning. The training protocol with trace learning is shown in Figure
4.1c.

During training of the network, illustrated in Figure 4.1c, the input stimuli are divided
into two separate groups: one group containing stimuli from the most happy and more neutral
(middle) parts of the input stimulus range; and one group containing only stimuli from the sad
end of the input stimulus range. During an epoch of training, one of the two stimulus groups
is selected at random. If the stimulus group contains only the sad stimuli, these stimuli are
shown to the network in a random order. If the stimulus group contains both the happy and
more neutral stimuli, then the happy stimuli are interleaved with the neutral stimuli such that
a happy stimulus is shown followed by a neutral stimulus, but with these stimuli paired in a
random order. After presentation of the first group of stimuli (happy/neutral, or sad), the
second group of stimuli is shown to the network. During the presentation of each stimulus, the
activations of the output neurons are updated by Equation (1.3), the firing rates of the output
neurons are then computed according to winner-take-all competition, and the synaptic weights
are then updated according to the trace learning rule Equation (1.8) and (1.9) with weight vector
normalisation Equation (1.10) and (1.11). After all stimuli have been presented, an epoch of
training is complete and the next epoch of training begins. The order of the stimulus groups,
and the order of stimulus presentation within the group, are randomly selected for each training
epoch. Upon reaching the specified number of epochs, the training phase is finished and the
testing phase begins, during which the input stimuli are presented one at a time to the network,
ranging from happy to sad. The weight update and normalization equations, Equations (1.8),
(1.10), and (1.11), are not simulated during the testing phase. After the testing phase, the
simulation is complete. A one-layer neural network model was simulated with the parameters
given in Table 4.1b.

4.3.4.2 Results

The network was first simulated with the synaptic weights manually set to unbiased values
according to Equations (4.1) and (4.2) with α = 0. Next, the network was simulated with a
negative bias introduced by hardwiring the synaptic weights according to Equations (4.1) and
(4.2) with α = −1. This caused the sad output neuron to respond to most of the more neutral
stimuli in addition to the sad stimuli. Lastly, the negative bias in the previous network was
eliminated by CBM training using trace learning. This resulted in the happy output neuron
now responding to most of the neutral stimuli as well as the happy stimuli.

Untrained Network Performance (Before and After Biases are Added) The network
was simulated with unbiased hardwired synaptic weights. Figure 4.2d (left) shows the unbiased
synaptic weights. The sad output cell receives the strongest synaptic weights from the sad end
of the stimulus range, while the happy output cell receives the strongest synaptic weights from
the happy end of the stimulus range. The two output cells receive equal, albeit mirror sym-
metric, distributions of synaptic weights from the intermediate neutral portion of the stimulus
continuum. Figure 4.2d (right) shows the firing rate responses of the two output cells to the full
range of input stimuli. The happy output cell responds to happy stimuli, the sad output cell
responds to sad stimuli, while both output cells respond to equal numbers of the more neutral
intermediate stimuli.

The network was then simulated with a negative cognitive bias introduced by hardwiring
the synaptic weights. Figure 4.2e (left) shows the synaptic weights. The sad output cell receives
stronger synaptic weights from the sad end of the input range and most of the more neutral
input cells, while the happy output cell receives stronger synaptic weights from only the happy
end of the input range. Figure 4.2e (right) shows the firing rate responses of the two output
neurons to the the full range of input stimuli. Due to the biased synaptic weights, the sad
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output cell responds to the majority of the more neutral stimuli in addition to the sad stimuli,
whereas the happy output cell only responds to the more happy stimuli.

Learned (Remapped) Network Performance The negative bias in the previous biased
network was eliminated by CBM training using trace learning. After trace learning, the feed-
forward synaptic weights remap so that the happy output neuron receives stronger synaptic
weights from input neurons representing the happy stimuli and the majority of the more neu-
tral stimuli, while the sad output cell receives strong synaptic weights only from the sad end
of the input stimulus range. This can be seen in the left plot of Figure 4.2f. The effect of this
remapping is that the happy output cell now responds to stimuli from the happy to middle
neutral region of the input stimulus range, while the sad output cell responds only to stimuli
from the sad end of the input stimulus range, which can be seen in the right plot of Figure 4.2f.
Thus, trace learning has produced CBM, where the bias in the network has been shifted from
negative to positive.

4.4 Simulation Studies 2: VisNet Simulation

In this section, computational hypotheses described in Section 4.1 is tested using realistic face
stimuli presented to VisNet (Wallis and Rolls, 1997; Stringer et al., 2006). The simulations with
VisNet were carried out in two stages of training as follows.

In the first training stage, VisNet was trained on a set of randomised computer generated
face images, where the identity and expression of each face was chosen randomly. In Chapter 3,
it was reported that this led to the development of separate sub-populations of output neurons
that responded selectively to either facial identity or expression (Eguchi et al., 2016). Such
neurons have been experimentally observed in single unit recording neurophysiology studies on
the primate brain (Hasselmo et al., 1989b).

The second stage of training involved CBM by either CT learning or trace learning, simi-
lar to that described above for the one-layer network in Section 4.3.3.1 and in Section 4.3.4.1.
Specifically, I tested whether the initial negative bias in the synaptic connectivity developed
in the pretraining could be shifted from sad to happy after CBM retraining on new, specially
designed sequences of face images. In these second stage simulations, the sequences of face im-
ages used for CBM retraining were constructed in accordance with the spatio-temporal stimulus
statistics required by either the CT learning (Study 2a) or trace learning hypotheses (Study
2b).

4.4.1 VisNet Model Description

The simulation studies presented below are conducted with a hierarchical neural network model
of the primate ventral visual pathway, VisNet, which was originally developed by Wallis and
Rolls (1997) (see Section 1.3). The values used in the current studies are given in Table 4.1c.
The gradual increase in the receptive field of cells in successive layers reflects the known phys-
iology of the primate ventral visual pathway (Freeman and Simoncelli, 2011; Pasupathy, 2006;
Pettet and Gilbert, 1992). During training with visual objects, the strengths of the feedforward
synaptic connections between successive neuronal layers are modified by biologically plausible
local learning rules, where the change in the strength of a synapse depends on the current or
recent activities of the pre- and post-synaptic neurons. A variety of such learning rules, in this
case both Hebbian learning (Equation (1.7)) and trace learning (Equation (1.8) and (1.9)), may
be implemented with different learning properties.

In the experiments conducted in this chapter, an array of Gabor filters (see Section 1.3.1)
is generated at each of 256 × 256 retinal locations with the parameters given in Table 4.1c.
The outputs of the Gabor filters are passed to the neurons in layer 1 of VisNet according to



CHAPTER 4. COGNITIVE BIAS MODIFICATION 130

larger receptive fields  

Eccentricity / deg

R
ec

ep
tiv

e 
Fi

el
d 

Si
ze

 / 
de

g

50

20

8.0  

3.2  

1.3  

50208.0  3.2  1.3  0

TE

TEO

V4

V2

V1

LGN

combinations of features
configuration sensitive  

view dependent

view independence  

First face is happy

Last face is neutral

Face 1 Face 2 Face 3 Face 4 Face 5

Face 6 Face 7 Face 8 Face 9 Face 10

Happy Faces

Neutral Faces

(a) VisNet Architecture

(b) Faces for Pretraining

(c) Faces for CBM by CT Learning (d) Faces for CBM by Trace Learning

Figure 4.3: (a) Left: Stylised image of the four layer VisNet architecture. Convergence through the network is designed
to provide fourth layer neurons with information from across the entire input retina. Right: Convergence in the visual
system V1: visual cortex area V1; TEO posterior inferior temporal cortex, TE inferior temporal cortex (IT) (b) Examples
of the face stimuli used to pretrain VisNet. 100 realistic human faces were randomly generated with different identities,
and the expressions of individual faces were also randomly set along a continuous dimension between happy and sad. (c)
Examples of the face stimuli used to perform CBM retraining on VisNet through CT learning with the Hebbian learning
rule, Equation (1.7) and weight vector renormalisation, Equation (1.10) and (1.11). The image set is constructed from 5
different facial identities. For each of these facial identities, ten face images were constructed by sampling ten evenly-spaced
expressions between happy and neutral. This gave a total of 50 face images used to retrain VisNet. The figure shows a
subset of these images corresponding to one particular facial identity morphed through 10 equispaced expressions from
happy (top left) to neutral (bottom right) (d) Examples of the face stimuli used to perform CBM retraining on VisNet
through trace learning with the trace learning rule, Equation (1.8) and (1.9) and weight vector renormalisation, Equation
(1.10) and (1.11). The image set consisted of 25 faces with a happy expression and 25 faces with a neutral expression.
Each of these 50 faces had a different randomly generated identity. The figure presents some examples of these images.
The top row shows a selection of 5 happy faces, while the bottom row shows 5 neutral faces. Faces with happy and neutral
expressions were interleaved during CBM retraining by trace learning.

the synaptic connectivity given in Table 4.1c. That is, each layer 1 neuron receives connections
from 201 randomly chosen Gabor filters localised within a topologically corresponding region
of the retina.

In this chapter, simulations with a self-organising map (SOM) (von der Malsburg, 1973;
Kohonen, 1982) implemented within each layer were conducted. In the SOM architecture,
short-range excitation and long-range inhibition are combined to form a Mexican-hat spatial
profile and is constructed as a difference of two Gaussians as described in Section 1.3.3.2. The
lateral inhibition and excitation parameters used in the SOM architecture are given in Table
4.1c.

The parameters for the sigmoid activation function (see Section 1.3.4) are shown in Table
4.1c. These are general robust values found to operate well. They are similar to the standard
VisNet sigmoid parameter values that were previously optimised to provide reliable performance
(Stringer et al., 2006, 2007; Stringer and Rolls, 2008).
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4.4.1.1 Information analysis

A single cell information measure was applied to the trained network of simulation study in
Chapter 3 in order to identify the different subpopulations of output (4th layer) neurons that
responded selectively to either happy faces or sad faces regardless of facial identity (Eguchi
et al., 2016). Full details on the application of this measure to VisNet are given by Rolls and
Milward (2000). In particular, the magnitude of the information measure reflects the extent
to which a neuron responds selectively to a particular stimulus category such as a happy or
sad expression, but also responds invariantly to different examples from that category such as
different face identities.

The single cell information measure is applied to individual cells in layer 4, and measures
how much information is available from the response of a single cell about which stimulus
category, i.e. a happy expression or a sad expression, was shown. For each cell, the single cell
information measure used was the maximum amount of information a cell conveyed about any
one stimulus category. The stimulus-specific information I(s,R) is the amount of information
the set of responses R has about a specific stimulus category s, and is given by equation (1.12)
in Section 1.5.2.1.

The maximum amount of information that can be attained is log2(N) bits, where N is
the number of stimulus categories. For the case of two stimulus categories, i.e. happy and sad
expressions, the maximum amount of information is 1 bit.

4.4.2 Pretraining VisNet

In the first stage of the simulations, VisNet was pretrained on a set of 100 randomised computer
generated face images, which were created using the software package FaceGen (FaceGen, 2013).
FaceGen allows for controlled production of realistic face stimuli, developed from a series of
photographs of real people. The faces were randomly generated with different identities, and
the expressions of individual faces were also randomly set along a continuous dimension between
happy and sad. Examples of these face images are shown in Figure 4.3b.

The pretraining stage was carried out using the Hebbian learning rule (1.7) with weight
vector normalisation (1.10) and (1.11). The presentation of the 100 randomised faces constituted
one epoch of training, and the network was trained for a total of 20 training epochs during this
stage.

The network was then tested by presenting 100 happy faces all with different facial identities,
and then presenting 100 sad faces with different facial identities. For each presentation of a face,
the firing rates of all of the output neurons were recorded. Information analysis was then used to
identify whether any output neurons carried high levels of information about facial expression.
That is, whether these neurons had learned to respond to either happy expressions regardless
of identity, or sad expressions regardless of identity.

Figure 4.4b shows the single cell information carried by all output (4th layer) neurons before
and after pretraining on the randomised face images. The plot shows the information carried by
the 4th layer neurons about either happy or sad expressions, where the neurons are plotted in
rank order along the abscissa. The maximum amount of information possible for the simulation
is log2(N) bits whereN is the number of categories (Happy or Sad), that is 1 bit. The dashed line
represents the untrained network while the solid line represents the trained network. The result
shows that pretraining VisNet on many randomly generated faces has significantly increased
the amount of single cell information carried by 4th layer neurons about the facial expression
as originally reported in Chapter 3 (Eguchi et al., 2016).

These computed information values enabled us to identify two different subpopulations of
output neurons that had learned to respond to either happy or sad expressions regardless of
facial identity. Figure 4.4c shows the response profiles of five Happy output neurons and five
Sad output neurons recorded in response to the matrix of test faces shown in Figure 4.4a



CHAPTER 4. COGNITIVE BIAS MODIFICATION 132

directly after the initial stage of pretraining (solid line). The plots show the average firing
rate of the cells in response to 20 different facial expressions ranging from very happy (1) to
very sad (20). For each facial expression, the firing rates are averaged over the 20 different
facial identities. These neurons have approximately monotonic response profiles, with Happy
neurons (top row) responding maximally to the most happy faces and Sad neurons (bottom row)
responding maximally to Sad faces, as previously reported in the simulation study in Chapter
3 (Eguchi et al., 2016). Importantly, these neurons were shown to in fact encode particular
spatial relationships between the facial features that correlated with facial expression. For a
more detailed analysis of the neuronal firing properties that developed during the pretraining
stage, please refer to Chapter 3.

In the next sections, I show how to remap the feedforward synaptic connections to these
two subpopulations of output neurons by either CT learning or trace learning in order to shift
the cognitive bias from negative to positive.

4.4.3 Study 2a: CBM by CT Learning

4.4.3.1 Method

After pretraining VisNet on 100 randomised faces as described in Section 4.4.2, VisNet then
underwent a stage of CBM retraining by CT learning. During this, the network was retrained on
continuously transforming face images with the Hebbian learning rule (1.7) with weight vector
renormalisation (1.10) and (1.11). Figure 4.3c shows examples of the face stimuli used to perform
CBM retraining by CT learning. The image set is constructed from 5 different facial identities.
For each of these facial identities, ten face images were constructed by sampling ten evenly-
spaced expressions between happy and neutral. Figure 4.3c shows a subset of these images
corresponding to one particular facial identity morphed through 10 equispaced expressions from
happy (top left) to neutral (bottom right). During CBM retraining, the first facial identity was
presented transforming continuously through the 10 expressions from happy to neutral. Then
the second facial identity was similarly presented transforming continuously through the 10
expressions from happy to neutral. This was repeated for all 5 facial identities in turn. This
constituted one epoch of training. The network underwent a total of 50 training epochs.

In this situation, CT learning (Stringer et al., 2006) will begin to remap the feedforward
synaptic connections through successive neuronal layers within the network according to the
computational hypothesis described in Section 4.2. That is, when the happy face is presented,
this stimulates the happy output (4th layer) neurons to respond. Then, as the face is gradually
morphed from happy to neutral, the happy output cells continue to respond due to the CT
learning mechanism operating in the feedforward synaptic connections between successive layers.
At the same time, the later more neutral faces are remapped onto the happy output neurons
through the Hebbian learning rule (1.7) with weight vector renormalisation (1.10) and (1.11).
This retraining is carried out for each of the 5 different facial identities over 100 training epochs.
In this way, the low-level features representing more neutral faces in the lower layers of the
network become remapped onto the more happy output representations. Thus, CBM occurs.

I wanted to assess how well CBM retraining remapped the more neutral faces away from
the sad output neurons and onto the happy output neurons. In order to do this, it was begun
by reanalysing the amount of information that individual output neurons carried about either
happy or sad expressions directly before the CBM retraining stage. Specifically, the subset of
1,000 neurons that carried the most information about the presence of a happy expression, and
another subset of 1,000 neurons that carried the most information about the presence of a sad
expression were identified . In this way, two separate subsets of output neurons (i.e. Happy vs
Sad subpopulations) were identified. The performance of the CBM retraining was assessed by
recording and analysing the firing rates of the Happy and Sad subpopulations of output neurons
in response to the set of test faces shown in Figure 4.4a directly before and after CBM retraining.
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Figure 4.4: (a) The face stimuli used to test VisNet. A 1-dimensional space of 20 different facial identities, which varied
gradually from Identity A to Identity B, were constructed. Then each of these identities was varied over a 1-dimensional
space of 20 different expressions which varied gradually from sad to happy. (b)The amount of information carried by
output (4th layer) neurons after pretraining VisNet. The plot shows the information carried by all of the 4th layer neurons
about either happy or sad expressions, where the neurons are plotted in rank order along the abscissa. (c) Demonstration
of CBM by CT learning (c1) and trace learning (c2) in VisNet. The firing rates of five Happy output neurons and five Sad
output neurons are recorded in response to the matrix of test faces shown in (a) directly before and after CBM retraining.
The plots show the average firing rate of the cells in response to 20 different facial expressions ranging from very happy
(1) to very sad (20). For each facial expression, the firing rates are averaged over the 20 different facial identities. (d)
The plots show the average firing rate of all the Happy output cells (dashed line) and all the Sad output cells (solid line)
in response to 20 different facial expressions ranging from very happy (1) to very sad (20). For each facial expression, the
firing rates are averaged over the 20 different facial identities. The subplot (d1) shows the output of the network directly
before CBM retraining, and the subplot (d2) and (d3) shows the output of the network after CBM retraining with CT
learning and with trace learning, respectively.
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This is the same set of face images as used in the simulation study conducted in Chapter 3
(Eguchi et al., 2016). In particular, a 1-dimensional space of 20 different facial identities, which
varied gradually from one Identity A to another Identity B, was constructed. Each of these
facial identities was then varied over a 1-dimensional space of 20 different expressions which
varied gradually from sad to happy. This produced a matrix of 400 face stimuli constructed
from 20 identities × 20 expressions. By recording the responses of the Happy and Sad subsets
of output neurons to these test faces directly before and after CBM retraining, it was now able
to assess how well the CBM retraining had remapped the more neutral faces away from the Sad
neurons and onto the Happy neurons.

4.4.3.2 Results

After pretraining the network on the set of 100 randomly generated faces (Figure 4.3b), the
subset of five output neurons that carried the most information about a happy expression, and
another subset of five output neurons that carried the most information about a sad expression
were identified. Figure 4.4c shows the average firing rates of the five Happy output neurons (top
row) and five Sad output neurons (bottom row) recorded in response to the matrix of test faces
shown in Figure 4.4a directly before and after CBM retraining. The plots show the average
firing rate of the cells after the initial pretraining (solid line), after the remapping with CT
learning (dashed line) in response to 20 different facial expressions ranging from very happy (1)
to very sad (20). For each facial expression, the firing rates are averaged over the 20 different
facial identities. It can be seen that the Happy output neurons respond with a greater average
firing rate across the space of expressions after CBM training by CT learning. In particular,
CBM retraining has remapped the more neutral faces away from the Sad output neurons and
onto the Happy output neurons.

Furthermore, the subset of 1,000 neurons that carried the most information about a happy
expression, and another subset of 1,000 neurons that carried the most information about a sad
expression were identified. The firing rates of the subpopulation of Happy output neurons and
subpopulation of Sad output neurons were then recorded in response to the matrix of test faces
shown in Figure 4.4a directly before and after CBM retraining. Figure 4.4d shows the average
firing rate of all the Happy output cells (dashed line) and all the Sad output cells (solid line)
in response to 20 different facial expressions ranging from very happy (1) to very sad (20).
The left plot shows the output of the network directly before CBM retraining, and the right
plot shows the output of the network after CBM retraining with CT learning. It can be seen
that directly before CBM retraining, the subpopulation of Sad output neurons respond more
strongly on average than the Happy output neurons to all facial expressions greater than 4
on the happiness scale (1-20) represented along the abscissa. However, after CBM retraining,
the Sad output neurons respond more strongly than the Happy output neurons only to facial
expressions greater than 16 on the happiness scale. Thus, CBM retraining has remapped the
more neutral faces away from the sad output neurons and onto the happy output neurons. In
particular, CBM retraining is able to shift the bias in the network from negative to positive
using a biologically plausible Hebbian learning rule (1.7) with weight vector renormalisation
(1.10) and (1.11) when the faces are presented transforming continuously from happy to sad as
shown in Figure 4.3c.

4.4.4 Study 2b: CBM by Trace Learning

4.4.4.1 Method

In this section, VisNet underwent a stage of CBM retraining by trace learning after the initial
stage of pretraining VisNet on 100 randomised faces as described in Section 4.4.2. During this,
the network was retrained on faces with either happy or neutral expressions, with the synapses
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modified using the trace learning rule (1.8) and (1.9) with weight vector renormalisation (1.10)
and (1.11). Figure 4.3d shows examples of the face stimuli used to perform CBM retraining
by trace learning. The image set consisted of 25 faces with a happy expression and 25 faces
with a neutral expression. Each of these 50 faces had a different randomly generated identity.
Figure 4.3d shows some examples of these images. The top row shows a selection of 5 happy
faces, while the bottom row shows 5 neutral faces. During CBM retraining, faces with happy or
neutral expressions were shown alternately in an interleaved fashion. That is, the presentation
order was happy face 1, neutral face 1, happy face 2, neutral face 2, and so on until eventually
happy face 25, neutral face 25. The ordered presentation of all 50 faces constituted one epoch
of training. The network underwent a total of 50 training epochs. In this situation, trace
learning (Foldiak, 1991; Wallis and Rolls, 1997) will encourage the happy output neurons to
learn to respond to both the happy faces and more neutral faces that are presented in temporal
proximity. That is, the neurons that are originally selective to only happy faces may start to
respond also to the more neutral faces based on temporal associations. In this way, the low-level
features representing more neutral faces in the lower layers of the network become remapped
onto the more happy output representations. Hence, CBM takes place.

4.4.4.2 Results

The network performance was assessed in a similar manner to that described above for CT
learning in Section 4.4.3.2. After pretraining the network on the set of 100 randomly generated
faces (Figure 4.3b), the subset of five neurons that carried the most information about a happy
expression, and another subset of five neurons that carried the most information about a sad
expression were identified. Figure 4.4c shows the average firing rates of the five Happy output
neurons (top row) and five Sad output neurons (bottom row) recorded in response to the matrix
of test faces shown in Figure 4.4a directly before and after CBM retraining. The plots show the
average firing rates of the cells after the initial training (solid line), and after the remapping
with trace learning (dash-dot line), in response to 20 different facial expressions ranging from
very happy (1) to very sad (20). For each facial expression, the firing rates are averaged over
the 20 different facial identities. It can be seen that the Happy output neurons respond with a
greater average firing rate across the space of expressions after CBM training by trace learning.
In particular, CBM retraining has remapped the more neutral faces away from the Sad output
neurons and onto the Happy output neurons.

Also, the subset of 1,000 neurons that carried the most information about a happy ex-
pression, and another subset of 1,000 neurons that carried the most information about a sad
expression were identified. These were exactly the same subsets of Happy and Sad output cells
that were identified for the CT learning simulation described in Section 4.4.3.2 (Study 2a). The
firing rates of the subpopulation of Happy output neurons and subpopulation of Sad output
neurons were then recorded in response to the matrix of test faces shown in Figure 4.4a directly
before and after CBM retraining. Figure 4.4 shows the average firing rate of all the Happy
output cells (dashed line) and all the Sad output cells (solid line) in response to 20 different
facial expressions ranging from very happy (1) to very sad (20). The subplot (d1) shows the
output of the network directly before CBM retraining, and the subplot (d3) shows the output
of the network after CBM retraining with trace learning. It can be seen that directly before
CBM retraining, the subpopulation of Sad output neurons respond more strongly on average
than the Happy output neurons to all facial expressions greater than 3 on the happiness scale
(1-20) represented along the abscissa. However, after CBM retraining, the Sad output neurons
respond more strongly than the Happy output neurons only to facial expressions greater than
18 on the happiness scale. Hence, the more neutral faces have been remapped away from the
sad output neurons and onto the happy output neurons by the CBM retraining. In particular,
CBM retraining has shifted the bias in the network from negative to positive using a biologi-
cally plausible trace learning rule (1.8) and (1.9) with weight vector renormalisation (1.10) and
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(1.11) when the faces are presented with the happy and neutral expressions shown in Figure
4.3d interleaved.

4.5 Discussion

In this chapter, two alternative CBM training mechanisms, continuous transformation (CT)
learning (Stringer et al., 2006) and trace learning (Foldiak, 1991; Wallis and Rolls, 1997), are
described and modelled. These learning mechanisms were previously used to model how the
primate ventral visual pathway learns to perform transform invariant visual object recognition.
CT learning binds together input stimuli onto the same categorical output representation us-
ing spatial continuity, while trace learning binds together stimuli using temporal continuity.
Experimental support for these two learning mechanisms has been provided by previous psy-
chophysical studies, which have confirmed that human subjects bind together different images
onto a single categorical representation using a mixture of both spatial continuity (CT learn-
ing) and temporal continuity (trace learning) (Perry et al., 2006). Our current simulations have
shown that these same learning mechanisms may be implemented in neural network computer
models to rewire the synaptic connectivity in order to eliminate the kind of negative cognitive
biases associated with clinical depression.

The results of these simulations are highly informative for the development of experimental
protocols to develop optimal CBM training methodologies with human participants. One such
suggestion is to have a clearer focus on the way in which a bias might be altered. This chapter
presents a bias change through the exploitation of two visual learning rules. For a bias change
to occur, some sort of learning must occur, so it follows to use what we know about learning
to inform CBM procedures. Here the stimuli are optimised for use with trace and CT learning,
but future work could look at other types of learning. For example, findings from reinforcement
learning research could be used to optimise CBM procedures using feedback.

The first of the CBM retraining mechanisms, CT learning, utilizes a Hebbian learning rule
(1.7) with weight vector renormalisation (1.10) and (1.11). During training, the face stimuli
gradually transform from happy to sad. The initial presentation of the happy face stimulates
the happy output representation, which then stays active while the faces morph continuously
through more neutral to sad faces. The continual application of Hebbian learning at each face
presentation then remaps the more neutral faces onto the active happy output representation. In
this way, the positive output neurons that originally fire only to very happy faces are remapped
to also fire to the more neutral faces.

The second of the CBM retraining mechanisms, trace learning, utilizes a trace learning rule
(1.8) and (1.9) with weight vector renormalisation (1.10) and (1.11). Trace learning encourages
output neurons to respond to input patterns that tend to occur close together in time. During
training, the sad and neutral faces are presented to the network in an interleaved manner. The
application of trace learning at each face presentation then binds the happy and neutral faces
together onto the same happy output representation. In this way, positive output neurons are
remapped to also respond to neutral faces.

The two CBM training mechanisms, CT learning and trace learning, were first tested in a
simplified one-layer neural network model in order to investigate the operation of these learning
mechanisms in a highly controlled way. These computer simulations allowed us to explore the
neural and synaptic dynamics underpinning the two CBM training mechanisms. It was found
that both CT learning and trace learning were able to remap the synaptic connectivity such
that the happy output cell responded to the happy to neutral portion of the stimulus range,
while the sad output cell responded only to the sad end of the stimulus range. Thus CBM
retraining by either CT learning or trace learning produced successful CBM, where the bias in
the network was shifted from negative to positive.

Next the CBM training methodologies in a much more biologically detailed multi-layer
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model, VisNet, with realistic face images generated using the FaceGen 3D face modelling soft-
ware package were tested. The network was first pretrained on 100 randomly generated faces
with a variety of facial identities and expressions ranging from happy to sad, as described in
Section 4.4.2. During this pretraining stage, the network developed output neurons responding
preferentially to either happy or sad facial expressions, as previously shown in Chapter 3 (Eguchi
et al., 2016). Then the network underwent CBM retraining using either CT learning or trace
learning as described in Section 4.4.3 (Study 2a) and in Section 4.4.4 (Study 2b), respectively.
It was found that both CT learning and trace learning were able to remap the more neutral
faces away from the sad output neurons and onto the happy output neurons, thus shifting the
cognitive bias in the network connectivity from negative to positive.

To the authors’ knowledge, this is the first study that has modelled the application of the
CT learning and trace learning mechanisms to CBM-Interpretation. Previous experimental
studies have found that CBM-Interpretation can reduce negative cognitive biases in human
participants (e.g. Grey and Mathews, 2000; Mathews and Mackintosh, 2000), which in turn
can reduce the risk for depression recurrence (Holmes et al., 2009). Furthermore, considering
the fact that neither CT nor trace learning require any feedback signal, this can potentially be
a very powerful tool for the treatment. The work reported in this chapter provides potential
explanations at the neuronal and synaptic level for how such a shift in interpretational bias
might occur through CBM training. Understanding the way in which biases can be shifted is
crucial at present, given the mixed results seen in CBM research so far (Fox et al., 2014).

4.5.1 Future Work

The development of well specified computational models may help to guide future research aimed
at optimising the effectiveness of CBM treatments. For example, the simulations presented in
this chapter utilized either CT learning or trace learning, but not both together, to effect a shift
in the cognitive bias from negative to positive. However, psychophysical studies have shown
that human subjects bind together different images onto a single categorical representation
using a mixture of both spatial continuity and temporal continuity (Perry et al., 2006). Wallis
and Blthoff (2001) have also shown that both spatial and temporal continuity seem to play a
key role for modifying recognition memory. The researchers presented subjects with sequences
of rotating faces, in which the identity of the face changed during rotation. It was found
that observers tended to bind together the different views into a single identity if the faces
transformed with both spatial and temporal continuity during training. That is, the sequence
of face images had to correspond to a continuous rotation of the head with the identity gradually
transformed between consecutive head orientations. Furthermore, a recent modelling study has
predicted that invariance learning in the primate ventral visual pathway may be most effective
when CT learning and trace learning are combined together simultaneously (Spoerer et al.,
2016). Therefore, in future work I may investigate CBM training methodologies that combine
together both CT learning and trace learning simultaneously for maximum therapeutic effect.

Besides CBM-interpretation training explored in this chapter, there has been argument that
antidepressants operate by initially shifting negative cognitive biases early in treatment, which
then leads to the later improvement of mood (Harmer, 2012). In support of this hypothe-
sis, Harmer and colleagues have found that the action of antidepressants can reduce negative
affective biases in depressed patients (Harmer et al., 2009), as well as modify the neural pro-
cessing of nonconscious threat cues (Harmer et al., 2006). In the future, I plan to develop
computer simulations aimed at shedding light on the operation of antidepressants in the brain
as an extension to the work presented in this chapter. The mechanisms by which antidepres-
sants shift information processing from negative to positive may be similar to what has been
proposed above for the CBM training methodologies. However, the initial shift in cognitive
bias caused by antidepressants must now be achieved by some form of pharmaceutically driven
global neuromodulation. Such neuromodulation may affect the processing of every day sensory
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experiences, which in turn may drive further synaptic modification resulting in reduced innate
negative biases. Therefore, I will explore how global changes to neuronal and synaptic model
parameters may lead to shifts in cognitive bias similar to those described above for the CBM
training methodologies.



Chapter 5

The Neural Basis of Border
Ownership Representations

Our visual perception tends to assign luminance contrast borders to one or other of the adjacent
image regions. Experimental evidence for the neuronal coding of such border-ownership in the
primate visual system has been reported in neurophysiology. I investigated exactly how such
neural circuits may develop through visually-guided learning. More specifically, I investigated
through computer simulation how top-down connections may play a fundamental role in the
development of border ownership representations in the early cortical visual layers V1/V2. Our
model consists of a hierarchy of competitive neuronal layers, with both bottom-up and top-down
synaptic connections between successive layers, and the synaptic connections are self-organised
by a biologically plausible, temporal trace learning rule during training on differently shaped
visual objects. The simulations reported in this chapter have demonstrated that top-down
connections may help to guide competitive learning in lower layers, thus driving the formation
of lower level (border ownership) visual representations in V1/V2 that are modulated by higher
level (object boundary element) representations in V4. Lastly I investigate the limitations of
our model in the more general situation where multiple objects are presented to the network
simultaneously.

5.1 Introduction

As Rubin’s famous vase (Figure 5.1) demonstrates, our visual perception tends to assign lu-
minance contrast borders to one or other of the adjacent image regions, as if they serve as
occluding contours (von der Heydt et al., 2003). This is an example of feature binding in vision,
in this case binding a luminance contrast border to a particular object. Representing such
binding relationships between visual features is essential to the ability of the visual system to
interpret and make sense of complex visual scenes. Experimental evidence for the neuronal
coding of such border-ownership in the primate visual system has arisen in a neurophysiology
study carried out by Zhou et al. (2000).

Zhou et al. (2000) have shown that the responses of simple cells in earlier cortical stages of
visual processing such as V1 and V2, which respond preferentially to oriented edges, are also
modulated by which side of an object or figure the edge occurs on. This is the case even when
the figure/background cues lie well outside the classical receptive field of the neuron, which in
area V1 is approximately 1 degree in size. Such neurons are referred to as border ownership cells.
Sugihara et al. (2011) later reported that the border ownership signal emerges with a latency of
61 ms, which is about 13 ms later than the onset of orientation selectivity. This suggests that
the global image context specifying border ownership modulates the activity of these neurons.
In other words, there must be a mechanism that enables the contextual information to be
conveyed to these early stage visual neurons in V1 and V2. It has been proposed that these
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Figure 5.1: Rubin’s Vase (Rubin, 1915)

kinds of border ownership responses in area V1 represent a form of feature binding, and so may
be important for understanding how primate vision may solve the problem of feature binding
more generally.

Some theoreticians have suggested that the context integration required for border ownership
representations in V1 and V2 can be achieved via lateral propagation of signals within a layer via
horizontal fibres (Zhaoping, 2005; Baek and Sajda, 2005; Nishimura and Sakai, 2004). However,
Sugihara et al. (2011) have argued that the conduction velocity of horizontal fibres is too
slow (most of them being between 0.1 and 0.4 m/s (Angelucci and Bullier, 2003)) to produce
the border ownership signals within the short latency observed in neurophysiology studies.
Furthermore, Sugihara et al. (2011) showed that varying the distance between the target border
and the visual features that carry contextual information about the ‘owner’ of the border does
not in fact influence the latency before the border ownership signals arise. Therefore, they
concluded that context influence by horizontal signal propagation alone is highly unlikely.

On the other hand, the feedforward (bottom-up) and feedback (top-down) connections be-
tween successive visual stages have fast-conducting axons, with conduction velocities of between
2 and 6 m/s, which is about ten times faster than cortical horizontal fibres (Angelucci and Bul-
lier, 2003). Accordingly, both Craft et al. (2007) and Jehee et al. (2007) have proposed models
that involve hypothetical ‘grouping circuits’ within a higher cortical layer that capture the
contextual information about local boundary elements, and these contextual signals are then
relayed down through feedback connections to modulate responses in an earlier layer. They pro-
posed that the larger receptive fields in the higher layer allow the network to employ ‘grouping
circuits’ without having to rely on slow lateral propagation of signals. Nevertheless, it still re-
mains a challenge to understand exactly how such neural circuits may be learned. The objective
of the current study is to investigate the learning mechanisms that underpin the development of
border ownership cells in the primate visual brain, in terms of synaptic modification guided by
visual experience and consequent neural adaptation throughout a hierarchy of cortical stages.
Moreover, given the proposed role of border ownership cells in feature binding, which is essential
for integrating the visual features within a scene, the simulations described below provide a step
towards understanding how the brain learns to make sense of the visual world.

One higher visual area that might provide appropriate top-down modulatory signals is V4,
which contains neurons that represent the localised boundary contour elements of objects (Lay-
ton et al., 2012). The responses of these neurons are sensitive to both the shape of the boundary
element and where the element is with respect to the centre of mass of the object (Pasupathy
and Connor, 2001, 2002). Hence each of the neurons encodes that a specific border element
belongs to a particular object - i.e. a kind of border ownership representation. A subpopulation
of these neurons will provide a distributed representation of the entire boundary of the object.
Furthermore, the neurons are able to respond invariantly as the object is shifted across different
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locations on the retina over a modest range.
In Chapter 2, the visually-guided development of such V4 cells has been investigated in

a computational modelling study with an established neural network model, VisNet, of the
primate ventral visual pathway (Eguchi et al., 2015). The network architecture consisted of a
hierarchy of cortical visual layers, with each layer modelled as a competitive neural network
(Wallis and Rolls, 1997). Whenever an image was presented to the network, visual signals
propagated through feedforward plastic synaptic connections between successive layers. Within
each competitive layer, the excitatory cells competed with each other to respond to the current
visual stimulus. In the brain, competition between excitatory cells is implemented via inhibitory
interneurons. Although to save computational expense in VisNet, competition between excita-
tory neurons is modelled more directly using local filters. During an initial period of training
with visual objects, the feedforward synaptic connections between successive layers of the net-
work are continually modified using local, biologically plausible, associative learning rules. The
competition within each layer then forces individual neurons to learn to respond selectively to
a particular stimulus class, with different neurons responding to different kinds of stimulus.
Competitive learning is a very simple unsupervised learning paradigm that allows neurons to
discover important features of the stimulus input patterns (Rumelhart and Zipser, 1985). In
Chapter 2, it was shown that the gradual increase in the receptive field size of neurons through
successive layers of the visual system (Gross et al., 1969; Pettet and Gilbert, 1992) allows V4
neurons access to local image information specifying how localised luminance contrast contours
belong to adjacent object regions (Eguchi et al., 2015). As a result, cells in the higher layer
of their hierarchical competitive neural network model developed neuronal response properties
similar to those reported by Pasupathy and Connor (2001, 2002) when the model was trained
on a number of real world objects.

In this chapter, the previous purely feedforward model investigated in Chapter 2 (Eguchi
et al., 2015) is extended by incorporating both feedforward (bottom-up) and feedback (top-
down) connections. This extended model architecture is used to investigate how the edge-
detecting simple cells in the earliest layer of the network, which corresponds to visual areas
V1/V2 in the primate brain, may develop border ownership representations via top-down mod-
ulation from neurons in the output layer, which corresponds to visual area V4. The necessary
feedforward and feedback synaptic connectivity within the network is set up by visually-guided
learning using a biologically plausible, local, trace learning rule (Foldiak, 1991) as the network
is trained on a collection of differently shaped visual object stimuli. I go on to show how these
border ownership signals in the earliest layer evolve dynamically during the 300ms time course
of a stimulus presentation, as reported by Sugihara et al. (2011) and Jehee et al. (2007). The
limitations of the model in the more general situation where multiple objects are presented to
the network simultaneously are then investigated.

5.2 Hypothesis

In Chapter 2, it was shown that when an established hierarchical neural network model of the
primate ventral visual pathway, VisNet (Wallis and Rolls, 1997), is trained on 177 images of real
world objects, which rotated in plane through 360 degrees and shifted across a 3 × 3 grid of nine
different retinal locations, the neurons in the higher layers of the model learn to represent local
boundary contour elements (Eguchi et al., 2015). Individual neurons are tuned to boundary
elements with a specific curvature at a particular location with respect to the centre of mass of
the object. Moreover, the neurons respond invariantly as an object is translated across different
retinal locations. These are the same neuronal response properties as observed in area V4 of
the primate visual system by Pasupathy and Connor (2002). Although they have reported that
the translation invariant responses of V4 neurons are only over a modest range, we can simply
suppose that the size of simulated retina in the model matches to the covered range.
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The version of the VisNet architecture used in the previous study reported in Chapter 2
incorporated only feedforward (bottom-up) connections between successive layers of the network
(Eguchi et al., 2015). No feedback (top-down) connections were included in the model even
though these are known to exist in the primate ventral visual pathway. It has previously been
suggested that the top-down connections might implement attention to objects during visual
search (Deco and Lee, 2002; Wagatsuma et al., 2013) and were incorporated into a variant of
VisNet model to simulate top-down biasing effects (Deco and Rolls, 2004). However, in this
previous study the top-down connections were only implemented after training, and so did not
influence the visual representations that developed during visually-guided learning. In contrast,
in our present chapter the top-down connections are also present during training, and thus
play a key role in the development of border ownership representations in the early layers. In
particular, I propose that the global image context specifying border ownership is conveyed to
the early stage visual neurons by top-down connections between layers in order to drive the
development of border ownership cells in the early cortical areas as reported by Zhou et al.
(2000).

Accordingly, I hypothesised that learning in the extended VisNet architecture introduced in
this chapter would operate as follows. First, during visually-guided learning in which VisNet is
trained on images of differently shaped objects, neurons in the later stages of visual processing
such as V4 will learn to encode boundary contour elements through learning in the feedforward
connections as previously demonstrated in Chapter 2 (Eguchi et al., 2015). Next, with continued
visually-guided training on the same object images, I expect that strong polysynaptic feedback
connections may subsequently develop from those neurons in the later stages of visual processing
to neurons in earlier stages such as V1 and V2. These strengthened top-down connections might
then modulate the responses of neurons in V1 and V2 according to where their preferred edge
element occurs within an object.

More precisely, let us consider a subset ΦV 4
Left of neurons in V4 that have learned, by the

visually-guided competitive learning mechanisms, to encode a vertical straight contour on the
left of an object across different retinal locations. This subset of V4 neurons may also develop
strengthened top-down polysynaptic connections to a subset of simple cells in V1 and V2 that
originally signal the presence of any vertical straight contour within their small classical receptive
field. This will force the subset of V1/V2 neurons to preferentially respond when the vertical
straight contour is part of the left boundary of an object (top-down signals) at a particular
retinal location (bottom-up signals).

Figure 5.2(a) shows a case example in which an object with a straight vertical border on its
left is presented with this border positioned at retinal location 1. The figure illustrates how the
subset ΦV 4

Left of V4 neurons, which represent a vertical straight edge on the left of an object, may

modulate the responses of a subset of V1/V2 simple cells Φ
V 1/V 2
Left,Loc1 that represent the presence

of a vertical contour at retinal location 1. Figure 5.2(b)-(d) shows similar case examples in
which the vertical straight edge may occur on either the left or right boundary of the object,
with the vertical straight edge positioned in either retinal location 1 or location 2.

In summary, I hypothesise that the observations of Zhou et al. (2000), in which the re-
sponses of V1 and V2 neurons are modulated by which side of a figure the edge occurs on, may
be replicated by incorporating both bottom-up and top-down associatively modifiable connec-
tions within VisNet. This will allow neurons in the early layers to develop their firing responses
through visually-guided competitive learning driven by a combination of both bottom-up and
top-down visual signals. The neural circuits developed after visually-guided learning in VisNet
are expected to be similar to the hypothetical ‘grouping circuits’ proposed in a previous mod-
elling study of border ownership representation with top-down connections carried out by Craft
et al. (2007). However, the focus of our current study is to investigate exactly how such neu-
ral circuits may be learned when the network is trained on visual images of differently shaped
objects.
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Figure 5.2: Hypothesised modulation of edge detecting simple cells in lower layers V1/V2 by top-down signals from higher
layer V4 neurons representing boundary contour elements. The figure shows the steady state activations of all neurons
after sufficient time (e.g. ≥ 61ms) has elapsed after stimulus presentation to allow visual signals to propagate from the
retina up to V4 and then back down to modulate V1/V2 responses. The following four cases are shown. (a) An object
with a straight vertical border on its left is presented with this border positioned at retinal location 1. Ascending visual

input initially stimulates both subsets of V1/V2 neurons, Φ
V 1/V 2
Left,Loc1 and Φ

V 1/V 2
Right,Loc1, representing a vertical straight edge

at retinal location 1. However, in layer V4, only those V4 neurons ΦV 4
Left representing a vertical straight edge on the

left of an object are preferentially stimulated by the current visual input. Note that these V4 neurons receive additional
feedforward (bottom-up) input signals from other V1/V2 neurons (not shown in the figure) which represent local image
context, and these additional context signals are required to guide the selective responses of the V4 neurons. How V4
neurons may develop such response properties through self-organisation of the feedforward connections has been previously
modelled in Chapter 2 (Eguchi et al., 2015). The subset of V4 neurons ΦV 4

Left then stimulates via feedback (top-down)

connections those two subsets of V1/V2 neurons Φ
V 1/V 2
Left,Loc1 and Φ

V 1/V 2
Left,Loc2 which receive strengthened connections from

ΦV 4
Left and are consequently modulated by a straight vertical edge on the left of an object. However, only the particular

subset of V1/V2 cells Φ
V 1/V 2
Left,Loc1, which represent a vertical bar at retinal location 1 where the vertical bar forms the

left hand border of an object, receive the greatest combination of bottom-up and top-down input. Consequently, these
V1/V2 neurons fire maximally, representing the border ownership of the vertical edge at this location. (b) An object with
a straight vertical border on its left is presented with this border positioned at retinal location 2. In this case, the subset

of V1/V2 cells Φ
V 1/V 2
Left,Loc2, which represent a vertical bar at retinal location 2 where the vertical bar forms the left hand

border of an object, receive the greatest combination of bottom-up and top-down input and fire maximally. (c) An object
with a straight vertical border on its right is presented with this border positioned at retinal location 1. This time the

subset of V1/V2 cells Φ
V 1/V 2
Right,Loc1, which represent a vertical bar at retinal location 1 where the vertical bar forms the

right hand border of an object, receive the greatest combination of bottom-up and top-down input and fire maximally. (d)
An object with a straight vertical border on its right is presented with this border positioned at retinal location 2. Now

the subset of V1/V2 cells Φ
V 1/V 2
Right,Loc2, which represent a vertical bar at retinal location 2 where the vertical bar forms the

right hand border of an object, receive the greatest combination of bottom-up and top-down input and fire maximally.
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Figure 5.3: (a) The original four-layer feedforward (bottom-up) version of the VisNet architecture. The figure shows the
feedforward connectivity, where each neuron receives connections from a topologically corresponding region of the preceding
layer. The convergence of feedforward connections through the network is designed to provide fourth layer neurons with
information from across the entire input retina. The new VisNet architecture implemented in this chapter was extended to
incorporate additional feedback (top-down) connections, which have the similar topological connectivity as the feedforward
connections except in the opposite direction as shown in (b). (c) Convergence in the visual system V1: visual cortex area
V1;TEO: posterior inferior temporal cortex, TE: anterior inferior temporal cortex (IT).

5.3 Materials & Methods

5.3.1 VisNet Model

The simulation studies presented in this chapter are conducted with a modified version of an
established neural network model, VisNet, of the primate ventral visual pathway, which was
originally developed by Wallis and Rolls (1997). A detailed description of the original model is
provided in Section 1.3. In the current simulations reported below, the number of the layers has
been reduced to three since a large number of border ownership neurons were found to develop
in the third layer of VisNet, which corresponds to TEO in the earlier study reported in Chapter
2 (Eguchi et al., 2015).

In the simulations described in this chapter, the VisNet architecture was extended to in-
corporate additional feedback (top-down) connections, which have the similar topological con-
nectivity as the feedforward connections except in the opposite direction (Figure 5.3(b)). Both
the feedforward and feedback connections to individual cells are derived from a topologically
corresponding region of the preceding layer, using a Gaussian distribution of connection prob-
abilities. These distributions are defined by a radius which will contain approximately 67% of
the connections from the preceding layer. The values used in the current studies are given in
Table 5.1. The gradual increase in the receptive field of cells in successive layers 1 to 3 reflects
the known physiology of the primate ventral visual pathway (Freeman and Simoncelli, 2011;
Pasupathy, 2006; Pettet and Gilbert, 1992).

Furthermore, in order to investigate the precise temporal dynamics of the top-down mod-
ulation, the original discrete time model, which has been used for past VisNet studies, was
converted into a time-continuous model with differential equations that are given below.

5.3.1.1 Pre-processing of the visual input by Gabor filters

Before the visual images are presented to the VisNet’s input layer 1, they are preprocessed by
a set of Gabor filters, previously implemented by Deco and Rolls (2004), which accord with the
general tuning profiles of simple cells in V1 (Jones and Palmer, 1987; Cumming and Parker,
1999; Lades et al., 1993). The filters provide a unique pattern of filter outputs for each transform
of each visual object, which is passed through to the first layer of VisNet. These filters are known
to provide a good fit to the firing properties of V1 simple cells, which respond to local oriented
bars and edges within the visual field (Jones and Palmer, 1987; Cumming and Parker, 1999).
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Table 5.1: Parameters used for simulations with VisNet

(a) Parameters for VisNet Model
Layer 1 2 3
Dimensions 64× 64 64× 64 64× 64
Number of feedforward fan-in connections 201 100 100
Fan-in Radius (feedforward) 12 12 18
Number of feedback fan-in connections 5 5 -
Fan-in Radius (feedback) 12 12 -
Sparseness of activations (set by adjusting sigmoid threshold α) 33 % 33 % 50 %
Sigmoid slope (β) 31.5 46.1 1.48
Learning rate (k) 1.0 1.0 1.0
Excitatory Radius (σE) 1.4 1.1 0.8
Excitatory Contrast (δE) 5.35 33.15 117.57
Inhibitory Radius (σI) 2.76 5.4 8.0
Inhibitory Contrast (δI) 1.6 1.5 1.5
(b) Parameters for Gabor Filtering
Phase shift (ψ) 0, π, −π/2, π/2
Wavelength (λ) 2
Orientation (θ) 0, π/4, π/2, 3π/4
Spatial bandwidth (b) 1.5 octaves
Aspect ratio (γ) 0.5
(c) Parameters for Differential Model
Activation time constant (τh) [s] 0.1
Trace time constant (τt) [s] 0.5
Presentation time per stimulus transform [s] 1.0
Numerical step size (∆t) [s] 0.01

The input filters used are computed by the Equation (1.1) and (1.2). In the experiments in this
chapter, an array of Gabor filters is generated at each of 256 × 256 retinal locations with the
parameters given in Table 5.1.

The outputs of the Gabor filters are passed to the neurons in layer 1 of VisNet according to
the synaptic connectivity given in Table 5.1. That is, each layer 1 neuron receives connections
from 201 randomly chosen Gabor filters localised within a topologically corresponding region of
the retina (this number has been used to be consistent with the original VisNet study (Wallis
and Rolls, 1997)). These distributions are defined by a radius shown in table 5.1.

5.3.1.2 Activations of neurons and competition within the network

Within each of the neural layers 1 to 3 of the network, the activation hi of each neuron i is
governed by the following differential equation:

τh
dhi(t)

dt
= −hi(t) +

∑
j

wij(t)rj(t) (5.1)

where τh is the time constant, rj is the firing rate of presynaptic neuron j, and wij is the
strength of the synapse from neuron j to neuron i. The value of τh used in the simulations is
0.1, which is larger than the typical values used for spiking network, 0.01. However, since spikes
of the neurons are not implemented, and the synaptic learning rule does not depend on the
precise timing like STDP, the larger time constant was used for this particular model for the
speed of its computation. In this chapter, the full differential model, which comprises equation
(5.1) and equations (5.2) and (5.3) given below, is numerically simulated using a Forward Euler
finite difference scheme with a fixed numerical timestep ∆t given in Table 5.1.

In this chapter, simulations with a self-organising map (SOM) (von der Malsburg, 1973;
Kohonen, 1982) implemented within each layer were conducted. In the SOM architecture, short-
range excitation and long-range inhibition are combined to form a Mexican-hat spatial profile
and is constructed as a difference of two Gaussians as Equation (1.5). The lateral inhibition
and excitation parameters used in the SOM architecture are given in Table 5.1. These values
were previously found to optimize the performance of the VisNet model (Rolls, 2000; Tromans
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et al., 2011).
Next, the contrast between the activations of neurons within each layer is enhanced by

passing the activations of the neurons through a sigmoid transfer function as Equation (1.6).
The parameters for the sigmoid activation function are shown in Table 5.1.

5.3.1.3 Modification of synaptic weights during training

During training with visual objects, while the connectivity pattern is fixed, the strengths of the
feedforward and feedback synaptic connections between successive neuronal layers are modi-
fied by a trace learning rule (see Section 1.4.2) (Foldiak, 1991; Wallis and Rolls, 1997), which
incorporates a memory trace of recent neuronal activity:

dwij(t)

dt
= kri(t)rj(t) (5.2)

where rj(t) is the firing rate of pre-synaptic neuron j, ri(t) is the memory trace value of the
firing rate of post-synaptic neuron i, wij is the synaptic weight from pre-synaptic neuron j to
post-synaptic neuron i, and k is the learning rate constant. The memory trace value ri(t) is
updated according to the equation:

τt
ri(t)

dt
= −ri(t) + ri(t) (5.3)

where ri(t) is the firing rate of post-synaptic neuron i, and τt is a trace time constant which is
given in Table 5.1. The effect of the trace learning rule (5.2) is to encourage neurons to learn
to respond to visual input patterns that tend to occur close together in time. The utility of
this temporal binding is as follows. If, during training, each object is presented to the network
in a sequence of different retinal locations clustered together in time before switching to the
next object, then this enables neurons in higher layers to learn to respond to their preferred
visual stimulus with shift invariance across different retinal locations as described in the earlier
simulation study reported in Chapter 2 (Eguchi et al., 2015).

During the numerical simulation, to prevent the same few neurons always winning the
competition, the synaptic weight vector wi for each neuron i is normalised to unit length
after each learning update for each training image by Equation (1.10) and (1.11).

In the original discrete-time version of VisNet, the synaptic weights are trained layer by layer
(Wallis and Rolls, 1997). However, it is important to note that in the current time-continuous
version of VisNet, all the synapses across the layers are trained simultaneously. This means
that every time step, each neuron calculates the weighted sum of the pre-synaptic activations,
at both feed-forward and top-down synapses, to update the activation h (Equation (5.1)).
Next the neuronal firing rates within each layer are simultaneously determined by applying the
SOM filter (Equation (1.5)) and then the contrast enhancement (Equation (1.6)). The trace
learning rule (Equation (5.2) and (5.3)) is then applied at all of the synapses simultaneously to
update the synaptic weights. In other words, in the current VisNet model, the training of the
backprojections starts at the same time as the forward projections, with the bottom-up and
top-down afferent connections to all of the layers being trained simultaneously.

5.3.2 Analysis Techniques

Information theory is used to quantify how selective neurons are for members of a particular
stimulus category. If a neuron responds invariantly to the members of a particular stimulus
category but not to stimuli from other stimulus categories, then the neuron carries a high level
of information about the presence of its preferred stimulus category.

For example, information theory has been used to quantify how well neurons have learned
to respond selectively to a particular visual stimulus with translation invariance across different
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retinal locations. If the responses r of a neuron carry a high level of information about the
presence of a particular stimulus s across different retinal locations, then this implies that the
neuron will respond selectively to the presence of that stimulus regardless of where the stimulus
is presented on the retina. In this way, information theory can provide a direct measure of both
the selectivity of a neuron for a particular stimulus, as well as how translation-invariant the
neuronal responses are as the stimulus is shifted across the retina.

In this chapter, I continue to use information theory to assess the stimulus selectivity and
translation invariance of neurons in the layer 3 that have learned to respond to localised object
boundary elements with translation invariance, as previously investigated in Chapter 2 (Eguchi
et al., 2015). However, in this new study information theory was also applied to assess how well
simple cells in layer 1 have learned to represent border ownership through top-down modulation.
Therefore information theory was used to assess whether some layer 1 simple cells learn to
respond selectively to a vertical straight edge on the left boundary of an object, while other
simple cells learn to respond to a vertical straight edge on the right boundary of an object,
regardless of the overall object shape. The simple cells in layer 1 have a small fan-in from the
retina and are tuned to specific retinal locations, and consequently do not respond invariantly
over different retinal locations. Instead, the simple cells should ideally respond invariantly over
different global object shapes, as long as there is a straight vertical edge in the correct location
on the object boundary.

Two information measures were used to assess network performance (see Rolls et al. (1997);
Rolls and Milward (2000)). These two measure use the responses from either individual neu-
rons (single-cell information analysis) or small ensembles of neurons (multiple-cell information
analysis). A detailed description of the process is explained in Section 1.5.2.

5.4 Simulation Studies

5.4.1 Study 1: simulation of the visually-guided development of border own-
ership representations

In this simulation study, VisNet was initially trained and tested on the same abstract visual ob-
ject shapes (familiar objects) shown in Figure 5.4(a). The model was then also cross-validated
by testing the same trained network on the novel visual objects (novel objects) shown in Figure
5.4(b), which were not presented to the network during initial training. The familiar objects were
hexagons and semicircles, which were either black or light grey. Black objects were presented
against a light grey background, while light grey objects were presented against a black back-
ground. Each object had a vertical straight edge either on its left boundary (Figure 5.4(a2,a4))
or right boundary (Figure 5.4(a1,a3)). Although in the natural environment, the object does
not normally jump from one location to the other instantaneously, the region activated on the
retina does constantly shifts around due to the rapid eye movement called saccades. To simulate
this effect, during training and testing, each object was presented in two locations on the left
(Location 1) and right (Location 2) of the 256× 256 retina.

Whenever an object was presented on the left of the retina, the vertical straight edge on its
(left or right) boundary was precisely aligned with retinal Location 1 (Figure 5.4(a1,a2)). This
enabled us to explore the top-down modulation of the subpopulation of simple cells in Layer 1
tuned to vertical straight edges at this specific retinal location. In a similar manner, whenever
the object was presented on the right of the retina, the vertical straight edge on its (left or right)
boundary was aligned with retinal Location 2 (Figure 5.4(a3,a4)). Again, this permitted us to
explore the top-down modulation of simple cells in Layer 1 tuned to vertical straight edges at
this retinal location.

During training, the familiar objects shown in Figure 5.4(a) were presented to the network
one at a time shifting across the two retinal locations while the feedforward and feedback
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1. Straight vertical edge on the right object boundary positioned at retinal Location 1

2. Straight vertical edge on the left object boundary positioned at retinal Location 1

3. Straight vertical edge on the right object boundary positioned at retinal Location 2

4. Straight vertical edge on the left object boundary positioned at retinal Location 2
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Figure 5.4: The visual object stimuli used for the simulation study. (a) A set of abstract familiar shape stimuli used to
both train and test the network model (shaded hexagons and semicircles). The objects were black when presented on
a light grey background or light grey when presented on a black background. Each object had a vertical straight edge
either on its left boundary (a1,a3) or right boundary (a2,a4). During training and testing, each object was presented in
two locations on the left and right of the retina. Whenever an object was presented on the left of the retina, the vertical
straight edge on its (left or right) boundary was precisely aligned with retinal Location 1 (a1,a3). Similarly, whenever the
object was presented on the right of the retina, the vertical straight edge on its (left or right) boundary was aligned with
retinal Location 2 (a2,a4). (b) A set of novel stimuli used to cross-validate the performance of the network after it had been
trained on the familiar set of stimuli (a). The four novel stimuli were a dog’s head, a penguin, and two differently shaped
human heads. Each novel stimulus has a vertical straight edge on one side. The four novel objects are each presented in
two retinal locations in a similar manner to the familiar shapes (a). This gives a total of eight novel stimulus presentations.

synaptic connections between successive layers were modified using the trace learning rule (5.2)
and (5.3). The trace learning rule in the feedforward connections drives the development of
neuronal responses in the higher layers that are translation invariant across different retinal
locations by encouraging postsynaptic neurons to learn to respond to subsets of input patterns
that tend to occur close together in time. As long as, during training, each object is presented
across different retinal locations in temporal proximity, then the trace learning rule will produce
output neurons that have learned to respond selectively to a particular object feature in a
translation invariant manner. Therefore, during training, each object was selected in turn and
presented in the two different retinal locations before moving on to the next object.

5.4.1.1 Steady state firing properties of cells in layers 1 and 3 at the end of each
stimulus presentation

In this section the steady state firing responses of Layer 1 and Layer 3 neurons at the end of each
stimulus presentation before and after training were analysed with the same object stimuli used
for training (familiar objects) shown in Figure 5.4(a) as well as with the novel object stimuli
shown in Figure 5.4(b) to cross-validate the developed response properties.

The firing properties of the output (Layer 3) neurons was first tested to investigate whether
these neurons had learned to respond selectively to the presence of a vertical straight edge
on either the left boundary or right boundary of an object. Such neurons had to respond
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Figure 5.5: The steady state response properties of Layer 3 neurons at the end of each stimulus presentation of familiar
shapes that were used to train the network (shown in Figure 5.4(a)). (a) Information analysis: Information carried by
the output (3rd layer) neurons about whether the vertical straight edge was on the left or right boundary of each object
presented to the network before and after training. Plot (a1) shows the maximum single cell information carried by each of
the 4096 neurons in Layer 3 about which one of the two stimulus categories was presented, where all of the neurons in Layer
3 are plotted along the abscissa in rank order. The result shows that nearly all of the Layer 3 neurons learned to respond
selectively to a vertical straight edge either on the left or on the right of an object boundary, regardless of the global shape,
shading or retinal location of the object. Plot (a2) shows the multiple cell information carried by different sized (i.e. up to
ten neurons) random ensembles of Layer 3 neurons that individually had high levels of single cell information. It is evident
that training has led to an increase in the multiple cell information, which after training asymptotes to the maximum level
of 1 bit with only one neuron included in the analysis. (b) Firing rate responses of two Layer 3 neurons that
has maximum single cell information: plot (b1) shows the responses of two Layer 3 neurons to all eight objects with
a vertical straight edge on their right boundary, and plot (b2) shows the responses of the same two Layer 3 neurons to
all eight objects with a vertical straight edge on their left boundary. These results show that neuron (17,46) learned to
respond selectively to all objects with a vertical straight edge on the right, while neuron (33,23) learned to respond to all
objects with a vertical straight edge on the left.

invariantly across different global object shapes (i.e. hexagon or semicircle), different kinds of
object shading (i.e. black or light grey), and different trained retinal locations (i.e. Location
1 or Location 2). The same set of stimuli used to train the network shown in Figure 5.4(a)
was presented to VisNet during testing, and the firing rate of each neuron in the output layer
of the network was recorded. In order to quantify the performance, information analysis was
conducted as described in Section 5.3.2.

In this analysis, there are two different stimulus categories (n = 2) as explained in Section
5.3.2. In Figure 5.4(a), stimuli from the first category with a vertical straight edge on the left
are shown in rows (b) and (d), while stimuli from the second category with a vertical straight
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edge on the right are shown in rows (a) and (c). Since each category member was defined by its
shape (hexagon or semicircle), shading (black or light grey), and retinal location (Location 1 or
Location 2), there were 23 = 8 members of transforms of each of the two stimulus categories.
Individual Layer 3 neurons had to respond invariantly over the eight transforms of its preferred
stimulus category, and not respond to any members of the other stimulus category, in order to
carry maximum information about its preferred category.

Figure 5.5 shows the information analysis of the steady state response properties of Layer 3
neurons at the end of each stimulus presentation. Results are presented before and after training.
Plot (a) shows the single cell information analysis. The maximum amount of information
possible for the simulation is log2(n) where n is the number of stimulus categories = 2, that is
1 bit. Before training, no neurons reached 1 bit of information and in fact most neurons carried
much less than 1 bit. However, after training, nearly all the neurons carried 1 bit of information.
This result confirms that nearly all of the Layer 3 neurons had successfully learned to respond
selectively to a vertical straight edge either on the left or on the right of an object boundary,
regardless of the global shape, shading or retinal location of the object.

Plot (b) shows the multiple-cell information analysis. It is evident that training has led to an
increase in the multiple cell information, which after training asymptotes to the maximum level
of 1 bit with only one neuron included in the analysis. This is possible because, in the case of
just two stimulus categories, the low or high firing responses of a single perfectly discriminating
neuron will provide 1 bit of information about both stimulus categories. However, further
inspection of the responses of Layer 3 neurons confirmed that some neurons had learned to
respond selectively to objects with a straight vertical edge on the left boundary, while other
neurons had learned to respond to a straight vertical edge on the right object boundary. This
confirmed that the population of Layer 3 neurons learned to represent both of these stimulus
categories.

Figure 5.5(b) shows the steady state firing rate responses of two typical Layer 3 neurons
(17,46) and (33,23) at the end of each stimulus presentation. The firing rate responses are
plotted before and after training. Plot (b1) shows the responses of the two Layer 3 neurons to
all eight object stimuli from the second stimulus category, i.e. objects with a vertical straight
edge on their right boundary. While plot (b2) shows the responses of the same two Layer 3
neurons to all eight object stimuli from the first stimulus category, i.e. objects with a vertical
straight edge on their left boundary. The white circle plotted on each stimulus gives the idea
of the size of the fan-in radius of the neurons in the input layer of the network. The results
show that, after training, neuron (17,46) had learned to respond selectively to all objects with
a vertical straight edge on the right, while neuron (33,23) had learned to respond to all objects
with a vertical straight edge on the left. These observed firing rate responses in Layer 3 were
similar to those experimentally observed in area V4 of the primate visual system (Pasupathy and
Connor, 2001, 2002) and demonstrated in the previous simulation study reported in Chapter 2
(Eguchi et al., 2015). These are the kind of neuronal response characteristics needed to provide
top-down modulation of border ownership neurons in Layer 1 (corresponding to V1/V2).

Since the study above uses exactly the same two shapes (hexagon and semicircle) for train-
ing and testing the network, there is a possibility that the responses of the developed cells are
specific to the set of actual trained objects and might not generalise to novel objects not en-
countered during training. Therefore, in order to cross-validate the response characteristics of
these neurons, the four novel shapes shown in Figure 5.4(b) are presented to the same trained
network and the firing rates are recorded. In other words, the network was trained with the
objects shown in Figure 5.4(a) and then tested with a set of four different novel shapes shown
in Figure 5.4(b).

Figure 5.6 shows the firing rate responses of the two Layer 3 neurons, which were previously
tested on familiar objects in Figure 5.5(b), at the end of each novel stimulus presentation before
and after training. Similar to the original set of shapes used to train the network, each shape
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(a) Presentation of Objects with a Straight Vertical Border on their Right
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(b) Presentation of Objects with a Straight Vertical Border on their Left

Figure 5.6: Cross-validation of the developed firing properties of neurons in Layer 3 with the set of novel shapes not
presented during training as shown in Figure 5.4(b). Each of the four novel objects is presented in two retinal locations
giving a total of eight novel stimulus presentations. This figure shows the firing rate responses of the same two Layer 3
neurons that were previously tested on familiar objects in Figure 5.5(b). Plot (a) shows the responses of the two Layer 3
neurons to all eight novel stimulus presentations with a vertical straight edge on their right boundary, and plot (b) shows
the responses of the same two Layer 3 neurons to all eight novel stimulus presentations with a vertical straight edge on their
left boundary. These results show that neuron (17,46) learned to respond selectively to all objects with a vertical straight
edge on the right, while neuron (33,23) learned to respond to all objects with a vertical straight edge on the left. These
results confirm that the developed firing properties of the cells are not specific to the set of trained objects and generalise
to the set of novel objects not presented during training.

contains a vertical straight edge on either the right or left and is presented at two different
retinal locations (i.e., Location 1 or Location 2). Figure 5.6(a) shows the responses of two
Layer 3 neurons to all eight novel object stimuli from the second stimulus category, i.e. objects
with a vertical straight edge on their right boundary. Before training, neuron (17,46) and neuron
(33,23) both responded quite erratically to the different object stimuli. However, after training,
neuron (17,46) responded to all of the objects with a vertical straight edge on their right, while
neuron (33,23) did not respond to any of these stimuli. Plot (b) shows the responses of the
same two Layer 3 neurons to all eight novel object stimuli from the first stimulus category, i.e.
objects with a vertical straight edge on their left boundary. Before training, neurons (17,46)
and (33,23) responded quite erratically to the different object stimuli. However, after training,
neuron (33,23) responded to all of the objects with a vertical straight edge on their left, while
neuron (17,46) did not respond to any of these stimuli. Taken together, these results show
that neuron (17,46) learned to respond selectively to all novel objects with a vertical straight
edge on the right, while neuron (33,23) learned to respond to all novel objects with a vertical
straight edge on the left. Thus, the neurons continued to respond selectively to the presence of
a vertical straight edge on either the left or the right of an object even if the objects are novel.
This result confirms that the representations developed in the output layer of VisNet are not
specific to the set of trained objects, but are in fact more generally selective to the presence of
a vertical straight edge on either the left boundary or right boundary of an object.

I next tested whether Layer 1 neurons had developed the kind of border ownership represen-
tations reported by Zhou et al. (2000). In other words, I tested whether the feedback (top-down)
connections newly implemented in VisNet enabled the activity in Layer 3 (corresponding to the
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Figure 5.7: Steady state response properties of Layer 1 neurons at the end of each stimulus presentation of the familiar
shapes that were used to train the network (Figure 5.4(a)). (a) Information analysis: Since Layer 1 neurons are not
expected to develop translation invariance across different retinal locations, I computed the information carried by these
neurons about whether the vertical straight edge in the object stimulus was from one of four stimulus categories: (i)
Location 1 / left boundary, (ii) Location 1 / right boundary, (iii) Location 2 / left boundary, and (iv) Location 2 / right
boundary. Since there are n = four stimulus categories, perfectly discriminating neurons carry a maximum of 2 bits of
information. Plot (a1) shows the maximum single cell information carried by each of the 4096 neurons in Layer 1 about
which one of the four stimulus categories was presented, where all of the neurons in Layer 1 are plotted along the abscissa
in rank order. The result shows that these Layer 1 neurons have learned to respond with perfect selectivity to one of the
four stimulus categories, thus providing the kind of border ownership representations experimentally observed in cortical
visual area V1 by Zhou et al. (2000). Plot (a2) shows the multiple cell information carried by different sized (i.e. up to ten
neurons) random ensembles of Layer 1 neurons that individually had high levels of single cell information. It is evident
that training has led to an increase in the multiple cell information, which after training asymptotes to the maximum level
of 2 bits with only two neurons included in the analysis. (b) The firing rate responses of four Layer 1 neurons
with maximum single cell information: plot (b1) shows the responses of the four Layer 1 neurons to all eight object
stimuli with a vertical straight edge on their right boundary. The first four stimuli 1-4 shown along the abscissa have the
object presented in retinal Location 1, while the next four stimuli 5-8 have the object presented in retinal Location 2. Plot
(b2) shows the responses of the same four Layer 1 neurons to all eight object stimuli with a vertical straight edge on their
left boundary. The first four stimuli 1-4 shown along the abscissa have the object presented in retinal Location 1, while
the next four stimuli 5-8 have the object presented in retinal Location 2. These results show that different Layer 1 neurons
had learned to respond selectively to each of the four stimulus categories. These are the same kinds of border ownership
representations found experimentally in primate visual area V1 by Zhou et al. (2000).

experimentally observed neural responses in primate visual area V4) to successfully modulate
the responses of neurons in Layer 1 (corresponding to visual areas V1/V2) such that the Layer
1 simple cells representing vertical straight edges at either retinal Location 1 or 2 responded
selectively depending on whether the vertical straight edge was on the left or right boundary of
the object.

In order to quantify the performance of Layer 1 neurons, the information carried by the
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steady state responses of these cells at the end of each stimulus presentation was computed.
The results of this analysis are presented in Figure 5.7(a), where the information carried by
Layer 1 neurons before and after training is shown. Layer 1 neurons are not expected to develop
translation invariance across different retinal locations due to the small fan-in of connections
from the retina. Therefore, information that was specific to either retinal Location 1 or Location
2 is computed. Specifically, the analysis calculated the information carried by the Layer 1
neurons about whether the vertical straight edge in the object stimulus presented to the network
was an example from one of four stimulus categories: (i) the vertical straight edge is positioned
at retinal Location 1 and is on the left boundary of the object presented there, (ii) the vertical
straight edge is positioned at retinal Location 1 and is on the right boundary of the object
presented there, (iii) the vertical straight edge is positioned at retinal Location 2 and is on the
left boundary of the object presented there, and (iv) the vertical straight edge is positioned at
retinal Location 2 and is on the right boundary of the object presented there. Since there are n
= 4 stimulus categories, perfectly discriminating neurons carry a maximum of log2(n) = 2 bits
of information.

Figure 5.7(a1) shows the single cell information analysis. The plot shows the maximum
information carried by each of the 4096 neurons in Layer 1 about which one of the four stimulus
categories was presented. It can be seen that training the network has led to a large increase
in the number of neurons carrying the maximum 2 bits of information. After training, 145 cells
learned to carry the maximum single cell information. These Layer 1 neurons thus provide the
kind of border ownership representations experimentally observed in cortical visual area V1 by
Zhou et al. (2000). Plot (a2) shows the multiple-cell information analysis.

Although one may be confused with the unexpectedly good decoding performance even in
the untrained network, this can be explained by the topologically established synaptic connec-
tions and the feedback connections from the neurons in the higher layer which has larger size
of receptive field. However, as long as there is some statistical correlations between the input
pattern and the output, the multiple-cell information analysis can better capture the informa-
tion than the single-cell information analysis. Therefore, it is important to see whether the
performances improved after the training or not. In this case, although the change is not as
obvious as the case of the layer 3, it is still evident that training has led to an increase in the
multiple cell information, which after training asymptotes to the maximum level of 2 bits with
only two neurons included in the analysis.

Figure 5.7(b) shows the steady state firing rate responses of four typical Layer 1 neurons at
the end of each stimulus presentation before and after training. Plot (b1) shows the responses
of the four Layer 1 neurons to all eight object stimuli with a vertical straight edge on their
right boundary. After training, neuron (22,8) responded selectively to all of the objects with
a vertical straight edge on their right boundary aligned with retinal Location 1, while neuron
(42,43) responded to all of the objects with a vertical straight edge on their right boundary
aligned with retinal Location 2. Plot (b2) shows the responses of the same four Layer 1 neurons
to all eight object stimuli with a vertical straight edge on their left boundary. After training,
neuron (34,53) responded selectively to all of the objects with a vertical straight edge on their
left boundary aligned with retinal Location 1, while neuron (32,12) responded to all of the
objects with a vertical straight edge on their left boundary aligned with retinal Location 2.

The developed firing properties were next cross-validated by testing the same trained net-
work on the novel set of shapes shown in Figure 5.4(b). Figure 5.8(b) shows the firing rate
responses of the same four Layer 1 neurons that were previously tested on familiar objects in
Figure 5.7(b). Plot (b1) shows the responses of the four Layer 1 neurons to all eight object
stimuli with a vertical straight edge on their right boundary. The first four stimuli 1-4 shown
along the abscissa have the object presented in retinal Location 1, while the next four stimuli 5-8
have the object presented in retinal Location 2. Plot (b2) shows the responses of the same four
Layer 1 neurons to all eight object stimuli with a vertical straight edge on their left boundary.
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(a) Presentation of Objects with a Straight Vertical Border on their Right
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(b) Presentation of Objects with a Straight Vertical Border on their Left
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Figure 5.8: Cross-validation of the developed firing properties of neurons in Layer 1 with the set of novel shapes not
presented during training as shown in Figure 5.4(b). Each of the four novel objects is presented in two retinal locations
giving a total of eight novel stimulus presentations. This figure shows the firing rate responses of the same four Layer 1
neurons that were previously tested on familiar objects in Figure 5.7(b). Plot (a) shows the responses of the four Layer 1
neurons to all eight novel object stimuli with a vertical straight edge on their right boundary. The first four stimuli 1-4
shown along the abscissa have the object presented in retinal Location 1, while the next four stimuli 5-8 have the object
presented in retinal Location 2. Plot (b) shows the responses of the same four Layer 1 neurons to all eight novel object
stimuli with a vertical straight edge on their left boundary. The first four stimuli 1-4 shown along the abscissa have the
object presented in retinal Location 1, while the next four stimuli 5-8 have the object presented in retinal Location 2. It
is evident that each of the four Layer 1 neurons has learned to respond to one of the four stimulus categories: (i) Location
1 / left boundary, (ii) Location 1 / right boundary, (iii) Location 2 / left boundary, and (iv) Location 2 / right boundary.
These results confirm that the border ownership representations developed in Layer 1 were not specific to the set of trained
objects and generalise to the set of novel objects not presented during training.

The first four stimuli 1-4 shown along the abscissa have the object presented in retinal Location
1, while the next four stimuli 5-8 have the object presented in retinal Location 2. It can be seen
that each of the four Layer 1 neurons responds selectively to one of the four stimulus categories:
(i) Location 1 / left boundary, (ii) Location 1 / right boundary, (iii) Location 2 / left boundary,
and (iv) Location 2 / right boundary. These results confirm that the border ownership repre-
sentations developed in Layer 1 are not specific to the set of trained objects, and are in fact
able to generalise to the set of novel object shapes. Thus, different Layer 1 neurons had learned
to respond selectively to the presence of a vertical straight edge on either the left boundary or
right boundary of an object when the edge is aligned with a particular retinal location. These
are the same kinds of border ownership representations reported in the neurophysiology study
of primate visual area V1 carried out by Zhou et al. (2000).

5.4.1.2 Dynamical firing properties of cells in layer 1 during each stimulus pre-
sentation: time course of the emergence of border ownership signals

Sugihara et al. (2011) reported that the representation of border ownership in primate visual
area V1, i.e. the selective modulation of the responses of V1 neurons that encode vertical straight
edges by whether the edge appears on the left or right boundary of an object, begins to appear
at around 61ms after the presentation of the visual stimulus. I hypothesise that this gradual
emergence of the border ownership signal in area V1 is due to the time it takes for visual signals
to propagate up to higher visual areas such as V4, where neurons may represent a vertical
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straight edge on either the left or right of an object boundary across different retinal locations,
and then to propagate back down to modulate the activities of neurons in area V1. This
proposal was investigated computationally by recording the temporal evolution of the responses
of border ownership neurons in Layer 1 of the trained VisNet model during 300ms stimulus
presentations.
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Figure 5.9: The temporal evolution of border ownership representations conveyed by four typical Layer 1 neurons during
the 300ms time course of stimulus presentations. The network was trained and tested with the objects shown in Figure
5.4. Results are shown after training. Each row shows results for one of the four neurons, where each neuron is tuned
to a different border ownership category as follows. Row 1 (top row): a neuron tuned to a vertical straight edge on the
right object boundary aligned with retinal Location 1, Row 2: a neuron tuned to a vertical straight edge on the left object
boundary aligned with retinal Location 1, Row 3: a neuron tuned to a vertical straight edge on the right object boundary
aligned with retinal Location 2, and Row 4 (bottom row): a neuron tuned to a vertical straight edge on the left object
boundary aligned with retinal Location 2. Column (a) shows the average firing rates of the four neurons plotted over the
300ms time courses of the stimulus presentations. Each subplot shows the average responses of the neuron to the members
of its preferred stimulus category (solid line) and the members of its three non-preferred stimulus categories (dashed line).
For all four neurons, it can be seen that their firing responses begin to strongly differentiate between the preferred and
non-preferred stimulus categories at around 50ms. By the end of the stimulus presentation at 300ms, the neurons show
complete differentiation between the preferred and non-preferred stimulus categories. Column (b) shows the average single
cell information carried by the four neurons about their preferred stimulus category plotted over the 300ms time courses
of the stimulus presentations.

Figure 5.9 shows the dynamical evolution through time of the border ownership represen-
tations conveyed by four typical neurons in Layer 1 during the 300ms time course of stimulus
presentations. The results are shown after training has established border ownership represen-
tations in Layer 1. Each row shows results for one of the four neurons, where each neuron is
tuned to a different border ownership category as follows: (Row 1) the neuron is tuned to a
vertical straight edge on the right object boundary aligned with retinal Location 1, (Row 2)
the neuron is tuned to a vertical straight edge on the left object boundary aligned with retinal
Location 1, (Row 3) the neuron is tuned to a vertical straight edge on the right object boundary
aligned with retinal Location 2, and (Row 4) the neuron is tuned to a vertical straight edge
on the left object boundary aligned with retinal Location 2. Column (a) shows the average
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responses of each neuron to the members of its preferred stimulus category (solid line) and the
members of its three non-preferred stimulus categories (dashed line) plotted over the 300ms
time courses of the stimulus presentations. It can be seen that the firing responses of all four
neurons begin to strongly differentiate between their preferred and non-preferred stimulus cat-
egories by about 50ms after the start of stimulus presentation. By the end of the stimulus
presentation at 300ms, the responses of the neurons fully differentiate between their preferred
and non-preferred stimulus categories. Column (b) shows the average single cell information
carried by the four neurons about their preferred stimulus category plotted over the 300ms time
courses of the stimulus presentations. Consistent with the firing rate plots, there is a monotonic
increase in the information carried by each of the four neurons during the 300ms time course of
stimulus presentation.

The simulation results show how the border ownership representations gradually emerge in
Layer 1 over the time course of 300ms during stimulus presentation. Near the beginning of the
stimulus presentation, the Layer 1 neurons merely represent the presence of a straight vertical
edge at a particular retinal Location 1 or 2. The Layer 1 neurons have not begun to carry
information about border ownership at this point. However, as the visual signals propagate
up to Layer 3 and back down again to Layer 1, these top down signals from Layer 3 begin to
strongly modulate the activities of Layer 1 neurons at around 50ms. The effect of this top down
modulation is to drive the activity of the Layer 1 neurons to represent the border ownership
categories. These simulation results are qualitatively similar to the temporal evolution of border
ownership representations reported by Sugihara et al. (2011) and Jehee et al. (2007).

5.4.2 Study 2: failure of the model under more general stimulus conditions

In the above simulations, the model was tested by presenting a single object to the network
at a time. However, the primate visual system is usually presented with multiple objects
simultaneously in real world scenes. This more realistic situation actually exposes a weakness
in our current rate-coded model. As explained earlier, Pasupathy and Connor (2002) have
reported that the local boundary representations observed in area V4 such as ΦV 4

Left and ΦV 4
Right

are translation invariant across different retinal positions over a modest range. This may lead
to a lack of specificity with respect to retinal location in the contextual information that is
back-projected to the earlier layers of the network. This will be problematic, for example, when
two objects that contain a straight vertical contour on different object sides (left or right) are
presented to the network simultaneously. In this case, both ΦV 4

Left and ΦV 4
Right will be activated

in the higher V4 layer. However, ΦV 4
Left and ΦV 4

Right will top-down modulate V1/V2 simple cells
representing a vertical straight edge on the left and right object boundaries, respectively, across
all trained retinal locations. Thus, the top-down modulation of V1/V2 neuronal firing rates is
not specific to retinal location. This effectively destroys the local border ownership (binding)
information carried by the V1/V2 neurons. This important argument is elaborated in more
detail next.

5.4.2.1 Proposed mechanism by which border ownership information carried by
V1/V2 neurons in the rate-coded model may be lost when the network is
presented with multiple visual objects

Suppose that, during testing of the model, an object that contains a straight vertical contour
on the left is presented with that contour positioned at a retinal Location 1, and another object
that contains a straight vertical contour on the right is presented with that contour at a retinal
Location 2 as shown in Figure 5.10. In this case, as explained in the figure, both ΦV 4

Left and ΦV 4
Right

should become highly activated at the same time. However, during training, the subpopulations
ΦV 4
Left and ΦV 4

Right are trained to respond invariantly as an object is translated across different

retinal locations. This means that both ΦV 4
Left and ΦV 4

Right each end up with strong bi-directional
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 V1/V2 
Left, Loc1  V1/V2 

Right, Loc1  V1/V2 
Left, Loc2  V1/V2 

Right, Loc2 

 V4 
Left  V4 
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Loc1 Loc2 

Figure 5.10: Hypothesised modulation of edge detecting simple cells in lower layers V1/V2 of the rate-coded model by
top-down signals from higher layer V4 neurons representing boundary contour elements when two visual object stimuli are
presented simultaneously. Assume that during testing of the model, an object with a straight vertical border on its left is
presented with this border positioned at retinal location 1, and another object with a straight vertical border on its right is
presented with this border positioned at retinal location 2. Ascending visual input initially stimulates all subsets of V1/V2

neurons, which represent a vertical straight edge at retinal location 1 (Φ
V 1/V 2
Left,Loc1 and Φ

V 1/V 2
Right,Loc1), and a vertical straight

edge at retinal location 2 (Φ
V 1/V 2
Left,Loc2 and Φ

V 1/V 2
Right,Loc2). In layer V4, V4 neurons that represent a vertical straight edge

on the left of an object (ΦV 4
Left) are stimulated by ascending visual signals from the object in retinal Location 1, while

V4 neurons that represent a vertical straight edge on the right of an object (ΦV 4
Right) are stimulated by ascending visual

signals from the object in retinal Location 2. However, the subpopulations ΦV 4
Left and ΦV 4

Right have each been trained

to respond with translation invariance across all trained retinal locations, and so have developed strong bi-directional
(i.e. bottom-up and top-down) polysynaptic connections with subpopulations of V1/V2 simple cells representing all retinal
locations. Consequently, ΦV 4

Left and ΦV 4
Right will top-down modulate V1/V2 simple cells representing a vertical straight edge

on the left and right object boundaries, respectively, across all trained retinal locations. In this case, all of the V1/V2 cells
shown in the figure end up receiving a similar amount of bottom-up and top-down excitatory input. Both subpopulations

Φ
V 1/V 2
Left,Loc1 and Φ

V 1/V 2
Right,Loc1 will be active at retinal Location 1, and both subpopulations Φ

V 1/V 2
Left,Loc2 and Φ

V 1/V 2
Right,Loc2 will

be active at retinal Location 2. Thus, when more than one visual object is presented to the model, the V1/V2 neurons

Φ
V 1/V 2
Left,Loc1, Φ

V 1/V 2
Right,Loc1, Φ

V 1/V 2
Left,Loc2 and Φ

V 1/V 2
Right,Loc2 may fail to represent the border ownership (binding) information.

polysynaptic connections with subpopulations of V1/V2 simple cells representing a straight
vertical contour at all trained retinal locations. In this case, the top-down signals from ΦV 4

Left

and ΦV 4
Right each modulate the responses of V1/V2 simple cells across both retinal Locations 1

and 2.
In this situation, as explained earlier, Φ

V 1/V 2
Left,Loc1 will become strongly activated by receiving

both the feedforward signals that indicate that a straight vertical contour is present at retinal
Location 1 and the feedback signals from ΦV 4

Left that indicate that the straight vertical contour is

on the left side of the object. Similarly, Φ
V 1/V 2
Right,Loc2 will become strongly activated by receiving

both the feedforward signals that indicate that a straight vertical contour is present at retinal
Location 2 and the feedback signals from ΦV 4

Right that indicate that the straight vertical contour
is on the right side of the object.

However, the problem is that the other sets of neurons, Φ
V 1/V 2
Left,Loc2 and Φ

V 1/V 2
Right,Loc1 may

also be strongly activated. This is because both ΦV 4
Left and ΦV 4

Right have strong bi-directional
polysynaptic connections with subpopulations of V1/V2 simple cells representing a straight

vertical contour at both trained retinal Locations 1 and 2. More specifically, Φ
V 1/V 2
Left,Loc2 may

receive not only the feedforward signals that indicate that a straight vertical contour is present
at the retinal location 2, but also the feedback signals from ΦV 4

Left which are actually activated
by the presence of the other object with a straight vertical contour on the left at retinal Location
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1. As a result, Φ
V 1/V 2
Left,Loc2 may become activated even though no object with a straight vertical

contour on the left is ever presented at retinal Location 2. Similarly, Φ
V 1/V 2
Right,Loc1 may receive not

only the feedforward signals that indicate that the straight vertical contour is present at retinal
Location 1, but also the feedback signals from ΦV 4

Right which are activated by the presence of
the other object with a straight vertical contour on the right at retinal Location 2. As a result,

Φ
V 1/V 2
Right,Loc1 may become activated even though no object with a straight vertical contour on the

right is ever presented at retinal Location 1.
The upshot of this is that when the two objects are presented to the model simultaneously,

all of the V1/V2 subpopulations Φ
V 1/V 2
Left,Loc1, Φ

V 1/V 2
Right,Loc1, Φ

V 1/V 2
Left,Loc2 and Φ

V 1/V 2
Right,Loc2 may become

active. In this case, these subpopulations of V1/V2 neurons will fail to represent the border
ownership (binding) information. This will be a general problem for the current rate-coded
formulation of the model when presented with visual input from more realistic scenes containing
multiple objects.

5.4.2.2 Results

In this section, the model was trained with the set of objects shown in Figure 5.4, where
these objects were presented to the network one at a time during training as described in the
simulations above. However, the network was then tested with two objects shown together
during each visual presentation, where the set of test images shown in Figure 5.11 was used .
The steady state firing responses of Layer 1 neurons at the end of each such visual presentation
was analysed. These results were compared with those reported above in which only a single
object was presented to the network at a time during testing. In order to facilitate comparison
of the results for the two test situations, in each case I analysed how much information Layer 1
neurons carried about border ownership stimulus categories (straight vertical edges on the left
or right object boundaries) that were associated with retinal Location 1.
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Figure 5.11: The set of visual stimuli used to test the performance of the network when two objects are presented simul-
taneously during testing. There are two categories of visual stimuli. The first stimulus category consists of all possible
combinations two objects where one of the objects has a vertical straight edge on its right boundary which is positioned at
retinal Location 1. The second stimulus category consists of all possible combinations two objects where one of the objects
has a vertical straight edge on its left boundary which is positioned at retinal Location 1.

The set of images used for testing the network with two objects at a time are shown in Figure
5.11. There are two different stimulus categories. The first stimulus category, shown in Figure
5.11(a), consists of all possible combinations two objects where one of the objects has a vertical
straight edge on its right boundary which is positioned at retinal Location 1. On the other hand,
the second stimulus category, shown in Figure 5.11(b), consists of all possible combinations two
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objects where one of the objects has a vertical straight edge on its left boundary which is
positioned at retinal Location 1. Each of the two stimulus categories undergoes 16 transforms,
which are due to variations in the following four stimulus features: 2 different shapes (semicircle
or hexagon) at retinal Location 1 × 2 different shapes (semicircle or hexagon) at retinal Location
2 × 2 sides of an object (left or right) on which a straight vertical edge may occur at retinal
Location 2 × 2 kinds of shading contrast between objects and background.
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Figure 5.12: A quantitative comparison of the border ownership information carried by Layer 1 neurons when the network
is tested with objects shown individually (solid line) or when tested on two objects presented together (dashed line). The
network performance is assessed using single-cell information analysis. The information analysis is applied to the steady
state firing responses of Layer 1 neurons at the end of each stimulus presentation. In both test situations, the model
was initially trained with the individual objects shown in Figure 5.4, as described earlier in this chapter. Solid lines:
the performance of the model when tested with the objects shown in Figure 5.4 presented one at a time during testing.
The single cell information carried by each Layer 1 neuron about the four stimulus categories previously described in
Figure 5.7(a) was computed. In this figure the maximum single-cell information (log2(4) = 2) has been rescaled to 1. The
information carried by Layer 1 neurons about stimulus category (i) is shown in the right plot, while information carried
by Layer 1 neurons about the stimulus category (ii) is shown in the left plot. It can be seen that when the network is
tested on a single object at a time, many Layer 1 neurons reach the theoretical maximum level of information about border
ownership. Dashed lines: the performance of the model when tested with two objects shown together during each visual
presentation using the test images shown in Figure 5.11. Here the single cell information carried by each Layer 1 neuron
about the two stimulus categories described in Figure 5.11 was computed. Since there are two stimulus categories, neurons
may carry up to a maximum of 1 bit of information. The information carried by Layer 1 neurons about the first stimulus
category is shown in the left plot, while information carried by Layer 1 neurons about the second stimulus category is
shown in the right plot. It can be seen that when the network is tested on two objects at a time, there is a large drop in
the levels of single cell information carried by Layer 1 neurons about border ownership compared to when the network is
tested on individual objects, with far fewer Layer 1 neurons reaching the theoretical maximum of 1 bit for this test case.

Figure 5.12 compares the border ownership information carried by Layer 1 neurons (corre-
sponding to visual areas V1/V2) when the network is tested with objects shown individually
(solid line) or when tested on two objects presented together (dashed line). The performance
of the network using single-cell information analysis is assessed. The information analysis is
applied to the steady state firing responses of Layer 1 neurons at the end of each stimulus
presentation.

The solid lines in Figure 5.12 show the performance of the model when tested with the
objects shown in Figure 5.4 presented one at a time during testing. I computed the single
cell information carried by each Layer 1 neuron about one of the four stimulus categories sep-
arately while I previously plotted them altogether in Figure 5.7(a). That is, the information
about whether the vertical straight edge in the object stimulus was from one of the following
four stimulus categories was computed: (i) a vertical straight edge on the left object boundary
positioned at retinal Location 1, (ii) a vertical straight edge on the right object boundary posi-
tioned at retinal Location 1, (iii) a vertical straight edge on the left object boundary positioned
at retinal Location 2, and (iv) a vertical straight edge on the right object boundary positioned
at retinal Location 2. Since there are four stimulus categories, perfectly discriminating neurons
carry a maximum of 2 bits of information. However, in this figure the maximum single-cell
information has been rescaled to 1. Results for the two stimulus categories (i) and (ii), which
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are associated with retinal Location 1, are plotted. The information carried by Layer 1 neurons
about stimulus category (i) is shown in the right plot, while information carried by Layer 1
neurons about the stimulus category (ii) is shown in the left plot. It can be seen that when
the network is tested on a single object at a time, a large number of Layer 1 neurons (i.e. 55
neurons and 71 neurons for the stimulus category (i) and (ii), respectively) reach the theoretical
maximum level of information about border ownership.

The dashed lines in Figure 5.12 show the performance of the model when tested with two
objects shown together during each visual presentation using the test images shown in Figure
5.11. Here the single cell information carried by the Layer 1 neurons about the two stimulus
categories described in Figure 5.11, which are both associated with retinal Location 1, was
computed. The first stimulus category includes all combinations of two objects where one of
the objects has a vertical straight edge on its right boundary which is positioned at retinal
Location 1, while the second stimulus category includes all combinations of two objects where
one of the objects has a vertical straight edge on its left boundary positioned at retinal Location
1. Since there are two stimulus categories, neurons may carry up to a maximum of 1 bit of
information. The information carried by Layer 1 neurons about the first stimulus category is
shown in the left plot, while information carried by Layer 1 neurons about the second stimulus
category is shown in the right plot. It can be seen that when the network is tested on two
objects at a time, there is a large drop in the levels of single cell information carried by Layer 1
neurons about border ownership compared to when the network is tested on individual objects,
with far fewer Layer 1 neurons reaching the theoretical maximum of 1 bit for this test case.
This result supported our above prediction that border ownership information carried by Layer
1 (V1/V2) neurons in the rate-coded model may be lost when the network is presented with
multiple visual objects during testing.

It can be seen in Figure 5.12, however, that a small number of Layer 1 neurons did still reach
the maximum of 1 bit of information (19 neurons for both stimulus categories (i) and (ii)). How
might this happen if both of the Layer 3 subpopulations ΦV 4

Left and ΦV 4
Right were completely trans-

lation invariant with strong bi-directional (bottom-up and top-down) polysynaptic connections
with subpopulations of Layer 1 (V1/V2) simple cells representing a straight vertical contour at
both trained retinal Locations 1 and 2? To understand this, the firing properties of neurons in
Layer 2 after training were investigated. Although not shown here, it was found that, due to the
limited feedforward fan-in of synaptic connections from the input ‘retina’, some of the Layer 2
neurons had learned to respond to a vertical straight edge either on the left object boundary or
right object boundary at only a single retinal location. These location-specific Layer 2 neurons
were then able to directly modulate the Layer 1 neurons representing that particular retinal
location. This would allow these Layer 1 neurons to continue to respond selectively to whether
a vertical straight edge was on either the left or right boundary of an object presented at that
retinal location regardless of the presence of another object simultaneously presented elsewhere.
However, this effect was rather minor given that the great majority of Layer 1 neurons lost their
border ownership selectivity when two objects were presented during testing.

5.5 Discussion

I investigated through computer simulation how top-down connections may play a fundamental
role in the development of border ownership representations in the early cortical visual layers
V1/V2. In terms of the novelty, this work is different from previous modelling studies that
have already proposed hypothetical neural circuits for such coding in that I investigated how
such circuits may develop using a biologically plausible, local, trace learning rule to modify the
synaptic connectivity during visual experience.

A number of modelling studies have previously considered the role of top-down signals in
visual information processing. For example, as discussed in section 5.2, some authors have
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proposed that top-down connections might implement attention to objects during visual search
(Deco and Lee, 2002; Deco and Rolls, 2004). However, in these previous modelling studies the
top-down connections were only introduced after the initial training phase was completed, and
hence the self-organisation of the synaptic connections throughout the network relied on purely
feedforward visual processing. Consequently, the top-down connections did not affect the visual
representations that developed in the network during visually-guided learning. In another mod-
elling study carried out by Renart et al. (1999), top-down connections were able to influence the
recall of visual representations in a linked attractor network comprised of multiple cortical mod-
ules (Rolls, 2008). However, the representations in this attractor network were hand specified
during an initial stage of supervised learning, and did not self-organise using unsupervised com-
petitive learning. Thus, again, the top-down connections were not able to influence the nature
of the visual representations that developed. In our own model presented in this chapter, the
top-down connections are present during both training and testing. Consequently, the top-down
connections played a critical role in the self-organisation of border ownership representations in
Layer 1 during the initial unsupervised competitive learning. In this case, each neuron receives
signals from both afferent bottom-up and top-down connections, which self-organise simulta-
neously during learning. This allows the network to develop representations that depend on a
precise learned combination of bottom-up and top-down signals.

The simulations reported in this chapter have demonstrated how top-down connections may
help to guide competitive learning in lower layers, thus driving the formation of lower level
(border ownership) visual representations in V1/V2 that are modulated by higher level (object
boundary element) representations in V4. More precisely, it has been shown that simple cells
in area V1 representing a vertical straight edge at a particular retinal location can learn to
be modulated by top-down connections from higher level representations of object shape in,
for example, area V4 (Pasupathy and Connor, 2001, 2002). However, more importantly, I also
identified the limitation of the mechanism within a rate-coded model when trying to simulate
the results of the neurophysiological studies that have shown that border-ownership selective
neurons for single-figure displays generally are so also for multi-figure displays (Qiu et al., 2007;
Martin and von der Heydt, 2015). In the second half of the simulation studies, I investigated how
the rate-coded model presented in this chapter fails under more general stimulus conditions,
in which more than one object stimulus is presented to the network at the same time after
training.

The result suggests that the incorporation of additional top-down connections, although
necessary, is not sufficient by itself to allow the network to develop robust border ownership
representations in the early layers and thus solve this kind of feature binding problem. Our
model failed because the current model of the network is not able to specify which features
are part of which objects. Therefore, I propose that it is important to have a form of binding
neuron (e.g., border ownership neuron in V1/V2) that responds if and only if the neurons
representing the low-level feature such as simple oriented bars are actually participating in
driving the neurons representing the high-level feature. The binding neuron should not respond
if the neurons representing the low-level feature and the neurons representing the high-level
feature just happen to be co-active, where the former are not actually driving the latter. Such
unrelated co-activation of low and high-level features might occur, for example, because of the
presence of multiple similar objects within a complex natural scene. Then, the question is what
further biological details is needed to be incorporated into the model to allow it to form such
robust border ownership representations under more general stimulus conditions.

A biological detail that is not implemented in the current model is cortical magnification. It
is known that mammalian brains process visual input in a highly non-uniform manner. Specif-
ically, the Ganglion cells in the retina sample the visual input at a higher resolution in the
fovea than the periphery (Wassle et al., 1990), which gives rise to a distorted visual field rep-
resentation in V1 where the fovea has a higher “cortical magnification factor”, i.e. more V1
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neurons processing foveal input than the peripheral visual field (Daniel and Whitteridge, 1961;
Cowey and Rolls, 1974). Subsequent neural processing, with a simple Gaussian sampling of the
representation that is laid out across the surface of area V1, results in an asymmetry of central
V4 receptive fields as well (Motter, 2009). The question is whether cortical magnification may
play any role in the development of border ownership representations.

Our laboratory has previously investigated the effects of implementing a cortical magnifica-
tion factor within a purely feedforward neural network model of primate visual object recognition
(Trappenberg et al., 2002). It was found that when the objects were presented against a simple
blank background then neurons in the upper cortical layer responded to their preferred objects
across a wide region of the retina. In this scenario, trace learning can continue to operate
normally as an object translates across different locations on the retina. Neurophysiological
evidence for trace learning has been reported by Cox et al. (2005). Moreover, past simulation
studies have found that the trace learning mechanism is quite robust to the way in which the
eyes saccade around the visual scene, and is in fact enhanced by more randomised exploration
of a scene (Rolls and Milward, 2000). Consequently, I would not expect the introduction of a
cortical magnification factor into the border ownership simulations reported in this chapter to
prevent the model from operating in the same qualitative manner as described above. However,
in the simulation study of Trappenberg et al. (2002), it was also found that, with a cortical mag-
nification factor, if the objects were presented against cluttered backgrounds then the receptive
fields of neurons in the upper layer shrunk down around the fovea due to competition from the
background features. These simulation results reflected what had been previously observed in a
primate neurophysiology study carried out by Rolls et al. (2003), in which the receptive fields of
object-selective neurons in the primate temporal visual cortex reduced down to approximately
the size of the object when it was presented against a natural scene. It should also be noted
that the neurophysiology studies of V4 shape selective neurons (Pasupathy and Connor, 2001)
investigated the responses of these neurons to shapes that were presented in isolation. Our
border ownership model sought to replicate the development of these V4 shape selective firing
properties in Layer 3 under similar viewing conditions - that is, the network was trained on one
shape at a time presented against a blank background. It remains to be seen how the firing
properties of these shape selective neurons in area V4 of the primate brain might be affected
when the shapes are presented within natural scenes. The cortical magnification factor may
play an important role in this situation. Addressing these issues will require a combination of
further neurophysiology and modelling studies.

Another biological detail that is not implemented in the current model is the spike dynamics
of neurons, which will be investigated in detail in Chapter 6 and Chapter 7. I hypothesise that
extending the model with spiking neural network would solve the issue. The current rate-coded
model only represents the average firing rate of each neuron, and not the actual timings of
the electrical pulses emitted by neurons in the brain. The architecture and operation of neural
tissue in the visual cortex of primates differs from the VisNet model implemented in this chapter
in the following important ways. Firstly, real neurons in the brain communicate by emitting
and receiving electrical pulses called action potentials or ‘spikes’. Secondly, the way in which
synapses are strengthened and weakened during learning is dependent on the timings of the
spikes emitted by the pre- and post-synaptic neurons (Bi and Poo, 1998; Markram et al., 1997).
For example, in the brain, a synapse may be strengthened if the pre-synaptic spike occurs about
20ms before the post-synaptic spike, but weakened if the pre-synaptic spike occurs about 20
ms after the post-synaptic spike. This is known as spike-timeing-dependent plasticity (STDP).
Thirdly, the electrical pulses can take several milliseconds to travel along an axon from one
neuron to the next, with different axonal connections having different time delays.

Physiological studies have shown that neural synchrony is unrelated, or at best weakly
related, to contour grouping (Roelfsema et al., 2004; Martin and von der Heydt, 2015). On the
other hand, if distributions of axonal delays between neurons are incorporated into a model,
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then this can give rise to a phenomenon known as ‘polychronization’ (Izhikevich, 2006). This
phenomenon involves the network learning many memory patterns, each of which takes the form
of a repeating temporal loop of neuronal firings. These temporal memory loops self-organise
automatically when STDP is used to modify the strengths of synapses in a recurrently connected
spiking network with randomised distributions of axonal conduction delays between neurons.
Polychronization can dramatically increase the selectivity of neurons and increase the memory
capacity of a network. I hypothesise that such a spiking model may develop border ownership
neurons in layer 1 (corresponding to V1/V2) that respond selectively to a vertical straight
edge on either the left or right boundary of an object at the neuron’s preferred retinal location,
regardless of the presence of other objects at different retinal locations. More generally, I propose
that these biological elements will be needed to model how the primate visual system solves ‘the
binding problem’ in vision. Consequently, in future work I will explore how border ownership
representations may develop in a new spiking neural network version of the VisNet model, which
incorporates bottom-up and top-down connections, distributions of axonal transmission delays,
and spike-timeing-dependent plasticity (STDP).





Chapter 6

Polychronization and Feature
Binding in a Spiking Neural
Network Model

In this chapter, I present a hierarchical neural network model, in which subpopulations of neu-
rons develop fixed and regularly repeating temporal chains of spikes (polychronization), which
respond specifically to randomised Poisson spike trains representing the input training images.
The performance is improved by including top-down and lateral synaptic connections, as well as
introducing multiple synaptic contacts between each pair of pre- and postsynaptic neurons, with
different synaptic contacts having different axonal delays. Spike-Timing-Dependent Plasticity
(STDP) thus allows the model to select the most effective axonal transmission delay between
neurons. Furthermore, neurons representing the binding relationship between low-level and
high-level visual features emerge through visually-guided learning. This provides a solution to
the classic feature binding problem in visual neuroscience and leads to a new hypothesis con-
cerning how information about visual features at every spatial scale may be projected upwards
through successive neuronal layers. We name this hypothetical upward projection of information
the holographic principle.

6.1 Introduction

Many early neural network models of brain function including VisNet assumed that neurons
transmit information exclusively through modulation of their mean firing rates. These ‘rate-
coded’ models represented only the current average firing rate of each neuron, and did not
explicitly represent the timings of the action potentials or ‘spikes’ emitted by cells. However, in
modern literature the precise timing of spikes has been proposed to strongly contribute to en-
coding in the brain (Fujii et al., 1996; Akolkar et al., 2015; Nikoli et al., 2013). Consistent with
this view, there is growing evidence from neurophysiological studies supporting the importance
of spike-timing dynamics in the brain (Softky, 1995; Lindsey et al., 1997; Prut et al., 1998; Mao
et al., 2001). In the current study, the behaviour of a biologically realistic hierarchical neural
network model of the primate ventral visual system is investigated. In particular, I explore how
the network model develops stimulus representations in the form of fixed and regularly repeating
temporal chains of spikes emitted by subpopulations of neurons even when the input images are
represented by randomised Poisson spike trains during training. Also, a mechanism of synaptic
delay selection with a biologically plausible learning mechanism, Spike-Timing-Dependent Plas-
ticity (STDP), is explored. Perhaps most importantly, a potential solution to the classic feature
binding problem in visual neuroscience, which concerns how the brain represents the relation-
ships between visual features within a scene, is also investigated. I propose that this can be
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provided in the form of what we have named a ‘binding neuron’, which represents the binding
relationship between low-level and high-level visual features; such neurons were originally pro-
posed by von der Malsburg (1999). In our simulations, the aim is to show that binding neurons
encode binding relationships between visual features across the entire visual field and at every
spatial scale. These binding neurons, which developed automatically through self-organization
of the fixed and regularly repeating temporal chains of spikes during visual training, thus will
provide a solution to feature binding. Lastly, I show how our proposed mechanism for solving
the feature binding problem automatically leads to the bottom-up (feedforward) projection of
visual information about lower level visual features, and indeed visual features at every level,
through successive neuronal layers to the highest (output) layer of the network. We refer to
this as the holographic principle. This may be important if subsequent brain areas that guide
behaviour are only able to read out visual information from the highest stages of the visual
system.

6.1.1 Temporal Coding and Polychronization

In the brain, neurons represent information and communicate with each other by pulses in their
somatic membrane potential, called action potentials or ‘spikes’. The activity of a somatic
spike propagates down the axon of the neuron, causing neurotransmitters to be released from
multiple presynaptic axon terminals into their corresponding synaptic clefts. Binding of the
neurotransmitters to the receptors of the postsynaptic dendrites causes a change in the electrical
activity of the postsynaptic neurons, constituting a communication of information from the
presynaptic neuron to the postsynaptic neuron. This neuron also spikes if the excitation of
this postsynaptic neuron from its afferent synapses increases the membrane potential above its
firing threshold potential. Raising the membrane potential of the postsynaptic neuron above
the firing threshold generally requires the activation of afferent synapses within a brief temporal
window, as the membrane potential naturally decays quickly back to a resting potential without
further afferent excitatory activation.

The relative timings of the spikes emitted by a pair of pre- and postsynaptic neurons has also
been shown to affect learning through spike time dependent changes in synaptic efficacy (Bi and
Poo, 1998; Markram et al., 1997), and hence how information and representations are stored
and propagated in the network. If a presynaptic neuron fires in a short time period (up to tens
of ms) prior to the postsynaptic neuron firing, the synaptic efficacy increases. An increase in
synaptic efficacy is known as Long Term Potentiation (LTP). If the presynaptic neuron instead
fires in a short period of time following the firing of a postsynaptic neuron, the efficacy of the
synapse is reduced. This reduction in synaptic efficacy is known as Long Term Depression
(LTD). These forms of LTP and LTD, which depend on the relative timings of the pre- and
postsynaptic neurons, are known as Spike-Timing-Dependent Plasticity (STDP). Compared to
firing rate based synaptic learning rules employed in rate-coded models, an STDP learning rule
can result in very different self-organisation of the synaptic connectivity in the network when
trained on visual scenes containing multiple objects (Evans and Stringer, 2012, 2013).

In a spiking neural network, individual neurons may operate as ‘coincidence detectors’
(Abeles, 1991; Jeanson, 2011). That is, a postsynaptic neuron will fire if spikes from a number
of presynaptic neurons arrive within a relatively brief time window of the order of a few mil-
liseconds. This will be the case if the neuronal and synaptic time constants of the postsynaptic
neuron are relatively brief, allowing for a fast decay in the cell membrane potential between
incoming presynaptic spikes. In this situation, the presynaptic spikes must arrive close together
in time in order to combine together to drive up the postsynaptic cell membrane potential to
reach its firing threshold. A simple example of a coincidence detecting neuron is shown in Figure
6.1a. In the figure, neurons 1 and 2 represent low-level features such as horizontal and vertical
bars respectively, while neuron 3 is a coincidence detecting neuron that represents a high-level
feature or object such as the alphabetic letter T. Neuron 3 only fires if the spikes emitted by
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Figure 6.1: (a) Example of coincidence detecting neuron arrangement. Neurons 1 and 2 represent two different
low-level features, a horizontal bar and a vertical bar respectively. Neuron 3 is a coincidence detecting neuron that represents
a high-level feature, namely the alphabetic letter T. Neuron 3 only fires if the spikes emitted by neurons 1 and 2 arrive at
neuron 3 close together in time. The action potentials of neurons 1 and 2 propagate activity to neuron 3 with delays 4ms
and 2ms respectively. If the action potential of neuron 1 occurs approximately 2ms before the action potential of neuron
2, their propagating activity will arrive simultaneously at neuron 3 and cause it to spike. Neurons 1 and 2 represent the
component vertical and horizontal bars comprising a letter T. In reality, the horizontal and vertical bars, as well as the letter
T, would each be represented by a unique polychronous groups (PG) of neurons. (b) Example of PG representation
of Stimulus. A horizontal bar is represented with a PG consisting of neurons 1-8, a vertical bar is represented with a PG
consisting of neurons 9-16, and a character T is represented with a PG consisting of neurons 17-24.

neurons 1 and 2 arrive at neuron 3 close together in time. This means that the response of
neuron 3 is sensitive not only to which presynaptic neurons are firing, but also to the precise
timings of their spikes. As can be seen from this example, such a coincidence detecting neu-
ron can provide a way of constructing higher level symbols through combination of elementary
features, and do this in a way that utilises temporal coding that depends on the timings of
spikes.

Simulation studies have shown that if the synaptic connections within a large population
of neurons have axonal transmission delays that are drawn from a random distribution of vari-
able magnitudes, from say a few milliseconds to several tens of milliseconds, then groups of
coincidence detecting cells emerge through STDP (Izhikevich et al., 2004). Furthermore, the
network develops repeating temporal chains of spiking activity distributed across subgroups of
coincidence detecting neurons, i.e. neurons firing in a well defined temporal sequence. This
is referred to as ‘polychronization’ (Izhikevich, 2006). Each subgroup of coincidence detecting
neurons that comes together to form a regularly repeating temporal chain of activity is known
as a ‘polychronous group’ (PG). It has been hypothesised that each PG could represent a par-
ticular sensory (e.g. visual) stimulus such as a letter T or perhaps episodic memory (Izhikevich,
2006). Figure 6.1b illustrates an example where a horizontal bar, a vertical bar, and a character
T are represented by different PGs. In theory, polychronization in spiking networks can offer
a dramatic increase in representational capacity compared to rate-coded models that do not
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exploit the timings of spikes (Izhikevich, 2006).
Paugam-Moisy et al. (2008) have examined how PGs selectively respond to artificial input

patterns after training with STDP and shed light on the potential of utilising PGs for real-life
machine learning tasks such as handwritten digit recognition. However, the study carried out
by these authors did not address three key issues as follows. Firstly, the study carried out by
Paugam-Moisy et al. (2008) used carefully ordered spike trains to represent input images, which
is not biologically plausible. What would happen if the input spike trains contained much more
random variation as would be expected in the brain? Secondly, their model did not incorporate
multiple synaptic connections with different randomised axonal transmission delays between
each pair of pre- and postsynaptic neurons. This meant that the axonal transmission delay
between any pair of neurons was fixed to a single value, and could not be effectively selected
from a number of alternatives by STDP learning. Consequently, the set of possible PGs that a
neuron could participate in was limited before learning. Thirdly, and perhaps most importantly,
the study of Paugam-Moisy et al. (2008) did not investigate how feature binding representations,
which explicitly encode the binding relations between low and high-level features, might develop
through polychronization within a hierarchical model of visual processing. In the simulations
presented below, each of these three issues is investigated in a hierarchical spiking neural network
model of the primate ventral visual pathway, which is tasked with learning representations of
the shapes of 2-dimensional visual objects.

6.1.2 The Binding Problem and a Limitation of Rate Coding

Descriptions of the binding problem vary but generally address the same question: how does
the visual system represent which elementary features are bound together to form an object?
For example, if the two letters T and L are seen together, how does the visual system represents
which horizontal and vertical bars are part of which letter? In traditional hierarchical rate-coded
visual processing models (e.g., Fukushima (1980), Wallis and Rolls (1997), and Riesenhuber and
Poggio (1999)), simple features (such as horizontal and vertical bars) are represented in the lower
visual layers while more complex features (such as letters) are represented in the higher visual
layers. However, without a solution to the feature binding problem, there is no way of reading
off which bars are part of which letters and hence where the object’s constituent components
are in space.

The underlying weakness of rate coding is well illustrated in the classical example of Rosen-
blatt (1961), which was further explained by von der Malsburg (1999). As Figure 6.2 illustrates,
the example supposes there is a neural network with four output neurons. Output neurons A
and B represent the triangle and square respectively, invariant to retinal position (top or bot-
tom). Output neurons C and D are instead location specific, responding to both objects in
either the top or bottom location respectively. When a single object is presented to the net-
work, the responses of the four neurons provide sufficient information to decode both the shape
and position of the object. On the other hand, when both objects are presented together, each
at a different location, all of the output neurons become highly active; it is no longer clear
whether the triangle or the square is in the top retinal location. Thus, the co-activation results
in a merging of representations and a loss of information which could have been used to divide
the scene into its components. This breakdown is referred to as the “superposition catastrophe”
(von der Malsburg, 1999). Similar problems were reported in a study modelling the development
of border ownership representations in the early visual cortex, driven by top down modulation
from higher layers in Chapter 5 (Eguchi and Stringer, 2016). This rate coded model produced
neuron responses characterizing border ownership cells in V1. However, these representations
catastrophically failed upon the presentation of multiple visual stimuli due to the inability of
the rate coded model to provide spatially selective top down modulation.

In short, the crucial problem with rate coding is the lack of means to represent information
regarding which specific low-level/elementary features have been combined to construct higher
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Figure 6.2: Rosenblatt (1961)’s example of a binding problem in a rate-coded network. Left: the input from a
visual scene is presented to a neuronal population including a set of four output neurons A, B, C and D. The firing rate
responses from neurons A-D respectively represent the presence of the following: a triangle, a square, an object in the ”top”
position, and an object in the ”bottom” position. Right: the responses of output neurons A-D when four different scenes
are presented to the network. It can be seen that when only a single object is presented, the network can represent both
the object and its position. However, when both objects are presented together, although the network is able to represent
that both objects are present, it fails to represent the actual position of each object.

level features or objects. Moreover, binding of visual features must operate across the entire
visual field and at all spatial scales within a visual scene. How features are bound together
underpins how we segment a visual scene into objects and parts of objects, and thus how we
make sense of the visual world.

Thus, solving the binding problem is essential to understanding the ability of the primate
visual brain to make sense of complex visual scenes, and to developing a next generation of far
more powerful computer vision systems with the ability to understand what they are looking at
in the same way as the brain. Our simulation results suggest that binding is a much richer phe-
nomenon than traditionally described by visual psychologists. Indeed, the binding mechanism
proposed here is potentially so rich that it would be difficult to describe the process at a high
psychological level; it requires a description at the neuronal level as presented in this chapter.

6.2 Hypotheses

I investigate the behaviour of a biologically realistic hierarchical neural network model of the
primate ventral visual system that incorporates the following key aspects of cortical dynamics
and architecture:

• (i) The model implements spiking neural dynamics in which the timings of action poten-
tials or ‘spikes’ are simulated explicitly.

• (ii) Spike-Timing-Dependent Plasticity (STDP) is used to modify the synaptic connec-
tions during visually-guided learning. If a spike from a presynaptic neuron arrives at a
postsynaptic neuron just before the postsynaptic neuron emits a spike, then the synapse
is strengthened (LTP). Otherwise, if the spike from the presynaptic neuron arrives at the
postsynaptic neuron just after the postsynaptic neuron emits a spike, then the synapse is
weakened (LTD).

• (iii) The network architecture incorporates bottom-up, top-down, and lateral synaptic
connections reflecting the known architecture of the visual cortex.
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• (iv) The synaptic connectivity between neurons incorporates distributions of axonal con-
duction delays of varying durations, from a few milliseconds to tens of milliseconds.

• (v) In some simulations, network performance is enhanced by incorporating multiple
synaptic connections between each pair of pre- and postsynaptic neurons, where these
connections have different axonal transmission delays. This permits STDP to strengthen
just one (or a subset) of these connections in order to effectively select the functional
transmission delay between the two neurons (Fares and Stepanyants, 2009; Deger et al.,
2012).

Using this underlying model architecture, the current study investigates the following hy-
potheses: emergence of polychronization, emergence of binding neurons, and ‘holographic prin-
ciple’ in the brain.

6.2.0.1 Emergence of Polychronization

During the initial period of visually-guided learning, the network is trained on a set of visual
stimuli that are encoded in the input layer by spiking neurons with randomised Poisson distri-
butions of spikes. That is, the spike patterns representing the stimuli in the input layer have no
special temporal structure, except that the average firing rates of the input neurons are set in
accordance with the outputs of Gabor filters that simulate the responses of simple cells in visual
area V1. Nevertheless, it was hypothesised that the initial period of visually-guided learning
with STDP would lead to the development of large numbers of regularly repeating PGs in the
higher layers of the network, where individual PGs respond selectively to particular stimuli.
Moreover, it was hypothesised that the emergence of large numbers of stimulus-selective PGs
would increase the representational capacity of the network beyond that offered by a localist
rate-coded representation in that, after training, the number of stimulus-specific PGs would be
significantly greater than the number of single cells that responded selectively to a particular
stimulus. The representational capacity is thus increased if the network encodes visual stimuli
using temporal spike trains distributed over PGs of neurons rather than relying on the average
firing rate responses of individual neurons.

6.2.0.2 Emergence of Binding Neurons

It was hypothesised that the emergence of PGs in the higher layers of the network during
visually-guided training with STDP could provide a solution to the classic feature binding
problem in visual neuroscience. That is, how may the network learn to represent the hierarchical
binding relations between low-level features such as horizontal or vertical bars and high-level
features or objects such as the alphabetic letters T and L? Specifically, I hypothesised that
some cells within PGs, which we will call ‘binding neurons’, will become tuned through STDP
learning to respond if a neuron or subset of neurons representing a specific low-level feature
are participating in driving neurons representing a particular high-level feature or object, which
may be represented in a higher layer. In this case, the binding neuron carries measurable
information that the low-level feature (such as a vertical bar at a particular retinal location)
is part of the higher level feature or object (such as the letter T). Such binding neurons were
originally proposed by von der Malsburg (1999), but without an explanation of how they might
emerge naturally during visual development. I now propose, and demonstrate in the simulations
presented below, that such binding neurons may develop automatically within the PGs that
emerge during visually-guided learning with STDP.

Here, a simple explanation for how such binding neurons may develop is presented. An
actual example is given in Figure 6.3a. Consider a linked set of three neurons at different stages
of the ventral visual pathway: (i) neuron 1 (in a lower visual layer) represents a low-level visual
feature, (ii) neuron 2 (in a higher visual layer) represents a high-level visual feature, and (iii)
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Figure 6.3: (a) Example of a hypothetical binding neuron. Consider a linked set of three neurons at different stages
of the ventral visual pathway: neuron 1 (in a lower visual layer) represents a low-level visual feature such as a vertical bar,
neuron 2 (in a higher visual layer) represents a higher level visual feature such as the letter T, and neuron 3 is a binding
neuron within a local layer, say the same layer as either neuron 1 or 2. Importantly, there are non-zero axonal transmission
delays in the connections between these three neurons. In this example the delays are as follows: the delay from neuron 1 to
neuron 2 is 3ms, the delay from neuron 2 to neuron 3 is 3ms, and the delay from neuron 1 to neuron 3 is 6ms. It is assumed
that neurons in the network behave as ‘coincidence detectors’ in that they require a volley of spikes from presynaptic cells
to arrive simultaneously at the postsynaptic cell in order for the postsynaptic cell to fire itself. In the brain, this would
be due to neurons having fast neuronal and synaptic time constants allowing neuronal activation to decay quickly between
incoming spikes. In the example shown, it is assumed that neuron 3 needs incoming spikes from neurons 1 and 2 to arrive
close together in time, e.g. within one or two milliseconds, in order for neuron 3 to fire itself. Then, with the particular set
of axonal delays given in this example, neuron 3 will fire, if and only if, neuron 1 is participating in driving neuron 2. For
only in this case will the spikes from neurons 1 and 2 arrive at neuron 3 at the same time (or at least close together in time)
and fire neuron 3. If neuron 3 fires, this will encode the fact that the low-level feature (vertical bar) represented by neuron
1 is part of the higher level feature (letter T) represented by neuron 2. Thus, to reiterate, if the delay in propagation of
a spike from neuron 1 to neuron 3 (6ms) is (at least approximately) equal to the sum of the delays in propagation from
neurons 1 to 2 and 2 to 3 (3ms and 3ms respectively), neuron 3 will represent the binding relationship between the low and
high-level features encoded by neurons 1 and 2. That is, the firing of neuron 3 will indicate that the vertical bar represented
by neuron 1 is part of the letter T represented by neuron 2. The three neurons, 1, 2 and 3, form a PG, in which the binding
neuron 3 is embedded. It is hypothesised that large numbers of these PGs with embedded binding neurons will emerge
throughout the network during visually-guided learning with synaptic modification driven by STDP. (b) polychronous
group (PG) Representation of Binding. Here I illustrate how a low-level feature such as a vertical bar may in fact be
represented by its own temporal pattern of spikes distributed across a PG of neurons (shown bottom left), the high-level
feature or object such as a letter T may also be represented by its own PG (shown top right), and these two PGs may
drive a third PG representing the binding relationship between the vertical bar and the letter T (shown bottom right).
This more complex scenario, in which the visual features and the binding relations between these features are represented
by patterns of spiking activity across their own PGs, is likely to be what actually happens in the brain. The simple three
neuron circuit shown in part (a) would then be a small part of the three corresponding PGs (representing a vertical bar,
letter T, and binding relation between these two features) shown in part (b).



CHAPTER 6. POLYCHRONIZATION AND FEATURE BINDING 171

neuron 3 is a hidden neuron within a local layer, say the same layer as either neuron 1 or
2, which may learn to become a binding neuron. Assume that there are the following three
synaptic connections between these three neurons: (i) a connection from neuron 1 to neuron
2, (ii) a connection from neuron 1 to neuron 3. (This could be either a lateral or bottom-up
connection depending on which layer neuron 3 is in), and (iii) a connection from neuron 2 to
neuron 3. (This could be either a lateral or top-down connection depending on which layer
neuron 3 is in.)

Let us denote the axonal delay from neuron j to neuron i as ∆(i,j). Then neuron 1 is
participating in driving neuron 2 if and only if a spike emitted by neuron 2 occurs approximately
∆(2,1) after a spike emitted by neuron 1.

If there is a set of three axonal delays such that

∆(3,1) = ∆(2,1) + ∆(3,2) (6.1)

then the spikes from neurons 1 and 2 will converge on neuron 3 (near) simultaneously if and
only if neuron 1 is participating in driving neuron 2.

It is assumed that the hidden neuron 3 operates as a ‘coincidence detector’, and fires only
when the volley of spikes from neurons 1 and 2 arrive (near) simultaneously. In this case,
neuron 3 will behave as a binding neuron. That is, neuron 3 will fire if and only if neuron 1 is
participating in driving neuron 2. In this case, STDP will further strengthen the connections
from neurons 1 and 2 onto the binding neuron 3.

It is important that an ideal binding neuron responds if and only if the neurons representing
the low-level feature are actually participating in driving the neurons representing the high-level
feature. The binding neuron should not respond if the neurons representing the low-level feature
and the neurons representing the high-level feature just happen to be co-active, where the former
are not actually driving the latter. Such unrelated co-activation of low and high-level features
might occur, for example, because of the presence of multiple similar objects within a complex
natural scene as explained earlier with Rosenblatt (1961)’s example (Figure 6.2). Suppose a
T and L are presented together, then the neurons representing the horizontal bar of the T are
co-active with the neurons representing the letter L, but the former are not driving the latter.
Thus, the corresponding binding neuron, which would represent that the given horizontal bar
was part of the L, should not fire. This kind of temporally specific response is characteristic of
a PG, which the three neurons 1, 2 and 3 described above comprise.

I hypothesise that with the inclusion of bottom-up, top-down and lateral connections, there
are a variety of possible local network architectures that could self-organise through competitive
learning to implement this, with the binding neurons being in any of the nearby lower or higher
layers. Wherever the binding neuron is, its activation would still represent that a particular
low-level feature is driving the representation of a specific high-level feature or object, and is
therefore part of the object. A population of such binding neurons would specify which low-level
features within a scene were part of which high-level features or objects, and this information
could be read out directly by higher level neurons in the network. One of the examples of such
‘binding neuron’ is the border ownership neuron described in Chapter 5 and in the next chapter
in Chapter 7.

This process could operate across the entire visual field and at every spatial scale within
the visual field. Indeed, binding neurons would be expected to emerge throughout successive
levels of the feature hierarchy within the network. A rich tapestry of binding neurons through
the layers could help to provide a hierarchical structural description of a scene. This proposal
may explain why the visual system needs extensive top-down connections between layers and
lateral connections within layers, in addition to bottom-up connections.

However, in the brain it is in fact likely that a low-level feature such as a vertical bar and a
high-level feature such as the letter T, as well as the binding relationship between these features,
would each be represented by their own temporal pattern of spikes distributed across PGs of
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neurons. This is illustrated in Figure 6.3b. The binding relations are then represented by PGs
(rather than individual neurons), which are replayed if and only if the low-level feature is part
of the high-level feature. In this scenario, the simple three neuron circuit shown in part (a)
would be a small part of the three corresponding PGs (representing a vertical bar, letter T, and
binding relation between these two features) shown in part (b). In the simulations reported
below we only focus on identifying individual binding neurons that are part of three neuron
circuits of the general form shown in Figure 6.3a.

In this investigation, I specifically look at the emergence of such binding neurons among the
learned neuronal representations of three simple visual shapes shown in Figure 6.6, which are
presented to the network during visually-guided training. I expected to find evidence for the
kind of 3 neuron binding relationships described above and illustrated in Figure 6.3a. These
three neuron PGs provide the simplest examples of how the network may learn to represent
binding relationships where specific low-level features are part of particular high-level features
or objects.

6.2.0.3 Feedforward projection of information about low-level visual features to
higher neuronal layers

The above discussion of binding neurons leads directly to a new hypothesis concerning how in-
formation about visual features may be projected in a bottom-up (feedforward) manner through
successive layers of the network. This might be a useful operation if the behavioural systems
of the brain are limited to reading out visual information from the highest layers of the visual
system. For example, it is generally conceived that simple visual features such as oriented edges
and bars are represented in early cortical visual areas such as V1 and V2, while whole objects
and faces are represented in higher visual areas. However, when we look at a visual scene we are
perceptually aware of visual features of varying levels of complexity and scale. Does this imply
that information about low-level visual features is being projected directly upwards through the
visual system in some way that preserves the identity of these features, and at the same time
also represents the image context of these features (i.e. binding relationships with higher level
features)?

Figure 6.4a shows one simple way in which our network architecture might achieve this. The
illustration is very similar to that shown in Figure 6.3a, except that the binding neuron 3 is
now in the upper layer, i.e. the same layer as neuron 2 which represents the high-level feature
T. Neuron 3 represents the fact that there is a vertical bar in some local region of the retina,
which is part of the letter T. In this way, information about the low-level feature (vertical bar
at a particular retinal position) along with its image context (the vertical bar is part of the
letter T) has been projected up to the same layer as the representation of the high-level feature
(the T). This is essentially the same binding mechanism discussed above, but where the binding
neuron is situated in the same higher layer as the neuron representing the high-level feature.
This mechanism for the bottom-up projection of information about low-level features to higher
layers, where this information is modulated by local image context (i.e. the low-level feature
is part of a particular high-level feature), may again operate up through successive neuronal
layers, hence across the entire visual field and at every spatial scale.

It is possible that the mechanism shown in Figure 6.4a could be repeated iteratively up
through the layers. For example, Figure 6.4b shows an example in which information about the
vertical bar is first projected up from the first layer to the second layer, where it is represented
by binding neuron 3. Neuron 3 represents the fact that there is a vertical bar in a local region
of the retina, which is part of the letter T. Then, a similar binding mechanism combines the
output from binding neuron 3 with the output of neuron 5 representing a cat, where these
combined outputs drive binding neuron 6. Binding neuron 6 then represents the fact that there
is a vertical bar in a local region of the retina, which is part of the letter T, which in turn is
part of the word CAT. In this case, the information about the lowest level feature is preserved
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Figure 6.4: Illustrations of how the proposed binding mechanism may project information about low-level visual features
such as a vertical bar up through successive layers of the network. The illustration shown in (a) is very similar to that
shown in Figure 6.3a, except that the binding neuron 3 is now located in the upper layer, i.e. the same layer as neuron 2
that represents the high-level feature T. Neuron 3 represents the fact that there is a vertical bar in some local region of
the retina, which is part of the letter T. In this way, information about the low-level feature (vertical bar at a particular
retinal position) along with its image context (the vertical bar is part of the letter T) has been projected up to the same
layer as the representation of the high-level feature (the T). (b) shows how the mechanism illustrated in (a) could be
repeated iteratively up through the layers. Now a similar binding mechanism combines the output from binding neuron 3
with the output of neuron 5 representing a cat, where these combined outputs drive binding neuron 6. Binding neuron 6
then represents the fact that there is a vertical bar in a local region of the retina, which is part of the letter T, which in
turn is part of the word CAT. In this case, the information about the lowest level feature (a vertical bar) is preserved in
the highest layer of the network.

in the highest layer of the network. Indeed it is theoretically possible that a very large amount
of information could be projected upwards in this manner and preserved in the highest layers
for readout by subsequent behavioural systems. We refer to this as a holographic principle for
spiking network models of biological vision, because information about visual features at every
level of complexity and scale may be preserved in the highest layers.

It is important to note that the binding neurons 3 and 6 in the highest layers of the two
network architectures shown in Figures 6.4a and 6.4b represent the presence of a vertical bar in
some local region of the retina which is explicitly part of a higher level feature (e.g. the letter
T) or hierarchy of features (e.g. the letter T, which is part of the word CAT). Thus, these
binding neurons do not simply respond to the presence of a vertical bar at some retinal location
regardless of local image context (i.e. the higher level features / objects which the vertical bar is
part of). So the high-level feature / object still needs to be presented to the network in order to
elicit a response from these kinds of binding neuron in the upper layers. Thus, the holographic
principle described here is consistent with neurophysiological observations that neurons in the
later stages of the ventral visual pathway tend to respond to more complex visual forms than
the simple oriented bars represented in early cortical stages such as V1 and V2.

6.2.0.4 Effect of Varying Key Model Parameters

The study also investigates the effects of the following architectural, neuronal, and synaptic
parameters on the number of PGs and binding neurons that develop in the network during
visually-guided training:

• Synaptic connectivity. The investigation will explore the performance of the network
with the following synaptic connectivities: (i) purely bottom-up, (ii) bottom-up and top-
down, (iii) bottom-up and lateral, and (iv) bottom-up, top-down, and lateral. I test
which of these architectures best promotes the emergence of polychronization including
the representation of visual stimuli by stimulus-specific PGs.
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• STDP time constant. I hypothesise that a longer STDP time constant will lead to less
temporal sensitivity to spike times in the network, which will lead to the model operating
in a more rate-coded manner. This in turn may reduce the emergence of polychronization
including the number of stimulus-specific PGs that develop.

• Multiple synaptic connections between each pair of pre- and postsynaptic
neurons. Within a network with multiple synaptic contacts (each with a different axonal
delay) between each pair of pre- and postsynaptic neurons, I hypothesise that STDP will
effectively select which delays to strengthen. If STDP is able to selectively strengthen
just one (or a subset) of the connections, this should help to promote the emergence of
polychronisation. For example, if each pair of pre- and postsynaptic neurons has two
synaptic contacts with quite different axonal delays, then it is expected that STDP will
increase one connection but weaken the other. I hypothesise that this will in turn increase
the number of PGs in the network with maximum information for a particular stimulus.

6.3 Materials & Methods

6.3.1 Model

6.3.1.1 Network Architecture

The neural network model investigated is shown in Figure 6.5 and simulates successive neu-
ronal stages of processing along the primate ventral visual pathway. Specifically, the model
is comprised of four layers of excitatory pyramidal neurons, which may be thought of as rep-
resenting cortical visual areas V2, V4, posterior inferior temporal cortex (TEO) and anterior
inferior temporal cortex (TE). There are modifiable bottom-up (feedforward) and top-down
(feedback) synaptic connections between excitatory pyramidal neurons in successive layers, as
well as modifiable lateral synapses between excitatory pyramidal neurons within each layer.
Some simulations reported below explore the importance of the top-down and lateral con-
nections for polychronisation and feature binding by comparing model performance with and
without them. Within each layer, there are also inhibitory interneurons with non-plastic lateral
synaptic connections to and from the excitatory neurons to produce competition between the
excitatory neurons. For all presented simulations, I used 64 × 64 = 4096 excitatory neurons
and 32 × 32 = 1024 inhibitory neurons in each layer, with a fixed number of sparsely dis-
tributed topologically organised connections. Table 6.1a shows the different numbers of afferent
connections onto each postsynaptic neuron, as well as the fan-in radius of these connections,
for the different types of excitatory-excitatory, excitatory-inhibitory and inhibitory-excitatory
connections between and within the four neuronal layers.

6.3.1.2 Differential Equations

As originally described in Evans and Stringer (2012), each neuron is based upon the standard
conductance-based leaky integrate and fire (LIF) model, whilst the equations for STDP at the
Excitatory-Excitatory (E → E) synapses are adapted from Perrinet et al. (2001). Neuron and
synapse constants were chosen to be as biologically realistic as possible based upon the available
neurophysiological literature (see Table 6.1 for a full list).

Cell equations The neuron’s membrane potential is updated according to Equation (6.2).

τγm
dVi(t)

dt
= V γ

0 − Vi(t) +RγIi(t) (6.2)

The cell membrane potential for a given neuron Vi(t) (indexed by i) is driven up by current
from excitatory conductance-based synapses, and down towards the inhibitory reversal potential



CHAPTER 6. POLYCHRONIZATION AND FEATURE BINDING 175

T
a
b

le
6
.1

:
M

o
d

el
p

a
ra

m
et

er
s.

M
o
st

in
te

g
ra

te
a
n

d
fi

re
p

a
ra

m
et

er
s

w
er

e
ta

k
en

fr
o
m

T
ro

y
er

et
a
l.

(1
9
9
8
)

(d
er

iv
ed

o
ri

g
in

a
ll
y

fr
o
m

M
cC

o
rm

ic
k

et
a
l.

(1
9
8
5
)

a
s

in
d

ic
a
te

d
b
y
§.

P
la

st
ic

it
y

p
a
ra

m
et

er
s

(d
en

o
te

d
b
y
†)

a
re

ta
k
en

fr
o
m

P
er

ri
n

et
et

a
l.

(2
0
0
1
).

P
a
ra

m
et

er
s

m
a
rk

ed
w

it
h

*
w

er
e

tu
n

ed
fo

r
th

e
re

p
o
rt

ed
si

m
u

la
ti

o
n

s.

(a
)

N
e
tw

o
r
k

p
a
r
a
m

e
te

r
s

L
a
y
e
r

1
2

3
4

N
u

m
b

er
o
f

ex
ci

t.
n

eu
ro

n
s

w
it

h
in

ea
ch

la
y
er

6
4
×

6
4

6
4
×

6
4

6
4
×

6
4

6
4
×

6
4

N
u

m
b

er
o
f

in
h

ib
.

n
eu

ro
n

s
w

it
h

in
ea

ch
la

y
er

3
2
×

3
2

3
2
×

3
2

3
2
×

3
2

3
2
×

3
2

N
u

m
b

er
o
f

fe
ed

fo
rw

a
rd

(F
F

)
a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
p

er
ex

ci
t.

n
eu

ro
n

(E
f
E

)
3
0

1
0
0

1
0
0

1
0
0

F
a
n

-i
n

ra
d

iu
s

fo
r

F
F

a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
to

ea
ch

ex
ci

t.
n

eu
ro

n
(E
f
E

)
1
.0

8
.0

1
2
.0

1
6
.0

N
u

m
b

er
o
f

fe
ed

b
a
ck

(F
B

)
a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
p

er
ex

ci
t.

n
eu

ro
n

(E
bE

)
{0

,1
0
}

{0
,1

0
}

{0
,1

0
}

-
F

a
n

-i
n

ra
d

iu
s

fo
r

F
B

a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
to

ea
ch

ex
ci

t.
n

eu
ro

n
(E
bE

)
8
.0

8
.0

8
.0

-
N

u
m

b
er

o
f

la
te

ra
l

(L
A

T
)

a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
p

er
ex

ci
t.

n
eu

ro
n

(E
lE

)
{0

,1
0
}

{0
,1

0
}

{0
,1

0
}

{0
,1

0
}

F
a
n

-i
n

ra
d

iu
s

fo
r

L
A

T
a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
to

ea
ch

ex
ci

t.
n

eu
ro

n
(E
lE

)
4
.0

4
.0

4
.0

4
.0

N
u

m
b

er
o
f

L
A

T
a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
p

er
in

h
ib

.
n

eu
ro

n
(E
lI

)
3
0

3
0

3
0

3
0

F
a
n

-i
n

ra
d

iu
s

fo
r

L
A

T
a
ff

er
en

t
ex

ci
t.

co
n

n
ec

ti
o
n

s
to

ea
ch

in
h

ib
.

n
eu

ro
n

(E
lI

)
1
.0

1
.0

1
.0

1
.0

N
u

m
b

er
o
f

L
A

T
a
ff

er
en

t
in

h
ib

.
co

n
n

ec
ti

o
n

s
p

er
ex

ci
t.

n
eu

ro
n

(I
lE

)
3
0

3
0

3
0

3
0

F
a
n

-i
n

ra
d

iu
s

fo
r

L
A

T
a
ff

er
en

t
in

h
ib

.
co

n
n

ec
ti

o
n

s
to

ea
ch

ex
ci

t.
n

eu
ro

n
(I
lE

)
8
.0

8
.0

8
.0

8
.0

(b
)

P
a
r
a
m

e
te

r
s

fo
r

G
a
b

o
r

F
il

te
r
in

g
o
f

v
is

u
a
l

im
a
g
e
s

P
h

a
se

sh
if

t
(ψ

)
0
,
π

W
a
v
el

en
g
th

(λ
)

2
O

ri
en

ta
ti

o
n

(θ
)

0
,π
/
4
,π
/
2
,3
π
/
4

S
p

a
ti

a
l

b
a
n

d
w

id
th

(b
)

1
.5

o
ct

a
v
es

A
sp

ec
t

ra
ti

o
(γ

)
0
.5

(c
)

C
e
ll

u
la

r
P

a
r
a
m

e
te

r
s

E
x
ci

t.
ce

ll
so

m
a
ti

c
ca

p
a
ci

ta
n

ce
(C

E m
)

a
n

d
In

h
ib

.
ce

ll
so

m
a
ti

c
ca

p
a
ci

ta
n

ce
(C

I m
)

5
0
0

p
F

,
2
1
4

p
F

§
E

x
ci

t.
ce

ll
so

m
a
ti

c
le

a
k
a
g
e

co
n

d
u

ct
a
n

ce
(g
E 0

)
a
n

d
In

h
ib

.
ce

ll
so

m
a
ti

c
le

a
k
a
g
e

co
n

d
u

ct
a
n

ce
(g
I 0
)

2
5

n
S

,
1
8

n
S

§
E

x
ci

t.
ce

ll
m

em
b

ra
n

e
ti

m
e

co
n

st
a
n
t

(τ
E m

)
a
n

d
In

h
ib

.
ce

ll
m

em
b
ra

n
e

ti
m

e
co

n
st

a
n
t

(τ
I m

)
2
0

m
s,

1
2

m
s

§
E

x
ci

t.
ce

ll
re

st
in

g
p

o
te

n
ti

a
l

(V
E 0

)
a
n

d
In

h
ib

.
ce

ll
re

st
in

g
p

o
te

n
ti

a
l

(V
I 0
)

-7
4

m
V

,
-8

2
m

V
§

E
x
ci

t.
fi

ri
n

g
th

re
sh

o
ld

p
o
te

n
ti

a
l

(Θ
E

)
a
n

d
In

h
ib

.
fi

ri
n

g
th

re
sh

o
ld

p
o
te

n
ti

a
l

(Θ
I
)

-5
3

m
v
,

-5
3

m
V

§
E

x
ci

t.
a
ft

er
-s

p
ik

e
h
y
p

er
p

o
la

ri
za

ti
o
n

p
o
te

n
ti

a
l

(V
E H

)
a
n

d
In

h
ib

.
a
ft

er
-s

p
ik

e
h
y
p

er
p

o
la

ri
za

ti
o
n

p
o
te

n
ti

a
l

(V
I H

)
-5

7
m

V
,

-5
8

m
V

§
A

b
so

lu
te

re
fr

a
ct

o
ry

p
er

io
d

(τ
R

)
2

m
s

§
(d

)
S

y
n

a
p

ti
c

P
a
r
a
m

e
te

r
s

S
y
n

a
p

ti
c

n
eu

ro
tr

a
n

sm
it

te
r

co
n

ce
n
tr

a
ti

o
n

(α
C

)
a
n

d
P

ro
p

o
rt

io
n

o
f

u
n
b

lo
ck

ed
N

M
D

A
re

ce
p

to
rs

(α
D

)
0
.5

†
P

re
sy

n
a
p

ti
c

S
T

D
P

ti
m

e
co

n
st

a
n
t

(τ
C

)
a
n

d
P

o
st

sy
n

a
p

ti
c

S
T

D
P

ti
m

e
co

n
st

a
n
t

(τ
D

)
{5

,
2
5
,

1
2
5
}

m
s

†
S

y
n

a
p

ti
c

le
a
rn

in
g

ra
te

(ρ
)

0
.1

†
R

a
n

g
e

o
f

S
y
n

a
p

ti
c

C
o
n

d
u

ct
a
n

ce
D

el
a
y

[0
.1

,
1
0
.0

]
m

s
†

S
y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

F
F

ex
ci

ta
to

ry
co

n
n

ec
ti

o
n

s
fr

o
m

G
a
b

o
r

fi
lt

er
s

to
L

a
y
er

1
ex

ci
t.

ce
ll
s

(λ
G
f
E
·∆

g
G
f
E

)
[0

,
0
.4

]
n

S
*

S
y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

F
F

ex
ci

t.
co

n
n

ec
ti

o
n

s
to

ex
ci

t.
ce

ll
s

in
la

y
er

s
2
,

3
o
r

4
(λ
E
f
E
·∆

g
E
f
E

)
[0

,
1
.6

]
n

S
*

S
y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

F
B

ex
ci

t.
co

n
n

ec
ti

o
n

s
to

ex
ci

t.
ce

ll
s

in
la

y
er

s
1
,

2
o
r

3
(λ
E
b
E
·∆

g
E
b
E

)
[0

,
1
.6

]
n

S
*

S
y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

L
A

T
ex

ci
t.

co
n

n
ec

ti
o
n

s
to

ex
ci

t.
ce

ll
s

in
la

y
er

s
1
,

2
,

3
o
r

4
(λ
E
lE
·∆

g
E
lE

)
[0

,
1
.6

]
n

S
*

S
y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

L
A

T
co

n
n

ec
ti

o
n

s
fr

o
m

ex
ci

t.
ce

ll
s

to
in

h
ib

.
ce

ll
s

in
la

y
er

s
1
,

2
,

3
o
r

4
(λ
E
lI
·∆

g
E
lI

)
4
0

n
S

*
S

y
n

a
p

ti
c

co
n

d
u

ct
a
n

ce
sc

a
li
n

g
fa

ct
o
r

fo
r

L
A

T
co

n
n

ec
ti

o
n

s
fr

o
m

in
h

ib
.

ce
ll
s

to
ex

ci
t.

ce
ll
s

in
la

y
er

s
1
,

2
,

3
o
r

4
(λ
I
lE
·∆

g
I
lE

)
8
0

n
S

*

E
x
ci

ta
to

ry
re

v
er

sa
l

p
o
te

n
ti

a
l

(V̂
E

)
0

m
V

§
In

h
ib

it
o
ry

re
v
er

sa
l

p
o
te

n
ti

a
l

(V̂
I
)

-7
0

m
V

§
S

y
n

a
p

ti
c

ti
m

e
co

n
st

a
n
t

fo
r

a
ll

F
F

,
F

B
,

a
n

d
L

A
T

co
n

n
ec

ti
o
n

s
fr

o
m

G
a
b

o
r

fi
lt

er
s

a
n

d
ex

ci
t.

ce
ll
s

to
ex

ci
t.

ce
ll
s

(τ
G
f
E
,τ
E
f
E
,τ
E
b
E
,τ
E
lE

)
1
5
0

m
s

*
S

y
n

a
p

ti
c

ti
m

e
co

n
st

a
n
t

fo
r

L
A

T
co

n
n

ec
ti

o
n

s
fr

o
m

ex
ci

t.
ce

ll
s

to
in

h
ib

.
ce

ll
s

(τ
E
lI

)
2

m
s

§
S

y
n

a
p

ti
c

ti
m

e
co

n
st

a
n
t

fo
r

L
A

T
co

n
n

ec
ti

o
n

s
fr

o
m

in
h

ib
.

ce
ll
s

to
ex

ci
t.

ce
ll
s

(τ
I
lE

)
5

m
s

§
(e

)
P

a
r
a
m

e
te

r
s

fo
r

n
u

m
e
r
ic

a
l

si
m

u
la

ti
o
n

b
y

F
o
r
w

a
r
d

E
u

le
r

ti
m

e
st

e
p

p
in

g
sc

h
e
m

e
N

u
m

er
ic

a
l

st
ep

si
ze

(∆
t)

0
.0

2
m

s



CHAPTER 6. POLYCHRONIZATION AND FEATURE BINDING 176

Inhibition

Excitation

Excitatory
Layers

Inhibitory
Layers

Layer 4: TE

Layer 3: TEO

Layer 2: V4

Layer 1: V2

Bo
tt

om
-u

p 
flo

w
 o

f v
isu

al
 

sig
na

ls 
fr

om
 e

ar
ly

 to
 la

te
r 

st
ag

es
 o

f v
isu

al
 p

ro
ce

ss
in

g 

Top- dow
n flow

of visual signals

Layer 0: V1

Figure 6.5: Schematic of the four layer neural network architecture investigated. The model represents successive neuronal
stages of processing along the primate ventral visual pathway. The model is comprised of five layers of excitatory pyramidal
neurons, which may be thought of as representing cortical visual areas V1, V2, V4, posterior inferior temporal cortex (TEO)
and anterior inferior temporal cortex (TE). The layer 0 reflects the output of the Gabor filters of the visual input presented
to the network, with an imposed Poisson spike rate of neurons in the layer. These neurons establish only feed-forward
connection to the layer 1. Each of the following layers of the model (layer 1 - 4) consists of 64 × 64 = 4096 excitatory
neurons and 32× 32 = 1024 inhibitory neurons. Excitatory modifiable connections (red) include bottom-up (feedforward)
and top-down (feedback) connections between excitatory pyramidal neurons in successive layers, and lateral connections
between excitatory pyramidal neurons within the same layer (shown by the curved red arrows). Each layer of excitatory
pyramidal neurons is connected to a population of inhibitory neurons which implement competition between the excitatory
neurons in that layer.

by current from inhibitory conductance-based synapses. Neurons decay back to their resting
state over a time course determined by the properties of its membrane. Here τm represents the
membrane time constant, defined as τm = Cm/g0, where Cm is the membrane capacitance, g0 is
the membrane leakage conductance and R is the membrane resistance (R = 1/g0). V0 denotes
the resting potential of the cell. Class-specific values (excitatory and inhibitory) are indexed by
γ for the above neuron parameters. Ii(t) represents the total current input from the afferent
synapses (described in Equation (6.3)).

The total synaptic current injected into a neuron is given by the sum of the conductances
of all afferent synapses (excitatory and inhibitory), multiplied by the difference between the
synapse class reversal potential (V̂ γ) and neuron membrane potential (Vi(t)). Excitatory and
inhibitory synapses have positive and negative conductances respectively. The conductance of a
given synapse is given by gij where j and i are the indices of the pre- and postsynaptic neurons
respectively.

Ii(t) =
∑
γ

∑
j

gij(t)(V̂
γ − Vi(t)) (6.3)

Synaptic conductance equations The synaptic conductance of a particular synapse, gij(t),
is governed by a decay term τg and a Dirac delta function (Equation (6.5)) when spikes arrive
from the presynaptic neuron j as follows:

dgij(t)

dt
= −gij(t)

τg
+ λ∆gij(t)

∑
l

δ(t−∆tij − tlj) (6.4)

The conduction delay for a particular synapse, which is ranged from 0.1 to 10.0 ms, is denoted
by ∆tij and each presynaptic neuron spike is indexed by l. A biological scaling constant λ has
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been introduced to scale the synaptic efficacy ∆gij which lies between unity and zero. The
Dirac delta function is defined as follows:

δ(x) =

{
∞ if x = 0
0 otherwise

where,

∫ ∞
−∞

δ(x)dx = 1 (6.5)

Synaptic learning equations The following differential equations describe the Spike-Timing-
Dependent Plasticity (STDP) occurring at each modifiable Excitatory - Excitatory (E → E)
synapse. That is, these kinds of modifiable synapses occur at all of the bottom-up, top-down
and lateral connections from excitatory cells to excitatory cells throughout layers 1 to 4.

Here i labels the postsynaptic neuron. The recent presynaptic activity, Cij(t), is modelled by
Equation (6.6) which may be interpreted as the concentration of neurotransmitter (glutamate)
released into the synaptic cleft (Perrinet et al., 2001) and is bounded by [0, 1] for 0 ≤ αC ≤ 1.

dCij(t)

dt
= −Cij(t)

τC
+ αC(1− Cij(t))

∑
l

δ(t−∆tij − tlj) (6.6)

Cij(t) is governed by a decay term τC and is driven up by presynaptic spikes according to
the model parameter αC . The inclusion of the axonal transmission delay ∆tij from presynaptic
neuron j to postsynaptic neuron i in equation (6.6) means that the variable Cij(t) is driven up
at the time the spike from presynaptic neuron j arrives at the postsynaptic neuron i, rather
than the time of emission of the spike from the presynaptic cell.

The recent postsynaptic activity, Di(t), is modelled by Equation (6.7) and may be inter-
preted as the proportion of NMDA receptors unblocked by recent depolarization from back-
propagated action potentials (Perrinet et al., 2001).

dDi(t)

dt
= −Di(t)

τD
+ αD(1−Di(t))

∑
k

δ(t− tki ) (6.7)

Di(t) is governed by decay term τD and is driven up by postsynaptic spikes according to the
model parameter αD. Postsynaptic neuron spikes are indexed by k. Unlike with the conduction
of action potentials towards the synapse, there is no conduction delay associated with Di, since
the cell body is assumed to be arbitrarily close to the receiving synapses and the effects of a
postsynaptic spike are assumed to have an equal impact on the neuron’s own afferent synapses.

The strength of the synaptic weight, ∆gij(t), is modified according to Equation (6.8), which
is governed by the time course variable τ∆g .

τ∆g

d∆gij(t)
dt = ρ[(1−∆gij(t))Cij(t)

∑
k δ(t− tki )

−∆gij(t)Di(t)
∑

l δ(t−∆tij − tlj)]
(6.8)

Note that the postsynaptic spike train (indexed by k) is now associated with the presynaptic
state variable (C) and vice versa. If C is high (due to recent presynaptic spikes having arrived
at the postsynaptic neuron) at the time of a postsynaptic spike, then the synaptic weight
is increased (LTP) whereas if D is high (from recent postsynaptic spikes) at the time of a
presynaptic spike arriving at the postsynaptic neuron then the weight is decreased (LTD). As
noted above, the inclusion of the axonal transmission delay ∆tij in equation (6.6) means that
the variable Cij(t) is driven up at the time the spike from presynaptic neuron j actually arrives
at the postsynaptic neuron i. Consequently, this form of STDP learning depends directly on
the times that spikes from a presynaptic neuron arrive at a postsynaptic neuron rather than
the times that the spikes were originally emitted by the presynaptic neuron.

The weight updates are also multiplicative, meaning that the amount of potentiation de-
creases as the synapse strengthens, as has been found experimentally (Bi and Poo, 1998). The-
oretically, this weight-dependent potentiation yields a normal distribution of synaptic efficacies
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rather than pushing each weight to one extreme or the other (van Rossum et al., 2000) as would
be the case with an additive form of STDP.

6.3.1.3 Numerical Scheme

The differential equations described above are converted to finite difference equations and sim-
ulated using the Forward-Euler numerical scheme with a time step ∆t = 0.02ms. In the finite
difference equations, the Dirac delta function has been replaced by the discrete approximation
S(x) as defined in (Amit and Brunel, 1997). Finally, in the original description, the change in
synaptic weight (Equation (6.8)) was instantaneous and so ∆t/τ∆g is defined to be a learning
rate constant, ρ, in the corresponding finite difference equation.

6.3.1.4 Training and Stimuli

Before the visual images are presented to the first excitatory layer (layer 1), they are prepro-
cessed by a set of Gabor filters, which accord with the general tuning profiles of simple cells
in V1 (Jones and Palmer, 1987; Cumming and Parker, 1999; Lades et al., 1993). The filters
provide a unique pattern of filter outputs for each transform of each visual object, which is
passed through to the first layer of the network. These filters are known to provide a good
fit to the firing properties of V1 simple cells, which respond to local oriented bars and edges
within the visual field (Jones and Palmer, 1987; Cumming and Parker, 1999). The input filters
used are computed by the equations described in Section 1.3.1. In the experiments reported in
this chapter, an array of Gabor filters is generated at each of 128 × 128 retinal locations with
the parameters given in Table 6.1. The outputs of the Gabor filters are used as the basis to
generate Poisson spike trains as follows.

P{input cell(x, y, f) spikes at t} = g(x, y, f) ·max rate scaling factor ·∆t (6.9)

where f is the index of a filter used for the simulation and max rate scaling factor is the
maximum input neuron firing rate (set to 100 in the current simulation studies). The outputs
of the Gabor filters coded in Poisson spike trains are enacted by the layer 0 (Gabor Filter)
cells which propagate activity to the layer 1 excitatory neurons of the network according to the
synaptic connectivity given in Table 6.1. That is, each layer 1 neuron receives connections from
30 randomly chosen Gabor filters localised within a topologically corresponding region of the
retina. These distributions are defined by a radius shown in Table 6.1.

6.3.2 Performance Measures

6.3.2.1 Information Analysis of Average Firing Rate Responses of Single Cells

Information theory is used to quantify how selective the average firing rate responses of individ-
ual neurons are for members of a particular stimulus category. If a neuron responds invariantly
to the members of a particular stimulus category but not to members of other stimulus cat-
egories, then the neuron carries a maximum amount of information about the presence of its
preferred stimulus category.

Information theory is applied to the average firing rate responses of individual neurons in the
network in order to be able to compare the information conveyed by the firing rates of neurons
with the information conveyed by the temporal spike patterns emitted by PGs (described later
in Section 6.3.2.2). In this way, it is possible to demonstrate in the simulations reported below
the very large increase in representational capacity that is possible using the temporal spike
time coding available with the emergence of polychronisation.

Information theory has been previously used to quantify the performance of single neurons
tasked with learning a translation invariant response (across multiple retinal locations) to spe-
cific visual stimuli (Eguchi et al., 2015). If the responses r of a neuron carry a high-level of
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information about the presence of a particular stimulus s across different retinal locations, then
this implies that the neuron will respond selectively to the presence of that stimulus regardless
of where the stimulus is presented on the retina.

In this study, transforms of the visual inputs such as translation or rotation are not explic-
itly introduced. However, since the input neural spike trains are generated based on Poisson
distributions, there is a significant degree of stochasticity involved. This means that the exact
timings of the input neuron spikes are different at each run. Therefore, in the current simula-
tion study, different presentations of the same visual input to the network are considered as the
“transforms” of the same stimulus category.

The amount of stimulus specific information that a specific cell carries is calculated using
the formula described in Section 1.5.2.

6.3.2.2 Information Analysis of Temporal Spike Patterns Emitted by Polychronous
Groups

Information theory is applied to quantify the amount of information conveyed by the temporal
patterns of spikes emitted by PGs. Spike train data consists of time-ordered sequences of spikes.
It has been proposed that, in the brain, the temporal spike patterns emitted by PGs may be
utilised to encode larger amounts of information than codes relying solely on the average firing
rates of neurons.

However, to simplify the analysis, in the simulations below information theory was applied
to the analysis of PGs containing only two spikes emitted by a pair of neurons. In the simplest
scenario involving only two neurons, A and B, with inter-spike delay k, the PG episode can
be represented using the notation A[k]B (Diekman et al., 2014). By applying the analytical
technique described in this section to the simulations reported below, it is possible to demon-
strate the emergence of frequently repeating PG episodes of the form A[k]B that are specific
to a specific stimulus category. A number of these two-neuron interactions could in principle
chain together to form longer, more complex multi-neuron PGs.

The same information analysis technique described above in Section 1.5.2.1 is applied to
frequently occurring spike-pair PGs of the form A[k]B, to investigate whether the network
is able to represent different visual stimulus categories using this form of temporal coding.
Based on the spike trains recorded during many stimulus presentations to the network, the
probabilities that a given spike pair A[k]B will occur in response to the presentation of each
of the stimulus categories s are computed. These probabilities are based on the frequency of
occurrence of the spike pair A[k]B across multiple transforms of each stimulus s, i.e. across
multiple presentations (transforms) of the each stimulus with different stochastic (Poisson)
input representations. From these frequency distributions, the following probability table for
each stimulus category s is construct:

ProbTable(i, j, d) = P{(Presynaptic cell j spikes at time t− d) |
(Postsynaptic cell i spikes at time t)}

(6.10)

where i and j are the indices of two neurons under consideration, t is the time at which
the cell i emits a spike, and d is the time interval that neuron i emits a spike after neuron
j. Values of d is considered within the range of [0, 10ms], where this time interval is divided
into 10 equal bins of 1ms. It is important to note that the probability table is constructed
purely based on the actual spike trains emitted by neurons, and does not take into account the
actual synaptic connectivity between the neurons. This means that this technique highlights
the correlations in spike times emitted by the cells involved but does not necessarily reflect
actual synaptic connections. Given this method of analysis, there are potentially 167,772,160
(nCells ∗ nCells ∗maxDelay) distinct spike-pair PG representations the output neuronal layer
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can hold. This is 40,960 (nCells ∗maxDelay) times more than the case of a localist rate-coded
neuronal representation.

In applying the information analysis methodology of Section 1.5.2.1 to analysing the infor-
mation carried by spike-pair PGs, the probability table given by Equation (6.10) is regarded as
~R, the set of responses to the set of stimuli, used in Equation (1.12). Thus, Equation (1.12)
may now be used to compute the information carried by spike-pair PGs about the presence of
particular stimulus categories s. With this technique, it can be quantified how selective such
temporal spike-pair PGs are for members of a particular stimulus category. In other words, if a
particular spike-pair PG responds invariantly to the members of a particular stimulus category
s but not to the members of other stimulus categories, then the spike-pair PG would carry
maximum information about the presence of its preferred stimulus category.

6.3.2.3 Polychronous Group Counting

A key diagnostic in the simulations reported below is to identify and count the PGs that have
emerged in the network after visually-guided training.

As introduced in the Introduction, a PG is defined as the set of neurons that support the
associated time-locked spike pattern. More formally, Martinez and Paugam-Moisy (2009) de-
fined that “An s-triggered polychronous group refers to the set of neurons that can be activated
by a chain reaction whenever the triggers Nk (1 ≤ k ≤ s) fire according to the timing pattern
tk (1 ≤ k ≤ s). The PG is denoted by: N1 − N2 − ... − Ns (t1, ..., ts) where the firing times
tk are listed in the same order as the corresponding triggers Nk (Martinez and Paugam-Moisy,
2009)”.

The algorithm used by Izhikevich (2006) was adopted and modified to be applicable for our
conductance based LIF neural network model. The basic algorithm is as follow: (1) identify a
set of potential triggers consisting of s neurons with specific spike timings (e.g., N1−N2−...−Ns

(t1, ..., ts)), and (2) find PGs by simulating the propagation of activity from activation of this
set of triggers.

More specifically, the algorithm first finds all combinations of a given number of s neurons
(in our case, s = 3) that have at least one postsynaptic cell in common. For each such tuple
of neurons, it then looks for the relative spike timings, based on synaptic delay, that can excite
the common postsynaptic neuron maximally and enough for it fire. If such neurons exist, then
the tuple becomes a trigger set. The algorithm then simulates the firing of the triggers with
the identified spike timings and records the propagation of neural activity through the network
until it decays to zero. In order to truncate the possible cyclic PGs, an upper limit is set for
the time span of a PG and the number of neurons recorded.

6.4 Simulation Studies

In the current simulation study, the network was trained and tested on the abstract visual
objects shown in Figure 6.6. The shapes are a circle, a heart, and a star, which are coloured
black and presented against a 128× 128 light grey background. Each simulation begins with an
initial period of visual training. During each training epoch, each of the three object shapes was
presented for two seconds to the network. As explained in the model description, the images
are convolved with Gabor filters (Equation (1.1) and (1.2)) that mimic the responses of edge
detecting V1 simple cells. The stochastically generated Poisson spikes (Equation (6.9)) are then
imposed upon layer 0 and are then propagated to the first layer (layer 1) of the network, and
thence up through successive layers 2 to 4. During this, the synaptic connections from the
Gabor filters to Layer 1 excitatory neurons, as well as the bottom-up, top-down and lateral
connections between excitatory neurons across all four layers of the network, were modified
using the STDP rule described in Equation (6.8). In order to test the behaviour of the network
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Stimulus 1 Stimulus 2 Stimulus 3 

Figure 6.6: A set of three visual stimuli presented to the network: a circle, a heart, and a star.

before and after training, the same set of visual stimuli were also presented to the input layer
with STDP turned off before and after training, and the resulting spike trains of neurons in the
output layer were recorded for analysis.

6.4.1 Effect of Varying Synaptic Connectivity within Network

In this section, the performance of the model with different kinds of synaptic connectivity
present within the network architecture is explored. Specifically, the model with the following
four different network connectivities is simulated: 1. Feedforward (FF) connections only, 2.
FF + Feedback (FB) connections, 3. FF + Lateral (LAT) connections, and 4. FF + FB +
LAT connections. Our aim is to assess the contributions that each of these different types of
synaptic connection make towards the operation of the model, including especially the relative
amounts of stimulus information carried either in the firing rates of individual neurons or by
the spike-pair PGs that emerge after training.

Single cell information analysis, as described in Section 1.5.2.1, was first conducted on the
average firing rate responses of individual neurons in the output layer to the three visual stimuli
shown in Figure 6.6 before and after training. The aim was to measure how much stimulus
information was carried by the output neurons under the assumption of traditional rate coding.
In this analysis, there are three different stimulus categories (n = 3). The maximum amount
of information for a single neuron is log2(n) where n is the number of stimulus categories =
3. Therefore, the maximum amount of information that a neuron can carry about a particular
stimulus is log2(3) ≈ 1.58 bits. Each visual stimulus was presented twice during testing, each
time for a duration of two seconds. Since the precise spike timings of the input vary for the
same visual stimulus between trials due to the stochastic nature of Poisson spike generation, this
is conceptually equivalent to presenting two transforms of each stimulus category. Individual
layer 4 neurons would have to respond invariantly over the two transforms of a single stimulus
category, and not to transforms of the other stimulus categories, in order to carry maximum
information about a single stimulus category.

Figure 6.7a shows the information analysis results for the Layer 4 neuron responses, based on
the average firing rates over two seconds of presentation of each visual stimulus. Results before
training are shown for the full network architecture with feedforward (FF) + feedback (FB)
+ lateral (LAT) synaptic connections (gray line). Very few output neurons carry the maximal
information before training. Results after training are presented for the following four different
network connectivities: 1. Feed-forward (FF) connections only (black dotted line), 2. FF +
Feedback (FB) connections (black dash-dot line), 3. FF + Lateral (LAT) connections (black
dashed line), and 4. FF + FB + LAT connections (black solid line). For all four different
types of network connectivity, around 50-100 cells learned to carry the maximum single cell
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Figure 6.7: (a) Single cell average firing rate-based information analysis: The information carried by the output
(4th layer) neurons about a specific object shape according to the procedure described in Section 1.5.2.1. The plot shows
the maximum single cell information carried by 300 cells in Layer 4, where the cells are plotted along the abscissa in
rank order. The results before training for the full network architecture with feedforward (FF) + feedback (FB) + lateral
(LAT) synaptic connections are plotted in gray. It can be seen that before training very few output neurons carry the
maximal information of 1.58 bits. The four different black lines show the results after training for four different network
connectivities: 1. Feedforward (FF) connections only, 2. FF + Feedback (FB) connections, 3. FF + Lateral (LAT)
connections, and 4. FF + FB + LAT connections. It is evident that all four types of network architecture have produced
around 50 to 100 output neurons with maximal single cell information. (b) Spike-pair PG information analysis:
The information carried by frequently occurring temporal spike-pair PGs in the output (4th layer) neurons about visual
object shape according to the procedure described in Section 6.3.2.2. The plot shows the maximum information carried
by spike-pair PGs in Layer 4, where the spike-pair PGs are plotted along the abscissa in rank order. The results before
training for the full network architecture with FF + FB + LAT synaptic connections are plotted in gray. It can be seen
that before training very few spike-pair PGs carry the maximal information of 1.58 bits. The four different black lines
show the results after training for four different network connectivities: 1. FF connections, 2. FF + FB connections, 3.
FF + LAT connections, and 4. FF + FB + LAT connections. It is evident that the full network architecture with FF +
FB + LAT connections has produced the most spike-pair PGs with maximal information. Indeed, with the full network
architecture almost 1,000 spike-pair PGs have reached the maximum information of 1.58 bits.

information (FF: 59, FF+FB: 69, FF+LAT: 85, and FF+FB+LAT: 51). Given that the output
layer contains a total of 4,096 neurons, in each simulation only a relatively small fraction of these
neurons learned to carry maximal information about stimulus identity in their average firing
rates. Moreover, it is noticeable that the network incorporating all three kinds of connections
gave the lowest performance.

Next, the new technique introduced in this chapter, spike-pair PG information analysis,
which is instead based on frequently occurring temporal spike-pairs as described in Section
6.3.2.2, is applied . Figure 6.7b shows the information analysis results for spike-pair PG re-
sponses. Results before training are shown for the full network architecture with FF + FB
+ LAT synaptic connections (gray line). Before training very few spike-pair PGs carry the
maximal information of 1.58 bits. The four different black lines show the results after training
for the four different network connectivities: 1. FF connections, 2. FF + FB connections, 3.
FF + LAT connections, and 4. FF + FB + LAT connections. All four network architectures
produced large numbers of spike-pair PGs that carried the maximal amount of information
about stimulus identity (FF: 66, FF+FB: 244, FF+LAT: 469, and FF+FB+LAT: 973). Im-
portantly, it can be seen that the full network architecture with FF + FB + LAT connections
produced the most spike-pair PGs with maximal information. Indeed, with the full network
architecture almost 1,000 spike-pair PGs reached the maximum information of 1.58 bits. In par-
ticular, the number of spike-pair PGs with maximal information in the full network architecture
is far greater (about 10 times) than the number of single output neurons achieving maximal
information using a firing rate coding shown in Figure 6.7a.

Thus, the full network developed many spike pair PGs during visually-guided learning that
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Figure 6.8: Spike-pair PG information analysis: The information carried by frequently occurring temporal spike-pair
PGs in the output layer of a trained network about visual object shape according to the procedure described in Section
6.3.2.2. The two subplots show the maximum information carried by spike-pair PGs in Layer 4, where the spike-pair PGs
are plotted along the abscissa in rank order. (a) Spike-pair PG information scores for 3 values of the STDP time constants
τC = τD = 125ms, 25ms or 5ms. It is evident that shortening the STDP time constants promotes the emergence of spike-
pair PGs with maximal information about which stimulus is presented to the network. In particular, the network develops
the largest number of such stimulus specific spike-pair PGs when the STDP time constants are shortest (i.e. 5ms). As the
STDP time constants are lengthened this reduces the temporal precision of the STDP and so degrades the emergence of
PGs. (b) Spike-pair PG information scores for the cases where the number of plastic synaptic contacts between each pair
of pre- and postsynaptic excitatory neurons is either one or two. It can be seen that there is a large increase in the number
of spike-pair PGs with maximal stimulus information when there are two synaptic contacts with different transmission
delays, rather than just one contact, between each pair of pre- and postsynaptic excitatory neurons. The presence of two
synaptic contacts between each pair of pre- and postsynaptic excitatory neurons enables the STDP to select which of the
transmission delays to strengthen in order to promote the development of PGs.

were tuned to specific stimuli. In particular, a major novel result of the current work is that
this self-organisation of stimulus-specific spike-pair PGs occurred even when the stimulus input
representations were randomised Poisson spike trains, in which the temporal ordering of spikes
varied stochastically across different presentations of the same visual stimulus. The development
of (spike-pair) PGs using STDP during visual training in such a spiking network is thus a highly
robust process that operates perfectly well with randomised stimulus spike patterns in the lower
stages of processing. Furthermore, the information results shown in Figure 6.7 clearly illustrate
the greater potential of temporal coding over traditional rate coding in terms of representational
capacity within a biologically realistic spiking neural network with bottom-up, top-down and
lateral connections.

6.4.2 Effects of Varying Key Model Parameters

Next, the effects of varying key model parameters are investigated in order to identify which
factors are important to the emergence of temporal coding by PGs. In particular, the effect
of varying the STDP time constant and the number of synaptic contacts between each pair of
pre- and postsynaptic neurons on the information carried by spike-pair PGs in the output layer
is explored. This part of the investigation uses a full model with all three kinds of synaptic
connectivity (FF + FB + LAT).

Figure 6.8a shows the spike-pair PG information carried by frequently occurring temporal
spike-pairs in the output layer with the STDP time constants τC and τD both set to either 5
ms (solid line), 25 ms (dashed line) or 125 ms (dotted line). The results show that shortening
the STDP time constants promotes the emergence of spike-pair PGs with maximal information
about which stimulus is presented to the network. In particular, the network develops the largest
number of such stimulus specific spike-pair PGs when the STDP time constants are shortest
(i.e. 5ms). However, as the STDP time constant increases, the number of object specific spike-
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Figure 6.9: Simulation results demonstrating selection of effective synaptic delays by STDP during visual training. In this
simulation, the model has two synaptic contacts with different fixed delays between each pair of pre- and postsynaptic
excitatory neurons. STDP can then select one of the delays to be strengthened whilst weakening the other during visual
training. For each pair of connected pre- and postsynaptic excitatory neurons calculated, both before training and after
training, the absolute difference between the synaptic weights of their two synaptic contacts. Then, two frequency his-
tograms, corresponding to before and after training, in which all such pairs of pre- and postsynaptic excitatory neurons
were binned according to the absolute difference between the weights of their two synaptic contacts, were computed. These
two frequency histograms were then used to compute the plot shown in (a), which shows the result of dividing the fre-
quency histogram after training by the frequency histogram before training on a bin by bin basis. Thus, subplot (a) shows
the factor by which the number of pairs of neurons with a particular absolute difference between the weights of their two
synaptic contacts changes after training. It can be seen that after training there was a large increase in the number of
pairs of pre- and postsynaptic excitatory neurons with the maximum possible synaptic weight difference. This implies that
during visual training, one of the synaptic weights went to its maximum value of 1.0, while the other synaptic weight went
to the minimum value of 0.0. This represents successful synaptic delay selection by STDP. (b) shows four examples of
the changes in the weights of the two synaptic contacts between a pair of pre- and postsynaptic excitatory neurons that
occurred during training. The solid and dashed-lines in each subplot represent the strengths of the two synaptic contacts
between a pre- and postsynaptic neuron, each with a different synaptic delay. For each pair of neurons, these plots show
selective strengthening of one synaptic contact with a particular delay, but weakening of the other synaptic contact with
a different delay. Again, it is clearly evident that STDP is able to selectively strengthen and weaken synaptic connections
during visual learning according to their respective transmission delays.

pair PGs decreases. Increasing the STDP time constant makes the precise timing of the spikes
less important for learning, making the effect of learning more similar to that expected from
traditional Hebbian learning in a rate coded model. This result implies an important role of
temporally precise STDP for the development of temporal coding.

Figure 6.8b compares the information carried by frequently occurring temporal spike-pair
PGs in the output layer when the number of plastic synaptic contacts between each pair of
pre- and postsynaptic excitatory neurons is either one or two. In the latter case, the two
synaptic contacts between each pair of pre- and postsynaptic excitatory neurons had different
durations that were randomly assigned at the beginning of the simulation and remained fixed
throughout. Only the strengths of these connections could be modified by STDP during visually
guided learning. The results show that having multiple synaptic contacts, and hence multiple
axonal transmission delays, between each pair of excitatory neurons, increases the number of
spike-pair PGs with maximum information. The presence of two synaptic contacts between
each pair of pre- and postsynaptic excitatory neurons enables the STDP to select which of the
transmission delays to strengthen in order to promote the development of (stimulus specific)
PGs as hypothesised.

The results shown in Figure 6.8b demonstrate how such a spiking model may exploit the
ability to effectively select (self-organise) the durations of the axonal delays in the plastic con-
nections between excitatory neurons. If there is no self-organisation during visual learning over
synaptic delay lengths, then it is effectively pre-specified by the initial random distribution of
axonal transmission delays within the network whether a given neuron can be a part of a par-
ticular PG. By allowing multiple plastic synaptic contacts, with different delays, between each
pair of pre- and postsynaptic excitatory neurons, I expected that STDP would effectively select
which of these axonal delays to strengthen.
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Table 6.2: Statistics of the PGs that emerged in network models with different kinds of synaptic connectivity (FF only, FF
+ FB, FF + LAT, and FF + FB + LAT) after training.

FF FF+FB FF+LAT FF+FB+LAT
Number of PGs 562 1689 827 32317

mean s.d. mean s.d. mean s.d. mean s.d.
Total Number of Spikes in PG 8.91 6.16 8.94 7.30 8.70 5.98 11.41 6.56
Longest Path of Spikes in PG 1.00 0.00 1.12 0.44 1.31 0.53 2.55 0.97

I next took a deeper look into the selective strengthening and weakening of synaptic contacts
with different axonal transmission delays between each pair of pre- and postsynaptic excitatory
neurons. This analysis was carried out on the same simulation with two synaptic contacts
with different fixed delays between each pair of neurons. In this case, STDP could select one
of the delays to be strengthened while weakening the other during visual training. For each
pair of connected pre- and postsynaptic neurons, the absolute difference between the synaptic
weights of the two synaptic contacts both before and after training was calculated. The absolute
difference in the values of the two synaptic weights after training should reflect how effectively
the STDP has selectively strengthened one connection with a particular delay but weakened the
other connection with a different delay, which is necessary to promote the emergence of many
stimulus specific spike-pair PGs. Specifically, before and after training, frequency histograms in
which pairs of pre- and postsynaptic excitatory neurons were binned according to the absolute
difference between the weights of their two synaptic contacts was computed.

Figure 6.9a shows the result of dividing the frequency histogram after training by the fre-
quency histogram before training on a bin by bin basis. Thus, subplot (a) shows the factor by
which the number of pairs of neurons with a particular absolute difference between the weights
of their two synaptic contacts changes after training. It can be seen that after training there
was a large increase in the number of pairs of pre- and postsynaptic excitatory neurons with
the maximum possible synaptic weight difference. This implies that during visual training, one
of the synaptic weights went to its maximum value of 1.0, while the other synaptic weight went
to the minimum value of 0.0. This represents successful synaptic delay selection by STDP.

Figure 6.9b shows examples of synaptic modifications for four pairs of pre- and postsynaptic
excitatory neurons, where each such pair of neurons has two synaptic contacts with different
transmission delays. For each pair of neurons, these plots show selective strengthening of one
synaptic contact with a particular delay, but weakening of the other synaptic contact with a
different delay. These results clearly demonstrate that STDP is able to selectively strengthen
and weaken synaptic connections during visual learning according to their respective transmis-
sion delays. The model thus selects and self-organises its effective synaptic delays, which can
greatly facilitate the emergence of stimulus specific (spike-pair) PGs.

6.4.3 The Emergence of Larger Scale Polychronous Groups

In this section, the development of larger scale PGs (i.e. containing more than just two neurons)
is explored. In particular, it is investigated how the development of these PGs is influenced by
changing the kind of synaptic connectivity implemented within the network. For each simulation
with a different connectivity structure (FF only, FF + FB, FF + LAT, and FF + FB + LAT),
all the potential PGs triggered from cells in the third layer of the network were identified
based on the synaptic connectivity, conduction delays, and synaptic weights as explained in
Section 6.3.2.3. Furthermore, based on the actual spike trains recorded during testing, it was
investigated whether any of the activated PGs had learned to be stimulus specific.

Table 6.2 shows the statistics of the PGs that emerged in network models with different
kinds of synaptic connectivity after training. The top row shows the total number of PGs that
were identified. The general trend is that as the synaptic connectivity becomes more complex,
i.e. with more types of connection, the number of PGs increases. In particular, by far the largest
number of PGs were found in the full network architecture with FF + FB + LAT connections.
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Figure 6.10: Box plots showing key performance statistics of the PGs that emerged in network models with different kinds
of synaptic connectivity (FF only, FF + FB, FF + LAT, and FF + FB + LAT) after training. Subplot (a) shows the
distribution of the average number of spikes in a PG, while subplot (b) presents the distribution of the longest path of
spikes in a PG. For both subplots the red horizontal lines indicate the median and the red circles indicate the means. It
is evident that the full trained network architecture (FF + FB + LAT) gives rise to the largest mean number of spikes in
each PG and mean longest path length of each PG compared with the three other reduced network connectivities. The
results from the four trained networks are compared with those from the untrained full network architecture (FF + FB
+ LAT) shown on the right of each subplot. By comparing the results for the full network architecture before and after
training, it can be seen that training has led to a significant increase in the mean number of spikes in each PG and the
mean longest path length of each PG.

The middle row of Table 6.2 shows the mean number of spikes in each PG. Lastly, the bottom
row presents the mean longest path length of each PG, where the longest path is defined as
the number of neurons involved in the longest chain of spikes emitted by the PG due to the
activation of the trigger neurons (Izhikevich, 2006). It can be seen that both of these statistics
get an increase as the network architecture includes more types of synaptic connection. Indeed,
the full network architecture (FF + FB + LAT) also gives rise to the largest mean number of
spikes in each PG and the mean longest path length of each PG. The full network architecture
is clearly the most efficacious for promoting the emergence of polychronisation.

The detailed statistical distributions underlying the mean values shown in the second and
third rows of Table 6.2 are shown as box plots in Figure 6.10. Figure 6.10a shows the distribution
of the average number of spikes in a PG, while Figure 6.10b presents the distribution of the
longest path of spikes in a PG. For both subplots the red horizontal lines indicate the median
and the red circles indicate the means. As already shown in Table 6.2, the full trained network
architecture (FF + FB + LAT) gives rise to the largest mean number of spikes in each PG
and mean longest path length of each PG compared with the three other reduced network
connectivities. The results from the four trained networks are compared with those from the
untrained full network architecture (FF + FB + LAT) shown on the right of each subplot. By
comparing the results for the full network architecture before and after training, it can be seen
that training has led to a significant increase in the mean number of spikes in each PG and the
mean longest path length of each PG.

Next, it was investigated whether the PGs that developed after training in the full network
architecture (with all three connectivity types FF + FB + LAT) had learned to respond to a
particular stimulus category. This was done by analysing the responses of the actual trigger
events for these PGs in Layer 3 to the three visual stimuli: the circle, heart, and star. The
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Figure 6.11: Graphical representation of the occurrences of stimulus-selective PG trigger events in Layer 3 of the trained
full network architecture (FF + FB + LAT) when tested on the three visual stimuli: the circle, heart, and star. The
stimulus-selective PG trigger events were first identified as being selective for one of the stimuli by using information
analysis. In the figure, the occurrences of these PG trigger events when each of the stimuli is presented twice to the
network, each time for two seconds, are shown. Specifically, the circle is presented during 0 to 2 seconds, and then again
during 2 to 4 seconds. Next, the heart is presented during 4 to 6 seconds, and then again during 6 to 8 seconds. Finally,
the star is presented during 8 to 10 seconds, and then again during 10 to 12 seconds. The distinct stimulus-selective PG
trigger events identified by the information analysis are numbered along the ordinate. It can be seen that PG trigger events
1-70 responded selectively to the circle, PG trigger events 71-102 responded to the heart, and PG trigger events 103-123
responded to the star.

stimulus-selective PG trigger events were identified as being selective for one of the stimuli by
using information analysis. This was done using a similar information analysis to that used for
single cells in Section 1.5.2.1, but instead using the occurrences of the PG trigger events in the
spike trains of Layer 3 neurons as described in Section 6.3.2.3.

Figure 6.11 plots the occurrences of the stimulus-selective PG trigger events (identified by
the information analysis) when the network was tested on the three visual stimuli: the circle,
heart, and star. The figure shows the occurrences of these PG trigger events when each of the
stimuli is presented twice to the network, each time for two seconds. Specifically, the circle is
presented twice, followed by two presentations of the heart and then two presentations of the
star. It can be seen that PG trigger events 1-70 respond selectively to the circle, PG trigger
events 71-102 respond to the heart, and PG trigger events 103-123 respond to the star.

These results confirm that in the trained full network architecture (FF + FB + LAT), large
numbers (i.e. greater than 100) of PGs respond selectively to just one of the stimuli, and do so
across different presentations of that stimulus.

6.4.4 The Emergence of Binding Neurons

Finally, the PGs from the full network model (FF + FB + LAT) was analysed, and they were
found to respond to specific stimuli in Section 6.4.3 for the presence of the hypothesised binding
neurons as illustrated in Figure 6.3a. Figure 6.12 shows examples of activated PGs, binding
neurons, and visual features represented by input Gabor filters that drive the cells in the PGs.
Simulation results are presented from the trained full network architecture when tested on the
three visual stimuli: the circle, heart, and star. Each row (a-c) represents a PG of neurons
that responds selectively to one of the stimuli (subplot in left pane) and the visual features
represented by the input Gabor filters with strong connections to particular neurons explicitly
identified in the PGs (two subplots in right pane). The PGs shown in rows (a), (b) and (c)
respond selectively to the circle, heart, and star respectively.

In the PG plots shown on the left of Figure 6.12 the neurons are identified by small circles
and the strengthened connections between the neurons are represented by lines. In particular,
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Figure 6.12: Examples of activated PGs, binding neurons, and visual features represented by input Gabor
filters that drive the cells in the PGs. Simulation results are presented from the trained full network architecture
(FF + FB + LAT) when tested on the three visual stimuli: the circle, heart, and star. Each row (a-c) represents a PG
of neurons that responds selectively to one of the stimuli (subplot in left pane) and the visual features represented by the
input Gabor filters with strong connections to particular neurons explicitly identified in the PGs (two subplots in right
pane). Specifically, the two subplots presented in the right panes of rows (a-c) show the visual input features represented
by a layer 3 trigger neuron for the PG (left), and a layer 4 neuron from within the same PG (right). The PGs shown in
rows (a), (b) and (c) respond selectively to the circle, heart, and star respectively. In the PG plots (shown on the left)
the neurons are identified by small circles and the strengthened connections between the neurons are represented by lines.
The neurons are plotted along the abscissa according to the relative timings of their spikes within the PGs, which was
determined by the axonal transmission delays of the strengthened connections between the neurons. In particular, rows
(a) and (c) present clear examples of the hypothesised binding neurons. In these PG plots, the three neurons that make
up the three-neuron binding circuit (as illustrated in Figure 6.3a) have bold connections between them. The two subplots
in the right pane of row (a) show the visual features represented by the input Gabor filters that have strong feedforward
connections to the low-level feature neuron 12686 and the high-level feature neuron 18657. It can be seen that the low-level
feature neuron 12686 receives strong connections from a simpler set of input Gabor filters than the high-level feature neuron
18657, which is consistent with our underlying theoretical framework about binding taking place between low-level and
high-level features. A similar binding relationship between three neurons is shown in row (c). Row (b) shows that mixtures
of polychronous representation types emerge in the same neuronal layers.
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rows (a) and (c) present clear examples of the hypothesised binding neurons. In these PG
plots, the three neurons that make up the three-neuron binding circuit (as illustrated in Figure
6.3a) have bold connections between them. For example, in row (a), there are three neurons
in the binding circuit as follows: neuron 12686 (a PG trigger neuron in layer 3) represents the
low-level feature, neuron 18657 (a layer 4 output neuron) represents the high-level feature, and
neuron 18396 is the related binding neuron between these two features. It can be seen that
the low-level feature neuron 12686 sends a connection to the high-level feature neuron 18657,
and both feature neurons 12686 and 18657 send connections to the binding neuron 18396. In
particular, it can be seen from the axonal transmission delays shown in the plot that if the
low-level feature neuron 12686 is driving the high-level feature neuron 18657, then the spikes
emitted by both of these feature neurons will arrive at the binding neuron 18396 at about the
same time and so reinforce each other. Thus, the binding neuron 18396 will fire if the low-
level feature neuron 12686 is actually driving the high-level feature neuron 18657. A similar
binding relationship between three neurons is shown in row (c). Row (b) shows that mixtures
of polychronous representation types emerge in the same neuronal layers.

The two subplots presented in the right panes of rows (a-c) in Figure 6.12 show the visual
features represented by the input Gabor filters that have strong feedforward connections to
two neurons from the PG shown in the left pane. Specifically, the right pane shows a layer
3 trigger neuron for the PG (left), and a layer 4 neuron from within the same PG (right).
To produce these subplots, the feedforward synaptic connections between successive layers are
traced back to the input Gabor filters in order to determine the specific visual features that
drive the responses of the higher layer neurons. Starting from a particular neuron in layer 3 or
4, the connections from the previous layer that have the highest weights is selected, repeating
this process through successive layers until the connections reach the Gabor filters in the input
layer. This then allows us to plot the pattern of Gabor input filters that the neuron in layer
3 or 4 has become tuned to. Looking at the right panes of Figure 6.12(a,c), it is clear that
the layer 3 neurons (left) represent simpler low-level features, whilst the layer 4 neurons (right)
represent more global features of the entire object. For example, in row (a) of Figure 6.12 it can
be seen that the low-level feature neuron 12686 in layer 3 (left) receives strong connections from
a simpler set of input Gabor filters than the high-level feature neuron 18657 in layer 4 (right).
Moreover, comparison to the corresponding PG plots in the left panes of Figure 6.12(a,c) shows
that the layer four neurons are being driven by the simpler layer 3 neurons, with the outputs of
both layer 3 and 4 neurons driving an associated binding neuron. These results are consistent
with our underlying theoretical framework about binding taking place between low-level and
high-level visual features.

6.4.5 Feedforward projection of information about low-level visual features
to higher neuronal layers

Simulations of the full spiking network architecture (FF + FB + LAT) provided examples of
the kind of feedforward propagation of visual information hypothesised in Section 6.2.0.3 and
illustrated in Figure 6.4a. The binding neurons presented in rows (a) and (c) of Figure 6.12
were in fact in layer 4. Thus, in each of these examples, the low-level feature neuron was in
layer 3, the high-level feature neuron was in layer 4, and the binding neuron was also in layer
4. In these cases, information about the low-level feature represented in layer 3, including its
local image context (i.e. that the low-level feature represented in layer 3 is part of the high-level
feature represented in layer 4), is projected onto the binding neuron in layer 4. These simulation
results confirm the feasibility of the hypothesis that low-level visual information is propagated
forwards (i.e. bottom-up) to higher layers in the manner proposed in Section 6.2.0.3. This could
allow information about low-level features to be represented in the highest layers of the network,
where in principle this information could be read out by subsequent behavioural systems.
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6.5 Discussion

In this chapter, the operation of a biologically detailed neural network model of the primate
ventral visual system was explored. The model incorporates the following key aspects of cortical
dynamics and architecture: (i) the model implements spiking neural dynamics in which the
timings of action potentials or ’spikes’ are simulated explicitly, (ii) STDP is used to modify the
synaptic connections during visually-guided learning, (iii) the network architecture incorporates
bottom-up, top-down and lateral synaptic connections, (iv) the synaptic connectivity between
neurons incorporates distributions of axonal conduction delays of varying durations, (v) in
some simulations multiple synaptic connections with different axonal transmission delays are
incorporated between each pair of pre- and postsynaptic neurons. These are basic known aspects
of the architecture and function of the visual cortex. Using this model architecture, a number
of major computational hypotheses was explored as follows.

6.5.1 Emergence of Polychronization

Some previous authors have proposed that a visual scene could be partitioned into separate ob-
ject regions by synchronisation of neuronal firing (Kreiter and Singer, 1996; Evans and Stringer,
2012, 2013). In this scenario, the spikes emitted by the neurons representing each individual ob-
ject become synchronised in time, while the spikes emitted by neurons encoding different objects
become desynchronised. This mechanism of synchronisation allows a spiking network model to,
say, segment and individually bind several different object regions of an image. However, Evans
and Stringer (2013) have found that such neuronal synchronisation may be destroyed if natural
distributions of axonal transmission delays are included.

I instead hypothesised that even if the visual stimuli (circle, heart, and star) presented to
the network were encoded in the input layer by randomised Poisson spike trains, the synaptic
connectivity in the later layers of the network would self-organise using STDP during visually-
guided learning such that polychronous groups (PGs) would emerge naturally. Moreover, I
anticipated that individual PGs would learn to respond to particular stimuli that the network
was trained on. This was confirmed in our simulations reported above.

The output (4th) layer was found to carry more stimulus information if a temporal coding
based on patterns of spike times within PGs instead of assuming traditional rate coding by
individual neurons is assumed. Our results found that the inclusion of feedback and lateral
connections in the network structure led to an increase in the number and length of PGs
(especially spike-pairs). In particular, the full network architecture with feedforward (FF),
feedback (FB) and lateral (LAT) synaptic connections produced the most spike-pair PGs with
maximal stimulus information. These spike pair PGs were tuned to specific stimuli.

A major novel result of the current work is that this self-organisation of stimulus-specific
spike-pair PGs occurred even when the stimulus input representations were randomised Poisson
spike trains, in which the temporal ordering of spikes varied stochastically across different
presentations of the same visual stimulus. The development of (spike-pair) PGs using STDP
during visual training in such a spiking network is thus a highly robust process that operates
perfectly well with randomised stimulus spike patterns in the lower stages of processing.

The development of temporal PG codes was shown to be dependent on the temporal speci-
ficity of the STDP learning rule used to modify the synaptic connections. It was found that
the network develops the largest number of spike-pair PGs with maximal information about
which stimulus is presented to the network when the STDP time constants are shortest (i.e.
5ms). However, increasing the STDP time constants in the simulations had the effect of de-
creasing the number of object specific spike-pair PGs that emerged. The explanation for these
observations is that increasing the STDP time constants makes the precise timing of the spikes
less important for learning, which in turn makes the synaptic weight modification more similar
to traditional Hebbian learning in a rate coded model. Consequently, these simulation results
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suggest an important role for temporally precise STDP in the development of temporal coding.
Another novel feature of some of the simulations reported in this chapter was the incor-

poration of multiple synaptic contacts with different axonal transmission delays between each
pair of pre- and postsynaptic neurons. This corresponds to a presynaptic neuron making multi-
ple synaptic connections on different parts of the dendritic branching of a postsynaptic neuron
as is seen among real neurons in the brain. In such a network architecture, STDP was able
to select which synapses to strengthen and which synapses to weaken, which promoted the
visually-guided development of PGs of spiking neurons. Thus, during self-organisation the net-
work is able to effectively select for synaptic transmission delays between pre- and postsynaptic
neurons, which results in a greater representational capacity.

6.5.2 Emergence of Binding Neurons

Over the last twenty years, our laboratory has developed a hierarchical, rate-coded, neural
network model, VisNet, of the primate ventral visual pathway, which has also been used in
many studies in this thesis (Wallis and Rolls, 1997; Galeazzi et al., 2015; Eguchi et al., 2016).
This network model represents low-level visual features in the lower layers and higher level
features or objects in the higher layers, but there is no way to identify which features are part
of which objects from the activity of these neurons. How visual features are bound together
must underpin how we segment a visual scene into objects and parts of objects, and thus how
we make sense of the visual world. Duncan and Humphreys (1989) provide a good description
of this hierarchical process as follows:

“A fully hierarchical representation is created by repeating segmentation at different
levels of scale. Each structural unit, contained by its own boundary, is further
subdivided into parts by the major boundaries within it. Thus, a human body may
be subdivided into head, torso, and limbs, and a hand into palm and fingers. Such
subdivision serves two purposes. The description of a structural unit at one level of
scale (animal, letter, etc.) must depend heavily on the relations between the parts
defined within it (as well as on properties such as color or movement that may be
common to the parts). Then, at the next level down, each part becomes a new
structural unit to be further described with its own properties, defined among other
things by the relations between its own sub-parts. At the top of the hierarchy may
be a structural unit corresponding to the whole input scene, described with a rough
set of properties (e.g., division into light sky above and dark ground below).”

The new generation of spiking neural network simulations reported in this chapter, in which
the timings of action potentials or spikes are explicitly simulated, aim to solve this feature
binding problem. Our basic conception is that within the PGs that emerge during visually-
guided learning are embedded binding neurons that represent the binding relationships between
low-level and high-level visual features. It is assumed that neurons in the network behave as
‘coincidence detectors’ in that they require a volley of spikes from presynaptic cells to arrive
simultaneously at the postsynaptic cell in order for the postsynaptic cell to fire itself. The basic
three neuron binding circuit is illustrated in Figure 6.3a.

Importantly, our new approach to solving the feature binding problem in biological spiking
neural networks relies on polychrony instead of synchrony. In other words, I am interested in
how simply segmenting a visual scene into several distinct object regions can accord with the
semantically rich, hierarchical visual experience of primate vision as described by Duncan and
Humphreys (1989). As discussed earlier, in the brain, the low-level and high-level visual features
may in fact be represented by their own temporal patterns of spikes distributed across PG of
neurons, and these two PGs may then drive a third PG representing the binding relationship
between these visual features. This more complex scenario, in which the visual features and the
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binding relations between these features are represented by their own PGs, is likely to be what
actually happens in the brain. The simple three neuron binding circuit shown in 6.3a would
then be a small part of the three corresponding PGs shown in 6.3b. The use of polychronisation
with binding neurons seems to offer far greater richness in terms of the structural and semantic
representation of visual scenes.

Simulations of the full spiking network architecture (FF + FB + LAT) presented above
demonstrated the emergence of binding neurons, which were part of the same kind of three
neuron binding circuit as shown in Figure 6.3a. These simulation results were shown in Figure
6.12. In these simulations, the binding neurons represented the binding relationships between
lower level feature neurons in layer 3 and higher level feature neurons in layer 4. Moreover, the
individual PGs, in which these binding neurons were embedded, responded to specific visual
stimuli (the circle, heart or star). Such binding neurons were originally proposed by von der
Malsburg (1999), but without an explanation of how they might emerge naturally during visual
development. The simulations reported above demonstrated that such binding neurons may
develop automatically within the PGs that emerge during visually-guided learning with STDP.
In particular, these binding representations were shown to emerge even when the visual stimuli
are encoded by randomised (Poisson) spike trains in the input layer. The binding neurons that
develop carry measurable information about which low-level features are driving (and hence part
of) which high-level features. Our theory predicts that such binding neurons should develop
across the visual field, at every layer of the feature hierarchy, and at every spatial scale within
a natural visual image.

Our model of the primate ventral visual pathway contains bottom-up, top-down and lateral
synaptic connections in order to reflect the known architecture of this part of the brain. Given
this kind of connectivity, there are a variety of ways of realising the three neuron binding circuit
shown in Figure 6.3a. For example, the binding neuron might be in the same layer as the
low-level feature neuron, or in the same layer as the high-level feature neuron, or in a different
area completely. Below the feedforwarded projection of information about low-level features
that may occur if the binding neuron is in the same layer as the high-level feature neuron
(holographic principle) is discussed. However, wherever the binding neurons are located, they
will carry measurable information about the binding relations within a visual scene. Moreover,
the theory presented in this chapter implies that binding neurons will develop throughout all
visual processing areas of the visual cortex, thus representing the binding relations across the
visual field and at every spatial scale. A rich tapestry of binding neurons through the layers
could help to provide a rich hierarchical structural description of a scene, rather analogous to
that described above by Duncan and Humphreys (1989).

The example given in Figure 6.3a shows how binding neurons may learn to represent the
fact that a particular low-level visual feature such as a horizontal or vertical bar is driving,
and therefore part of, a given high-level feature such as the letter T. However, binding neurons
may learn to represent many other kinds of relationship between features within an image. For
example, a binding neuron might learn to respond when a low-level feature (such as a vertical
bar) is part of an intermediate-level feature (such as the letter T), which is in turn part of a
high-level feature (such as the word CAT). In this case, the binding neuron receives simultaneous
inputs from the low-level, intermediate and high-level feature neurons, as shown in Figure 6.13a.
Alternatively, a binding neuron could represent that a low-level feature (such as a vertical bar)
is simultaneously part of two different higher level features (such as the letter T and the word
CAT), as shown in Figure6.13b. Or a binding neuron could represent that two low-level features
(such as a vertical bar and a horizontal bar) are both part of a higher level feature (such as
the letter T), as shown in Figure6.13c. There are a vast number of such relationships that
could be represented by binding neurons. What kinds of relationship actually get represented
will depend on the visual images used to train the network model. In future research, I would
explore what kinds of binding relationship become represented in the model as it is trained on
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Figure 6.13: Examples of three different kinds of more complex binding relationships. (a) a binding neuron might learn
to respond when a low-level feature (such as a vertical bar) is part of an intermediate-level feature (such as the letter T),
which is in turn part of a high-level feature (such as the word CAT). In this case, the binding neuron receives simultaneous
inputs from the low-level, intermediate and high-level feature neurons. (b) Alternatively, a binding neuron could represent
that a low-level feature (such as a vertical bar) is simultaneously part of two different higher level features (such as the
letter T and the word CAT). (c) a binding neuron could represent that two low-level features (such as a vertical bar and
a horizontal bar) are both part of a higher level feature (such as the letter T).

lots of natural images. Such binding information is essential to the rich semantic analysis and
interpretation of visual images performed by the visual brain.

This proposal sharply contrasts with the feature integration theory (FIT) of Treisman and
Gelade (1980), which posits that that there is only a single locus of attention within the visual
field where visual features are bound together. Some researchers have tried to relate feature
binding to the speed of visual search for target objects among nontarget distractors. Given
that feature integration theory assumes there is only a single locus of attention where feature
binding takes place, this implies a serial search for a visual search task that requires feature
binding, but allows faster parallel search for other search tasks that do not require feature
binding. In contrast, I proposed that feature binding is carried out by binding neurons that
operate simultaneously across the whole visual field including at every spatial scale. In this
case, there is no need for binding to be limited to a single spatial locus of attention, and the
time taken for visual search would not be governed by the need to perform a serial search with
a single locus of attention. Instead, binding may operate in parallel across the visual field,
and the search time would be related to other factors determining the intrinsic difficulty of the
task. This is supported by the study of Duncan and Humphreys (1989). These authors found
no clear dichotomy between serial and parallel modes of search. Instead, they reported that
search efficiency was found to decrease as the targets became more similar to nontargets, or if
the nontargets became more dissimilar to each other. This finding contradicts the assumption
of feature integration theory that there is a single locus of feature binding, which leads to serial
search for those tasks that require feature binding and parallel search for tasks that do not.

However, although our theory permits feature binding to operate in parallel across the
entire visual field, it would still be expected that visual processing, which includes feature
binding, would be somewhat degraded away from the spatial locus of attention. This could
occur because the neural representation of the part of the visual scene at the site of spatial
attention, which might be highlighted due to high acuity foveal fixation or top-down attentional
facilitation, would compete strongly with visual processing of the rest of the scene through
inhibitory interneurons. This strong inhibition from the attended part of the scene would
likely degrade visual processing elsewhere, including feature binding operations. This would
explain various psychophysical findings about binding in human vision Wolfe and Cave (1999).
However, this is quite different from the underlying assumption of feature integration theory,
which actually requires only a single spatial locus of attention to perform feature binding, and
so cannot permit any binding elsewhere.
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6.5.3 Feedforward projection of information about low-level visual features
to higher neuronal layers

The simulations presented in this chapter showed that visual information about low-level fea-
tures was, in fact, being propagated up through the neuronal layers of the network in a similar
fashion to that illustrated in Figure 6.4a. This kind of feedforward propagation of low-level
visual information may be important if the behaviour-related areas of the brain are restricted
to reading out visual information from only the higher processing stages of the visual system.
As discussed above, low-level visual features such as oriented bars and edges are represented in
the earliest cortical stages (e.g. V1 and V2) of visual processing. However, when we perceive an
object we are aware of visual features at every spatial scale and complexity of visual form. The
simulations reported in this chapter show how all of this visual information could in principle
be projected upwards through successive stages of visual processing. In particular, the neural
representation of a low-level feature in the higher layers of the network encodes both the iden-
tity of the low-level feature as well as its local image context in terms of hierarchical binding
relationships to higher level features. For example, in 6.4a, binding neuron 3 represents the fact
that there is a vertical bar in some localised region of the retina, and that this vertical bar is
part of the alphabetic letter T.

The bottom-up projection of low-level visual information through successive layers of vi-
sual processing is an automatic consequence of our hypothesised solution to the feature binding
problem using polychronisation and the emergence of binding neurons. The most simple mech-
anism for achieving the bottom-up projection of low-level visual information is illustrated in
Figure 6.4a. The mechanism is essentially the same as the three neuron binding circuit shown
in Figure 6.3a, but with the binding neuron 3 situated in the same higher layer as neuron 2
that represents the high-level feature T. As described above, binding neuron 3 represents that
there is a vertical bar in some local region of the retina, and that this vertical bar is part of
the letter T. Thus, figure 6.4a shows how information about the presence of a low-level feature
(i.e. there is a vertical bar in some localised region of the retina) in the lower layer has been
projected up to the higher layer along with its local image context (i.e. the vertical bar is part
of the letter T). This proposed mechanism for the bottom-up projection of information about
low-level features could operate through successive cortical stages of visual processing, including
across the visual field and at every spatial scale.

Simulations of the full network architecture (FF + FB + LAT) provided examples of this
kind of feedforward propagation of visual information. The binding neurons presented in rows
(a) and (c) of Figure 6.12 were in fact in layer 4. Thus, in each of these examples, the low-level
feature neuron was in layer 3, the high-level feature neuron was in layer 4, and the binding
neuron was also in layer 4. In these cases, information about the low-level feature represented
in layer 3, including its local image context (i.e. that the low-level feature represented in layer 3
is part of the high-level feature represented in layer 4), is projected onto the binding neuron in
layer 4. These simulation results confirm the feasibility of the hypothesis that low-level visual
information is propagated forwards (i.e. bottom-up) to higher layers in the manner proposed in
Section 6.2.0.3.

Figure 6.4b shows how the basic mechanism illustrated in Figure 6.4a could be repeated
iteratively up through successive layers in order to project information about low-level features
into the highest (output) layer of the network. In Figure 6.4b, visual information about the
presence of a vertical bar is first projected up from the first neuronal layer to the second layer,
where it is represented by binding neuron 3. Neuron 3 represents the fact that there is a vertical
bar in some localised region of the retina, and that this vertical bar is part of the alphabetic
letter T. Then, a similar binding mechanism combines the output from binding neuron 3 with
the output of neuron 5 representing a cat, where these combined outputs drive binding neuron
6. Binding neuron 6 then represents the fact that there is a vertical bar in a local region of the
retina, which is part of the letter T, which in turn is part of the word CAT. In this way, the
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information about the lowest level feature is projected upwards and preserved in the highest
layer of the network. Indeed it is possible that a large amount of information about low-level
features could be projected upwards in this manner and preserved in the highest layers for
readout by subsequent behavioural systems. We refer to this as a holographic principle because
information about visual features at every level of complexity and scale may be preserved in
the highest (output) layer(s) of the network. In using the term holographic principle, we are
conscious of a somewhat similar usage to describe the preservation of information at the event
horizon surface of a black hole (Susskind, 1995).

It is important to note that the binding neurons 3 and 6 in the highest layers of the two
network architectures shown in Figures 6.4a and 6.4b represent the presence of a vertical bar
in some local region of the retina which is explicitly part of a higher level feature / object
(e.g. the letter T) or hierarchy of features (e.g. the letter T, which is part of the word CAT).
Consequently, such binding neurons do not simply respond to the presence of a vertical bar at
some retinal location regardless of local image context (i.e. the higher level features / objects
which the vertical bar is part of). The high-level feature / object still needs to be presented to
the network in order to elicit a response from these kinds of binding neuron in the upper layers.
The holographic principle described here is thus consistent with neurophysiological observations
that neurons in the later stages of the ventral visual pathway tend to respond to more complex
visual forms than the simple oriented bars represented in early cortical stages such as V1 and
V2.

Lastly, the bottom-up projection of information about low-level visual features, as illustrated
in Figure 6.4, would seem to negate the need for top-down synaptic connections in the network
architecture. This presents something of a conundrum. If the holographic principle holds true
in some way, then we will need to develop a theory of how top-down signal transmission fits
into this framework. This might lead to much greater complexity in visual processing than so
far considered here. However, I believe that the observed architecture and neurodynamics of
the visual cortex provide the necessary signposts for eventually understanding and simulating
the singular semantic richness of biological vision.

6.5.4 Future Work

The utilisation of polychronisation within a spiking neural network allows the model to develop
binding neurons with the crucial property that they respond if a low-level feature neuron is
actually participating in driving a high-level feature neuron. Only in this case will the binding
neuron be fully informative that the low-level feature is part of the high-level feature. It is
important that the binding neuron does not fire whenever the low-level feature neuron and the
high-level feature neuron happen to be simultaneously active. For this reason, I propose that
binding may not be soluble within a traditional rate-coded network, but will instead require
the full spiking neuronal dynamics of the brain.

The kind of spiking network architecture discussed in this chapter seems to be needed to
solve the feature binding problem. Generally, the parietal lobe is the main (Friedman-Hill et al.,
1995; Shafritz et al., 2002) contributor to the visual feature binding. However, it is important
to aware that the border ownership representation found in the primary visual cortex can also
be seen as an example of the ‘binding neuron’ which requires a type of visual feature binding.
In rate coded models, such as our own VisNet model, individual postsynaptic neurons do not
record which subset of presynaptic neurons are actually driving them, and consequently the
network as a whole does not maintain an explicit representation of which presynaptic neurons
are driving particular postsynaptic neurons throughout the network. Thus, in a sense, the rate-
coded network ‘leaks’ this essential binding information, which is necessary for representing,
and making sense of, how the visual features within a scene are related to each other. This is
particularly problematic when postsynaptic neurons represent high-level visual features (such
as a complex visual form, object or face) with some degree of transform (e.g. location, view



CHAPTER 6. POLYCHRONIZATION AND FEATURE BINDING 196

or scale) invariance, as is typical in the higher layers of the primate ventral visual pathway
(Wallis and Rolls, 1997; Booth and Rolls, 1998; Perry et al., 2010). It is particularly in this
situation that the network needs to maintain a representation of exactly which presynaptic
neurons are driving each postsynaptic neuron in order to represent the relationships between
the lower level and higher level features throughout the visual field and at every spatial scale.
In this current chapter, the network has not been trained to develop transform (e.g. location)
invariant responses to the visual stimuli. However, this problem is challenged in the following
Chapter 7.

Further theoretical evidence that rate coding may be insufficient to solve feature binding
has been provided in Chapter 5, which demonstrated the failure of binding within a rate-coded
model of border ownership cells (Eguchi and Stringer, 2016). This class of visual cells, which
have been found in cortical areas V1 and V2, respond to oriented edges like simple cells, but are
also modulated by which side of an object the edge occurs on (Zhou et al., 2000). Such border
ownership cells are clearly modulated by top-down visual signals about local object context
from outside their classical receptive field. Importantly, border ownership cells are thought to
represent the binding relationship between a localised border edge region of an object and the
object itself. I provided a detailed argument for why our rate-coded model of border ownership
cells failed on binding when more than one object was presented to the network at a time,
and also proposed that spiking dynamics would be needed to solve this problem (Eguchi and
Stringer, 2016). In the final chapter, I explore how border ownership cells may develop in the
kind of spiking network model investigated in this chapter, where the border ownership cells
are examples of our hypothesised binding neurons.

The binding hypothesis proposed in this chapter also provides a way in which the visual
system might localise (parts of) objects in space. When we look at a visual scene, we are aware
of visual features at all such spatial scales. In particular, we are aware of the (e.g. retinal)
locations of low-level features such as the edges of objects. This kind of information may be
represented by edge detecting (e.g. simple) cells in lower visual areas, which have small receptive
fields of about 1 or 2 degrees in size. Neurons with such small receptive fields can effectively
localise the edge of an object in space. However, through a process of feature binding, we also
see these edges as parts of the boundaries of their respective objects. Thus, the binding of
a localised edge represented in an early visual area (e.g., border ownership cells (Zhou et al.,
2000)) to an object representation at a higher stage of processing provides a way in which (the
parts of) objects may be localised in space. Hence, the development of binding neurons within
PGs as proposed in this chapter provides a plausible explanation for how such binding might
operate and play a key role in the localisation of (parts of) objects in space.

A particularly interesting feature of the proposed theories in this chapter is that it potentially
reveals a sharp contrast between processing in the visual brain and the operation of biologi-
cally implausible rate-coded neural network algorithms such as backpropagation of error. The
architecture of the visual cortex, which is simulated in the spiking neural network models pre-
sented in this chapter, could potentially the development of binding neurons that represent the
binding relationships between low-level and high-level features at all spatial scales throughout
a visual scene. However, a biologically implausible neural network algorithm such as rate-coded
backpropagation of error (Hertz et al., 1991) would not develop binding neurons and so could
not represent such binding information. That is, although rate coded networks (trained by
backpropagation of error or otherwise) might be efficient at learning arbitrary mappings they
would not be able to represent the essential binding information needed to semantically analyse
natural visuospatial scenes in the same way as the primate brain.

As a first step towards this, in future work I propose to develop hybrid neural networks
that combine the kind of biologically-inspired spiking (unsupervised learning) network pre-
sented in this chapter with a more traditional engineering (supervised learning) network such
as backpropagation of error. In such a hybrid network, the biological network may operate as a
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preprocessing stage that extracts not only the visual features but also the binding relationships
between those features across the visual field and at every spatial scale. All of this visual in-
formation may then be propagated from the biological network to the engineering network for,
say, image classification.



Chapter 7

The Neural Basis of Border
Ownership Representations in a
Spiking Neural Network Model

In this chapter, a solution to the classic feature binding problem is demonstrated by modelling
the visually-guided development of border ownership cells in cortical areas V1 and V2 of the
primate visual cortex. These neurons respond to oriented edges, like classic simple cells, but
are also sensitive to which side of an object the boundary edge occurs. In this way, the neurons
are thought to represent which object a particular edge belongs to. Border ownership cells are
thus thought to play a key role in feature binding, in this case binding a relatively low-level
feature such as a boundary edge to a higher level object. In Chapter 5, the development of
border ownership cells in an established rate-coded neural network model, VisNet, of the primate
ventral visual pathway (Eguchi and Stringer, 2016) was modelled. The border ownership cells
were top-down modulated by neurons in higher layers that mimicked the responses of V4 neurons
encoding the local curvature of object boundary elements. However, the border ownership cells
within our earlier rate-coded model failed to respond properly when the network was presented
with visual scenes containing more than one visual object. This was shown to be due to the
fact that the top-down modulation from higher cortical stages was not specific to particular
retinal locations. In the current work presented in this chapter, it is shown how the problem
may in fact be solved in a spiking neural network, in which the timings of action potentials or
‘spikes’ are explicitly simulated. That is, in the spiking network simulations reported, it is shown
that the border ownership cells are able to maintain their proper response characteristics even
when multiple objects are presented to the network simultaneously. The new spiking network
model exploits the emergence of polychronization during training using Spike-Timing-Dependent
Plasticity (STDP), in which groups of neurons learn to fire in regularly repeating temporal
sequences. In particular, the border ownership cells that develop in the simulations are found to
be examples of the binding neurons hypothesised in Chapter 6 to provide a general solution to the
feature binding problem. Importantly, the well-known problem of “superposition catastrophe”
that occurs within a rate-coded model when multiple objects are presented simultaneously may
be overcome within the current spiking network model. Taken together, the failed rate-coded
simulations reported in Chapter 5 (Eguchi and Stringer, 2016) and the successful spiking network
results presented here provide strong theoretical support for the binding hypothesis advanced
in Chapter 6.

198
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7.1 Introduction

7.1.1 Overview

In this chapter, computer simulation is used to demonstrate a solution to the classic feature
binding problem, which concerns how the brain represents the hierarchical relationships between
lower and higher level features within a visual scene (von der Malsburg, 1999), by modelling
the visually-guided development of border ownership cells. This class of visual cells, which
have been found in cortical areas V1 and V2 of the primate visual cortex, respond to oriented
edges like simple cells, but are also modulated by which side of an object the edge occurs on
(Zhou et al., 2000). Such border ownership cells are clearly modulated by top-down visual
signals about local object context from outside their classical receptive field. This top-down
modulation enables border ownership cells to represent which object a particular edge belongs
to. Border ownership cells are thus thought to play a key role in solving feature binding in the
visual brain, specifically representing the binding relationship between a localised border edge
of an object and the object itself.

In Chapter 5, the development of border ownership cells in VisNet (Eguchi and Stringer,
2016) was modelled. The border ownership cells were top-down modulated by neurons in
higher layers that mimicked the responses of V4 neurons encoding the local curvature of object
boundary elements (Pasupathy and Connor, 2002). However, the border ownership cells within
our earlier rate-coded model failed to respond properly when the network was presented with
visual scenes containing more than one visual object. It is in situations where multiple objects
are seen together, where the visual brain must bind lower level features to their correct higher-
level features or objects, that the binding problem especially rears its head (von der Malsburg,
1999). The failure of the rate-coded model was shown in Chapter 5 to be due to the fact that the
top-down modulation from higher cortical stages was not specific to particular retinal locations
(Eguchi and Stringer, 2016). I proposed that the problem may be solved in a spiking neural
network, in which the timings of action potentials or ‘spikes’ are explicitly simulated.

In the current work presented in this chapter, the visually-guided development of border
ownership cells within a spiking neural network model of the primate visual system is modelled.
In the new spiking network model, the border ownership cells are able to maintain their proper
response characteristics even when multiple objects are presented to the network simultaneously.
Training the spiking network model using Spike-Timing-Dependent Plasticity (STDP) (Bi and
Poo, 1998; Markram et al., 1997) leads to the emergence of polychronization, in which groups of
neurons learn to fire in regularly repeating temporal sequences (Izhikevich, 2006). In particular,
the border ownership cells that develop in the simulations are found to be examples of the binding
neurons hypothesised in Chapter 6 to provide a general solution to the feature binding problem.
Importantly, the well-known problem of “superposition catastrophe” (von der Malsburg, 1999)
that occurs within a rate-coded model when multiple objects are presented simultaneously is
overcome within the current spiking network model. The current chapter demonstrates how
exactly border ownership cells may develop in a spiking network model, where the border
ownership cells are examples of the hypothesised binding neurons.

In Chapter 6, it was proposed that the spiking network architecture utilised in our modelling
study seems to be needed to solve such feature binding problems. One important reason given
for this is as follows. In traditional rate-coded models, such as the model used in Chapter 5,
individual postsynaptic neurons do not record which subset of presynaptic neurons are actually
driving them (Eguchi and Stringer, 2016). Consequently, these models do not maintain an
explicit representation of which presynaptic neurons are driving particular postsynaptic neurons
throughout the network. Thus, in a sense, the rate-coded network ‘leaks’ this essential binding
information, which is necessary for representing, and making sense of, how the visual features
within a scene are related to each other. This is particularly problematic when postsynaptic
neurons represent high-level visual features (such as a complex visual form, object or face) with
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some degree of transform (e.g. location, view, or scale) invariance, as is typical in the higher
layers of the primate ventral visual pathway (Wallis and Rolls, 1997; Booth and Rolls, 1998;
Perry et al., 2010). It is particularly in this situation that the network needs to maintain a
representation of exactly which presynaptic neurons are driving each postsynaptic neuron in
order to represent the relationships between the lower and higher level features throughout the
visual field and at every spatial scale. If this kind of binding information is leaked away in a
rate-coded network, then it will not be possible for a translation invariant neuron representing
part of an object boundary in a higher neuronal layer (e.g. corresponding to cortical area V4)
to selectively top-down modulate the correct subset of border ownership cells at just one retinal
location in the lower layers (e.g. corresponding to cortical areas V1 and V2). This fundamental
limitation of rate-coding was key to why the model in Chapter 5 failed when the network was
presented with more than one object simultaneously (Eguchi and Stringer, 2016).

The binding mechanism proposed in Chapter 6, which is applied to modelling border owner-
ship cells in this current study, provides a way in which the visual system might localise (parts
of) objects in space. When we look at a visual scene, we are aware of visual features at all
spatial scales. In particular, we are aware of the precise (retinotopic) locations of low-level
features such as the edges of objects. This kind of information may be represented by edge
detecting (e.g. simple) cells in lower visual areas such as V1, which have small receptive fields
of about 1 or 2 degrees in size. Neurons with such small receptive fields can effectively localise
the edge of an object in space. However, through a process of feature binding, we also see these
edges as parts of the boundaries of their respective objects. Thus, the binding of a localised
edge represented in an early visual area by border ownership cells to an object representation
at a higher stage of processing provides a way in which (the parts of) objects may be localised
in space. Hence, the simulated development of border ownership cells as examples of the bind-
ing neurons hypothesised in Chapter 6, as demonstrated in this chapter, provides a plausible
explanation for how such binding might operate and play a key role in the localisation of (parts
of) objects in space.

Taken together, the failed rate-coded simulations in Chapter 5 (Eguchi and Stringer, 2016)
and the successful spiking network results presented below provide strong theoretical support
for the binding hypothesis advanced in Chapter 6.

In the following three subsections, the followings are discussed: the earlier rate-coded neural
network model of border ownership cells developed in Chapter 5 (Eguchi and Stringer, 2016),
the failure of this rate-coded model of border ownership cells when multiple visual stimuli are
presented simultaneously, and our hypothesised operation of a spiking neural network model of
border ownership cells as demonstrated in this current chapter.

7.1.2 Rate-coded neural network model of border ownership cells developed
in Chapter 5

In Chapter 5, the visually-guided development of border ownership cells within a rate-coded
neural network model of VisNet (Eguchi and Stringer, 2016) was simulated. The VisNet ar-
chitecture consisted of a hierarchical series of four competitive layers of neurons. The version
of VisNet used in their study incorporated both feedforward (bottom-up) and feedback (top-
down) synaptic connections. These connections were modified during visually-guided training
by a trace learning rule, which drove the development of neurons in the higher layers that
displayed responses that were translation invariant as a visual stimulus was shifted across dif-
ferent retinal locations. The VisNet model was rate-coded in the sense that it did not explicitly
represent the actual timings of the action potentials or spikes emitted by neurons, but instead
represented only the average firing rate of each neuron at any given moment in time. This
model simplification was made to reduce the computational cost of the simulations.

When VisNet was trained on images of many different objects in Chapter 5, the neurons in
the higher layers of the model developed the same response characteristics as neurons observed
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in area V4 of the primate visual system by Pasupathy and Connor (2002). Such neurons
represented the boundary contour elements of 2-dimensional object shapes. That is, individual
neurons responded selectively to boundary elements with a specific curvature at a particular
location with respect to the centre of mass of the object. For example, some higher stage
neurons might learn to respond to the presence of a vertical edge on the left boundary of an
object, while other neurons might learn to respond to the presence of a vertical edge on the right
boundary of an object. A subpopulation of such neurons can provide a distributed encoding of
the entire boundary shape of a visual object. Moreover, the neurons responded with translation
invariance as an object was shifted across different retinal locations.

The self-organisation of the feedforward connections through visual training, during which
the neurons in the higher layers learn to encode the local boundary elements of objects in
a similar manner to the V4 neurons reported by Pasupathy and Connor (2002), was in fact
originally described and demonstrated in Chapter 2 (Eguchi et al., 2015). Further details are
therefore given in this earlier chapter. In particular, it was shown that while individual neurons
in the higher layers developed strong feedforward connections from neurons in the lower layers
representing the same preferred boundary element, the higher layer neurons also developed
slightly weaker connections from other neurons in the lower layers representing other nearby
boundary elements that could co-occur depending on the shape of an object presented to the
network. These connections from other lower layer neurons were important in that they ensured
that the higher layer neurons responded selectively according to where their preferred boundary
contour element occurred on the object boundary.

As VisNet was continued to train on the same object images in Chapter 5, strong polysy-
naptic feedback connections subsequently developed from the higher layer neurons encoding the
local boundary elements of objects to neurons in the lower layers such as V1 and V2. These
self-organised feedback connections were then able to modulate the responses of edge-detecting
neurons in layers V1 and V2 in a manner that depended on where their preferred edge element
occurred on the boundary of an object, rather like the response characteristics of border own-
ership neurons observed by Pasupathy and Connor (2002). For example, some of the V1/V2
edge-detecting neurons that developed in the lower layers of VisNet responded to the presence
of a vertical straight edge at a particular retinal location only when that edge was at a particular
boundary location (e.g. left or right) with respect to the centre of the object. A detailed math-
ematical description of how this process works is provided in Chapter 5 (Eguchi and Stringer,
2016).

In summary, in Chapter 5, it has been shown that the firing characteristics of border owner-
ship neurons reported by Zhou et al. (2000), in which the responses of V1 and V2 neurons are
modulated by which side of an object the edge occurs on, may be replicated by incorporating
both feedforward (bottom-up) and feedback (top-down) associatively modifiable connections
within VisNet (Eguchi and Stringer, 2016). This allows neurons in the early layers to develop
their firing responses through visually-guided competitive learning driven by a combination of
both bottom-up and top-down visual signals. After training, visual information about local
image context is conveyed by the top-down connections to modulate the responses of neurons in
the lower layers, which may then mimic the observed firing characteristics of border ownership
neurons.

7.1.3 Failure of rate-coded model of border ownership cells when multiple
visual stimuli are presented simultaneously

The rate-coded model used in Chapter 5 developed border ownership neurons that maintained
their responses even when the network was tested on any one of a large number of different
object shapes. However, it was found that the rate-coded model failed to display the proper
firing properties of border ownership neurons under more general stimulus conditions in which
more than one object was presented to the network at the same time after training. It is
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in situations where multiple objects are seen together that feature binding, in which lower-
level features must be bound to the correct higher-level features or objects, becomes a more
challenging problem (von der Malsburg, 1999). The reason for the failure of the rate-coded
model developed in Chapter 5 was carefully analysed and may be summarised as follows.

It is started by considering how the feedforward (bottom-up) connections self-organise when
the network is trained with a large collection of differently shaped objects. For example, let
us assume that two of these objects, Objects 1 and 2, have vertical straight edges on either
their left or right boundaries, respectively. In the simulations carried out in Chapter 5 the
network was trained on one object at a time shifting across different retinal locations. During
this training phase, neurons in a higher layer (corresponding to cortical visual area V4) learn to
encode the local boundary elements of objects in a similar manner to the V4 neurons reported
by Pasupathy and Connor (2002). In particular, the higher layer neurons have a relatively large
fan-in of polysynaptic connections from the retina, and the trace learning rule operating in the
bottom-up connections enables these neurons to develop responses that are translation invariant
across all trained retinal locations. That is, the same subset of higher layer neurons learns to
respond to a straight vertical edge on their preferred side of an object regardless of where that
object appears on the retina. In this case, after training, Objects 1 and 2 will excite higher
layer neurons representing a straight vertical edge on either the left or right object boundary,
respectively, regardless of the retinal location in which each of the objects is seen.

Now consider how the feedback (top-down) connections self-organise during training. The
trace learning rule operating in the top-down connections ensures that the higher layer neu-
rons representing a straight vertical edge on either the left or right object boundary will develop
strong polysynaptic connections via competitive learning with the corresponding subsets of lower
layer neurons representing a straight vertical edge on either the left or right object boundary,
respectively. However, most importantly, each of the higher layer neurons will develop strong
connections to the corresponding lower layer neurons across all of the trained retinal locations.
In this case, after training, individual higher layer neurons will simultaneously modulate the
responses of corresponding subsets of lower layer neurons over all trained retinal locations.
Hence, after the rate-coded model has been trained, the translation invariant higher layer neu-
rons representing a straight vertical edge on the left object boundary stimulate subsets of lower
layer neurons representing a straight vertical edge on the left object boundary across all trained
retinal locations, including the locations of both Objects 1 and 2 presented together. Similarly,
translation invariant higher layer neurons representing a straight vertical edge on the right ob-
ject boundary stimulate subsets of lower layer neurons representing a straight vertical edge on
the right object boundary across all trained retinal locations.

To summarise, the overall effect of presenting two objects simultaneously after training,
where Object 1 has a straight vertical edge on its left boundary while Object 2 has a straight
vertical edge on its right boundary, is as follows. If the first object has a straight vertical edge on
its left boundary, then this excites higher layer neurons representing a straight vertical edge on
the left object boundary, which in turn modulates lower layer neurons representing a straight
vertical edge on the left object boundary at both object locations. Similarly, if the second
object has a straight vertical edge on its right boundary, then this excites higher layer neurons
representing a straight vertical edge on the right object boundary, which in turn also modulates
lower layer neurons representing a straight vertical edge on the right object boundary at both
object locations. This results in both subsets of lower layer cells, representing straight vertical
edges on the left and right object boundaries, being activated at the locations of both objects
simultaneously. Thus, in the rate-coded model, the top-down modulation of lower layer neurons
representing object boundary elements by polysynaptic connections from higher layer neurons
fails to be specific to the actual locations of the object boundary elements on the retina. The
border ownership information in the lower layer is thus lost in this situation of multiple objects,
which represents a failure of feature binding. A similar failure will occur even for the simpler
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situation of a single object presented to the network with vertical straight edges on both the
left and right boundaries.

This result could be counter-intuitive to those who remember the basic principle of trace
learning rule that can associate any visual inputs cluttered in time. However, it is important to
notice that the rate-coded network in fact has successfully developed the translation invariant
representation of a particular shape of a local contour element with trace learning as promised.
On the other hand, the border Ownership representation is not a translation invariant represen-
tation. That is instead location specific but only shapes (other than the border part) invariant
representation. In other words, while the network tries to associate any object that contains a
particular contour element on a particular side with trace learning rule, the border ownership
cell needs to be selective only to the subset of those when it is presented at a particular location
on the retina. This kind of representation has never been promised to be learned with trace
learning rule in any preceding study.

The above argument suggests that the incorporation of additional top-down connections,
although necessary, is not sufficient by itself to allow the network to develop robust border
ownership representations in the early layers and thus solve this kind of feature binding problem.
So what further biological details need to be incorporated into the model to allow it to form
robust border ownership representations under the more general stimulus conditions of multiple
objects seen together?

7.2 Hypothesis

In Chapter 5, I hypothesised that the failure of the border ownership representations in the
VisNet model when multiple objects were presented was primarily due to the implementation
of rate-coding in the model. That is, VisNet only represents the average firing rate of each
neuron, and not the actual timings of the action potentials emitted by neurons as occur in the
brain. The architecture and operation of the visual cortex of the primate brain differs from the
VisNet model used in Chapter 5 in the following important ways. Firstly, real neurons in the
brain communicate by emitting electrical pulses called action potentials or spikes. Secondly, the
modification of synaptic strengths during learning has been found to depend on the relative tim-
ings of the spikes emitted by the pre- and post-synaptic neurons. For example, neurophysiology
studies have shown that a synapse may be strengthened when the spike from the pre-synaptic
neuron occurs about 20ms before the spike from the post-synaptic neuron, but weakened when
the spike from the pre-synaptic neuron occurs about 20ms after the spike from the post-synaptic
neuron (Bi and Poo, 1998; Markram et al., 1997). This kind of learning is called Spike-Timing-
Dependent Plasticity (STDP). Thirdly, the passage of an action potential from one neuron to
the next may be subject to an axonal transmission delay of several milliseconds, where different
axonal connections between neurons may have different time delays. Though it should be noted
that the transmission delay associated with an individual axonal connection between any two
neurons tends to be fairly constant through time. Modelling studies have shown that when such
randomised distributions of axonal delays are incorporated into a spiking neural network, then
this produces memory patterns in the form of repeating temporal loop of neuronal firings. This
phenomenon has been termed polychronization (Izhikevich, 2006). Our laboratory has shown
that the emergence of these temporal memory loops is further enhanced within a recurrently
connected spiking network with randomised distributions of axonal conduction delays when the
strengths of synaptic connections are modified by STDP (Chapter 6). Recognising the potential
importance of all these biological features of cortical operation, in Chapter 5, I hypothesised
that such a spiking model, which also incorporates bottom-up, top-down and lateral associa-
tively modifiable excitatory connections, may develop border ownership neurons in the lower
visual layers (corresponding to cortical areas V1 or V2) that respond selectively to a vertical
straight edge on either the left or right boundary of an object presented at the neuron’s preferred



CHAPTER 7. BORDER OWNERSHIP AND POLYCHRONIZATION 204

retinal location, in a way that is unaffected by the presence of another object seen at a different
nearby location on the retina. More generally, in Chapter 5, I hypothesised that the biological
features discussed above all play important roles in how the primate visual system solves the
feature binding problem (von der Malsburg, 1999). Consequently, in this current chapter, I ex-
plore below how border ownership representations may develop in a new spiking neural network
version of the VisNet model, which incorporates bottom-up, top-down and lateral excitatory
connections, distributions of axonal transmission delays, and STDP.

7.2.1 The Proposed Role of Polychronization and Feature Binding in the
Development of Border Ownership Cells

Our hypothesised mechanism for the development and operation of border ownership cells ex-
ploits the general solution to the feature binding problem demonstrated in the modelling study
conducted in Chapter 6. The behaviour of a biologically realistic hierarchical neural network
model of the primate ventral visual system was investigated. The architecture of this model
is shown in Fig. 6.5. The model represents successive neuronal stages of processing along the
primate ventral visual pathway. It is comprised of five layers of excitatory pyramidal neurons,
which may be thought of as loosely representing cortical visual areas V1, V2, V4, TEO, and
TE. However, since the architecture of the model is still quite a crude simplification of actual
cortical structure, this putative correspondence between the layers of the model and specific
areas of the visual cortex should not to be regarded as precise. Layer 0 represents the input
layer, which corresponds to cortical area V1. The responses of neurons in Layer 0 are set in
accordance with the outputs of Gabor filters that mimic the responses of edge-detecting simple
cells. Importantly, the model incorporates the following important general features of cortical
operation:

• (i) The model implements spiking neural dynamics in which the timings of action poten-
tials or ‘spikes’ are simulated explicitly.

• (ii) STDP is used to modify the synaptic connections during visually-guided learning.
If a spike from a presynaptic neuron arrives at a postsynaptic neuron just before the
postsynaptic neuron emits a spike, then the synapse is strengthened (LTP). Otherwise, if
the spike from the presynaptic neuron arrives at the postsynaptic neuron just after the
postsynaptic neuron emits a spike, then the synapse is weakened (LTD).

• (iii) The network architecture incorporates bottom-up, top-down, and lateral excitatory
synaptic connections, which are associatively modifiable during visual training. This
connectivity reflects the known architecture of the visual cortex.

• (iv) The synaptic connectivity between neurons incorporates distributions of axonal con-
duction delays of varying durations, from a few milliseconds to tens of milliseconds.

• (v) There are multiple (2) synaptic connections between each pair of pre- and postsynaptic
neurons, where these connections have different axonal transmission delays. This permits
STDP to strengthen just one (or a subset) of these connections in order to effectively
select the functional transmission delay between the two neurons.

The simulations carried out in Chapter 6 using the above spiking network architecture devel-
oped many groups of neurons, which we refer to as polychronous groups, that emitted regularly
repeating temporal chains of spikes in response to the presentation of visual objects. This phe-
nomenon is known as polychronization (Izhikevich et al., 2004). In particular, embedded within
these polychronous groups were examples of what we called binding neurons, which had the
crucial property that they responded if and only if a low-level feature neuron was actually par-
ticipating in driving a high-level feature neuron. In this way, these neurons encoded the binding
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relationships between lower and higher level visual features represented in different neuronal
layers. Indeed, large numbers of binding neurons developed through successive layers of the hi-
erarchical network simulated in Chapter 6, representing binding relationships across the visual
field and at every spatial scale. In the current work, the same kind of spiking neural network
architecture is used to simulate the development of border ownership cells that are able to main-
tain their proper firing properties when the network is presented with visual scenes containing
multiple objects. The border ownership cells that develop in the simulations reported below are
examples of the hypothesised binding neurons that developed in the simulations carried out in
Chapter 6.

It is a key property of the model developed in Chapter 6 and implemented in this current
chapter that visual objects are encoded in the input Layer 0 by spiking neurons with randomised
Poisson distributions of spikes. That is, the visual stimuli are represented in the input layer
by spike patterns with no regularly repeating temporal structure. Although the average firing
rates of individual input neurons are set according to the outputs of Gabor filters that mimic
the responses of simple cells in cortical visual area V1. Nevertheless, in Chapter 6, it was shown
that, after an initial period of visually-guided learning with STDP, the network developed
polychronous groups of neurons that fired their spikes in regularly repeating temporal patterns.
In particular, in the study reported in Chapter 6, some of these polychronous groups were found
to contain the hypothesised binding neurons. In our simulations reported below, these emergent
polychronous groups are found to contain border ownership cells that are able to maintain their
proper firing characteristics when more than one object is presented to the network at a time.

7.2.2 Mechanisms Underpinning the Development of V4-like Object Bound-
ary Contour Element Cells in the Higher Network Layers

In Chapter 2 and Chapter 5, it has been shown how training the rate-coded VisNet model on
many differently shaped objects leads to the development of neurons in higher layers that encode
the boundary contour elements of objects in a similar manner to the V4 neurons reported by
Pasupathy and Connor (2002). In particular, the responses of such neurons depend on where
the preferred contour element occurs on an object boundary. For example, some higher layer
neurons might learn to respond to the presence of a straight vertical edge on the left boundary
of an object, while other neurons might learn to respond to the presence of a straight vertical
edge on the right boundary of an object. In Chapter 2, I demonstrated how, even though
the network is always trained on whole objects, neurons in the higher layers learn to represent
localised object boundary contour elements (Eguchi et al., 2015). This is due to the statistical
decoupling between differently shaped boundary contour elements over a sufficiently large set
of visual objects used to train the network. In Chapter 2, a detailed analysis of the feedforward
connectivity that had developed during visual training, which endowed the object boundary
contour element neurons with their firing properties, was carried out. It was found, for example,
that an object boundary contour element neuron in layer 3 that had learned to respond to a
straight vertical edge on the right boundary of an object, in fact, had developed strengthened
feedforward polysynaptic connections from a rich pattern of input Gabor filters that represented
a main straight vertical edge as well as many surrounding edges of different orientations to the
left of the straight vertical edge (see Fig. 2.9 in Chapter 2 ). The connections from the input
Gabor filter representing the straight vertical edge were strongest, while the connections from the
surrounding Gabor filters on the left were weaker and provided the local image context needed
to ensure that the object boundary contour element cell only responded when the straight
vertical edge was on the right of an object. So, to summarise, an individual neuron representing
a particular kind of object boundary contour element, with firing properties similar to those
observed by Pasupathy and Connor (2002), is driven in the models by a spatial constellation
of input Gabor filters representing many local edges in the image, where the neuron receives
its strongest connection from the input Gabor filter representing the edge corresponding to the
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object boundary contour element and weaker connections from other surrounding Gabor filters
representing local image context to ensure that the neuron fires only when the edge occurs at
the correct position with respect to the centre of mass of the object.

In the modelling studies reported in Chapter 2 and Chapter 5, the neurons representing
object boundary contour elements in the higher layers developed translation invariant responses
by the use of a trace learning rule in the feedforward connections. Such a learning rule is able to
drive the development of translation invariant neuronal responses by encouraging post-synaptic
neurons to learn to respond to subsets of input patterns that tend to occur close together
in time. In Chapter 2 and Chapter 5, it was demonstrated that if each of the objects is
seen shifting across different retinal locations during visual training, perhaps due to a series
of saccades, with different retinal views of the same object clustered together in time, then
the trace learning rule will produce neurons that respond selectively to a particular boundary
contour element with translation invariance, that is, no matter where the object is seen on the
retina. However, the form of the trace learning used earlier utilised rate-coding. How might
trace learning arise naturally in a more biologically realistic spiking neural network with STDP?
This question was addressed by Evans and Stringer (2012), who showed that a trace learning
effect can be achieved in a spiking network when the time constant governing the exponential
decay of each synaptic conductance after an incoming pre-synaptic spike is sufficiently long. In
this case, the conductance channels remain open for longer after each incoming spike, which
in turn keeps the post-synaptic neuron firing longer. In this case, subsequent object views can
become associated through STDP learning with the same active post-synaptic neuron. In this
way, the post-synaptic neuron may learn to respond to a particular visual object over a number
of different retinal locations. In the simulations described below, the same kind of trace learning
mechanism as originally demonstrated by Evans and Stringer (2012) is implemented in order
to drive the development of V4-like neurons in the higher layers that encode the conformation
of boundary contour elements at particular positions with respect to the centre of mass of an
object regardless of the location of the object on the retina as reported by Pasupathy and
Connor (2002).

7.2.3 Mechanisms Underpinning the Development of V1/V2-like Border Own-
ership Cells in the Lower Network Layers

I hypothesised that the emergence of polychronous groups within the network, whereby groups
of neurons learn to emit their action potentials in regularly repeating temporal sequences, during
visually-guided training with STDP could also produce border ownership cells that maintain
their proper firing characteristics when multiple visual objects are presented together to the
network. Specifically, I hypothesised that border ownership cells would develop automatically
within particular kinds of polychronous group during visual training, where the border owner-
ship cells would become tuned through STDP learning to respond if and only if an edge-detecting
V1-like simple cell in a lower layer is participating in driving a V4-like object boundary contour
element cell in a higher layer, where the edge represented by the V1-like simple cell directly cor-
responds to the object boundary element represented by the object boundary contour element
cell. In this case, the border ownership cell will carry measurable information that the edge
represented by the edge-detecting V1-like simple cell is part of the object boundary element
represented by the V4-like object boundary contour element cell. It should be noted that, in
this scenario, border ownership cells are not examples of top-down modulated V1-like simple
cells as modelled in Chapter 5 in a rate-coded network, but are instead a new category of neu-
rons that is driven by converging inputs from V1-like simple cells in lower layers and object
boundary contour element cells in higher layers (Eguchi and Stringer, 2016). In fact, as stated
above, the border ownership cells that develop in the simulations reported below are examples
of the hypothesised binding neurons that developed in the simulations carried out in Chapter 6.
It is demonstrated in the simulations presented below that such border ownership cells develop
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Figure 7.1: Local network connectivity resulting in the emergence of a border ownership cell. A local circuit
of three linked neurons situated across different nearby stages of the primate ventral visual pathway is considered: neuron
1 is an edge-detecting simple cell in a lower visual layer such as V1, neuron 2 is an object boundary contour element cell
in a higher layer such as V4, and neuron 3 is a border ownership neuron within a local layer such as V1 or V2. Assume
that an image of an object is presented to the network, and that the edge represented by neuron 1 corresponds directly
to the localised object boundary contour element represented by neuron 2. In the visual cortex, there are non-zero axonal
transmission delays of around several milliseconds in the time taken for an action potential to pass from one neuron to
another. In the circuit shown, the delay from neuron 1 to neuron 2 is 3ms, the delay from neuron 2 to neuron 3 is 3ms, and
the delay from neuron 1 to neuron 3 is 6ms. Each neuron is assumed to operate as ’coincidence detector’ in that it requires
a volley of spikes from a number of sending neurons to arrive at about the same time in order for the neuron to reach its
firing threshold. In our simulations, this is achieved by implementing fast neuronal and synaptic time constants, which
ensures that the cell potential decays quickly between incoming spikes. So, it is assumed that neuron 3 will fire if and only
if the incoming spikes from neurons 1 and 2 arrive at approximately the same time, that is, within a couple of milliseconds
of each other. In this case, given the set of axonal delays shown in the figure, neuron 3 will fire if and only if neuron 1 is
actually participating in driving neuron 2, because only then will the spikes from neurons 1 and 2 arrive together at neuron
3. In such a neuronal circuit, the firing of neuron 3 will encode the fact that the edge represented by neuron 1 is part of
the object boundary contour element represented by neuron 2. The three neurons, 1, 2 and 3, form a polychronous group,
in which the border ownership neuron 3 is embedded. It is hypothesised that large numbers of these polychronous groups
with embedded border ownership neurons will emerge within the lower layers of the network, representing many different
border ownership relationships across the visual field, during visually-guided learning with synaptic modification driven by
STDP. Most importantly, these kinds of 3-neuron circuits, which each encode the binding relationship between a particular
edge and the object boundary contour element of which the edge is a part, should not be susceptible to interference from
the presence of other nearby objects within the visual field. In this way, the spiking dynamics described here are able to
solve the central problem of how border ownership neurons are able to maintain their proper firing properties when the
visual system is presented with scenes containing multiple different objects. This is essential to solving feature binding
across complex visual scenes with multiple objects present.

automatically within the polychronous groups that emerge during visually-guided learning with
STDP.

Figure 7.1 shows how border ownership cells can operate as members of polychronous groups
that may emerge within a spiking neural network after visual training. A linked polychronous
group of three neurons at different stages of the ventral visual pathway is considered: (i) neuron
1 is an edge-detecting simple cell in a lower visual layer such as V1, (ii) neuron 2 is an object
boundary contour element cell in a higher layer such as V4, and (iii) neuron 3 is a hidden neuron
within a local layer such as V1 or V2, which has the potential to operate as a border ownership
neuron. Assume that there are the following three synaptic connections between these three
neurons: (i) a connection from neuron 1 to neuron 2, (ii) a connection from neuron 1 to neuron
3. (This could be either a lateral or bottom-up connection depending on which layer neuron
3 is in), and (iii) a connection from neuron 2 to neuron 3. (This could be either a lateral or
top-down connection depending on which layer neuron 3 is in.)

Let ∆(i,j) denote the axonal transmission delay from a pre-synaptic neuron j to post-synaptic
neuron i. Given this notation, it is evident that neuron 1 is participating in driving neuron 2
if and only if a spike emitted by neuron 2 occurs approximately ∆(2,1) after a spike emitted by
neuron 1.
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If the axonal transmission delays between the three neurons 1, 2 and 3 shown in Fig. 7.1
have the following approximate relationship

∆(3,1) ≈ ∆(2,1) + ∆(3,2) (7.1)

then the spikes from neurons 1 and 2 will converge on neuron 3 at approximately the same
time if and only if neuron 1 is actually participating in driving neuron 2.

It is assumed that neurons in the network operate as ‘coincidence detectors’, in that they
only fire when a volley of incoming spikes from pre-synaptic neurons arrive close together in
time. This can be effected in the spiking network simulations by implementing fast neuronal
and synaptic time constants, which allows a cell potential to decay rapidly between incoming
spikes. Thus, neuron 3 is assumed to only fire when the volley of spikes from neurons 1 and 2
arrive near simultaneously. In this case, neuron 3 will behave as a border ownership neuron.
That is, neuron 3 will fire if and only if neuron 1 is participating in driving neuron 2, which
indicates that the edge represented by neuron 1 is actually part of the object boundary contour
element represented by neuron 2. Moreover, in this case, STDP will further strengthen the
connections from neurons 1 and 2 onto the border ownership neuron 3, thus further enhancing
the effect.

7.2.4 Responses of Spiking Border Ownership Cells to Visual Scenes with
Multiple Objects

The key property of the border ownership cells illustrated in Fig. 7.1 is that an individual cell
responds if and only if the lower layer neuron representing the edge is actually participating in
driving the higher layer neuron representing the corresponding object boundary contour element.
Only in this case will the border ownership cell be fully informative that the edge is part of
the object boundary contour element. The border ownership neuron should not respond if the
lower layer neuron representing the edge and the higher layer neuron representing the object
boundary contour element simply happen to be co-active, where the former is not actually
driving the latter. Such unrelated co-activation of a lower layer edge-detecting cell and higher
layer object boundary contour element cell might occur, for example, because of the presence
of multiple objects within a natural scene. However, our proposed mechanism for generating
border ownership cells, as illustrated in Fig. 7.1, ensures that these cells only become activated
if the lower layer edge-detecting cell is actually participating in driving the higher layer object
boundary contour element cell. This kind of temporally specific response is characteristic of
a polychronous group, which the three neurons 1, 2 and 3 described above comprise. This
mechanism potentially solves the limitations of rate-coding described in section 7.1.3. Indeed,
for these reasons, I propose that modelling the development of border ownership cells, and more
generally feature binding, may not be soluble within a traditional rate-coded network, but will
instead require the full spiking neuronal dynamics of the brain.

In the simulations presented below, the emergence of such border ownership neurons during
visually-guided training is looked at. I expected to find evidence for the kind of 3 neuron
polychronous groups described above and illustrated in Figure 7.1.

7.3 Materials & Methods

7.3.1 Spiking Neural Network Model

7.3.1.1 Network Architecture

The neural network model investigated is shown in Figure 6.5 and simulates successive neu-
ronal stages of processing along the primate ventral visual pathway. Specifically, the model is
comprised of four layers of excitatory pyramidal neurons, which may be loosely thought of as
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representing cortical visual areas V2, V4, posterior inferior temporal cortex (TEO) and anterior
inferior temporal cortex (TE). There are modifiable bottom-up (feedforward) and top-down
(feedback) synaptic connections between excitatory pyramidal neurons in successive layers, as
well as modifiable lateral synapses between excitatory pyramidal neurons within each layer.
Within each layer, there are also inhibitory interneurons with non-plastic lateral synaptic con-
nections to and from the excitatory neurons to produce competition between the excitatory
neurons. For all presented simulations, 64× 64 = 4096 excitatory neurons and 32× 32 = 1024
inhibitory neurons in each layer are used, with a fixed number of sparsely distributed topolog-
ically organised connections. Table 7.1a shows the different numbers of afferent connections
onto each postsynaptic neuron, as well as the fan-in radius of these connections, for the differ-
ent types of excitatory-excitatory, excitatory-inhibitory and inhibitory-excitatory connections
between and within the four neuronal layers. The detailed descriptions of the model is provided
in 6.3.1.

7.3.2 Network Performance Measures

7.3.2.1 Information Analysis of Average Firing Rate Responses of Single Cells

Information theory is used to quantify how selective the average firing rate responses of individ-
ual neurons are for members of a particular stimulus category. If a neuron responds invariantly
to the members of a particular stimulus category but not to members of other stimulus cat-
egories, then the neuron carries a maximum amount of information about the presence of its
preferred stimulus category.

Information theory was used to quantify the performance of single neurons tasked with
learning a translation invariant response (across multiple retinal locations) to specific visual
stimuli in Chapter 2 (Eguchi et al., 2015). If the responses r of a neuron carry a high-level
of information about the presence of a particular stimulus s across different transforms such
as changes in retinal location or orientation, then this implies that the neuron will respond
selectively to the presence of that stimulus regardless of where the stimulus is presented on the
retina or its orientation with respect to the observer. A detailed description of the analysis is
provided in Sec 1.5.2.

7.3.2.2 Finding Polychronous Groups and Binding Neurons

A key diagnostic in the simulations reported below is to identify the polychronous groups that
have emerged in the network after visually-guided training so that any tuple of cells that shows
the binding relationship can be looked for. The technique used is described in Section 6.3.2.3.

7.4 Simulation Studies

7.4.1 Development of V4-like object boundary contour element cells and
V1/V2-like border ownership cells

In this first simulation study, the visually-guided development of V4-like object boundary con-
tour element cells in Layer 4 and V1/V2-like border ownership cells in Layer 1 as the network
is trained on a number of different visual objects is investigated.

In this simulation study, the network was trained and tested on the two abstract visual
objects shown in Figure 7.2. The two objects were a semicircle with a straight vertical edge
on its right boundary (Fig. 7.2(a)) and a semicircle with a straight vertical edge on its left
boundary (Fig. 7.2(b)). However, each of these two objects was seen in the four different
transforms shown in each row of Figure 7.2. Firstly, the objects were black when presented on
a light grey background or light grey when presented on a black background. Secondly, each
object was presented in two locations on the left and right of the retina. Whenever an object
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(b) Straight vertical edge on the left object boundary

(a) Straight vertical edge on the right object boundary
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Figure 7.2: The visual object stimuli used for the simulation study of section 7.4.1, in which the network is trained and
tested on scenes containing only a single object at a time. There are two object shapes used to both train and test the
network: a semicircle with a straight vertical edge on its right boundary (a) and a semicircle with a straight vertical edge
on its left boundary (b). However, each of these two objects was seen in the four different transforms shown in each
row. Firstly, the objects were black when presented on a light grey background or light grey when presented on a black
background. Secondly, each object was presented in two locations on the left and right of the retina. Whenever an object
was presented on the left of the retina, the vertical straight edge on its (left or right) boundary was precisely aligned with
retinal Location 1. Similarly, whenever the object was presented on the right of the retina, the vertical straight edge on its
(left or right) boundary was aligned with retinal Location 2. In the simulation study reported in section 7.4.1, the network
was presented with input images containing only a single object stimulus at a time during both training and testing.

was presented on the left of the retina, the vertical straight edge on its (left or right) boundary
was precisely aligned with retinal Location 1. Similarly, whenever the object was presented on
the right of the retina, the vertical straight edge on its (left or right) boundary was aligned with
retinal Location 2.

In the simulation reported in this section, the network was trained and tested on visual
scenes containing only a single object at a time.

Each simulation begins with an initial period of visual training. During each training epoch,
each of the two objects shown in Figure 7.2 is presented in turn to the network in a randomised
series of different transforms (i.e. black or light grey shading, and left or right retinal locations)
a total of 16 times. The duration of each stimulus presentation is 200 ms. It is important that
first one object is presented 16 times and then the other object is presented 16 times in order to
ensure that the different transforms of each object are seen clustered together in time. This is
necessary for trace learning to be able to drive the development of translation invariant object
boundary contour element neurons in the highest layer of the network, as shown in the previous
rate-coded simulations reported in Chapter 5 and spiking network simulations of Evans and
Stringer (2012). Also remember that each different presentation of the same training image,
corresponding to a particular object with a particular shading and retinal position, may also be
regarded as a different transform because such identical images will in fact be represented by
different randomised spatiotemporal spike patterns in the input Layer 0, as discussed above in
section 7.2. Given this training regime, the total duration of one training epoch is 2 (vertical
straight edge on the left or right object boundary) × 16 × 200 ms. In this manner, the network
is trained for a total of 20 training epochs.

After training is completed, the steady state firing responses of neurons in Layer 1 and
Layer 4 to the same stimuli that were used to train the network as shown in Figure 7.2 are
analysed. Specifically, during testing, each stimulus is initially presented for one second in
order to allow enough time for visual signals to propagate up and back down the layers, and
the neurons throughout the network to settle into steady state firing rates. After this initial
stimulus presentation period of one second had passed, the stimulus is then continued to be
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presented for a further one second during which we recorded the number of spikes emitted
by each of the neurons throughout the network. Then the average steady state firing rate
response of each neuron to each stimulus is computed over this further one second period of
stimulus presentation. In other words, although the network has spiking dynamics, which I
hypothesize are critical to the development of border ownership cells within the network, the
neuronal responses are still analysed in a rate-coded manner. This is because such a rate-coded
analysis is sufficient to demonstrate the firing characteristics of border ownership cells, even if
the underlying dynamics required for the operation of the network as described above in section
7.2 are spiking. The network is tested in this manner both before and after visual training in
order to assess the effect that training has on the response properties of neurons in Layer 1 and
Layer 2, and in particular, the development of object boundary contour element cells in Layer
4 and border ownership cells in Layer 1.

The firing properties of the output (Layer 4) neurons are firs tested to investigate whether
these neurons had learned after training to respond like the object boundary contour element
neurons reported by Pasupathy and Connor (2002). That is, did these neurons learn to respond
selectively to the presence of a vertical straight edge on either the left boundary or right bound-
ary of an object, and do so regardless of the position of the object on the retina (i.e. retinal
Location 1 or Location 2) or the shading of the object (i.e. black or light grey)? The same set
of stimuli used to train the network shown in Figure 7.2 was presented to the network during
testing, and the firing rate of each neuron in the output layer of the network was recorded.

In order to quantify the performance of the output layer neurons, information analysis was
conducted as described in Section 7.3.2.1. In the analysis of Layer 4 neurons, there are two
different stimulus categories (n = 2) corresponding to stimuli with a vertical straight edge on
either the left object boundary or right object boundary, respectively. In Figure 7.2, stimuli
from the first category with a vertical straight edge on the left object boundary are shown in row
(b), while stimuli from the second category with a vertical straight edge on the right are shown
in row (a). Since each category member was defined by its shading (black or light grey) and
retinal location (Location 1 or Location 2), there were 2× 2 = 4 members (transforms) of each
of the two stimulus categories. In order for a Layer 4 neuron to successfully mimic the firing
characteristics of an object boundary contour element neuron, it had to respond invariantly
over the four members (transforms) of its preferred stimulus category, and not respond to
any members of the other stimulus category. In this case the neuron would carry maximum
information about its preferred stimulus category.

Figure 7.3(a) shows the information analysis of the steady state response properties of Layer
4 neurons at the end of each stimulus presentation. Results are presented before and after
training. The maximum amount of information possible for the simulation is log2(n) where n is
the number of stimulus categories = 2, that is 1 bit. Before training, only one neuron reached 1
bit of information and in fact most neurons carried much less than 1 bit. However, after training,
around 40 neurons carried the maximum 1 bit of information. This result confirms that some
neurons in Layer 4 had successfully learned to respond selectively to a vertical straight edge
either on the left or on the right of an object boundary, regardless of the retinal location of
the object or shading of the object. These neurons successfully replicated the observed firing
characteristics of the object boundary contour element cells described by Pasupathy and Connor
(2002).

Figure 7.3(b) shows the steady state firing rate responses of two typical Layer 4 neurons
(15552) and (15665) after each stimulus had been presented for one second to allow the neuronal
firing rates to settle to stable values as described above. The firing rate responses are plotted
before and after training. Specifically, the plot shows the responses of the two neurons to
all transforms of the object with a vertical straight edge on its right boundary (1-4) and the
object with a vertical straight edge on its left boundary (5-8). These results show that after
training neuron (15552) learned to respond selectively to all transforms of the object with a
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Figure 7.3: The development of V4-like object boundary contour cells in output Layer 4 of the network model after visually-
guided training on the set of objects shown in Figure 7.2). The steady state firing rate responses of Layer 4 neurons when
the network is tested on the same set of visual objects are analysed. That is, the average firing rate response of each
neuron is computed by summing the total number of spikes emitted by that neuron in response to each visual object, and
dividing this by the duration of the stimulus presentation. In other words, although the network has spiking dynamics,
the neuronal responses are still analysed in a rate-coded manner. (a) Information analysis: The information carried by
the output (4th layer) neurons about whether the vertical straight edge was on the left or right boundary of each object
transform presented to the network before and after training, is computed. Since there are n = 2 stimulus categories,
perfectly discriminating Layer 4 neurons carry a maximum of 1 bit of information. The plot shows the maximum single
cell information carried by each of the top 240 neurons in Layer 4 about which one of these two stimulus categories was
presented, where the neurons in Layer 4 are plotted along the abscissa in rank order. The results show that training led to
a large increase in the number of Layer 4 neurons that responded selectively to a vertical straight edge either on the left or
on the right of an object boundary, regardless of the shading or retinal location of the object. Indeed, after training, about
40 Layer 4 neurons reached the maximum level of single cell information of 1 bit. (b) Firing rate responses of two
example Layer 4 neurons that had maximum single cell information: the plot shows the responses of two Layer
4 neurons to all transforms of the object with a vertical straight edge on its right boundary (1-4) and the object with a
vertical straight edge on its left boundary (5-8). These results show that after training neuron (15552) learned to respond
selectively to all transforms of the object with a vertical straight edge on the right, while neuron (15665) learned to respond
to all transforms of the object with a vertical straight edge on the left. These two neurons thus display the characteristic
firing properties of the V4-like object boundary contour element cells reported by Pasupathy and Connor (2002), in that
they represent a particular boundary contour element conformation (i.e. vertical straight edge) at a particular position on
the object boundary (i.e. left or right of object boundary) regardless of the retinal location of the object (i.e. on the left or
right of the retina).

vertical straight edge on the right, while neuron (15665) learned to respond to all transforms
of the object with a vertical straight edge on the left. These two neurons thus display the
characteristic firing properties of the V4-like object boundary contour element cells reported by
Pasupathy and Connor (2002), in that they represent a particular boundary contour element
conformation (i.e. vertical straight edge) at a particular position on the object boundary (i.e.
left or right of object boundary) regardless of the retinal location of the object (i.e. on the
left or right of the retina). These kinds of firing responses were simulated in the rate-coded
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models used in Chapter 2 and Chapter 5. As described in section 7.2, V4-like object boundary
contour element cells need to develop in the higher layers of our model in order to provide
appropriate top-down signals that drive the development of border ownership neurons in lower
layers corresponding to cortical areas V1/V2.
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Figure 7.4: The development of V1/V2-like border ownership cells in Layer 1 of the network model after visually-guided
training on the set of objects shown in Figure 7.2). The steady state firing rate responses of Layer 1 neurons when the
network is tested on the same set of visual objects are analysed. (a) Information analysis: I investigated whether
Layer 1 neurons learned to respond selectively to one of the following four stimulus categories: (i) the object has a vertical
straight edge on its left boundary with the vertical straight edge positioned at retinal Location 1, (ii) the object has a
vertical straight edge on its right boundary with the vertical straight edge positioned at retinal Location 1, (iii) the object
has a vertical straight edge on its left boundary with the vertical straight edge positioned at retinal Location 2, and (iv)
the object has a vertical straight edge on its right boundary with the vertical straight edge positioned at retinal Location 2.
The plot shows the maximum single cell information carried by each of the top 170 neurons in Layer 1 about which one of
these four stimulus categories was presented, where the neurons in Layer 1 are plotted along the abscissa in rank order. The
results show that training led to a large increase in the number of Layer 1 neurons that responded selectively to a vertical
straight edge either on the left or on the right of an object boundary, with the object presented in a particular retinal
position, regardless of the shading of the object. Indeed, after training, about 40 Layer 1 neurons reached the maximum
level of single cell information of 2 bits. These Layer 1 neurons have learned to respond with perfect selectivity to one of
the four stimulus categories. (b) The firing rate responses of four Layer 1 neurons with maximum single cell
information: the plot shows the responses of four Layer 1 neurons to all transforms of the object with a vertical straight
edge on its right boundary (1-4) and the object with a vertical straight edge on its left boundary (5-8). In particular, the
first two visual stimuli 1-2 shown along the abscissa have the object with a vertical straight edge on its right boundary
presented in retinal Location 1, the next two stimuli 3-4 have the object with a vertical straight edge on its right boundary
presented in retinal Location 2, the next two stimuli 5-6 have the object with a vertical straight edge on its left boundary
presented in retinal Location 1, and the last two stimuli 7-8 have the object with a vertical straight edge on its left boundary
presented in retinal Location 2. The results show that, after training, each of the four neurons had learned to respond
selectively to one of the four stimulus categories. These four neurons thus display the characteristic firing properties of the
V1/V2-like border ownership neurons reported by Zhou et al. (2000), in that they respond selectively to a vertical straight
edge on either the left or right of an object when the object is presented in a particular retinal position.
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I next tested whether Layer 1 neurons had developed the kind of border ownership represen-
tations reported by Zhou et al. (2000). In other words, I tested whether the feedback (top-down)
connections implemented in the network, which carried top-down signals from object boundary
contour element neurons in Layer 4 through consecutive lower layers, enabled the development
of neurons in Layer 1 (corresponding to visual areas V1/V2) that responded to straight verti-
cal edges in either retinal Location 1 or 2 but which also responded selectively depending on
whether the straight vertical edge was on either the left or right boundary of the object.

In order to quantify the performance of Layer 1 neurons, the information carried by the
steady state responses of these cells at the end of each 2 second stimulus presentation was
computed as described above. The results of this analysis are presented in Figure 7.4(a), where
the information carried by Layer 1 neurons before and after training is shown. The border
ownership neurons reported by (Pasupathy and Connor, 2002) occur in early cortical stages of
visual processing, and so they do not display much translation invariance across different retinal
positions. Similarly, Layer 1 neurons in our model are not expected to develop translation
invariance across different retinal locations due to the small fan-in of connections from the
retina. Therefore, information that was specific to either retinal Location 1 or Location 2 was
computed. Specifically, the analysis calculated the information carried by the Layer 1 neurons
about whether the vertical straight edge in the object stimulus presented to the network was an
example from one of four stimulus categories: (i) the object has a vertical straight edge on its
left boundary with the vertical straight edge positioned at retinal Location 1, (ii) the object has
a vertical straight edge on its right boundary with the vertical straight edge positioned at retinal
Location 1, (iii) the object has a vertical straight edge on its left boundary with the vertical
straight edge positioned at retinal Location 2, and (iv) the object has a vertical straight edge on
its right boundary with the vertical straight edge positioned at retinal Location 2. Since there
are n = 4 stimulus categories, perfectly discriminating neurons carry a maximum of log2(n) =
2 bits of information.

Figure 7.4(a) shows the single cell information analysis. The plot shows the maximum
information carried by each of the top 170 neurons in Layer 1 about which one of the four
stimulus categories was presented. It can be seen that training the network has led to double
the number of neurons carrying the maximum 2 bits of information. After training, around 40
cells learned to carry the maximum single cell information, which implies that these cells have
learned to respond with perfect selectivity to one of the four stimulus categories. These Layer
1 neurons thus provide the kind of border ownership representations experimentally observed
in cortical visual areas V1 and V2 by Zhou et al. (2000).

Figure 7.4(b) shows the steady state firing rate responses of four typical Layer 1 neurons
at the end of each stimulus presentation for 2 seconds. Results are compared before and after
training. The plot shows the responses of four Layer 1 neurons to all transforms of the object
with a vertical straight edge on its right boundary (1-4) and the object with a vertical straight
edge on its left boundary (5-8). The results show that, after training, each of the four neurons
had learned to respond selectively to one of the four stimulus categories. Specifically, neuron
(3408) responded when the object had a vertical straight edge on its right boundary with the
vertical straight edge positioned at retinal Location 1, neuron (51) responded when the object
had a vertical straight edge on its right boundary with the vertical straight edge positioned at
retinal Location 2, neuron (1308) responded when the object had a vertical straight edge on
its left boundary with the vertical straight edge positioned at retinal Location 1, and neuron
(3554) responded when the object had a vertical straight edge on its left boundary with the
vertical straight edge positioned at retinal Location 2. These four neurons thus display the
characteristic firing properties of the V1/V2-like border ownership neurons reported by Zhou
et al. (2000), in that they respond selectively to a vertical straight edge on either the left or
right of an object when the object is presented in a particular retinal position.
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7.4.2 Maintenance of border ownership representations when the network is
tested with multiple visual objects simultaneously

In the above simulations, the model was tested by presenting a single object to the network at
a time. However, the primate visual system is usually presented with multiple objects simulta-
neously in real world scenes. In section 7.1.3, it was discussed how this more realistic situation
exposed a weakness in the previous rate-coded model of border ownership neurons in Chapter
5 (Eguchi and Stringer, 2016), which failed to maintain border ownership representations when
multiple objects were seen together simultaneously. It is in this situation that binding between
lower-level and higher-level features becomes a more difficult problem (von der Malsburg, 1999).
In particular, in a rate-coded network the top-down modulation of V1/V2 neuronal firing rates
is not specific to retinal location. This effectively destroys the local border ownership (bind-
ing) information carried by the V1/V2 neurons. However, in section 7.2, I proposed how this
problem may be solved in a spiking neural network, in which the border ownership cells are
examples of the binding neurons hypothesised in Chapter 6. Next, this proposal is explored by
testing the spiking network model on multiple objects simultaneously.
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(b) Left Border on Location 1
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Figure 7.5: The set of visual stimuli used in section 7.4.2 to test the performance of the network when two objects are
presented simultaneously during testing. There are two new categories of visual stimuli. The first stimulus category (a)
consists of all possible combinations two objects where one of the objects has a vertical straight edge on its right boundary
which is positioned at retinal Location 1. The second stimulus category (b) consists of all possible combinations two objects
where one of the objects has a vertical straight edge on its left boundary which is positioned at retinal Location 1. These
two stimulus categories were chosen in order to test whether the border ownership cells in Layer 1, which had been found in
section 7.4.1 to respond selectively to a vertical straight edge on either the left or right object boundary in retinal Location
1, were able to maintain their response selectivity when an additional object was simultaneously presented with its vertical
straight edge in retinal Location 2.

In this section, the model was trained with the set of objects shown in Figure 7.2, where
these objects were presented to the network one at a time during training as described in the
simulations above. However, the network was then tested with two objects shown together
during each visual presentation, where the set of test images shown in Figure 7.5 is used. The
steady state firing responses of neurons in each layer of the network at the end of each such
visual presentation are analysed. These results were compared with those in which only a single
object was presented to the network at a time during testing. In order to facilitate comparison
of the results for the two test situations, in each case I analysed how much information neurons
carried about the two border ownership stimulus categories, i.e. whether a straight vertical
edge was present on either the left or right object boundary, that were associated with retinal
Location 1.

The set of images used for testing the network with two objects at a time are shown in Figure
7.5. There are two different stimulus categories. The first stimulus category, shown in Figure
7.5(a), consists of all possible combinations two objects where one of the objects has a vertical
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straight edge on its right boundary which is positioned at retinal Location 1. The second
stimulus category, shown in Figure 7.5(b), consists of all possible combinations two objects
where one of the objects has a vertical straight edge on its left boundary which is positioned at
retinal Location 1. Each of the two stimulus categories undergoes 4 transforms due to variations
in the following two stimulus features: 2 sides of an object (left or right) on which a vertical
straight edge may occur at retinal Location 2 × 2 kinds of shading contrast between objects
and background. These two stimulus categories were chosen in order to test whether the border
ownership cells in Layer 1, which had been found in section 7.4.1 to respond selectively to a
vertical straight edge on either the left or right object boundary in retinal Location 1, were able
to maintain their response selectivity when an additional object was simultaneously presented
with its vertical straight edge in retinal Location 2.
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Figure 7.6: A quantitative comparison of the border ownership information carried by neurons in each layer when the
network is tested with objects shown individually (untrained - dotted line; trained - dashed line) or when tested on two
objects presented together (solid line). The network performance is assessed using single-cell information analysis. The
information analysis is applied to the steady state firing responses of neurons in each layer at the end of each stimulus
presentation for 2 seconds. In both test situations, the model was initially trained with the individual objects shown in
Figure 7.2, as described in section 7.4.1. Solid lines: the performance of the model when tested with two objects shown
together during each visual presentation using the test images shown in Figure 7.5. Here the single cell information carried
by each neuron about the two stimulus categories described in Figure 7.5 was computed. Since there are two stimulus
categories, neurons may carry up to a maximum of 1 bit of information. Dashed lines: the performance of the model
when tested with the objects shown in Figure 7.2 presented one at a time during testing. The single cell information
carried by each neuron about the four stimulus categories described in section 7.4.1 was computed. In this figure the
maximum single-cell information (log2(4) = 2) has been rescaled to 1. The information carried by neurons in each layer
about stimulus categories (i) and (ii) is shown in each plot. It can be seen that even when multiple object shapes are
presented to the network simultaneously, the border ownership selective responses of cells developed in each layer remain
comparable to when objects are presented individually. This behaviour in a spiking network is in sharp contrast to the
former rate-coded simulation results reported in Chapter 5 (Eguchi and Stringer, 2016), which showed a large drop in
border ownership selectivity when multiple objects were presented to the network together during testing.

Figure 7.6 compares the border ownership information carried by neurons in each layer
when the network is tested with objects shown individually (dashed line) or when tested on
two objects presented together (solid line). The performance of the network was assessed using
single-cell information analysis. The information analysis is applied to the steady state firing
responses of neurons in each layer at the end of each stimulus presentation.

The dashed lines in Figure 7.6 show the performance of the model when tested with the
objects shown in Figure 7.2 presented one at a time during testing. The single cell information
carried by each neuron about the four stimulus categories previously described in section 7.4.1
was computed. That is, the information about whether the vertical straight edge in the object
stimulus was from one of the following four stimulus categories: (i) the object has a vertical
straight edge on its left boundary with the vertical straight edge positioned at retinal Location
1, (ii) the object has a vertical straight edge on its right boundary with the vertical straight
edge positioned at retinal Location 1, (iii) the object has a vertical straight edge on its left
boundary with the vertical straight edge positioned at retinal Location 2, and (iv) the object
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has a vertical straight edge on its right boundary with the vertical straight edge positioned at
retinal Location 2. Since there are four stimulus categories, perfectly discriminating neurons
carry a maximum of 2 bits of information. However, in this figure the maximum single-cell
information has been rescaled to 1. Results for the two stimulus categories (i) and (ii), which
are associated with retinal Location 1 are plotted. The information carried by neurons in each
layer about stimulus category (i) and (ii) is shown in the plot.

The solid lines in Figure 7.6 show the performance of the model when tested with two
objects shown together during each visual presentation using the test images shown in Figure
7.5. Here the single cell information carried by the neurons about the two stimulus categories
described in Figure 7.5, which are both associated with retinal Location 1, was computed. The
first stimulus category includes all combinations of two objects where one of the objects has a
vertical straight edge on its right boundary which is positioned at retinal Location 1, while the
second stimulus category includes all combinations of two objects where one of the objects has
a vertical straight edge on its left boundary positioned at retinal Location 1. Since there are two
stimulus categories, neurons may carry up to a maximum of 1 bit of information. It can be seen
that even when the network is tested on two objects at a time, the border ownership selective
responses of cells developed in each layer remain comparable to when objects are presented
individually. This result supports our prediction that border ownership information carried by
Layer 1 (V1/V2) neurons in the spiking model may remain even when the network is presented
with multiple visual objects during testing. This behaviour in a spiking network is in sharp
contrast to the former rate-coded simulation results reported in Chapter 5, which showed a
large drop in border ownership selectivity when multiple objects were presented to the network
together during testing. It therefore appears that the spiking dynamics investigated in this
chapter may be necessary to model the behaviour of border ownership neurons in the more
challenging situation in which multiple objects are seen together simultaneously.

Interestingly, the simulation results shown in Figure 7.6 reveal the strong presence of border
ownership representations in higher layers of the network, including the output Layer 4. There
were no border ownership neurons with maximum single cell information before visual training
as shown in Figure 7.6 with dotted lines. However, from Figure 7.6 it can be seen that there was
a large number of perfectly tuned border ownership cells in Layer 4 after training. Moreover,
these border ownership neurons maintained their response selectivity even when multiple objects
were presented to the network together. I propose that the development of border ownership
neurons in our spiking network simulations may be an example of the holographic principle
originally proposed in Chapter 6, in which information about low level features is projected
upwards through the layers.

In Chapter 6, I suggested that the bottom-up projection of visual information about lower-
level visual features such as object border edges to the higher layers of visual processing might
be important if the visual information used to guide behaviour is only read out from the later
stages of the visual system. For example, it is usually thought that information about low-level
visual features such as oriented bars and object edges is represented in early cortical layers such
as V1 and V2. While more complex visual stimuli such as whole objects is represented in later
stages of visual processing. However, when we observe a visual scene we are aware of visual
features at every spatial scale and level of complexity, including object edges. Therefore, if
information is only accessible from the highest stages of visual processing, then somehow this
low-level information must be projected upwards through successive visual layers. Moreover,
this feedforward projection of low-level visual information must be dependent on local image
context, for example, representing the fact that an edge is part of a particular object.

The hypothesised mechanism underpinning the holographic principle is illustrated in Figure
6.4 in Chapter 6. We considered an example in which the word ”CAT” is presented to the net-
work, and considered how information about the elemental parts of the word may be projected
upwards to the higher layers.
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An experimental prediction of these simulation results is that border ownership information
should be represented in higher cortical visual layers, but which may depend on the whole object
stimulus presented to the visual system.

7.4.3 The Emergence of Polychronization and Binding Neurons within the
Spiking Network Model
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Figure 7.7: Examples of polychronous groups that encode binding relationships between lower and higher
level visual features. Simulation results are presented for the network after it has been trained on the visual objects
shown in Figure 7.2. Each of the three subplots shows one or two examples of 3-neuron polychronous groups similar to those
hypothesised and illustrated in Figure 7.1. In these plots, the neurons are identified by small circles and the strengthened
connections between the neurons are represented by bold lines. The neurons are plotted along the abscissa according to the
relative timings of their spikes within the polychronous groups, which was determined by the axonal transmission delays of
the strengthened connections between the neurons. In each of these examples, it can be seen that two pre-synaptic neurons
send strengthened connections to a third neuron, where the spikes from the first two neurons arrive simultaneously at the
third neuron during a stimulus presentation. The third neuron thus operates like a binding neuron, as hypothesised in
section 7.2.3. However, in the polychronous groups shown, it was not in fact possible to clearly identify the firing properties
of the two sending neurons, which had rather more obscure firing characteristics than originally hypothesised in Figure 7.1.

Finally, for the same trained network, all the potential polychronous groups triggered from
cells in the input layer of the network are identified based on the synaptic connectivity, conduc-
tion delays, and synaptic weights as explained in Section 7.3.2.2. Figure 7.7 shows the examples
of polychronous groups that form binding relationships. In these plots, the neurons are identi-
fied by small circles and the strengthened connections between the neurons are represented by
bold lines. The neurons are plotted along the abscissa according to the relative timings of their
spikes within the polychronous groups, which was determined by the axonal transmission delays
of the strengthened connections between the neurons. Each of the three subplots shows one or
two examples of 3-neuron polychronous groups similar to those hypothesised and illustrated in
Figure 7.1. Figure 7.7(a) shows an example of a 3-neuron polychronous group in which neuron
1726 in the input layer sends a spike to neuron 6762 in the second layer, and these two neurons
send spikes that arrive simultaneously at neuron 6588 in the second layer which becomes a bind-
ing neuron. Similarly, Figure 7.7(b) shows another example where a neuron in the second layer
and another neuron in the third layer both send spikes which arrive simultaneously at a binding
neuron in the second layer. Figure 7.7(c) shows an interesting example where the same neuron
in the second layer is a part of different binding relationships. As our theory predicts, such
binding neurons should develop across the visual field, at every layer of the feature hierarchy,
and at every spatial scale within a natural visual image. However, in the polychronous groups
shown, it was not in fact possible to clearly identify the firing properties of the two sending
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neurons in each subplot, which had rather more obscure firing characteristics. Our original
hypothesis proposed that the two sending neurons might be examples of an edge-detecting sim-
ple cell in a lower visual layer and an object boundary contour element cell in a higher layer,
while the third neuron is a border ownership neuron within a local layer. However, in practice,
visual processing is spread over several (i.e. four) hierarchical layers, with the firing properties
of neurons gradually developing over these stages. Consequently, the mechanisms underpinning
the development of border ownership cells may include neurons with intermediate varieties of
response characteristics, and so may not operate in quite such a simple manner as illustrated
in Figure 7.1.

7.5 Discussion

Zhou et al. (2000) reported the existence of border ownership cells in cortical areas V1 and V2
of the primate visual cortex that respond to oriented edges, like classic simple cells, but which
are also sensitive to which side of an object the boundary edge occurs. Consequently, these
kinds of neuron encode which object a particular edge belongs to. Border ownership cells are
thus thought to play a key role in feature binding, in this case binding a relatively low-level
feature such as a boundary edge to a higher level object.

In the rate-coded neural network model described in Chapter 5, the responses of the border
ownership cells arose due to modulation of V1/V2-like edge-detecting simple cells by top-down
signals from object boundary contour element cells that developed in the higher layers. These
latter cells represent the boundary contour elements of 2-dimensional object shapes. That is,
individual object boundary contour element cells respond selectively to boundary elements with
a specific curvature at a particular location with respect to the centre of mass of the object
(Pasupathy and Connor, 2002). However, our rate-coded model of border ownership cells failed
when it was presented with visual scenes containing multiple objects in Chapter 5 (Eguchi and
Stringer, 2016). This is interesting because it is when visual scenes contain multiple objects
that feature binding becomes more of a challenging problem, as discussed by von der Malsburg
(1999). I argued that the problem with a rate-coded model is the lack of spatial specificity in
the top-down modulation by signals from object boundary contour element cells in the higher
layers of the network, as discussed in detail in Chapter 5 and summarised in section 7.1.3.

In the current work presented above, it was demonstrated that this problem may be solved
within a more biologically realistic spiking neural network, in which the timings of action po-
tentials or spikes emitted by neurons are explicitly modelled. In particular, although the set of
stimuli used was simplified due to the limitation of computational resources, it was shown that
the border ownership cells that develop in our spiking network simulations actually maintain
their proper firing characteristics when the network is presented with multiple objects simulta-
neously. In this way, our new spiking network model provides a solution to the “superposition
catastrophe” that may occur within a rate-coded model when multiple stimuli are presented
together von der Malsburg (1999).

I proposed that the border ownership neurons that develop in our spiking network model
are operating in a manner similar to the feature binding hypothesis proposed in Chapter 6,
where the border ownership cells in our simulations are examples of the binding neurons. How
such cells might operate was discussed in section 7.2.3. In this scenario, border ownership
cells are embedded within the kinds of 3-neuron polychronous groups illustrated in Figure 7.1.
The emergence of many similar 3-neuron polychronous groups are observed in our simulations,
some of which are shown in Figure 7.7. It is important to note that these polychronous groups
emerged in the model despite the fact that the visual stimuli are represented by randomised
Poisson spike patterns in the input Layer 0 during both training and testing, as described in
section 6.3.1.4.

However, in the polychronous groups shown in Figure 7.7, the two sending neurons in each
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subplot had rather obscure firing characteristics. Both in our simulations and the primate
brain, visual processing is spread over several hierarchical layers, and the firing properties of
neurons will gradually develop over these stages. Consequently, the mechanisms underpinning
the development of border ownership cells may include neurons with intermediate varieties of
response characteristics, and so may not operate in quite such a simple manner as illustrated in
Figure 7.1. In future research, I will investigate exactly how this process operates when spread
over several cortical stages, with a series of intermediate neuronal response types.

One interesting observation in our simulations is that many neurons developed the response
characteristics of border ownership cells throughout all four layers 1 to 4. This behaviour was
consistent with the holographic principle proposed in Chapter 6. I posited that information
about low-level visual features may propagated upwards to the higher (output) layers of the
network, where such information may then be read out by later brain systems. The computa-
tional plausibility of this hypothesis was supported by the simulations presented above, where
border ownership information was seen to be projected upwards and encoded by neurons in the
highest layers of the network.

In conclusion, I have shown how a more biologically realistic spiking neural network may
develop border ownership neurons that maintain their response selectivities when presented
with visual scenes containing multiple objects. I have proposed and provided evidence that, in
such a spiking network model, the border ownership cells are operating in a manner somewhat
analogous to the binding neurons hypothesised in Chapter 6. Thus, taken together, the failed
rate-coded simulations reported in Chapter 5 (Eguchi and Stringer, 2016) and the successful
spiking network results described above provide theoretical support for the binding hypothesis
advanced in Chapter 6. In other words, I suggest that the existence of border ownership cells in
the brain, which maintain their firing properties in multi-object scenes, may only be explained
by the general binding hypothesis in Chapter 6. This begs the question, what other kinds of
neuronal response property found in the brain require the same kind of binding mechanism? In
future research, I will work with experimental neuroscientists to identify such neuronal responses
in the brain in order to provide further support for this potential solution to the binding problem.



Chapter 8

Conclusion

In this doctoral thesis, I conducted a series of simulation studies to advance understanding of how
the primate brain learns to process visual input from natural scenes. Throughout the studies,
I provided a number of important theoretical insights and predictions based on the modelling
results. For example, I show that the transform invariant neuronal representation of the local
contour elements of a visual object and the later integrated representations of those features
can be developed solely based on the visual statistics in a feed-forward neuronal network. Also,
I propose that the development of the monotonic tunings of the spatial relationships of facial
features can be developed simply due to the limited size of receptive fields, and the integration
of those representations can contribute to the development of more global attributes of faces
such as identity and expression. This investigation into the neuronal representation of faces in
the visual brain was then extended to model the neurobiological basis of a family of clinical
treatments for depression known as cognitive bias modification (CBM). These computer models
now provide a potentially powerful tool for optimising the design and efficacy of these clinical
procedures. At the same time, I also identified a limitation of the traditional rate-coded models
in that they leak away essential information about the binding relations between lower and
higher level features within a visual scene, and so cannot effectively solve the feature binding
problem. I argued that this led to a failure of our rate-coded model of border ownership neurons
when tested on multiple objects presented together. Finally, I provided a general solution to the
visual feature binding problem within a new spiking neural network model, in which the timings
of the action potentials or spikes are explicitly represented. These spiking networks developed
polychronous groups of neurons, within which were embedded ‘binding neurons’ that represent
the relations between lower and higher level visual features. Using the new spiking network
model, I was able to successfully simulate the development of border ownership neurons that
maintained their proper firing properties when tested on scenes containining multiple objects.
I next provide a summary of the simulation studies reported in each chapter of the thesis.

8.1 Object Shape Representations

In Chapter 2, I demonstrated that when a neural network model, VisNet, of the primate ventral
visual pathway is trained on many objects with different boundary shapes, the neurons in the
higher layers of the network learn to respond to localised boundary contour elements, which are
defined by the curvature and location of the boundary element in the frame of reference of the
object. Interestingly, neurons learn to respond to these boundary elements rather than learning
to respond to the whole objects that were actually presented during training. Moreover, the
neurons were able to learn to respond with translation invariance as visual objects are shifted
across different retinal locations. This was shown to be successful when VisNet was trained
with either the artificially constructed visual stimuli used in Studies 1 and 2, or with images of
natural visual objects in Study 3. A population of such neurons, representing many different
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boundary elements of different curvature and position within the object, could be used to provide
a distributed coding of the entire boundary shape of an object. This has been demonstrated
with real neurons in primate visual area V4 by Pasupathy and Connor (2002). As such, these
neurons are likely to play an important role in how the primate visual system represents the
shapes of objects.

The primary contribution of Chapter 2 is to elucidate and test two key biologically plausible
learning mechanisms that can combine to promote the development of these neuronal response
characteristics. First, if the network is trained on many objects with different boundary shapes,
where each boundary is comprised of a different constellation of contour elements, then this
leads to a statistical decoupling between the boundary elements. This is sufficient to allow the
competitive layers of VisNet to develop neurons that respond to individual boundary elements
defined by curvature and position within the object, which are similar to the neurons reported in
the physiological experiments conducted by Pasupathy and Connor (2001). Secondly, neurons
may learn to respond with translation invariance across different retinal locations through the
use of a trace learning rule. This kind of learning places constraints on the statistics of how
the eyes move and visual objects change or transform on the retina. Specifically, it is assumed
that the eyes usually shift about a visual scene faster than the objects are changing or rotating
on the retina. These two mechanisms together provide a biologically plausible account of how
neurons in the primate ventral visual pathway may learn to represent localised boundary contour
elements of objects as revealed by Pasupathy and Connor (2001).

Furthermore, neurophysiological experiments carried out by Brincat and Connor (2004)
have shown that neurons in the later stages of the ventral visual pathway, TEO and posterior
TE, integrate information from multiple boundary contour elements. In our simulations, the
number of cells that were tuned to combinations of multiple contours increased in the higher
layers. Tracing back the feed-forward synaptic connectivity to these output neurons confirmed
that their selectivities were built by combining inputs from neurons representing each local
boundary contour in the preceding layer.

The simulations reported in Chapter 2 are the first to show how neuronal responses encoding
the local boundary conformation of objects may develop through a biologically plausible process
of visually-guided learning. Both the Hebb learning rule (1.7) and trace learning rule (1.8), (1.9)
used in the simulation studies are biologically plausible in that they are ‘local’ learning rules,
which only use locally available biological quantitites, such as the activity of the pre- and post-
synaptic neurons, to modify the synaptic weights. This is in sharp contrast to other modelling
studies that manually set up the synaptic weights in a non-local manner.

Another important factor that underpins the biological plausibility of the simulations carried
out in this chapter is that the network model was always trained on whole objects rather than
carefully pre-segmented and isolated parts of objects corresponding to local boundary elements.
Indeed, in Study 3, VisNet was trained on a random assortment of whole natural visual objects.
Nevertheless, the network was still able to develop neurons that were specifically tuned to
localised boundary segments of objects. I also found the performance of the model to be
extremely robust, which gives additional credence to the learning mechanisms explored in this
chapter.

8.2 Face Representations

In Chapter 3, I presented biologically plausible neural network simulations of the visually-
guided development of facial representations in the VisNet model (Section 1.3) (Wallis and
Rolls, 1997). In particular, I trained VisNet with realistic human face stimuli constructed using
FaceGen (FaceGen, 2013). As a result, I found that the network successfully developed various
kinds of cells with response properties similar to those reported in neurophysiological studies. To
further advance our understanding of the learning mechanisms involved, additional simulations
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were performed within simplified one-layer competitive network models.
Our initial simulations with the VisNet model showed the development of neurons that

learned to respond to individual facial features such as the eyes and mouth, as well as combi-
nations of these features, as has been reported in single cell recordings in the macaque brain
(Freiwald et al., 2009). However, the question was how neurons might learn to respond to in-
dividual facial features if the facial features are always seen together within whole faces during
training. Particular facial features such as the eyes occur in different shapes across different
faces. Thus, across a population of faces the network will be exposed to different combinations
of facial feature shapes on different occasions. This will lead to a statistical decoupling (Stringer
et al., 2007; Stringer and Rolls, 2008) between the individual facial features, which I hypothe-
sised may force the neurons in higher layers to learn to represent the individual features rather
than whole faces. This hypothesis was confirmed in the VisNet simulations, where it was found
that the output neurons switched to predominantly representing the individual facial features
as the number of possible shapes of any facial feature p used to generate the set of training faces
increased from 1 to 2.

I further hypothesised that as the number of shapes of any facial feature p increased further,
an invariance learning mechanism known as continuous transformation (CT) learning would
begin to drive the development of neurons that responded invariantly to many or all of the
shape variations of a particular facial feature. Such neurons would represent a facial feature
such as a mouth irrespective of the particular shape of that feature. This hypothesis was also
confirmed in VisNet simulations as p was increased to 5, 10, and 30. At p = 30 there was a
sharp rise in the number of neurons that responded to all 50 of the differently shaped eyes used
to test the network.

Furthermore, the VisNet simulations also developed some cells with monotonically increasing
or decreasing tuning responses to gradually changing spatial relations between facial features
such as inter-eye distance, as has been observed in neurophysiology studies (Freiwald et al.,
2009). The question was how such monotonic response properties develop. In complementary
simulations of a one-layer competitive network, I found that the finite receptive field of a neuron
due to a topologically restricted fan-in of afferent synaptic connections, as well as the nature
of the competition within the output layer, both played important roles in the emergence of
neurons with monotonic tuning.

I also found that VisNet developed neurons encoding global facial attributes such as face
identity and facial expression as reported in neurophysiology studies (Morin et al., 2014). The
question was how different sub-populations of higher layer neurons can learn to respond selec-
tively to either face identity or expression if the network is always exposed to both attributes
simultaneously, and the same retinal input neurons represent both global attributes simultane-
ously in a complex distributed manner. In complementary simulations of a one-layer competitive
network, I showed that the network can develop separate representations of multiple perceptual
input spaces such as facial identity and expression even if the input neurons encoding these
spaces are fully overlapping. In particular, this may occur when the input patterns vary inde-
pendently between the different input spaces. This result provides a possible mechanism for the
simultaneous development of multiple global facial representations such as facial identity and
expression.

Furthermore, one of the most important arguments I raise is that the neurons that encode
global attributes of faces (such as facial identity and expression) and the neurons that encode a
spatial relationship between facial features (such as inter-eye distance) are essentially the same.
More specifically, I propose that neurons encoding different global attributes such as expression
simply represent different spatial relationships between local features with monotonic tuning
curves or particular combinations of these spatial relations. In this way, the population response
of a set of facial features would be amplified for extreme compared with intermediate feature
values along the visual pathway, and thereby explain why faces with more deviant appearances
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are recognized better than those which are more typical (Rhodes, 1997; Benson and Perrett,
1991; Bruce and Young, 2011). In particular, this proposal contrasts sharply with the idea of
neurons being assigned in an entirely random distributed manner to represent particular facial
identities. Instead, neurons encoding facial identity are in fact representing specific structural
information about the faces they encode. Our simulation results provide convincing evidence
for this argument.

8.3 Cognitive Bias Modification (CBM)

In Chapter 4, I described and modelled two alternative Cognitive Bias Modification (CBM)
training mechanisms; continuous transformation (CT) learning (Stringer et al., 2006) and trace
learning (Foldiak, 1991; Wallis and Rolls, 1997). These learning mechanisms were previously
used to model how the primate ventral visual pathway learns to perform transform invariant
visual object recognition. CT learning binds together input stimuli onto the same categorical
output representation using spatial continuity, while trace learning binds together stimuli us-
ing temporal continuity. Experimental support for these two learning mechanisms has been
provided by previous psychophysical studies, which have confirmed that human subjects bind
together different images onto a single categorical representation using a mixture of both spa-
tial continuity (CT learning) and temporal continuity (trace learning) (Perry et al., 2006). Our
current simulations have shown that these same learning mechanisms may be implemented in
neural network computer models to rewire the synaptic connectivity in order to eliminate the
kind of negative cognitive biases associated with clinical depression.

The results of these simulations are highly informative for the development of experimental
protocols to develop optimal CBM training methodologies with human participants. One such
suggestion is to have a clearer focus on the way in which a bias might be altered. This thesis
demonstrated a shift in cognitive bias from negative to more positive through the exploitation of
two visual learning mechanisms. For a change in cognitive bias to occur, some sort of learning
must take place. Therefore, it follows that we should use what we know about learning to
inform CBM procedures. Here the stimuli are optimised for use with trace and CT learning,
but future work could look at other types of learning. For example, findings from reinforcement
learning research could be used to optimise CBM procedures using feedback.

The first of the CBM retraining mechanisms, CT learning, utilizes a Hebbian learning rule
(1.7) with weight vector renormalisation (1.10) and (1.11). During training, the face stimuli
gradually transform from happy to sad. The initial presentation of the happy face stimulates
the happy output representation, which then stays active while the faces morph continuously
through more neutral to sad faces. The continual application of Hebbian learning at each face
presentation then remaps the more neutral faces onto the active happy output representation. In
this way, the positive output neurons that originally fire only to very happy faces are remapped
to also fire to the more neutral faces.

The second of the CBM retraining mechanisms, trace learning, utilizes a trace learning rule
(1.8) and (1.9) with weight vector renormalisation (1.10) and (1.11). Trace learning encourages
output neurons to respond to input patterns that tend to occur close together in time. During
training, the sad and neutral faces are presented to the network in an interleaved manner. The
application of trace learning at each face presentation then binds the happy and neutral faces
together onto the same happy output representation. In this way, positive output neurons are
remapped to also respond to neutral faces.

The two CBM training mechanisms, CT learning and trace learning, were first tested in a
simplified one-layer neural network model in order to investigate the operation of these learning
mechanisms in a highly controlled way. These computer simulations allowed us to explore the
neural and synaptic dynamics underpinning the two CBM training mechanisms. It was found
that both CT learning and trace learning were able to remap the synaptic connectivity such
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that the happy output cell responded to the happy to neutral portion of the stimulus range,
while the sad output cell responded only to the sad end of the stimulus range. Thus CBM
retraining by either CT learning or trace learning produced successful CBM, where the bias in
the network was shifted from negative to positive.

Next I tested the CBM training methodologies in a much more biologically detailed multi-
layer model, VisNet, of the primate ventral visual pathway with realistic face images generated
using the FaceGen 3D face modelling software package. The network was first pretrained on
100 randomly generated faces with a variety of facial identities and expressions ranging from
happy to sad. During this pretraining stage, the network developed output neurons responding
preferentially to either happy or sad facial expressions, as shown in Chapter 3 (Eguchi et al.,
2016). Then the network underwent CBM retraining using either CT learning or trace learning
as described in the sections on Experiment 2a and Experiment 2b, respectively. It was found
that both CT learning and trace learning were able to remap the more neutral faces away from
the sad output neurons and onto the happy output neurons, thus shifting the cognitive bias in
the network connectivity from negative to positive.

To the authors’ knowledge, this is the first study that has modelled the application of the
CT learning and trace learning mechanisms to CBM-Interpretation. Previous experimental
studies have found that CBM-Interpretation can reduce negative cognitive biases in human
participants (e.g. Grey and Mathews, 2000; Mathews and Mackintosh, 2000), which in turn can
reduce the risk for depression recurrence (Holmes et al., 2009). This Chapter provides potential
explanations at the neuronal and synaptic level for how such a shift in interpretational bias
might occur through CBM training. Understanding the way in which biases can be shifted is
crucial at present, given the mixed results seen in CBM research so far (Fox et al., 2014).

In the future, our laboratory plans to develop computer simulations aimed at shedding light
on the operation of antidepressants in the brain as an extension to the work presented in this
thesis. The mechanisms by which antidepressants shift information processing from negative
to positive may be similar to what has been proposed in the simulation studies for the CBM
training methodologies. However, the initial shift in cognitive bias caused by antidepressants
must now be achieved by some form of pharmaceutically driven global neuromodulation. Such
neuromodulation may affect the processing of every day sensory experiences, which in turn may
drive further synaptic modification resulting in reduced innate negative biases. Therefore, I will
explore how global changes to neuronal and synaptic model parameters may lead to shifts in
cognitive bias similar to those described above for the CBM training methodologies.

8.4 Border Ownership Representations

In Chapter 5, I investigated through computer simulation how top-down connections may play
a fundamental role in the development of border ownership representations in the early cortical
visual layers V1/V2. In terms of the novelty, this work is different from previous modelling
studies that have already proposed hypothetical neural circuits for such coding in that I inves-
tigated how such circuits may develop using a biologically plausible, local, trace learning rule
to modify the synaptic connectivity during visual experience.

The simulations reported in the chapter have demonstrated how top-down connections may
help to guide competitive learning in lower layers, thus driving the formation of lower level
(border ownership) visual representations in V1/V2 that are modulated by higher level (object
boundary element) representations in V4. More precisely, I showed that simple cells in area V1
representing a vertical straight edge at a particular retinal location can learn to be modulated
by top-down connections from higher level representations of object shape in, for example, area
V4 (Pasupathy and Connor, 2001, 2002). However, more importantly, I also identified a key
limitation of the rate-coded model in that it does not maintain the proper firing characteristics
of border ownership cells when more than one object stimulus is presented to the network at the
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same time after training. This is in contrast to neurophysiological studies which have shown that
border ownership cells in the brain do indeed maintain their firing properties for multi-figure
displays (Qiu et al., 2007; Martin and von der Heydt, 2015).

The result suggests that the incorporation of additional top-down connections, although
necessary, is not sufficient by itself to allow the network to develop robust border ownership
representations in the early layers and thus solve this kind of feature binding problem. Our
rate-coded model failed because the network is not able to maintain an explicit representation
of which features are part of which objects. To solve this problem, I propose that it is important
to have a form of binding neuron (e.g. border ownership neuron in V1/V2) that responds if and
only if a neuron representing a low-level feature (such as a simple oriented edge) is actually
participating in driving a neuron representing a high-level feature (such as an object bound-
ary element). The binding neuron should not respond if the neuron representing the low-level
feature and the neuron representing the high-level feature just happen to be co-active, where
the former is not actually driving the latter. Such unrelated co-activation of low and high-level
feature neurons might occur, for example, because of the presence of multiple similar objects
within a complex natural scene. Then the question is what further biological details need to
be incorporated into the model in order to allow it to form such binding (e.g. border owner-
ship) representations that maintain their firing properties under these more general stimulus
conditions.

8.5 Polychronization and Feature Binding in a Spiking Network
Model

In the Chapter 6, I explored the operation of a biologically detailed spiking neural network
model of the primate ventral visual system. The model incorporates the following key as-
pects of cortical dynamics and architecture: (i) the model implements spiking neural dynamics
in which the timings of action potentials or ‘spikes’ are simulated explicitly, (ii) Spike-Timing-
Dependent Plasticity (STDP) is used to modify the synaptic connections during visually-guided
learning, (iii) the network architecture incorporates bottom-up, top-down and lateral synaptic
connections, (iv) the synaptic connectivity between neurons incorporates distributions of axonal
conduction delays of varying durations, (v) in some simulations multiple synaptic connections
with different axonal transmission delays are incorporated between each pair of pre- and post-
synaptic neurons. These are basic known aspects of the architecture and function of the visual
cortex. Using this model architecture, I explored a number of major computational hypotheses.

For example, I hypothesised that even if the visual stimuli (circle, heart, and star) presented
to the network were encoded in the input layer by randomised Poisson spike trains, the synaptic
connectivity in the later layers of the network would self-organise using STDP during visually-
guided learning such that polychronous groups (PGs) would emerge naturally. Moreover, I
anticipated that individual PGs would learn to respond to particular stimuli that the network
was trained on. This was confirmed in our simulations reported above.

The output (4th) layer was found to carry more stimulus information if I assumed a temporal
coding based on patterns of spike times within PGs instead of assuming traditional rate coding
by individual neurons. Our results found that the inclusion of feedback and lateral connections
in the network structure led to an increase in the number and length of PGs (especially spike-
pairs). In particular, the full network architecture with feedforward (FF), feedback (FB), and
lateral (LAT) synaptic connections produced the most spike-pair PGs with maximal stimulus
information. These spike pair PGs were tuned to specific stimuli.

A major novel result of the work is that this self-organisation of stimulus-specific spike-pair
PGs occured even when the stimulus input representations were randomised Poisson spike trains,
in which the temporal ordering of spikes varied stochastically across different presentations of
the same visual stimulus. The development of (spike-pair) PGs using STDP during visual
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training in such a spiking network is thus a highly robust process that operates perfectly well
with randomised stimulus spike patterns in the lower stages of processing.

The development of temporal PG codes was shown to be dependent on the temporal speci-
ficity of the STDP learning rule used to modify the synaptic connections. It was found that
the network develops the largest number of spike-pair PGs with maximal information about
which stimulus is presented to the network when the STDP time constants are shortest (i.e.
5ms). However, increasing the STDP time constants in the simulations had the effect of de-
creasing the number of object specific spike-pair PGs that emerged. The explanation for these
observations is that increasing the STDP time constants makes the precise timing of the spikes
less important for learning, which in turn makes the synaptic weight modification more similar
to traditional Hebbian learning in a rate coded model. Consequently, these simulation results
suggest an important role for temporally precise STDP in the development of temporal coding.

Another novel feature of some of the simulations reported in this thesis was the incorporation
of multiple synaptic contacts with different axonal transmission delays between each pair of pre-
and postsynaptic neurons. This corresponds to a presynaptic neuron making multiple synaptic
connections on different parts of the dendritic branching of a postsynaptic neuron as is seen
among real neurons in the brain. In such a network architecture, STDP was able to select
which synapses to strengthen and which synapses to weaken, which promoted the visually-
guided development of PGs of spiking neurons. Thus, during self-organisation the network is
able to effectively select for synaptic transmission delays between pre- and postsynaptic neurons,
which results in a greater representational capacity.

Our new approach to solving the feature binding problem in biological spiking neural net-
works relies on polychrony, in which polychronous groups of neurons emit their spikes in rich
spatiotemporal patterns. This is in contrast to previous proposals based on synchrony, in which
groups of neurons emit their spikes simultaneously. Our move away from synchrony is in part
driven by the psychological view that simply segmenting a visual scene into several distinct
object regions by synchrony cannot accord with the semantically rich, hierarchical visual ex-
perience of primate vision as described by Duncan and Humphreys (1989). In particular, in
simulations of the full spiking network architecture (FF + FB + LAT), I observed the emer-
gence of binding neurons embedded within 3-neuron polychronous groups of the form illustrated
in Figure 6.3a. These binding neurons represent the hierarchical relations between lower and
higher level visual features. The simulation results were shown in Figure 6.12. In these simu-
lations, the binding neurons represented the binding relationships between lower level feature
neurons in layer 3 and higher level feature neurons in layer 4. Moreover, the individual PGs,
in which these binding neurons were embedded, responded to specific visual stimuli (the circle,
heart or star). Such binding neurons were originally proposed by von der Malsburg (1999), but
without an explanation of how they might emerge naturally during visual development. In the
simulations reported above I demonstrated that such binding neurons may develop automat-
ically within the PGs that emerge during visually-guided learning with STDP. In particular,
these binding representations were shown to emerge even when the visual stimuli are encoded
by randomised (Poisson) spike trains in the input layer. The binding neurons that develop carry
measurable information about which low-level features are driving (and hence part of) which
high-level features. Our theory predicts that such binding neurons should develop across the
visual field, at every layer of the feature hierarchy, and at every spatial scale within a natural
visual image.

8.6 Border Ownership Representations in a Spiking Network
Model

In Chapter 5, I hypothesised that the failure of the border ownership representations in the Vis-
Net model when multiple objects were presented was primarily due to the implementation of
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rate-coding in the model. That is, VisNet only represents the average firing rate of each neuron,
and not the actual timings of the action potentials emitted by neurons as occur in the brain.
Meanwhile, modelling studies have shown that when randomised distributions of axonal delays
are incorporated into a more biologically plausible spiking neural network, then this produces
memory patterns in the form of repeating temporal loops of neuronal firings. This phenomenon
has been termed polychronization (Izhikevich, 2006). In Chapter 6, I showed that the emergence
of these temporal memory loops is further enhanced within a recurrently connected spiking net-
work with randomised distributions of axonal conduction delays when the strengths of synaptic
connections are modified by STDP (Eguchi et al., 2017a). Recognising the potential importance
of all these biological features of cortical operation, I hypothesised that such a spiking model,
which also incorporates bottom-up, top-down, and lateral associatively modifiable excitatory
connections, may develop border ownership neurons in the lower visual layers (corresponding
to cortical areas V1 or V2) that respond selectively to a vertical straight edge on either the
left or right boundary of an object presented at the neuron’s prefered retinal location, in a way
that is unaffected by the presence of another object seen at a different nearby location on the
retina. More generally, I hypothesised that the biological features discussed in Chapter 6 play
important roles in how the primate visual system solves the feature binding problem (von der
Malsburg, 1999). Consequently, in the final chapter, I explored how border ownership repre-
sentations may develop in a new spiking neural network version of the VisNet model, which
incorporates bottom-up, top-down, and lateral excitatory connections, distributions of axonal
transmission delays, and STDP.

The simulations carried out in Chapter 6 developed many groups of neurons, which we refer
to as polychronous groups, that emitted regularly repeating temporal chains of spikes in response
to the presentation of visual objects. Embedded within these polychronous groups were binding
neurons that represented the relations between low and high level features. I hypothesised that
similar spiking mechanisms could produce border ownership cells that maintain their proper
firing characteristics when multiple visual objects are presented together to the network. It was
proposed that in such a spiking network, the border ownership cells would operate in a similar
manner to the binding neurons that emerged in Chapter 6. Specifically, I hypothesised that
border ownership cells would develop automatically within particular kinds of polychronous
group during visual training, where the border ownership cells would become tuned through
STDP learning to respond if and only if an edge-detecting V1-like simple cell in a lower layer is
participating in driving a V4-like object boundary contour element cell in a higher layer, where
the edge represented by the V1-like simple cell directly corresponds to the object boundary
element represented by the object boundary contour element cell. In this case, the border
ownership cell will carry measurable information that the edge represented by the edge-detecting
V1-like simple cell is part of the object boundary element represented by the V4-like object
boundary contour element cell. It should be noted that, in this scenario, border ownership cells
are not examples of top-down modulated V1-like simple cells as modelled in Chapter 5 in a
rate-coded network, but are instead a new category of neurons that is driven by converging
inputs from V1-like simple cells in lower layers and object boundary contour element cells in
higher layers. I proposed that such border ownership cells would develop automatically within
the polychronous groups that emerge during visually-guided learning with STDP.

The key property of the border ownership cells that I hypothesised would develop in Chapter
7 is that an individual cell responds if the lower layer neuron representing the edge is actually
participating in driving the higher layer neuron representing the corresponding object boundary
contour element. Only in this case will the border ownership cell be fully informative that the
edge is part of the object boundary contour element. The border ownership neuron should not
respond if the lower layer neuron representing the edge and the higher layer neuron representing
the object boundary contour element simply happen to be co-active, where the former is not
actually driving the latter. Such unrelated co-activation of a lower layer edge-detecting cell
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and higher layer object boundary contour element cell might occur, for example, because of the
presence of multiple objects within a natural scene.

Our proposed mechanism for generating border ownership cells ensures that these cells only
become activated if the lower layer edge-detecting cell is actually participating in driving the
higher layer object boundary contour element cell. This kind of temporally specific response
is characteristic of a polychronous group, which the tuple of cells in such binding relationships
comprise. I proposed that this mechanism potentially solves the limitations of rate-coding
described in Chapter 5. Indeed, for these reasons, I propose that modelling the development
of border ownership cells, and more generally feature binding, may not be soluble within a
traditional rate-coded network, but will instead require the full spiking neuronal dynamics of
the brain.

However, in the polychronous groups shown in Figure 7.7, the two sending neurons in each
subplot had rather obscure firing characteristics. Both in our simulations and the primate
brain, visual processing is spread over several hierarchical layers, and the firing properties of
neurons will gradually develop over these stages. Consequently, the mechanisms underpinning
the development of border ownership cells may include neurons with intermediate varieties of
response characteristics, and so may not operate in quite such a simple manner as illustrated in
Figure 7.1. Future research should investigate exactly how this process operates when spread
over several cortical stages, with a series of intermediate neuronal response types.

One interesting observation in our simulations is that many neurons developed the response
characteristics of border ownership cells throughout all four layers 1 to 4. This behaviour was
consistent with the holographic principle proposed in chapter 6. I posited that information about
low-level visual features may propagated upwards to the higher (output) layers of the network,
where such information may then be read out by later brain systems. The computational
plausibility of this hypothesis was supported by the simulations presented in chapter 7, where
border ownership information was seen to be projected upwards and encoded by neurons in the
highest layers of the network.

8.7 Conclusion

As summarised above, this doctoral thesis provided a number of important contributions to-
wards understanding how the visual system learns to encode the detailed spatial structure of
objects and faces within scenes. In particular, I shed light on the learning mechanisms that
may give rise to a number of related neuronal firing properties. Nevertheless, it still remains a
difficult challenge to understand exactly how many other kinds of neuron that have not been
investigated in this thesis may also develop their response properties through visually guided
learning. Such examples include the 3-dimensional form of objects (Yamane et al., 2008), a mir-
ror symmetric encoding of the different views of a face (Freiwald and Tsao, 2010; Kietzmann
et al., 2012), the material surface properties of objects (Goda et al., 2016), and the perceived
colour of object surfaces (Zeki et al., 1999) (A self-organisation of colour opponent receptive
fields has been investigated in Eguchi et al. (2014)). A fundamentally important question is
how does the brain integrate all of this diverse visual information in order to provide a unified
percept of whole scenes, with correct binding between all of the features at every spatial scale
and across the visual field? I began to answer this by moving towards a new generation of
more biologically realistic spiking neural networks with learning based on STDP, bottom-up,
top-down, and lateral synaptic connections, and distributions of axonal transmission delays.
Such networks are able to represent the binding relations throughout a visual scene through
the emergence of polchronization and binding neurons. I believe that this new generation of
biological spiking neural networks may ultimately prove to be of great utility in many engineer-
ing applications such as the recognition of objects, facial identity and expression, and indeed
making sense of whole scenes. However, we are just at the beginning of exploring the operation
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of such networks.
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