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Abstract

Spikes are thought to provide a fundamental unit of computation in the nervous system. The
retina is known to use the relative timing of spikes to encode visual input, whereas primary
visual cortex (V1) exhibits sparse and irregular spiking activity – but what do these different
spiking patterns represent about sensory stimuli? To address this question, I set out to model the
retina and V1 using a biologically-realistic spiking neural network (SNN), exploring the idea that
temporal prediction underlies the sensory transformation of natural inputs.

Firstly, I trained a recurrently-connected SNN of excitatory and inhibitory units to predict the
sensory future in natural movies under metabolic-like constraints. This network exhibited V1-
like spike statistics, simple and complex cell-like tuning, and - advancing prior studies - key
physiological and tuning differences between excitatory and inhibitory neurons.

Secondly, I modified this spiking network to model the retina to explore its role in visual
processing. I found the model optimized for efficient prediction to capture retina-like receptive
fields and - in contrast to previous studies - various retinal phenomena, such as latency coding,
response omissions, and motion-tuning properties. Notably, the temporal prediction model also
more accurately predicts retinal ganglion cell responses to natural images and movies across
various animal species.

Lastly, I developed a new method to accelerate the simulation and training of SNNs, obtaining
a ∼ 10 − 50× speedup, with performance on a par with the standard training approach on
supervised classification benchmarks and for fitting electrophysiological recordings of cortical
neurons.

The retina and V1 models lay the foundation for developing normative models of increasing
biological realism and link sensory processing to spiking activity, suggesting that temporal
prediction is an underlying function of visual processing. This is complemented by a new
approach to drastically accelerate computational research using SNNs.
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Introduction 1
1.1 Creating an artificial visual system

Our brains dictate our everyday experiences, what we think, what we feel, and how we perceive
and interact with the world. The oldest known records that highlight the significance of the
brain date back to the ancient Egyptians approximately ca. 3000 − 2500 B.C., in which they
outline a series of medical injuries, in particular, how damage to the head can result in limb
paralysis or the inability to speak [1]. Ancient Greek physician Hippocrates (ca. 460 − 370
B.C.) further refined such observations, suggesting the brain to be central to our intelligence:
it is what makes us, us [2]. The notion of the brain being at the centre of our intelligence was
not generally accepted at that time, as evident by the views of the ancient Greek philosopher
Aristotle (ca. 384− 322 B.C), who rather believed the heart to be the centre of our intelligence
[3]. However, a few hundred years later the Greek physician Galen (ca. 129− 216 A.D.) made
the same observations as those of the ancient Egyptians, noting how damage to the heads of
Roman gladiators resulted in impaired mental faculties [4].

Since then scientists have been trying to decipher exactly how the brain works. Two observations
over the last few centuries have arguably underpinned the start of modern neuroscience (the
study of the brain). Firstly, Emil du Bois-Reymond - a pioneer of electrophysiology - noted how
nerve fibers operate by means of electrical currents [5]; and secondly, Santiago Ramón y Cajal -
a pioneer of neuroanatomy - discovered that the brain is comprised of individual cells, called
neurons, which form the brain’s key units of computation [6]. It is these neurons, communicating
by electrical and chemical signals, which through their collective interactions give rise to our
brain’s intelligence and our everyday experience. How they do so is a question that continues to
perplex and challenge neuroscientists.

It is now known that the human brain consists of many billions of neurons and trillions of
synaptic connections [7]. Making sense of their collective interactions - especially at such a large
scale - remains a challenging problem. One approach to simplifying such complexity is to view
the brain as being modular, comprised of many distinct subregions, and to make sense of each of
their particular functions. Making an analogy to programming: to understand how a program

1

1



Fig. 1.1: Classic drawing of the retina by Santiago Ramón y Cajal [8]. Ellipse-like shapes represent retinal
neurons, with the different colours denoting different neuron types. The tree-like structure
illustrates a neuron forming connections with other neurons.

works, try to understand each of the unique subroutines that collectively form the program. Such
a reductionist view has, for example, been adopted in the scientific investigation of the brain’s
sensory systems, by studying how sensory information is processed by particular circuits in the
brain to give rise to our distinct sensations - like touch, hearing, sight, smell, and taste.

One of the earliest senses to grasp the attention of neuroscientists was vision. Some of the first
illustrations of neurons by Santiago Ramón y Cajal are from the retina (Figure 1.1), a thin line of
tissue at the back of the eye. Decades later, it was discovered that these retinal neurons respond
to flashes of light [9, 10]. Photoreceptors in the retina convert incoming light into electrical
signals, which are propagated via other neurons in the retina to certain regions within the brain,
which collectively form the visual system. In the mid-twentieth century it was determined that
many higher visual brain areas respond to the sight of oriented bars and edges [11, 12, 13].
To date, neuroscientists have obtained a large amount of information about the visual system,
including: the different anatomical regions involved and their organization [14, 15, 16, 17, 18];
the different cell types found in the different regions [19, 20, 21, 22]; how such neurons connect
to each other [23]; their physiological modes of operations [24, 25, 26]; their spike statistics [27,
28]; their tuning properties [11, 12, 13, 29, 30, 31, 32, 28]; and their developmental trajectories
[33, 34, 35]. Although we have amassed a great deal of knowledge about the visual system, we
arguably still do not understand what the system as a whole is performing. Just like the heart
supports life, the visual system enables vision. Yet we understand that the heart supports life

1.1 Creating an artificial visual system 2



A B CClassification Segmentation Description

Model prediction:
​ 
​"Bernese Mountain 
​Dog"

Model prediction:
​
​"Abyssinian Cat"

Original image Segmented image
Model output:

"A giraffe standing in a forest with 
trees in the background."  

Fig. 1.2: A. Deep learning vision model classifying different breeds of cats and dogs (adapted from [39]).
B. Deep learning vision model performing image segmentation and extracting the outline of a
cat and dog (adapted from [40]). C. Deep learning vision model describing the photograph of a
giraffe (adapted from [41]).

by pumping oxygenated blood through the body. Contrary to the heart, we are still trying to
determine how the visual system enables visual perception.

One avenue to deciphering the function of the visual system is by viewing the system as a
mathematician or an engineer might, that is, building a model of the visual processes in the brain.
Models have been instrumental in understanding our physical reality. For example, Newton’s
laws of motion have allowed us to understand how the forces acting on an object dictate an
object’s motion [36]; Maxwell’s equations provide us with the means to understand how charges
and currents give rise to magnetic and electrical fields [37]; and Einstein’s theory of general
relativity allows us to understand even more perplexing relations, such as the effect of gravity
on time and space [38]. Models provide us with an understanding of particular relations in the
world, yet it may not be immediately clear what a model of the visual system may look like - and
what relations it should explain.

The last decade (2012 onwards), has marked the rise of a new age of artificial intelligence (AI),
the so-called deep learning revolution [42]. During this period we have witnessed computers
matching and sometimes surpassing human capabilities on various tasks. This includes mastering
complex video and board games like Starcraft and Go [43, 44]; autonomously navigating
challenging environments in self-driving cars [45], and even surpassing law students on the

1.1 Creating an artificial visual system 3



bar exam [46]. Inspired by the brain, deep learning models structurally resemble the brain,
consisting of a network of connected units, which - like neurons - give rise to the network
functionality. These models, in particular vision-based deep learning models, have demonstrated
remarkable capabilities in processing and interpreting visual scenes, such as distinguishing
objects in photographs [47]; precisely isolating the outline of an object from its background
in a photo [48]; and generating detailed descriptions of arbitrary visual scenes [41] (Figure
1.2). Furthermore, these models exhibit brain-like processing, with certain units being tuned
to oriented edges and bars [47], just like neurons in the visual system [11, 12, 13]; and these
models excel at predicting neural responses across the visual pathway, ranging from lower
regions like the retina [49] to higher cortical areas [50, 51].

Although they mimic the structure of the visual system and emulate brain-like computations,
these deep learning models are inconsistent with many aspects of the biology. Neurons typically
operate using all-or-nothing binary outputs known as spikes, whereas deep learning models
employ continuous unit activation. Neurons also exhibit temporal dynamics and adhere to
specific connectivity constraints, characteristics that are not accounted for in conventional
deep-learning vision models. Lastly, unlike the brain, deep learning models mostly depend on
supervised training signals to learn network functionality, whereas the brain learns through a
combination of unsupervised, supervised, and reinforcement learning signals [52]. The objective
of this thesis is to address these shortcomings, in an attempt to create a more biologically realistic
model of the visual system.

1.2 Overview of the visual system

The visual system is comprised of many different brain regions, each processing visual input
in distinct stages. In a simplified description, light is detected in the retina, which relays the
visual input to the lateral geniculate nucleus in the thalamus, which further passes the visual
information to the primary visual cortex (V1) - the first stage of visual processing in the cortex
(Figure 1.3A). V1 relays the visual information to higher cortical areas, which are categorized
into two pathways: the ventral stream and the dorsal stream [16, 17]. The main brain regions of
the ventral stream are V2, V4 and inferior temporal cortex (IT) [18]; and the main brain regions
of the dorsal stream are the middle temporal area (MT) [54], the medial superior temporal area
(MST) and the posterior parietal area (PP) [18]. Both streams are typically characterized by
different functional roles, with the ventral stream - also sometimes known as the what-stream -

1.2 Overview of the visual system 4



A B

Fig. 1.3: A. Pathways in the visual system from the retina, through to the lateral geniculate nucleus in the
thalamus, and further to the first cortical stage of visual processing: the primary visual cortex
(adapted from [53]). B. Complex connectivity scheme of feedforward and feedback connections
between the different brain regions throughout the visual system (adapted from [14]).

processing features related to object identity and form; and the dorsal stream - also known as
the where-stream - processing features related to object motion and location [16].

Throughout the visual system, visual information propagates in both the forward and backward
directions across the ventral and dorsal pathways, where such bi-directional transmission is facil-
itated by intricate connectivity among the various brain regions within each visual stream [14]
(Figure 1.3B). Traditionally the visual system is viewed to process information in a hierarchical
fashion along the feedforward connectivity from the lower (e.g. retina) to higher (e.g. MT and
IT) regions [14] (although see [55] for a non-hierarchical interpretation of the visual system).
The exact role of the feedback connectivity remains elusive, and is thought to play a modulatory
role, permitting higher brain regions to sharpen the sensitivity and tuning of neurons in lower
regions [56, 57]. While the visual system is characterized by extensive feedback connectivity
[58, 59], it could be argued that excluding this connectivity in models of visual processing may
be justified. This is because visual recognition happens rapidly, possibly too fast for feedback
connections to play a role in many cases [60, 57].

The scope of investigation of this thesis is focused on the visual processes in the retina and in
primary visual cortex. Before introducing these different anatomical regions, I briefly introduce

1.2 Overview of the visual system 5



the different ways by which neuroscientists traditionally characterize the tuning properties of
neurons in the visual system.

1.2.1 Characterizing neural tuning

Neurons in the visual system are typically characterized by the relation to their visual input.
A neuron is said to be tuned to a particular visual stimulus if that stimulus evokes a large
response, with the optimal (or preferred) visual stimulus eliciting the largest response. The
earliest investigations into the visual system adopted a trial-and-error approach to determine
what stimulus a neuron is tuned to. Such examinations revealed the retinal neurons to be tuned
to flashes of dots of light [9, 10] and V1 neurons to be tuned to orientated bars and edges [11,
12, 13]. Searching for a neuron’s preferred stimulus using such a trial-and-error approach is,
however, time-consuming.

A more efficient way to determine a neuron’s preferred stimulus is to adopt more sophisticated
quantitative methods for mapping its receptive field (RF). The notion of an RF is used in two
different ways by neuroscientists, and either refers to a neuron’s spatial extent in visual space [9]
(e.g. a V1 neuron only views a small spatial portion of the entire visual input); or more commonly,
it refers to a linear mapping between visual input and a neuron’s response. The linear mapping,
when visualized, corresponds to a neuron’s preferred stimulus. Typically the RF is determined by
measuring a neuron’s response to many different samples of white or binary input-noise. The RF
can then be calculated by either taking a spike-triggered-average (STA), by averaging over all the
visual inputs which elicited a spike; or by linear regression between the visual input and neuron’s
responses [61, 62]. The RF is not only characterized by a spatial structure (e.g. a bar-like RF
shape as found in V1 neurons), but also by a temporal profile (e.g. a sequence of bar-like shapes),
which are jointly referred to as a spatiotemporal RF [34, 62]. The temporal dimension outlines
how a neuron is tuned to a changing spatial structure, where retinal and V1 neurons often prefer
stimuli that change polarity over time (dark regions becoming light, and light regions becoming
dark). Although RFs have been useful in determining different neural tuning properties, this
method is not applicable to all neurons. An RF describes the linear dependence of a neuron’s
response on the visual input. This works well for early-stage neurons like those in the retina and
some neurons in V1. However, neurons higher up in the visual pathway exhibit more non-linear
processing and are thus less suited for RF characterizations (although see [63, 64] for latest
developments in determining neural tuning).

1.2 Overview of the visual system 6
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Fig. 1.4: A. Cross-section photomicrograph through the retina of an adult zebrafish (scale bar measures
25µm), showcasing different cellular layers (left) and their corresponding cell types (right)
(adapted from [67]). B. The RFs of the different major retinal ganglion cell types in the macaque
(adapted from [68]; blue - excitatory region, red - inhibitory region). C. Mosaic-like organization
across the retina for each major retinal cell type (adapted from [69]). Cell types correspond to
those labelled in B.

In addition to the RF, neurons in the visual system - in particular the retina and V1 - are also
often characterized by their motion-tuning properties to moving bar-like shapes. Various types
of measures have been proposed to quantify a neuron’s motion preference along a certain
orientation and in a certain direction [35, 65, 66, 28]. These measures are usually calculated
from neural responses to drifting sinusoidal gratings, presented at different spatial frequencies
and orientations, and moving at various speeds.

1.2.2 The retina

The retina is a thin tissue at the back of the eye, and forms the first stage of visual processing,
converting incoming light into a neural representation. The retina is comprised of three cellular
layers (Figure 1.4A). The first layer consists of the photoreceptor cells, which convert incoming
light into neural responses. Counterintuitively, these cells are located at the back of the retina
and light has to pass through the other neural layers before it can reach the photoreceptors.
Photoreceptors are divided into two classes of cells, the rods and the cones. The rods outnumber
the cones, with an estimated 92 million rods compared to the approximately 6 million cones in
the primate retina [70]. Within a visual scene, the rods convey the light intensity and the cones

1.2 Overview of the visual system 7



convey the colour information [71]. These cells convey the information to an intermediate layer
of neurons, the bipolar cells, and the horizontal cells. The horizontal cells deliver inhibitory
feedback to both the photoreceptor and bipolar cells, whereas the bipolar cells further connect
to the last layer of retinal neurons, the ganglion and amacrine cells. Like the bipolar cells, the
amacrine cells provide an inhibitory mechanism, regulating the activity of both the bipolar and
ganglion cells. The ganglion cells act as the final output of the retina and signal the visual world
to the rest of the brain [72].

Ganglion cells - including the amacrine cells - mark the first cells in the visual pathway to employ
spikes rather than graded potentials, whereas other retinal cells - like the photoreceptors, bipolar,
and horizontal cells - use graded potentials, whereby a neuron’s response continuously varies in
relation to its stimulus input. There are various types of ganglion cells in the mammalian retina
[73]. Traditionally, these cells are classified into two primary groups, the midget and parasol
cells. These cells account for 95% of the ganglion cell types in the central primate retina [74].
Both cell types respond to flashes of light within an ellipse-like region within the visual field,
where such region is conventionally quantified as a two-dimensional Gaussian [75, 76], or a
difference of two-dimensional Gaussians [77]. Parasol and midget cells either respond to the
onset of light, or the offset of light, and are respectively referred to as ON-type and OFF-type cells,
with the retina containing more OFF-type than ON-type cells [78, 75] (Figure 1.4B). Parasol
cells differ from the midget cells, in that they are less plentiful [74, 79] and exhibit a larger
RF [75]. Furthermore, parasol cells tend to respond with a burst of spikes to sudden changes
in light intensity, whereas midget cells tend to exhibit sustained responses [80, 81]. Another
characteristic of the ganglion cells is that their respective types (e.g., OFF-type parasol or ON-type
midget), tile the visual space with a mosaic-like organization [82, 83, 84] (Figure 1.4C).

The retina has traditionally been viewed to be like a camera, capturing incoming light, and
transmitting a neural representation thereof to the brain [85, 86]. It is now known that the
retina supports a wider range of tasks and functionality. Apart from signalling visual information,
the retina also acts as a circadian clock, regulating biological rhythms [87]. Furthermore, the
ganglion cells in the retina also exhibit many complex tuning properties to visual stimuli. For
example, certain cells respond to the motion of moving objects, including the direction and the
orientation of motion [88, 89, 90]; differential motion (motion within a neuron’s RF moving
differentially to the motion outside of the RF) [91]; and even the anticipation of motion [92].
Moreover, certain cells also respond to the violation of a periodic signal, like a sequence of
flashing lights with random light-flash omissions [93]. These different tuning characteristics hint
at the retina performing more complex transformations on visual stimuli than simply performing

1.2 Overview of the visual system 8



A B C

Fig. 1.5: A. Illustration of V1 (blue) and other primary sensory cortical areas (non-blue colours) in
different mammalian species (adapted from [95] and originally from [96]). B. Different layers
of V1 of a macaque monkey. Nissl stain (left) and cytochrome oxidase (right) are both labelling
techniques for visualising the different cortical layers (adapted from [19]). C. Example V1 RFs
in macaque and mouse (adapted from [97] and [28]). Red denotes excitatory regions and blue
denotes inhibitory regions.

a camera-like projection. Lastly, the activity of neurons in the retina also varies with the level of
arousal and locomotion of an animal [94].

1.2.3 Primary visual cortex

The primary visual cortex, often simply referred to as V1, also known as the striate cortex or
Brodmann area 17 in primates, is located in the occipital lobe at the back of the brain [98].
This brain region consists of an estimated 140 million neurons per hemisphere in humans [99]
and marks the first stage of visual processing within the cortex. V1 is also present in other
mammalian species [96] (Figure 1.5A), and has primarily been examined in cats, non-human
primates, and, more recently, mice. As in the rest of the cortex, V1 is traditionally viewed to
consist of six distinct layers, with particular connectivity statistics across the different layers
[15] (Figure 1.5B). The exact number of layers can be further refined, for example in primates,
layer 4 is usually further subdivided into layers 4A, 4B, and 4C. V1 receives visual input through
feedforward connections into layer 4 from the lateral geniculate nucleus in the thalamus [14]. It
takes approximately a minimum of ∼ 30− 40ms in mice [100, 101] and monkeys [102, 103] for
visual information to reach V1 from the time light impinges on the photoreceptors. Input to V1
also comes from feedback connections from higher cortical areas and connections from other
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subcortical structures, including the claustrum, and the nucleus basalis. However, in contrast to
the thalamocortical projections, the exact role of these connections remains less well understood
[95].

The discovery of V1 was made by anatomist Panizza, who in 1855 published his findings on
patients who became blind after a stroke in the posterior part of their brain [104]. It took more
than a century thereafter to begin to understand how V1 was supporting vision. Around the
1960s, neurophysiologists Hubel and Wiesel discovered that neurons in V1 are tuned to the
orientation and motion of moving edges and shapes. These neurons are referred to as the simple
and complex cells [11, 12, 13]. The tuning characteristics of these cells are usually measured
in response to drifting sinusoidal gratings, where simple and complex cells are tuned to the
orientation, spatial frequency (number of oscillations), and temporal frequency (drifting speed)
of these drifting gratings. Simple cells have stereotyped RFs consisting of oriented parallel bars
of excitatory and inhibitory regions [31, 32], which are usually mathematically quantified using
a Gabor function [105] (Figure 1.5C). These cells exhibit a maximum response when exposed to
a bar-shaped pattern, wherein the dark and bright areas align precisely with the inhibitory and
excitatory regions of their RFs. Simple cells also exhibit stereotypical temporal dynamics, being
most sensitive to visual stimuli near the present with the sensitivity decaying into the past [106].
The spatial structure within the simple cell’s spatiotemporal RF may also switch polarity over
time, where monophasic RFs exhibit no polarity reversal; biphasic RFs exhibit a single polarity
switch; and triphasic RFs exhibit two polarity switches [34, 107, 108]. The spatial configuration
in a spatiotemporal RF can also shift over time, as in space-time inseparable RFs, or remain fixed
in time, as in space-time separable RFs. Space-time inseparable RFs predominantly respond to
specific directions and speeds of grating motion, whereas space-time separable RFs primarily
react to particular speeds of grating motion [34, 108]. Unlike simple cells, complex cells have a
less defined RF spatial structure and will respond to moving bars (or drifting sinusoidal gratings)
regardless of their precise location within a neuron’s RF. Classifying a neuron as simple-cell
or complex-cell is usually achieved by quantifying its responses to drifting sinusoidal gratings.
Simple cell responses oscillate to drifting gratings substantially more than complex cell responses,
with simple cells exhibiting a higher phase dependence with larger variations in their responses
to the moving gratings [29, 30].

Neurons in V1 can also be categorized into inhibitory and excitatory neurons. Upon firing,
inhibitory neurons decrease the spiking probability of the neurons they connect to, by lowering
their membrane potential. Conversely, excitatory neurons increase the spiking probability of the
neurons they connect to, by raising their membrane potential. Such differences are established
by excitatory and inhibitory neurons releasing different neurotransmitters at their connections
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Fig. 1.6: A. Example morphological structures of different excitatory neurons (left) and inhibitory neurons
(right) from monkey cortex: A. pyramidal cells and stellate cells; B. cell with local axon
arcades; C. double bouquet cell; D. and H. basket cells; E. chandelier cells; F. bitufted cell;
G. neurogliaform cell (adapted from [19]). B. Zoomed-in dendrites with spines (left) and
without spines (right) (adapted from [109]). C. Different classes of neuron spike responses to
sustained current injection in the soma (adapted from [110]). D. Immuno-labeling of neurons
in transgenic mouse V1, where inhibitory neurons are shown in red, while excitatory neurons
are green. Scale bar measures 20µm (adapted from [23]). E. Average spike-waveforms of
mouse V1 neurons, where inhibitory neurons exhibit a narrow-spiking waveform (blue), whilst
excitatory neurons exhibit a broad-spiking waveform (green) (adapted from [28]).
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(synapses) onto other neurons. Namely, excitatory neurons mainly release the neurotransmitter
glutamate, and inhibitory neurons mainly release the neurotransmitter γ-aminobutyric acid
(GABA) [62]. The commonly observed principle that at all the synapses from a neuron release,
the same neurotransmitter or set of neurotransmitters is known as Dale’s law [111] - thus
individual neurons’ synaptic outputs are either excitatory (e.g. glutamate) or inhibitory (e.g.
GABA) but are not a mixture. Approximately 15− 20% of neurons in V1 across mice, cats, and
monkeys are inhibitory [112, 113, 114, 23].

Apart from differences in their effects, excitatory and inhibitory neurons also differ in their
morphological structure, where anatomists have named different neural subtypes based on their
different shapes, sizes, and dendritic branching [19]. For example, pyramidal cells exhibit a
pyramid-shaped cell body (soma) with a long projection at their apex (apical dendrite); stellate
cells exhibit a star-shaped soma and dendrites; and basket cells exhibit basket-like shapes in
the branching of its output projection (axon) (Figure 1.6A). Most excitatory neurons in mouse
V1 are pyramidal cells [20], and most inhibitory neurons in mouse V1 are basket cells [21].
However, the prevalence of the cell types can vary depending on the cortical region, since, for
example, stellate cells are the most common excitatory neuron in the somatosensory cortex of
rats [22] and mice [20]. A key morphological difference distinguishing the excitatory from the
inhibitory neurons is that excitatory neurons generally have many spines (small knobs) on their
dendrites, in comparison to the inhibitory neurons, which generally exhibit smooth dendritic
surfaces [19, 109] (Figure 1.6B).

Excitatory and inhibitory neurons also exhibit different response properties, with characteristic
spike responses to depolarizing step current pulses [26, 115, 116]. Most excitatory neurons
exhibit a regular spiking response: a sequence of a few spikes separated by an interspike interval
(i.e. the temporal difference between consecutive spikes) which increases in duration over time
(i.e. adapts). Most inhibitory neurons exhibit a fast-spiking response: a sequence of many
spikes separated by very short interspike intervals that remain fixed in time [115]. Although less
common, some excitatory and inhibitory neurons display other types of spiking characteristics,
such as bursting or chattering responses. Bursting neurons fire a burst of spikes followed by
a repeating sequence of single spikes, whilst chattering neurons fire a repeating sequence of
bursts of spikes [116, 110] (Figure 1.6C). Neuroscientists can identify excitatory and inhibitory
neurons during experimental recordings using various methods. For example by using genetically
modified animal models in which the different neural populations fluoresce with different colours
[23] (Figure 1.6D) or by examining the neuron spike waveforms, where inhibitory neurons
exhibit a more narrow waveform than the excitatory neurons [28] (Figure 1.6E).
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Excitatory and inhibitory neurons in V1 are also characterized by various other physiological,
connectivity, and tuning differences. Inhibitory V1 neurons tend to operate on faster timescales
than their excitatory counterparts, as measured by differences in their membrane time constants
[25]. Excitatory V1 neurons also tend to make stronger connections with inhibitory V1 neurons
than with other excitatory V1 neurons [23]. Although V1 spike activity is generally sparse,
irregular, and uncorrelated between different neurons [27], inhibitory V1 neurons tend to fire
at higher rates than their excitatory counterparts [28]. Lastly, V1 inhibitory neurons tend to be
more complex-cell than simple-cell, and more broadly tuned for orientation, than the excitatory
V1 neurons [28].

A hallmark of modern electrophysiology is the notion that excitatory and inhibitory currents into
cortical neurons are generally balanced in time [117, 118, 24, 119, 120]. Balance is referred to
as global when the mean excitatory and inhibitory currents are equal over time, and referred to
as detailed when these currents are temporally coupled over time, with each excitatory input
to a neuron coinciding with a corresponding inhibitory counterpart [121]. The balance of
excitatory and inhibitory currents is important, as it ensures stability in the activity over the
neural population [122], and thus supports proper cortical function [123].

1.3 Modelling the visual system

Modelling the brain, or specific parts like the visual system, can be addressed at various levels
of abstraction, depending on the scientific question of investigation. Neuroscientist David Marr
outlined three levels of abstraction to modelling the brain [124]: the computational level, the
goal of the circuit (e.g. the retina perhaps acting like a camera, capturing incoming light and
sending this to the brain); the algorithmic level, how the circuit computation is performed (e.g.
the retina may perform a camera-like transformation using the different types of RFs, capturing
different details in the visual stimulus); and the level of implementation, how the computation
is implemented in the neural circuit (e.g. the different cell types of the retina, connecting in
stereotyped ways). Throughout the literature, different terminologies are used to refer to the
same ideas proposed by David Marr. For example, the computational level might be referred to
as interpretive or normative modelling; the algorithmic level might be referred to as descriptive
modelling; and the implementation level might be referred to as mechanistic modelling [62,
125].

These different levels of modelling are not necessarily mutually exclusive, where the grand
goal of modelling a particular neural circuit would be to understand the circuit at all the levels
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Fig. 1.7: A. Illustration of three neurons with labels identifying the dendrites, the soma and the axon
of a cortical pyramidal cell (i), a Purkinje cell of the cerebellum (ii), and a stellate cell of the
cerebral cortex (iii) (adapted from [62] and originally from [126]). B. Example cortical neuron
recording to a constant current injection (left) and the corresponding LIF model prediction
(right) to the same input current (adapted from [62] and originally from [127]). C. Example
cortical neuron recording to a noisy current injection (left) and the corresponding ALIF model
prediction (right) to the same input current (adapted from [128]).

of abstraction: its goal, the mechanisms underlying its goal, and how those mechanisms are
implemented by the neurons. In this thesis, I set out to model the retina and V1 in alignment
with this grand goal. That is, implement models using architectures that align with the known
biological physiology (implementation level), that implement a goal (computational level), and
that learn to do so through an optimization process (algorithmic level). In the next subsections, I
briefly introduce different model architectures, normative goals of vision, and model learning
algorithms.

1.3.1 Model architecture

The architecture of a model should ideally mirror the neural circuit it aims to replicate, character-
ized by a distinct arrangement of interconnected neurons. As a brief overview, a neuron consists
of four key morphological features: the dendrites, the soma, the axon, and the synaptic boutons
(Figure 1.7A). The dendrites and soma collect incoming signals from other neurons, the soma
integrates all these incoming signals, and the axon transmits a neuron’s response to the synaptic
boutons which act upon the post-synaptic neurons by neurotransmitter release. As previously
mentioned, transmission along axons is generally achieved using brief electrical pulses known as
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spikes which cause the release of neurotransmitters from the synaptic boutons. However, a few
neurons, including some of those found in the retina, transmit signals to their synapses using
graded electrical signals.

A neuron emits a spike if its membrane potential reaches the so-called firing threshold. A neuron
is encapsulated in a lipid bilayer, where the membrane potential measures the difference in
electrical potential between the inside and the outside of the cell. A neuron’s membrane potential
usually sits at around −70mV in the resting state [62]. The membrane potential rises if a neuron
is positively stimulated, which is referred to as depolarization (contrary, lowering the membrane
potential is referred to as hyperpolarization). If the membrane potential at the base of the axon
reaches a large enough value (the neuron’s firing threshold), the neuron emits a spike, which
travels down the axon and is broadcasted to all the neurons which the axon synapses upon.

The membrane potential arises from the different ion concentrations inside and outside of the
neuron, where the ion charges give rise to the electrical gradient of a neuron. The primary
ions that determine the membrane potential are K+ (potassium ions) and Na+ (sodium ions).
At rest, a neuron has a larger intracellular concentration of K+ and a lower concentration of
Na+ than that found outside the neuron. These resting-state ion concentrations arise when the
electrical forces between the ions are equal to the diffusive forces of the ions across the cell
membrane [129, 62]. Thus, the membrane potential of a neuron changes depending on the
relative concentration of ions inside vs outside of the neuron and the relative permeability of
the membrane to those ions. The membrane potential depolarizes in response to pre-synaptic
inputs from excitatory neurons, and conversely, hyperpolarizes in response to pre-synaptic inputs
from inhibitory neurons. These de- and hyperpolarizing membrane potentials result from certain
neurotransmitters being released by the pre-synaptic neurons which bind to the post-synaptic
neuron. This neurotransmitter binding has the net effect of opening certain ion channels in the
membrane of the neuron and permitting the flow of ions across the membrane. This changes ion
concentrations inside of the neuron and thus alters the membrane potential. See [62] for a more
in-depth discussion.

Needless to say, modelling a single neuron is challenging, let alone modelling an entire network
of neurons. Neuroscientists have developed models of varying complexity to capture the response
properties of individual neurons. The simplest models are the linear model (the RF) and the
linear-nonlinear model. These models usually map a sensory or neural input s ∈ RN , like a
pixel-valued image (with N pixels) or set of neural inputs (from N input neurons), using a linear
map W ∈ RN to a real number which represents the neural output r ∈ R. The number is often
interpreted as a neuron’s firing rate (spikes per second) over a certain time window.
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r = Ws (linear model)

r = f(Ws) (linear-nonlinear model) (1.1)

The linear-nonlinear model (a linear mapping, followed by a non-linear transformation f , for
example, like a rectified linear function) has the advantage of ensuring that the model’s firing
rate does not drop below zero (where a negative firing rate is biologically implausible). These
types of models have the same form as the units commonly used deep learning models. However,
these linear-nonlinear models omit two key physiological phenomena of neurons: the evolution
of their membrane potential over time, and their spiking output. The leaky integrate-and-fire
(LIF) model captures these dynamics [110].

τ
dV (t)
dt

= −V (t) + Vrest +RI(t)

The LIF model integrates the incoming spikes, or rather the input current I(t) which the spikes
induce, into the model’s membrane potential V (t) (for a given input resistance R; see [62]). Like
in neurons, this membrane potential decays in time when no input is provided, with the leakiness
of this decay defined by the membrane time constant τ . If the artificial membrane potential
reaches the model’s firing threshold, a spike S(t) is emitted and the artificial membrane potential
is reset to rest value Vrest. Conventionally, these continuous-time dynamics are discretized in
time (e.g. using the forward Euler method), to simulate the LIF model on a computer [62, 110]
(simulating the dynamics using a discretization time step of ∆t). Additionally, and without loss
of generality, these dynamics are normalized, by setting the artificial resting and reset state to
a value of zero, and the artificial firing threshold (and the input resistance R) to a value of
one [130]. The normalized and discretized LIF model outlines how to update the membrane
potential from one time step to the next, and usually appears in two common forms in the
literature, v1, and v2 [131, 132, 133, 128]:1

V [t+ 1] = βV [t] + (1− β)I[t]− S[t] (v1)

V [t+ 1] =
(
βV [t] + (1− β)I[t]

)(
1− S[t]

)
(v2)

1Note, I use square brackets [] to refer to discrete time, and rounded brackets () to refer to continuous time, for a
given function.
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The membrane potential dissipates by a decay factor 0 ≤ β ≤ 1 at every time step, which
is related to the membrane time constant τ as β = exp(−∆t/τ); and a spike is emitted if the
membrane potential value reaches the firing threshold, which is implemented using the Heaviside
step function H.

S[t] = H(V [t]− 1) =

1, if V [t] > 1

0, otherwise

The biological accuracy of the LIF model can be further enhanced by adding an adaptation
component, which reflects the adaptive behaviour of the many neurons that exhibit increasing
interspike-intervals in response to a steady current injection. This extended model is referred to
as the adaptive leaky integrate-and-fire (ALIF) model [110, 128]. Adaptation is incorporated by
raising the model firing-threshold θ[t] following every spike S[t− 1], which decays exponentially
to baseline θ = 1 in the absence of any spikes (using decay factor 0 ≤ p ≤ 1 and adaptation
scalar d).

θ[t] = 1 + da[t]

a[t] = pa[t− 1] + S[t− 1] (1.2)

Both the LIF and ALIF provide qualitatively good fits to spikes of cortical neurons in response
to the same input current injections [127, 128] (Figure 1.7B and C). However, both of these
models abstract away how the input currents to a neuron are generated, namely, by the changes
in the permeability of the membrane to different ions. The Hodgkin-Huxley model [134] and
the Connor-Stevens model [135] extend upon the LIF and ALIF models by incorporating the
evolution of different ion concentrations, and their effect on a neuron’s membrane potential.
Additionally, the realism of all spiking models can be further enhanced by considering the
morphology of a neuron and modelling the membrane potential at different points on a neuron’s
surface [136, 62] - which are referred to as multi-compartment models. However, models of
increasing complexity require more computational resources and time to simulate. Furthermore,
integrate-and-fire-type models approximate the dynamics of more biologically detailed neural
models, like the Hodgkin-Huxley model [137, 138]. Thus, LIF and ALIF models have become the
status quo for modelling neural circuits and studying their dynamics [139, 132, 131, 133, 128,
121].
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The model architecture of a neural circuit does not only depend on the chosen neuron model
but also on how those neuron models connect and interact with each other. A neuron model
is typically referred to as a neuron or a unit within a model of a neural circuit. Circuit models
(also known as population models) can consist of a single layer of units, processing input in
parallel; or a hierarchy of layers, which process input sequentially. Processing does not strictly
need to be feedforward (i.e. from one layer to the next), but can also be more complex, where
units in a layer could be recurrently connected, or form feedback connections to units in earlier
layers. Lastly, constraints can also be applied to the population of units, segregating them into
distinct subpopulations of inhibitory and excitatory units (just like the excitatory and inhibitory
neurons in the brain). Now that we know how to construct a model architecture of a neural
circuit, we next look at some popular normative objectives that a model of the visual system
might employ.

1.3.2 Model objective: theories of visual processing

Once we have a model architecture, the next goal is to define its normative objective: what
task should the model fulfil? For example, for a given sensory input, the model should produce
some desired and quantifiable output. Typically, normative objectives of visual processing are
decomposed into sub-objectives: the primary objective usually defines the transformation on
the sensory input and the secondary objectives place any additional constraints on the model,
such as metabolic-like constraints. Various theories of visual processing have been proposed and
examined over the last decades.

A classic theory of visual processing is the so called efficient coding hypothesis [147, 85]. This
theory stipulates that sensory systems, like the visual system, employ a neural code that efficiently
represents incoming sensory input, with the least number of required spikes. Although efficient
coding has been an influential theory, it does not specifically outline how features within the
sensory stimulus are encoded - apart from stating that the encoding is done efficiently so as
to extract maximum sensory information. Arguably, we are more interested in understanding
what goal a sensory system is performing, rather than knowing that it is performing some goal
efficiently - which in the context of evolution would be assumed. For example, making an analogy
to the heart: we can measure the number of beats of the heart (like the spikes of neurons) and
argue that the heart is beating in an efficient manner. Such explanation, however, does not
inform us why the heart is performing its beats. In some sense, all normative theories of the
brain are descendants of the efficient coding hypothesis - the sensory transformation is done
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Fig. 1.8: A. The sparse coding model [140] consumes input It, and reconstructs the input as Ît from
the unit activities ot, with a sparseness constraint on the unit activities (i.e. with ||ot||22 being
minimized). B. The predictive coding model [141] - here represented as a single layer of units
- consumes input It and outputs prediction errors ot − ôt, between the unit activities ot and
the predicted unit activities ôt, where the predicted unit activities are obtained from the layer
above via feedback connections. In the case of a single layer, the predicted unit activities are
equivalent to the reconstructed input Ît. C. The temporal prediction model [142, 106] consumes
a sequence of inputs . . . , It−1, It and generates a prediction of future input Ît+1. D. The slowness
model [143, 144, 145, 146] consumes a sequence of inputs . . . , It−1, It and does not generate
any output. Rather, a slowness constraint is placed on the unit activities ot, which ensures
the unit activities vary slowly between consecutive time steps (by minimizing ||ot − ot−1||22).
Additional modelling constraints are also applied, ensuring that the unit activities have a zero
mean and are of unit variance (to avoid learning trivial solutions i.e. a constant output); unit
activities are also enforced to be decorrelated (such that units encode different features within
a sensory stimulus). For A-D: spatial input It ∈ RH×W (of height H and width W at time step
t); predicted spatial input Ît ∈ RH×W ; population unit activities ot ∈ RN (for N units at time
step t); and predicted population unit activities ôt ∈ RN .
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efficiently - but these different theories differ in exactly what is to be done efficiently and how
efficiency is defined.

The sparse coding [140] and predictive coding [148, 141, 149] hypotheses extend the efficient
coding hypothesis, outlining a primary functional objective for the sensory transformation, and
implementing these ideas in a model. The sparse coding model posits that the visual system
efficiently encodes current sensory input like a brief glimpse of a scene projected onto the retina
[150] (Figure 1.8A). This efficiency is achieved by only having a few neurons active at any point
in time (i.e. sparse activity) from which the current sensory input is reconstructed. In the model,
the sensory reconstruction is implemented by learning a set of bases, which linearly combine,
using weighting amplitudes, to reconstruct the sensory input [140]. In addition, when optimising
the model for sensory reconstruction, a constraint is applied of using the least number of bases
as possible. That is, ensuring that most of the weighting amplitudes are zero and only a few
are non-zero. When visualized, the sparse coding model’s bases reveal structure and spatial
tuning, reminiscent of those observed in the simple cells of V1 [140]. Similar ideas to the sparse
coding model have also been explored in other modelling studies, such as the independent
component analyses (ICA) framework [151]. These models differ in their number of bases,
where ICA employs a number of bases equivalent to the number of input dimensions (a critically
complete code); and sparse coding assumes a number of bases that outnumber the number of
input dimensions (an overcomplete code). Like sparse coding, ICA models also develop simple
cell-like spatial RFs [151].

The predictive coding hypothesis stipulates that incoming sensory information is efficiently
processed, where neurons only signal unpredictable elements within sensory input (Figure 1.8B).
Neurons do not signal the elements predictable by the model within the sensory stimulus and
thus reduce statistical redundancies, yielding an efficient neural code [149]. Models employing
predictive coding have been shown to exhibit retinal-like and V1-like RFs. Specifically, predicting
the centre pixel value from the surrounding region pixel values in an image patch using linear
filters, yields filters (RFs) which closely resemble the RFs of retinal ganglion cells [148]. In a
more complex instantiation, the predictive coding framework has also been extended into a
multi-layered network: units in a layer l predict the activity of the units in the lower layer l − 1.
Units in layer l signal the prediction errors (i.e. the difference in the predicted and actual unit
activities from layer l) to higher layers l+ 1 along feedforward connections, and signal predicted
unit activities to the lower layer l − 1 along feedback connections, where the lower layer then
subtracts these predictions from the activity of its units. Such multi-layered predictive coding
yields unit filters which somewhat resemble the spatial RFs of V1 simple cells [141]. Further
explorations of predictive coding in multi-layered networks revealed additional V1-like tuning
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properties, such as orientation tuning, spatial and temporal frequency tuning [152], and aspects
of higher visual areas, such as object identification [153].

Both the sparse coding and early predictive coding investigations have primarily focused on
efficiently coding the current sensory stimulus. Another branch of normative theories argues that
the brain efficiently predicts future sensory stimuli (or related factors), rather than efficiently
encoding the present. The notion of the brain performing prediction dates at least as far back to
the German physicist and physiologist Hermann von Helmholtz [154], who hypothesized that
the brain takes into account its own actions when creating a perception of the world. Self-motion,
such as the rapid saccades of our eyes, does not produce jittering imagery in our perception.
This phenomenon, as Helmholtz suggested, is because the brain accounts for predictable motion,
resulting in a perception that primarily reflects unpredictable elements within the world. Thus,
the brain needs to maintain a record of its own actions, and contain an internal model capable
of predicting the effect of these actions on the visual experience, in order to cancel out the
visual perturbations resulting from self-motion. In support of these ideas, a computational study
simulated an agent in a 3D visual environment and trained a deep neural network to predict
its self-motion parameters from the visual stimuli, where the authors found the model units
to account for the selectivity of neurons from the dorsal visual stream of non-human primates
[155].

A brain capable of prediction has an evolutionary advantage, as it embodies a notion of cause-
and-effect in the world. For example, you can likely extrapolate that a fast-moving flying object
heading towards your head will impact your head unless you move out of the way. Thus, by
prediction, you avoid a possibly fatal head injury by simply stepping aside. More generally, a
system that can predict future inputs from its past is likely to contain representations reflective
of the underlying causes in the world (e.g. the speed and direction of fast-moving flying
objects). In addition, such sensory processing likely reduces the load on sensory processing, as it
would discard any information that is irrelevant to predicting the future [156]. There is also a
physiological reason why the brain may perform prediction of future input. There is a minimum
transduction and transmission latency of approximately ∼ 30− 40ms from the photoreceptors to
V1 [102, 103, 100, 101]. Thus, a system capable of overcoming these latencies using prediction
can respond more rapidly to a potentially threatening situation than a system that is optimized
to encode the present.

Predictive coding models have also been explored in the temporal domain of prediction [157,
158] - in fact, original predictive coding models were proposed in the context of temporal
prediction [159, 160]. Predictive coding models have also demonstrated neural-like tuning
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properties when extended to predicting future sensory input from past sensory input. A multi-
layered predictive coding network optimized for such sensory prediction has been shown to
develop spatial and temporal tuning properties found throughout the visual pathway, and visual-
cortex-like response dynamics to perceptual motion illusions [161]. Even when predicting the
current sensory input - and not the future sensory input - using a linear weighting of past sensory
input, yields filters with similar spatial and temporal profiles to those of retinal ganglion cells
[148].

Non-predictive-coding models which predict the future sensory input in natural movies also
exhibit many V1-like tuning properties. Single-layer networks trained to predict future patches
of movie frames from the past exhibit units with V1-like spatial [142, 106] and temporal RF
properties [106] (Figure 1.8C). Furthermore, such temporal prediction objective can be extended
from a single-layer to a multi-layered network, where layer l predicts the future unit activities
from layer l − 1. Such multi-layered model exhibits units with both simple and complex cell-like
tuning properties, capable of predicting V1 macaque response to natural images and movies
[162]. Temporal prediction has also been explored in the latent space (i.e., predicting future
hidden unit activity rather than predicting future pixel observations). These latent prediction
models have been able to account for the ventral and dorsal tuning properties of the visual
pathway in mice [163], as well as primate frontal cortex neural dynamics whilst playing a
pong-like ball interception game [164].

Other normative theories that are related to predicting future sensory stimuli are the information
bottleneck and temporal slowness models. The information bottleneck method [165] compresses
one random variable (like past sensory input) to maximize information [166] about another
variable (like future sensory input). In the context of a sensory system, like the visual system, this
suggests that features with maximum mutual information between the past and future stimulus
might be encoded [167, 168]. Models optimized for such an objective have also been shown
to account for V1-like RFs [168]. The temporal slowness models posit that the brain encodes
features within the sensory world that vary slowly over time, such as the motion of a moving
ball, instead of registering every varying light intensity value in a scene [143, 144, 145, 146]
(Figure 1.8D). These models place a slow-varying constraint on the activation of the model units
by optimizing their temporal derivatives to be as close to zero as possible. Furthermore, unit
activities are enforced to be a zero mean and of unit variance (to avoid learning trivial solutions
i.e. a constant output), and are also enforced to be decorrelated (such that units encode different
features within sensory stimulus). Past explorations of these models exhibit units with simple
cell-like [145] and complex cell-like [144] tuning properties. It has also been suggested that
models employing the slowness constraint encode features within a sensory stimulus that - like
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the temporal prediction models - are predictive of the future [146]. Now that we know what
sensory transformations a model of the visual system may employ, we next look at how such
transformations can be instilled in the model’s weights and parameters.

1.3.3 Model training: learning the neural parameters and connectivity

Once the model architecture and normative objective are established, setting the model’s weights
and parameters to achieve the normative goal is the next step. One way to do this would be to
hardcode the model weights, which used to be a mainstream method for developing artificial
vision models [169, 170, 171, 172]. However, determining how to properly configure the model
weights to perform some normative goal is difficult, and a more efficient technique - that is
reminiscent of the brain - is to learn the model weights. In the 1980s, a key learning algorithm,
called backpropagation [173], was developed, which enables models to learn their own weights
in an experience-driven manner. Here, a dataset of various inputs and desired outputs is required,
where the backpropagation algorithm specifies how to adjust the model weights, such that the
model correctly maps the input data to the desired output data. This is achieved by minimization
of a loss function L, which quantitatively specifies how close the model outputs are to the
desired output data. Backpropagation iteratively calculates how to adjust the model weights by
calculating their partial derivatives with respect to the loss function and updating the weights in
the direction of their partial derivatives by a small perturbation η - known as the learning rate.
This algorithm has underpinned the rise of deep learning models over the last decade, with the
efficacy of the algorithm arising from the large amounts of available training data, and the ability
to quickly process such training data using hardware accelerators such as Graphics Processing
units (GPUs) [42].

The applicability of the backpropagation algorithm - also often referred to as backprop - does
not directly extend to training models of increasing biological realism, such as spiking neural
networks (SNNs). That is because backprop requires that the system it is applied to is differen-
tiable, but SNNs violate this prerequisite. This is because the spiking non-linearity, the Heaviside
step function, has a derivative of zero, except at the transition point, where the derivative is
undefined. The development of SNN training algorithms remains an active area of research.
However, a few SNN training methods have been developed that employ backprop in some form,
with promising results. 2

2It is worth pointing out that modern neural networks routinely employ non-differentiable activation functions
such as the rectified linear unit f(x) = max(0, x) whose derivative is undefined when x = 0, thus violating the
differentiability criteria of backprop. However, this is not a problem in practice, as the non-linearity has a valid
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One such method, known as shadow training, trains a differentiable non-spiking artificial neural
network (ANN), which can then be mapped to an SNN, enforcing the firing rates of the SNN
neurons to approximate the activations of the ANN units [174, 175, 176, 177]. While this
method permits SNNs to be trained on challenging large-scale image classification datasets, it
endures various shortcomings: firstly, network mappings require sampling from long simulation
durations (which is slow) [178]; secondly, the conversion process results in a loss in network
performance (although see ANN-SNN training coupling methods [179, 180, 181]); and thirdly -
and most relevant to neuroscience investigations - this method imposes a rate code on SNNs.
This is problematic as the brain likely makes some use of the timing of individual spikes for
sensory processing [182, 183].

Another approach is to directly train SNNs using approximated gradients. Gradients can be
estimated by randomly perturbing weights [184, 185]. However, this method requires many
repeated weight perturbations in order to estimate gradients, which is slow and does not scale for
growing network sizes. The non-differentiable problem of SNNs can be overcome by employing
latency learning: estimate gradients at the timing of spikes, as unlike spikes, time is continuous
[186, 187, 188, 189]. This approach, however, enforces the constraint that units can spike at
most once and the method experiences training instabilities (although see [190, 191] for the
latest developments). A popular approach to enabling gradient calculation using backprop in
SNNs is by replacing the undefined derivative of the spike function with a surrogate function
[192, 193, 194, 195] - known as surrogate gradients. This training approach has been shown
to be robust to a variety of surrogate functions, such as the piece-wise linear, sigmoid, and
sigmoid-like functions [133]. Notably - and of applicability to neuroscience - this method allows
networks to learn temporal, rather than rate coded, spike dynamics [196, 197, 198]. Although
this method has become the status quo for directly training SNNs, it is very slow, as it requires
the sequential simulation of network dynamics through time [128].

1.3.4 Model validation

Once we have developed a model of the visual system - that is, we have picked a model
architecture and trained it with respect to some normative objective - the next step is to verify
how visual-system-like the model is: what relations can the model account for in the visual

derivative when x is not zero, permitting the flow of gradients in the network; and the function’s derivative can be
set to zero when x = 0 to circumvent the issue of non-differentiability. Like the rectified linear unit, the Heaviside
step function also has a derivative when x is not zero. However, this derivative is zero, and thus no gradients are
propagated in the spiking network.
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A Sparse coding Predictive coding Temporal prediction Slowness model
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Fig. 1.9: A. Similar spatial V1-like RFs from different normative models (sparse coding RFs adapted from
[140]; predictive coding RFs adapted from [141], temporal prediction RFs adapted from [106];
and, slowness model RFs adapted from [145]). B. Quantitative comparison between V1 RFs
from different animal species and model unit RFs (trained using temporal prediction). The
x-axis is a measure related to the number of subfields in an RF and the y-axis is a measure
related to the length of those subfields (adapted from [106]). C. Neural response for a single
neural site in IT (black line) and respective deep learning model (HCNN) predictions (red trace).
Different images (like the faces) elicit different neural responses (adapted from [199]).
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system? One popular approach is to compare the model unit RFs to those found in the visual
system. For example, a model of V1 would be compared to the RFs of V1 neurons. While such
qualitative examinations have proven useful, they pose a problem. Various normative models -
e.g. sparse coding [140], predictive coding [148, 141, 149], temporal coding [142, 106] and
slowness models [143, 144, 145, 146] - have been able to account for V1-like simple cell spatial
RFs, consisting of orientated parallel bars of excitatory and inhibitory regions (Figure 1.9A).
Thus, the question is raised: how do we determine which model is most V1-like?

A more technical approach to determining the V1-likeness of a model is to quantify the model
unit RF properties and contrast these to the quantified RF properties of neurons - rather than
qualitatively comparing model unit RFs to neuron RFs. As previously mentioned, the tuning
properties of retinal RFs can be quantified using a two-dimensional Gaussian [75, 76], or a
difference of two-dimensional Gaussians [77], and the tuning properties of V1 simple cells can
be quantified using a Gabor function [105]. The resulting function parameters can then be
contrasted between the population of model unit RFs and the population of corresponding visual
neuron RFs (Figure 1.9B), which can answer questions like: do the RF shapes match? do their
sizes match? does their orientation match? do their temporal and spatial frequencies match?

Most models - in particular models of V1 - have been able to account for both the qualitative
and quantitative spatial tuning properties of simple cells. Thus, to further distinguish which
model is most brain-like, requires explaining additional neural phenomena - where the model
which is able to account for most phenomena is arguably the best model of the particular neural
circuit being modelled. For example, the temporal prediction model has been able to account
for not only the spatial but also the temporal tuning properties of V1 neurons [106] - a neural
property not readily captured by other models. It could therefore be argued, that such a model is
more V1-like than other models, given its ability to account for additional neural phenomena.
Furthermore, models of increasing biological realism are arguably a better model of the brain
compared to models that overlook the biological realism - in particular if both models are
able to account for the same neural phenomena. For example, a recurrent model of V1 that
poses no constraints on the recurrent connectivity, is less biologically plausible than a recurrent
model of V1, which places connectivity constraints, such as Dale’s law [111], on the recurrent
connectivity. If both models account for the same neural phenomena, then the model with
the connectivity constraints would arguably be a better model of V1. Additionally, models of
increasing biological realism - like the model with the connectivity constraints - can be contrasted
to more neural phenomena than models that overlook the biological constraints (discussed in
the next section).
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Another means of evaluating the similarity of a model to the visual system is by validating
its ability to predict neural responses to unseen arbitrary and natural stimuli. Models with
better neural prediction capabilities are arguably a better representation of the visual system
than models with worse prediction capabilities [200]. Historically, early models of the visual
system (like the linear-nonlinear model) have been able to account for responses to artificial
stimuli, such as moving gratings. These early models, however, fail to accurately predict neural
responses to more complex and arbitrary stimuli [51]. It has been argued the visual system
evolved to process complex natural stimuli, hence any model that purports to explain the visual
system should be able to explain responses to such stimuli [200]. In the last few years, we
have witnessed a big improvement in neural response predictions to complex natural stimuli
throughout the visual system. These prediction improvements have been made possible through
the use of mostly large-scale and goal-driven ANNs. Best performance is usually obtained by
fitting a readout model (like a linear or linear-nonlinear model) from the intermediate layer
representations of an ANN, pre-trained on a large supervised image classification task [199].
These models have been able to fairly well predict the neural responses to natural images in V1
[51], V4, and IT [50] (Figure 1.9B).

1.3.5 Model shortcomings and new frontiers

The visual system is a complex system within the brain, comprised of many idiosyncratic
phenomena, like how neurons operate, connect, and respond to certain sensory signals. Deep
learning models of vision have proven to be powerful, reaching uncanny performance on image-
classification, image-segmentation, and image-description tasks [47, 48, 41]. Although our
visual system also supports such functionality, it arguably does so through different mechanisms
than deep learning models. In particular, deep learning models largely abstract away the finer
operational details of the brain; are largely trained using supervised signals (e.g. learning to
classify images); and employ non-biologically constrained model architectures.

Normative models of the visual system are more aligned with how the brain may have evolved.
Instead of learning model weights and parameters using a deep-learning-like supervised signal,
these models rather instantiate model connectivity through the means of an unsupervised signal
(e.g. efficiently encoding the current or future sensory stimulus). Unlike deep learning models,
these models also try to explain what information neurons are signalling to each other, such as
error signals or predictive signals, as stipulated in the predictive coding and temporal prediction
frameworks respectively [141, 106]. However, to date, normative models of the visual system
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omit key physiological constraints, namely, the all-or-nothing spike output of neurons and their
excitatory and inhibitory connectivity constraints.

Increasing the biological realism of models is important. Apart from the models being more brain-
like, additional biological modelling constraints allow models to be compared to an increasing
number of experimental phenomena. For example, employing spiking units in a model of the
retina would permit the model to be contrasted to the latency-like code of retinal ganglion cells
[201]; or including spiking units in a model of V1 would permit the spike-statistics of the model
to be contrasted to those of V1, where V1 exhibits a sparse and irregular spike code [27]. Such
comparisons are not directly possible in non-spiking models. In addition, including separate
populations of excitatory and inhibitory units in a model of V1 creates many more possibilities
for comparison to the biology, namely contrasting the model units to the distinct physiological
and tuning differences between the excitatory and inhibitory neurons in V1 (see section 1.2.3).

Predicting neural responses to arbitrary natural stimuli has played an important role in validating
models of vision over the last few years [199]. However, most of these natural stimulus datasets
have been recordings of visual neurons in response to natural images. Arguably, it would be
better to validate how well models can predict neural responses to natural movies, given the
abundance of temporal tuning and motion tuning properties of visual neurons.

1.4 Thesis overview

• Chapter 2: Beyond deep learning: a neuro-inspired approach to modelling primary
visual cortex. A rich interplay between the spiking activity of excitatory and inhibitory
neurons within primary visual cortex (V1) allows us to perceive the visual world. Under-
standing the mechanisms of visual processing thus requires modelling the spiking dynamics
of neurons in their excitatory and inhibitory subgroups - both of which mainstream deep
learning and normative models of vision exclude. Recent studies have produced models
that exhibit V1-like tuning when optimized to predict the sensory future. Inspired by these
investigations, we trained a model of excitatory and inhibitory spiking units to predict
the sensory future on the timescale of the latencies of V1 responses, under metabolic-like
constraints. We found our model to exhibit V1-like spike statistics, simple and complex
cell-like tuning, and key physiological and tuning differences between excitatory and
inhibitory neurons. These findings suggest our model to be an advance in achieving a more
detailed and precise representation of V1’s visual processes in silico (unpublished).
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• Chapter 3: Crystal balls as eyes: retina optimised for prediction across animal
species. The retina’s role in visual processing has traditionally been viewed as two
extremes: an efficient compressor of incoming visual stimuli akin to a camera [68, 202,
203, 204, 205], or as a predictor of future stimuli [206, 207, 208, 209]. Addressing this
dichotomy, we developed a biologically-detailed spiking retinal model trained on natural
movies under metabolic-like constraints to either encode the present or predict future
scenes. Our findings reveal that when optimized for efficient prediction, the model not only
captures retina-like receptive fields and their mosaic-like organizations, but also exhibits
complex retinal processes such as latency-coding [201], motion-anticipation [92], differen-
tial tuning [91], and stimulus omission responses [93, 210]. Notably, the predictive model
also more accurately predicts retinal ganglion responses across various animal species to
natural images and movies. Our findings demonstrate that the retina is not merely a light
compressor, but rather provides the brain foresight into the visual world (unpublished).

• Chapter 4: Addressing the speed-accuracy simulation trade-off for adaptive spiking
neurons. The adaptive leaky integrate-and-fire (ALIF) model is fundamental within
computational neuroscience and has been instrumental in studying our brains in silico. Due
to the sequential nature of simulating these neural models, a commonly faced issue is the
speed-accuracy trade-off: either accurately simulate a neuron using a small discretisation
time-step (DT), which is slow, or more quickly simulate a neuron using a larger DT
and incur a loss in simulation accuracy. Here we provide a solution to this dilemma,
by algorithmically reinterpreting the ALIF model, reducing the sequential simulation
complexity and permitting a more efficient parallelisation on GPUs. We computationally
validate our implementation to obtain over a 50× training speedup using small DTs on
synthetic benchmarks. We also obtained a comparable performance to the standard ALIF
implementation on different supervised classification tasks - yet in a fraction of the training
time. Lastly, we showcase how our model makes it possible to quickly and accurately fit
real electrophysiological recordings of cortical neurons, where very fine sub-millisecond
DTs are crucial for capturing exact spike timing (published in NeurIPS 2023).

• Chapter 5: Discussion. This chapter contains general high-level discussions regarding the
modelling work, its shortcomings and possible research avenues for future work.
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Beyond deep learning: a
neuro-inspired approach to
modelling primary visual cortex

2

2.1 Introduction

Our visual system grants us a crucial sense, providing evolutionary advantages in identifying
food and predators, and allowing us to perceive even the most unusual of scenes, such as the
perplexing illusions in Escher’s art, or the sight of a toy brachiosaurus perched atop a brick
wall. Neuroscience has endowed us with decades’ worth of experimental findings underlying the
visual processes throughout the brain. Neurons in primary visual cortex (V1), the first cortical
stage of visual processing, are tuned to the orientation and motion of moving edges and shapes
[11, 12, 13]. They appear to implement such visual processing through a sparse and irregular
spike code, carefully balanced by the interactions between the cortex’s excitatory and inhibitory
neural subpopulations. These neural phenomena underly our brain’s ability to process diverse
and complex natural stimuli. Nonetheless, despite our efforts to understand these processes, we
still lack a comprehensive theory or model that can explain all these phenomena.

One approach to deciphering the visual processing in V1 involves normative modeling [125],
whereby a model is constructed and optimized for a certain goal presumed to underly V1’s
functionality. Various normative models have been developed, exploring a broad spectrum of
objectives, ranging from efficient encoding to forms of prediction of sensory stimuli. These
models capture some aspects of V1, such as its spatial [140, 151, 141, 152, 142] and temporal
[211, 106, 168] simple cell-like RF properties, or complex cell-like tuning [212, 143, 144,
162]. Although these models loosely mimic V1’s biological circuitry, they omit the brain’s key
physiological unit of computation: the spike. Studies on V1 spiking models have successfully
replicated aspects of V1-like spike statistics and responses to motion [213, 214, 215, 27, 216].
However, in contrast to normative models, these models rely on hard-coded and manually-
tuned parameters, and do not endeavor to explore the underlying function implemented by V1.
Therefore, there remains a significant gap in developing biologically realistic spiking models of
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V1 that are trained for specific functions, which is crucial for a comprehensive understanding of
V1’s computational role.

In this study, we developed a normative model comprised of recurrently connected spiking
units. In line with Dale’s law [111], units were separated into distinct excitatory and inhibitory
subpopulations. Inspired by previous works [106, 162], we optimized our model to predict
the sensory future on the timescale of the transmission latencies from retina to V1, using past
population spike activity. Similar to earlier studies, our model demonstrates simple and complex
cell-like tuning. Furthermore, our investigation uniquely reveals key V1-like differences between
excitatory and inhibitory neurons. Specifically, the inhibitory units in our model are characterized
by higher firing rates, broader orientation tuning, more complex cell-like responses, and stronger
connections from excitatory units, and they operate on faster timescales than their excitatory
counterparts. Additionally, akin to neurons in V1, the model units display sparse and irregular
spike responses with low correlations between units, maintaining a detailed balance of excitatory
and inhibitory input currents in response to natural movie stimuli. Our model not only makes
several predictions about V1 processing, but also sets the stage for further unravelling the visual
code through simulation.

2.2 Results

2.2.1 The spiking V1 model

We implemented our model as a single hidden layer of recurrently-connected spiking units and
adopted the leaky integrate-and-fire (LIF) model to mimic real neural spiking dynamics [110]
(Figure 2.1A). Similar to the ratio of excitatory-to-inhibitory neurons in V1 [113, 114, 112, 23],
we set 85% of these units as excitatory and the remaining 15% as inhibitory. The model’s input
consists of a sequence of 20× 20px patches obtained from retina-filtered natural movies recorded
at 120 frames-per-second. At each time step, the model linearly translates a 168ms (20 frames)
span of stimulus history into a distinct input current to each unit. To emulate the transmission
latencies from retina to V1 [102, 103, 100, 101], we applied a mask to exclude the most recent
42ms (5 frames) of stimulus in each of these mappings - the temporal prediction span. This
effectively reduces the input span to 126ms (15 frames), where the model was trained to predict
as to overcome this latency by linearly reconstruct the most recent movie patch using a 16ms (2
frames) span of past population spike activity (Figure 2.1B). This training process determined
the model’s connectivity weights and the membrane time constant of each spiking unit.
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Fig. 2.1: A. Schematic of our model, which at every time step linearly maps a 126ms span of natural
movie frame patches of the past into a distinct input current value to every spiking unit. A 16ms
span of population output spikes is linearly mapped to create a prediction of the spatial movie
patch 42ms into the future. Blue units are excitatory and red units are inhibitory. B. An example
movie frame of a toy dinosaur sitting on a brick wall, which was not included in the training
data (top), with the model’s reconstruction using multiple patch predictions across different
spatial locations (bottom).

To emulate the metabolic energy constraints of the brain, we also trained our model to reduce a
metabolic-like cost whilst performing the frame prediction (see Methods). This approximated
the activity-induced cost at the model weights, similarly to the energy expenditure of neural
synapses. We made an assumption about the brain in our metabolic-like cost function, namely
that inhibitory V1 neurons consume less energy than their excitatory counterparts per unit work
(see Discussion). We found this assumption to be important for obtaining all the V1-like tuning
differences between the excitatory and inhibitory model units. Lastly, all training was performed
using an adaptation of the backpropogation algorithm [173], known as surrogate gradient
learning [198], which permits gradient descent in non-differentiable spiking networks.
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Fig. 2.2: A. Input movie clip (left) and resulting model spike raster (right). Blue and red dots correspond
to the excitatory and inhibitory units, respectively. B. Firing rate distribution of the model units
and monkey V1 neurons. C. Difference in the model’s firing rates between the inhibitory (In)
and excitatory (Ex) units. Bars plot the mean and standard error over units and input clips, with
statistical significance assessed using the Mann-Whitney U test (***p < 0.001). D. Coefficient
of variation of the interspike intervals CV(ISI) distribution of the model units and monkey V1
neurons. E. Cross-correlogram of the model units and monkey V1 neurons. Monkey V1 data in
all plots was obtained from [27] in response to monkey’s watching segments of the Star Wars
movies.
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2.2.2 Emergence of a V1-like spike code

We examined the model’s spike activity in response to held-out natural stimulus clips not used
for training, and found a number of V1-like response characteristics to emerge. We observed the
model’s spike responses to be sparse and diverse to the natural stimulus input, with variability
in the number and timing of spikes across units (Figure 2.2A). Further quantifying the spike
responses revealed a firing rate distribution with an exponential fall-off (Figure 2.2B), as has
similarly been reported in monkey [27] and cat V1 [217]; and the average model’s firing rate
was comparable to mean V1 firing rates observed across different animal species in response to
natural stimuli (model 4.50± 10.11; anesthetized monkey V1: 5.06± 0.75Hz [27]; anesthetized
cat V1: 3.96 ± 3.61Hz [217] and awake cat V1:8.9 ± 7Hz [218]). Additionally, we found the
inhibitory units to exhibit a higher mean firing rate compared to the excitatory units (Figure
2.2C). Such differences in firing rates between excitatory and inhibitory neurons to visual
stimulation have also been reported in mouse V1 [28].

We also found the model’s spike responses to be highly variable, exhibiting a low degree of
correlation between the units. We examined the variability in the spike responses using the
coefficient of variation of the interspike intervals CV(ISI) (Figure 2.2D), which is defined as
the ratio of the ISI standard deviation to the ISI mean. A spike train with a CV(ISI) below
unity is more regular than a spike train with a CV(ISI) above unity. We observed a large range
of variability in the spike trains, with sampled spike trains exhibiting more irregular (62%
with CV(ISI)≥ 1) than regular (38% with CV(ISI)< 1) firing patterns, reminiscent of the spike
variability observed in cat [219] and monkey V1 [220, 27].

We quantified the correlation between the different unit spike trains, by calculating the spike
train cross-correlogram, which measures the correlation between randomly-sampled unit pairs
at different time lags (Figure 2.2E). We found the model units to have a low peak correlation
(CC = 0.05 at lag 0s), with the correlation symmetrically decaying for increasing and decreasing
lag. Similar correlation statistics have also been reported in anesthetized monkey [27] and in
awake mouse V1 [221]. However, we found the strength of the correlation to vary depending on
the specific movie stimulus input, aligning with similar reports in monkey V1 [27]. We observed
that movie stimuli that elicited more extensive population activity resulted in higher correlations
between the model units (see Supplementary material).
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Fig. 2.3: A. Example spatial RFs with varying number of subfields of macaque V1 neurons [97], mouse
V1 neurons [28] and model units. B. 1− 2: example space-time separable spatiotemporal RFs
of mouse V1 neurons [222]. 3− 5: example spatiotemporal RFs of model units (3: space-time
separable and 4− 5: space-time inseparable). Right column: corresponding spatiotemporal RFs
obtained by summing along the RFs axis of orientation (see Methods). C. Distribution of RF
shapes from V1 neurons in cats [31], mice [28], monkeys [32] and model units. The x-axis (nx)
and y-axis (ny) are a proportional measure of the number of RF subfields and their respective
lengths [32]. D. Temporal RF power profile of model units and V1 cat neurons [223], quantified
as the sum of squared weights over space and averaged across the population over ∼ 40ms time
spans. E. Scatter plot of the spatial RF power and membrane time constant of the model units.
Dark purple line is the fitted exponential curve (R2 = 0.84).
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2.2.3 Emergence of simple and complex cell-like tuning

We obtained model unit RFs using a spike-triggered average to spatiotemporal white-noise input
clips, and observed a considerable number of similarities between the model unit RFs and the
RFs of V1 neurons across different animal species. Qualitatively, we found many units that
resemble simple cells [11, 13], with stereotyped RFs consisting of varying number of excitatory
and inhibitory subfields tuned to a particular orientation and spatial frequency [31, 32] (Figure
2.3A). The temporal structure of these RFs also resemble those of V1 neurons, as evident in their
decay into the past (Figure 2.3B); their polarity profile, with RF polarity either changing (Figure
2.3B plot 1, 4 and 5) or remaining fixed over time (Figure 2.3B plot 2 and 3) [34, 107, 108]; and
their spatiotemporal structure, with RFs either being space-time separable (Figure 2.3B plot 1, 2
and 3) or space-time inseparable (Figure 2.3B plot 4 and 5) [34].

We further quantified each model unit’s RF shape, orientation and spatial frequency using a
fitted Gabor function. The distribution over RF shapes, as defined by the width nx and height
ny of the RF relative to its spatial frequency, matches the neural data (Figure 2.3C). We found
the RF shapes to extend along a 1D-curve, from blob-like RFs at the origin (Figure 2.3A first
row) to elongated bars with multiple subfields, which are located further away from the origin
(Figure 2.3A last row). Our model captures a large portion of the blob-like RFs, which constitute
a substantial part of the neural data (with nx and ny <∼ 0.25). We found the model RFs to be
most similar to the mouse V1 RFs, as measured by the Euclidean distance between the model
RF-shape centroid and the different animal RF-shape centroids (cat [31] centroid (0.26, 0.46)
with distance 0.33; mouse [28] centroid (0.25, 0.24) with distance 0.10; monkey [32] centroid
(0.33, 0.43) with distance 0.31; model centroid (0.25, 0.13)). The temporal profile across all model
RFs also exhibited clear similarities to the neural data, as characterized by a decaying power
profile (mean squared RF values over space, units and ∼ 40ms time spans) (Figure 2.3D).

We made an additional observation in our model, for which we found no prior reports in V1, by
identifying an exponentially-decaying relationship between the maximum spatial RF power and
the membrane time constant of a unit (which is not hard-coded but rather learnt) (Figure 2.3E).
The membrane time constant determines the operational timescale of a neuron, where neurons
with smaller membrane time constants operate on shorter timescales than neurons with larger
membrane time constants. Thus, translating our finding to the biology, suggests that V1 neurons
with a greater sensitivity to visual input operate on shorter timescales than neurons that exhibit
a weaker stimulus sensitivity.

In addition to simple cells, V1 is also distinguished by another significant category of cells known
as complex cells [12]. Like simple cells, complex cells are tuned for oriented edges and gratings.
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Fig. 2.4: A. Example simple cell-like unit, including its RF (I); optimal grating (II); response to its optimal
grating (III); and the average response of the unit over time plotted in relation to grating
orientation (in degrees) for gratings presented at the unit’s preferred spatial and temporal
frequency (IV). B. Example complex cell-like unit.

Unlike simple cells, however, complex cells are spatially invariant and respond to an oriented
pattern regardless of its precise location in the neuron’s RF. Using full-field drifting sinusoidal
gratings, we qualitatively identified units with response characteristics reminiscent of both simple
and complex cells. We observed unit responses to oscillate over time to the movement of their
optimal grating. Like simple cells, some model units displayed a high phase dependence with
pronounced variations in their response to grating movement [29] (Figure 2.4A). In contrast,
other units exhibited a larger mean response over time and were less influenced by the grating
phase, consistent with the description of complex cells [30] (Figure 2.4B).

We further quantified the distribution of simple and complex cell-like units in our model by
calculating their modulation ratio F1/F0. This ratio is defined as the quotient between the
amplitude of the first harmonic (F1) and the mean value (F0) of a unit’s response to its optimal
grating, with a value below one classifying a response as complex cell-like [224, 225]. The
distribution of modulation ratios in our model is bimodal (Figure 2.5A), which has similarly
been reported in V1 neurons of monkeys [226] and mice [28, 227]. Intriguingly, we found the
inhibitory units (median F1/F0 = 0.20) to exhibit more complex cell-like responses compared
to the excitatory units (median F1/F0 = 1.62) (p = 6.92 × 10−28; Mann-Whitney U test), a
difference also found between inhibitory and excitatory V1 neurons in mice [28].
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We also observed the model units to exhibit a similar orientation and direction preference to
those observed in V1 neurons in mice, as measured by the orientation selectivity index (OSI)
and direction selectivity index (DSI), respectively [28, 35] (see Methods). Both measures range
between zero and one, with a value of one corresponding to maximum selectivity. We found
most units to have strong preference for particular orientations (OSI > 0.5: 63%), with many
units exhibiting near complete selectivity, as has similarly been reported in mouse V1 neurons
(OSI > 0.5: 74%) [28] (Figure 2.5B). Capturing another difference between inhibitory and
excitatory mouse V1 neurons [28], we found the inhibitory units (median OSI = 0.03) to be
more broadly tuned than the excitatory units (median OSI = 1.00) (p = 2.79 × 10−30; Mann-
Whitney U test). We found the model units to be less selective for direction (DSI < 0.5: 91%),
as has similarly been reported for mouse V1 neurons (DSI < 0.5: 77%) [28] (Figure 2.5C).

We classified units into different functional response categories, classifying a unit as linear
(F1/F0 ≥ 1) or non-linear (F1/F0 < 1), and as orientation selective (OSI ≥ 0.5) or non-
orientation selective (OSI < 0.5) using the modulation ratio and OSI, respectively. The largest
functional response categories in the model for both the inhibitory and excitatory units were
the same as the largest functional response categories for inhibitory and excitatory neurons
in mouse V1 [28] (Figure 2.5D). Specifically, most inhibitory model units are non-linear and
non-orientation selective (86%), as are most inhibitory neurons in mouse V1 (60%), while most
excitatory model units are linear and orientation selective (66%), as are most excitatory neurons
in mouse V1 (layer 4) (67%).

2.2.4 Mirroring V1-cell physiology: membrane dynamics, connectivity and EI
balance

V1 is characterised by distinct physiological differences between inhibitory and excitatory neu-
rons, such as the timescales they operate at [25]; their connectivity statistics [23]; and their
balanced contribution of input currents received by other neurons [24, 119, 120]. We found
our model units to mirror these key differences between the inhibitory and excitatory neurons.
Inhibitory neurons tend to operate at shorter timescales than excitatory neurons, as captured by
differences in their membrane time constants. Mouse V1 inhibitory neurons exhibit a median
membrane time constant of 9.76ms, whilst excitatory mouse V1 neurons have a notably longer
median membrane time constant of 21.10ms [25] (p = 3.43 × 10−47; Mann-Whitney U test).
Similar to mouse V1, we found the inhibitory and excitatory model units to also operate at
different timescales, with the inhibitory and excitatory units having a median membrane time
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Fig. 2.6: A. Membrane time constant distribution of inhibitory and excitatory neurons in mouse V1 (layer
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plot the median and bootstrapped standard error, with statistical significance assessed using
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currents of an example model unit whilst inputting natural movie clips into the model. D.
Distribution of model global population EI balance over input clips (left) and distribution of
detailed EI balance over model units (right).
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constant of 11.97ms and 21.83ms, respectively (p = 1.31× 10−25; Mann–Whitney U test) (Figure
2.6A).

Excitatory V1 neurons have been shown to synapse more strongly onto inhibitory V1 neurons
than other excitatory neurons in mice [23] and rats [228], as measured by their excitatory
postsynaptic potential (EPSP) amplitude. We made a similar observation in our model, with the
excitatory units connecting more strongly with the inhibitory units than with other excitatory
units, as measured by their absolute connection weight (p = 0; Mann-Whitney U test) (Figure
2.6B).

A fundamental aspect in neurophysiology is the concept of cortical neurons receiving a balance
of excitatory and inhibitory (EI) synaptic currents, as reported in somatosensory cortex [117],
primary auditory cortex [118] and V1 [24, 119, 120]. This equilibrium is crucial for ensuring
stability in neural activity [123] and proper cortical function [122]. We qualitatively observed a
balance between the excitatory and inhibitory currents in the model units to held-out natural
input movie clips (Figure 2.6C). EI balance can be quantified as global when the average
excitatory and inhibitory currents are equal over time, and as detailed, when the excitatory
and inhibitory currents are coupled in time, in which each excitatory input to a neuron arrives
simultaneously with an inhibitory counterpart [121]. We found the model units to exhibit a
median global EI ratio of 0.77 over the held-out natural input movie clips (Figure 2.6D), where
an EI ratio below unity has similarly been reported in mouse V1 [120, 229, 230]. Furthermore,
we found the model units to exhibit a detailed EI balance, as indicated by a negative correlation
between the net-excitatory and net-inhibitory currents over clips and time across the model units
(median: −0.61) (Figure 2.6E).

2.3 Discussion

We have demonstrated that a spiking neural network model, when optimized to efficiently predict
future frames in natural movies using past population spike activity, captures several well-known
characterizations of V1 neurons. Namely, it captures their stereotypic RFs; their simple and
complex cell-like tuning; and - advancing upon previous modelling work - their spike statistics,
and key differences between excitatory and inhibitory neurons. Just like V1 neurons, we found
the model units to exhibit sparse and irregular spike activity with low correlation between units
in response to natural movies. Furthermore, capturing key differences between excitatory and
inhibitory V1 neurons, we found that - compared to the excitatory model units - the inhibitory
model units had a higher mean firing rate to natural movies; more complex than simple cell-like
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responses to drifting gratings; broader orientation tuning; operated on faster timescales, as
characterized by shorter membrane time constants; and received stronger connections from
excitatory units than the median connection strength between excitatory units.

2.3.1 Comparison to other visual models

Numerous normative models of V1 have previously been developed. We contrast these different
models to our work by their normative objective and their architectural implementation. There
exists a large body of prior work exploring the normative objective of V1, which attempts
to understand the functional role of V1 [125]: just as our livers have evolved to detoxify
various metabolites, has V1 evolved to perform a particular functional task? Examples of
such normative objectives are: efficient [147, 85] and sparse coding [150, 140, 231], which
suggests that V1 efficiently encodes sensory features under metabolic constraints; independent
component analysis (ICA) [232], which - applied to neuroscience - stipulates that V1 minimizes
redundancies in the stimulus by encoding independent features within sensory input [151, 211];
predictive coding, which posits that neurons remove statistical redundancies in the stimulus
by only signalling unpredictable features within sensory input [148, 141, 152, 161]; temporal
coherence [233], slow subspace analysis [212] and slow feature analysis (SFA) [143, 146], which
hypothesize that V1 encodes slowly varying features within the sensory stimulus; information
bottleneck [165], which - applied to neuroscience - suggests that V1 encodes sensory features
with maximum mutual information about the future, whilst minimizing information about the
past [167]; and temporal prediction, which posits that V1 predicts the immediate sensory future
from its past [106, 142, 168] (as explored in our work).

These different normative investigations have all accounted for certain properties of V1 neurons,
such as the Gabor-like RFs and simple and complex cell-like tuning. Direct comparisons between
these studies are, however, challenging, as they differ in their architectural implementation:
some models are based on spatial image input, whereas others have used spatiotemporal movie
input; some models are constructed as a hierarchy of layers, whereas others are constructed
using a single layer; and some models employ recurrent connections between units, whereas
others do not. What these studies do share in common, and in contrast to our model, is that they
omit key biological properties of V1 neurons, namely that neurons spike and are separated into
distinct subpopulations of excitatory and inhibitory neurons. Thus, these studies were unable to
contrast their models to V1 spike statistics and phenomena specific to excitatory and inhibitory
V1 neurons.
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Certain studies have developed spiking models of V1 with distinct subpopulations of excitatory
and inhibitory neurons. These models are able to capture V1-like spike statistics, motion tuning
properties like orientation and direction selectivity, and units that exhibit simple and complex
cell-like responses [213, 214, 215, 27, 216]. However, unlike our work, these investigations
did not learn the model parameters, but rather hard-coded them, and they do not capture
the tuning and physiological differences between the excitatory and inhibitory V1 neurons.
Furthermore, they do not make any claim regarding the normative objective of V1. Few works
have implemented the normative objective of sparse coding in a biologically realistic model of
spiking neurons [234, 97], with extensions into a network of excitatory and inhibitory spiking
neurons [235]. Unlike our work, these studies focus solely on the spatial RF tuning characteristics
of V1 neurons, yet fall short of demonstrating V1-like spike statistics, tuning properties, and
associated physiological phenomena.

2.3.2 Biological implementation and extensions of our model

The potential instantiation of our model in V1 can be understood through its biological mapping
onto the cortical circuit and the mechanisms by which the brain could acquire the necessary
synaptic and neural parameters to facilitate the objective of sensory prediction. Early studies
of the cortex have noted its laminar organization, espousing the view of the canonical cortical
circuit [236, 237] based on the presence within all neocortical areas of six different layers, each
with distinct types of neurons. Within this architecture, layer 4 is the main target for sensory
inputs from the thalamus. Similar to layer 4, our model consists of a single layer of spiking
units that receive direct sensory input. Thus, the units in our model most likely resemble the
neurons in layer 4 of V1. Other features reported for certain sensory cortical areas include their
columnar organization, with each column consisting of a small patch of neurons spanning the
cortical layers [238, 12]. In V1, this is supported by the existence of dense connections across
the cortical layers, with neurons in each layer all tuned to a similar region within the visual field,
as well as exhibiting other common properties, such as their orientation selectivity [239]. This
hints at the cortex implementing some form of distributed computation, where each cortical
patch may be performing a similar function. However, it remains unclear what that function
may be [239]. Like the putative columns of V1, our model also operates on a small patch of
visual input. Given that our model architecture resembles V1, and accounts for numerous V1
properties, we suggest that V1 may be performing some form of distributed sensory prediction -
with each V1 patch predicting its own sensory future - and that all V1 patches in unison predict
the future sensory input across the entire visual field.
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We could further explore the idea of V1 performing sensory prediction, by extending our model
to incorporate additional cortical circuit motifs. Extending our model to be multi-layered would
permit us to explore differences in unit tuning properties across layers, and contrast these
properties to layer-specific tuning characteristics in mouse V1 [28]. Furthermore, it would be
interesting to modify our model to be convolutional with lateral connectivity between groups of
units across space, like the horizontal connections that exist between groups of neurons in V1.
This would allow us to study how V1 might generate predictions of the sensory future over the
entire visual field, and what computational role horizontal connections might serve.

How the visual system instantiates its synaptic and neural parameters is a question that Hubel
and Wiesel had asked themselves many decades ago [240]: is the visual circuit hard-wired and
encoded in DNA, or rather determined by sensory experience and neural plasticity? We remained
agnostic to this question and set our model’s parameters using the backpropagation algorithm
[173], which incrementally adjusted the parameters, minimizing our model’s predictive-and-
metabolic cost function. Despite backpropagation sharing similarities with biological learning,
certain assumptions in the algorithm have been deemed as biologically incompatible [241,
242]. The reasons for this include the requirement of propagating error backwards through
the same synaptic weights used for the forward processing, a characteristic generally not
exhibited by real neurons [243]; additionally, backpropagation requires propagating global
error representations through layers, in contrast to neurons, which seem to primarily learn
through local interactions [244]. Several studies have since attempted to reconcile these issues,
showing how models can still learn using backpropagation without using the same weights for
forward and backwards propagation [245, 246, 247], and outlining theories of how global error
representations could be propagated within the brain [248, 249]. Although backpropagation is
considered to be biologically implausible, learning our model’s synaptic and neural parameters
using this algorithm is not necessarily an issue, as what we were interested in was the end result
of our model being optimized for sensory prediction, rather than how the model learns to predict
the sensory future.

It would be interesting to extend our work to incorporate biologically-plausible learning rules.
Certain aspects of V1 appear to be hard-wired [250, 251, 252, 253, 254], yet different visual
experiences (monocular deprivation [33], dark rearing [255, 256, 257] and frame-scrambled
input [258]) at early stages of life can lead to drastic changes in neural tuning in V1. Biologically
plausible learning rules may allow us to study such phenomena in our model. Furthermore,
they may allow us to better compare the artificial development of the model units with other
developmental characteristics of V1 neurons, such as the emergence of their spatial and temporal
tuning properties [34]. A starting point for such biological plausible learning rules might be to
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shift the predictive hypothesis from a systems-level to an individual neuron-level: rather than
optimizing population model units for prediction of future sensory stimulus, each model unit
could be optimized to predict its own future activity. Such learning objective has been argued
to be biologically implementable, and has been shown to result in realistic visual processing in
artificial neural networks [259, 260, 162].

Lastly, we could further enhance the biological realism of our model through additional modeling
extensions. V1 neurons are known to adapt, by decreasing their activity in response to a constant
input stimulus [261]. The adaptive leaky integrate-and-fire (ALIF) model captures the adaptive
nature of cortical neurons [110], providing more realistic neural dynamics over the LIF model.
Furthermore, inhibitory V1 neurons have been reported to be less adaptive than their excitatory
counterparts [262, 263]. Thus, implementing our model units to be adaptive would increase
the biological realism of our model and provide another mechanism of comparison between our
model and the biology. In our model, we assumed the effect of input current from one unit to
another to be instantaneous. However, in reality, synapses conduct current with a temporally-
decaying profile, where different types of synapses are governed by a fast or slow decay [264].
Extending our model to include learnable synaptic-like temporal profiles would not only enhance
its biological realism, but also offer more opportunities to contrast the model with the biology.

Further modeling improvements could be obtained by training our model at a finer temporal
resolution. We trained our model using natural movies recorded at 120Hz, resulting in a∼ 8.33ms
discretization step for emulating the LIF dynamics. This may not necessarily pose a problem,
as V1 neurons rarely spike more than once during a ∼ 8.33ms time window [218, 217, 27].
However, the neural simulation accuracy and biological realism of our model would be improved
by adopting a smaller discretization step of around ∼ 1ms - in line with the duration of the
absolute refractory period of a neuron [265, 266, 267] - in which a V1 neuron would spike at
most once. Training our model at such small discretization steps is not straightforward, due
to the increase in memory requirements and training times. Recent algorithmic advances may,
however, make such training possible [132, 128]. Finally, unlike V1, our model takes filtered
movie pixel values as input rather than spikes. It would be an interesting modelling extension
to transform the movie input into a spiking representation, and rather use this as input to the
model.

2.3.3 Predictions of our model

Our model makes a number of predictions regarding V1:
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RF sensitivity related to its timescale of operation: We identified an exponentially-decaying
relationship between the preferred-spatial-RF power and the membrane time constant across
the model units, suggesting that V1 neurons that are increasingly sensitive to the input stimulus
tend to also operate at faster timescales.

Physiological phenomena supports sensory prediction: The exact role of particular V1 physiologi-
cal observations remains unclear. Neurons in V1 are heterogeneous, exhibiting a wide range of
membrane time constant values among neurons, including differences between their excitatory
and inhibitory subtypes. Why such heterogeneity and differences exist remains unclear [268],
and has been hypothesized to support a range of objectives, such as efficient coding [269],
working memory [270] and robust learning [131]. Furthermore, neurons in V1 operate under
a balance of excitatory and inhibitory input currents, known to support network stability and
sensory processing [123, 122, 121], yet it remains unclear what functional role this might serve.
We predict that EI balance and heterogenous neural timescales in V1 may support the functional
objective of sensory prediction.

Different metabolic cost for excitatory and inhibitory V1 neurons: The emergence of the tun-
ing differences between the excitatory and inhibitory units in our model was hinged on the
assumption that inhibitory units had a lower metabolic cost than the excitatory units. The exact
metabolic costs of neurons [271, 272, 273] and their excitatory and inhibitory subtypes [274] is
still an ongoing area of investigation. We predict that V1 inhibitory neurons consume less energy
than their excitatory counterparts, per unit spike and per equal amounts of depolarization or
hyperpolarization, which will need to be tested in future experimental studies.

Visual processing is shallow: A long-standing view is that visual processing is hierarchical, per-
formed sequentially through a stack of layers. This view was inspired by original V1 anatomical
connectivity diagrams [14] and by findings of higher-level visual areas extracting more abstract
features than lower-level areas, such as V1 (e.g. extracting faces rather than edges) [275].
Contrary to this belief, the shallow brain hypothesis posits that the cortex is less hierarchical and
more shallow and parallel in design, with rich visual processing emerging via recurrent rather
than hierarchical processing [55]. Our model is consistent with the shallow brain hypothesis,
where we found a single hidden layer of recurrently-connected spiking units to capture non-linear
phenomena like complex cell-like responses, which have otherwise been argued to emerge from
hierarchical processing [276]. These observations may inspire a new breed of computer vision
models, which favour a recurrent over a hierarchical architecture, where the latter is considered
the current status quo [277].
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2.3.4 Applications of our model

Our model’s similarity to V1 makes it a promising candidate for studying vision on computers.
Traditional exploration of vision relies on experimental methods, which often involve significant
costs, extensive time commitments, and ethical concerns regarding animal use. Given that our
model captures many V1-like phenomena, it may exhibit other V1 processes yet to be discovered.
Thus, neuroscientists may utilize our model for probing and examining questions about V1 at
both the system and circuit level, so as to better refine the questions to be asked in animal
experiments and reduce the number needed.

Functional role of excitatory and inhibitory neurons: It would be interesting to further explore
the differences in the functional roles of excitatory and inhibitory V1 neurons in the context
of sensory prediction. While inhibitory neurons are recognized to contribute towards network
stability [278], they come at the significant cost of consuming approximately 25% of the cortex’s
energy budget [274]. Such large energy demands would hint at inhibitory neurons supporting
more than a homeostatic role, as is also suggested by their tuning differences compared to
the excitatory neurons [28]: but what may this be? Further exploration of our work could
inspect the future-frame prediction made from the excitatory and from the inhibitory units
separately, revealing possible qualitative differences in their sensory predictions. Additionally,
new questions could be explored if the ratio of excitatory to inhibitory units were shaped by
experience rather than hard-coded: Would inhibitory units naturally emerge? Would the learned
ratio align with that of V1? How would this ratio adapt to variations in our model’s metabolic-like
regularization?

Translational medicine: Our model might provide theoretical insights underlying certain vision-
related medical conditions. Some individuals experience photosensitive epilepsy, a condition
where specific visual triggers, like flashing lights, can induce seizures. Seizures are characterized
by abnormally high neural activity, presenting as a range of symptoms, such as loss of conscious-
ness and uncontrollable movements [279]. Photosensitive epilepsy is thought to originate in
visual cortex [280], resulting from either excessive activity of excitatory neurons or a lack of
activity in inhibitory neurons. However, the precise mechanisms underlying this condition remain
largely unclear [281]. It would be interesting to manually adjust our model’s connectivity to
either favour excitation or lessen inhibition, and see if seizure-like activity emerges in response
to flashes of light. Such experimentation may provide a starting point in the search for more
detailed explanations underlying the cause of seizure activity.
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2.4 Methods

2.4.1 Spiking V1 model

Training data

We used a publicly available dataset of natural movie recordings to train and validate our model
[282]. This dataset consists of 39 clips, of 9.6 second duration, of everyday objects and scenes
(e.g. a dog walking, a fish swimming, or a human’s view walking through nature), recorded
using different techniques (e.g. camera moving through space, panning through space or fixed
in space). We used 31 clips for training and 8 clips for validation. All clips are grayscale,
with a temporal resolution of 120Hz and a spatial resolution of 140 × 240px. To emulate the
transformation of the retina and thalamus, we bandpass filtered all clips, as done in other studies
[283, 106]. We also normalized the training and validation data by subtracting the pixel mean
and dividing by the pixel standard deviation of the training data, and finally clipped the absolute
pixel values to be no larger than 3.5 standard deviations. The training was performed using
randomly sampled 20× 20px spatial patches of temporally non-overlapping subsamples of 350ms
duration (i.e. 42 frames). Clips were also randomly flipped around the vertical axis to artificially
increase the training data [284].

Spiking neurons

We modeled the V1 cortical neurons as a single-hidden layer of N = 600 recurrently-connected
excitatory and inhibitory spiking units. The input current Ii[t] ∈ R to unit i at time step t is
derived from the bandpass-filtered input movie stimulus x ∈ RT×H×W (of T = 42 frames, and
spatial height H = 20px and spatial width W = 20px); model output spikes S[t− 1] ∈ RN from
the previous time step; and a bias term bi ∈ R.

Ii[t] = bi +
TE∑
t′=1

H∑
h=1

W∑
w=1

Wit′hwxhw[t− t′ + 1]︸ ︷︷ ︸
Feedforward current

+
N∑

j=1,j 6=i
W rec
ij Sj [t− 1]

︸ ︷︷ ︸
Recurrent current

(2.1)

The feedforward connectivityW ∈ RN×TE×H×W (of TE = 15 temporal frame span) linearly maps
the input movie stimulus into a feedforward current contribution (capturing the transformation of
the retina and thalamus); the recurrent connectivity W rec ∈ RN×N maps previous output spikes
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into a recurrent current contribution. We implemented all spiking units using the normalized and
discretized leaky integrate-and-fire (LIF) model, which evolves the model membrane potential
Vi[t] ∈ R of unit i at time step t using the following difference equation:

Vi[t] =
(
βiVi[t− 1] + (1− βi)Ii[t]

)(
1− Si[t]

)
(2.2)

During each time step, the membrane potential undergoes a decay governed by a factor βi. We
let each neuron learn its decay factor, and bounded values into the range (0, 1) to enforce correct
LIF dynamics [131]. The membrane potential resets to zero in the event of a spike occurring
in the preceding time step, which happens when the membrane potential reaches the firing
threshold (equal to one).

Si[t] =

1 if Vi[t] > 1

0 otherwise
(2.3)

Finally, at every time step t, a prediction of the future spatial movie frame ŷ[t] ∈ RH×W was
generated (with ŷhw[t] ∈ R denoting the predicted pixel value). This was achieved by linearly
mapping a span of TD = 2 temporal frames of proceeding spike activity using projection weights
P ∈ RN×TD×H×W , plus a bias bproj ∈ R.

ŷhw[t] = bproj +
N∑
i=1

TD∑
t′=1

Pit′hwSi[t− t′ + 1] (2.4)

V1 latencies

There is a minimum neural response latency from the retina to V1, of at least ∼ 30− 40ms in
mice and monkeys [102, 103, 100, 101], where latencies can significantly vary between neurons
[285]. We modelled the transduction and transmission latency to V1, by zero-masking the first 5
spatial frames (i.e. 42ms) within the feedforward connectivity tensor W .

Neural noise

Cortical V1 neurons do not respond with identical spike trains to repeated visual stimulus
presentations. One of the reasons for this is neural noise. We include two stereotypical neural
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noise sources within our model. Firstly, we modeled the noisy photoreceptors in the retina [286],
by adding Gaussian sampled noise to the bandpass-filtered movie clips εp ∼ N (0, 0.22). Secondly,
we modeled the synaptic noise of cortical V1 neurons [287], by multiplicatively perturbing the
input current Ii[t] of every unit i at time step t using Gaussian sampled noise εg ∼ N (0, 0.62).

Ĩi[t] = Ii[t](1 + εg) (2.5)

Dale’s law: Enforcing units to be inhibitory or excitatory

Approximately 15− 20% of cortical V1 neurons are inhibitory in mice, cats, and monkeys [112,
113, 114, 23]. We assigned 15% of the model unit population to be inhibitory, resulting in
NI = 90 inhibitory units and NE = 510 excitatory units. We enforced a neuron to be excitatory
(or inhibitory), by taking the absolute value of every weight in the recurrent weight matrix W rec ,
and appropriately negating connection weights from unit j to i. All outwards connection weights
from unit j are either positive (i.e. excitatory) or negative (i.e. inhibitory).

W rec
ij =

−|W
rec
ij | if j < NI

|W rec
ij | otherwise

(2.6)

Weight initialisation

The initial weights for feedforward (W ), recurrent (W rec), and projection (P - i.e. the readout
weights) connections were randomly generated from a uniform distribution U(−k, k), where
k was determined as k = 1√

TEHW
for feedforward weights, k = 0.1√

N
for recurrent weights,

and k = 1√
NTD

for projection weights. Additionally, all initial membrane time constants were
uniformly set to 20ms (denoted as βi ≈ 0.81), and the initial bias terms were uniformly initialized
to zero.

Loss function

We trained the model by minimising loss Ltotal, comprised of prediction loss Lnormative and
metabolic loss Lmetabolic. The prediction loss measures the similarity between the predicted and
target future movie frames, and the metabolic loss measures the approximated physiological
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energy utilization of the network. We weighted this loss by hyperparameter λ = 10−2.75, which
we selected to produce the most V1-like receptive fields.

Ltotal = Lprediction + λ
(
γtransmissionLinput + (1− γtransmission)Lspiking

)
︸ ︷︷ ︸

Metabolic loss Lmetabolic

(2.7)

We computed the prediction loss Lprediction as the mean squared error (MSE) between all
predicted spatial movie frames ŷ and target spatial movie frames y ∈ RH×W . The calculation was
performed by taking the average over all batch samples B (omitted here for brevity), simulation
steps T (starting from simulation step t0 to allow unit membrane potentials to depolarize
sufficiently, i.e. to enable network warm-up), and spatial dimensions H (height) and W (width),
both which were cropped by c pixels on all sides.

Lprediction = 1
(T − t0)(H − c)(W − c)

T∑
t=t0

H−c∑
h=c

W−c∑
w=c︸ ︷︷ ︸

Avg. over time and space

(ŷhw[t]− yhw[t])2

︸ ︷︷ ︸
MSE

(2.8)

We defined our metabolic-like loss Lmetabolic as the average synaptic-like transmission over all
the model weights, where synaptic transmission has been noted to require significant energy
within cerebral cortex [274]. We defined the synaptic-like transmission of a single model weight
as its absolute value, multiplied by the absolute value of every input value, summed over all time
steps. To account for the large energy utilization of spikes [288], we weighted the synaptic-like
transmission resulting from the spikes (Lspiking) differently to the synaptic-like transmission
resulting from the input (Linput), using hyperparameter γtransmission = 0.3. We also assumed
the metabolic-like cost of the excitatory and inhibitory units to differ, with the inhibitory units
consuming more energy than excitatory units, captured by hyperparameter γtype = 0.1.
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Linput = γtypeLinhibitory-input + (1− γtype)Lexcitatory-input (2.9)

Lspiking = γtypeLinhibitory-spiking + (1− γtype)Lexcitatory-spiking (2.10)

Linhibitory-input = 1
NIT

NI∑
i=1

T∑
t=1︸ ︷︷ ︸

Avg. over inhibitory units and time

(
|bi|+

TE∑
t′=1

H∑
h=1

W∑
w=1
|Wit′hw||xhw[t− t′ + 1]|

)
︸ ︷︷ ︸

Afferent synaptic cost

(2.11)

Lexcitatory-input = 1
NET

N∑
i=NI

T∑
t=1︸ ︷︷ ︸

Avg. over excitatory units and time

(
|bi|+

TE∑
t′=1

H∑
h=1

W∑
w=1
|Wit′hw||xhw[t− t′ + 1]|

)
︸ ︷︷ ︸

Afferent synaptic cost

(2.12)

Linhibitory-spiking = 1
NIT

NI∑
i=1

T∑
t=1︸ ︷︷ ︸

Avg. over inhibitory units and time

( N∑
j=1,j 6=i

|W rec
ij |Sj [t− 1]

)
︸ ︷︷ ︸

Recurrent synaptic cost

(2.13)

+ 1
THW

T∑
t=1

H∑
h=1

W∑
w=1︸ ︷︷ ︸

Avg. over time and space

( NI∑
i=1

TD∑
t′=1
|Pit′hw|Si[t− t′ + 1]

)
︸ ︷︷ ︸

Efferent synaptic cost

(2.14)

Lexcitatory-spiking = 1
NET

N∑
i=NI

T∑
t=1︸ ︷︷ ︸

Avg. over excitatory units and time

( N∑
j=1,j 6=i

|W rec
ij |Sj [t− 1]

)
︸ ︷︷ ︸

Recurrent synaptic cost

(2.15)

+ 1
THW

T∑
t=1

H∑
h=1

W∑
w=1︸ ︷︷ ︸

Avg. over time and space

( N∑
i=NI

TD∑
t′=1
|Pit′hw|Si[t− t′ + 1]

)
︸ ︷︷ ︸

Efferent synaptic cost

(2.16)

(2.17)

Surrogate gradient descent

We trained the spiking models using a variation of the backpropagation algorithm [173], called
surrogate gradient descent [198]. Here, to enable smooth gradient flow during training, a
well-behaved function was employed as a replacement for the gradient of the non-differentiable
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Heaviside step function. We adopted the fast sigmoid function, which has been shown to perform
well in practice [194, 133].

∂Si[t]
∂Vi[t]

= (10|Vi[t]− 1|+ 1)−2 (2.18)

We conducted all training using the Adam optimizer [289], employing its default parameters. The
training spanned 1200 epochs with an initial learning rate set to 10−4, which was subsequently
reduced by a factor of 0.2 at epoch count 200, 600, and 800. We performed training using a batch
size of 1024 and saved model weights whenever a new minimum training loss was achieved.

2.4.2 Spike analysis

For all the spike analysis, we used the model output spike trains resulting from 5000 randomly
sampled input movie clips from the held-out test set not used for training. To be comparable
with the analysis of [27], we calculated all spike statistics using a time window of 2s with a
step size of 0.2s. In the main-text results, we only included model activity resulting from a clip
if its mean activity (averaged over units and time) was within 1.5 standard deviations of the
mean population activity (over all test clips and units). This criterion resulted in 3252 clips being
included in the analyses. See Supplementary material for the spike results calculated using all of
the test clips.

Firing rate

Every spike train was mapped to a firing rate, by counting the total number of spikes and dividing
by the spike train duration.

Coefficient of variation

We quantified the variability of the spike pattern in each spike train by calculating the coefficient
of variation of the interspike interval CV(ISI), which is defined as the ratio between the standard
deviation and the mean of the interspike intervals [110]. A CV (ISI) < 1 corresponds to a more
regular firing pattern than a CV (ISI) > 1. As done in [27], we only calculated CV(ISI) values
for a given spike train if it had at least three spikes.
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Neuron synchronization

We quantified the correlation between different unit spike trains by calculating the mean cross-
correlogram between the spike trains of randomly-sampled unit pairs. This measures the average
correlation ρ̂[τ ] between the spike trains s1 and s2 of different units for varying temporal lag τ ,
defined as:

ρ̂[τ ] = Es1,s2

[E[(s1[t]− µs1)(s2[t− τ ]− µs2)]
σs1σs2

]
(2.19)

We sampled 400 random unit pairs for this calculation. Furthermore, we binned the spike
trains with a bin size of 25ms before calculating the correlations, in order for our analyses to be
comparable to [27].

2.4.3 Receptive field analysis

Spike-triggered average

We estimated the spatiotemporal receptive field of every unit using a spike-triggered average,
using responses to 1000 spatiotemporal white-noise input clips of 100-frame duration. Clips were
generated by sampling each pixel from a Gaussian distribution with a standard deviation of
σ = 10.

Fitting Gabors

We fitted a Gabor function [105] to the RF of every unit to quantify its tuning properties. The
Gabor function has been shown to provide a good approximation for most RF spatial aspects [31,
32] and provides a quantitative measure to compare the RFs of the model with the RFs of V1
neurons. The 2D Gabor function is defined as:

G(x̂, ŷ) = A exp
(
−
(

x̂√
2σx

)2
−
(

ŷ√
2σy

)2)
cos(2πfx̂+ φ) (2.20)

where spatial coordinates (x̂, ŷ) are obtained by translating the centre of the RF (x0, y0) to (0, 0)
and rotating the RF by its orientation θ:

x̂ = (x− x0) cos(θ) + (y − y0) sin(θ)

ŷ = −(x− x0) sin(θ) + (y − y0) cos(θ)
(2.21)
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The amplitude of the Gaussian envelope is defined by A, whereas parameters σx and σy define
the Gaussian envelope width along the x̂ and ŷ axes, respectively. Parameters f and φ define the
spatial frequency (in cycles/pixel) and phase of the sinusoidal grating along x̂. We optimized the
Gabor parameters for each model unit RF by minimizing the mean squared error between the
corresponding Gabor function and its respective model RF. To avoid local minima during fitting,
we performed each Gabor fit in the spectral domain, by transforming the model RFs and Gabors
using a 2D Fourier transform [31, 106]. We then used the resulting parameters to continue the
fitting procedure in the spatial domain. We excluded units which had a poor fit (correlation
coefficient < 0.7, 445 units), whose fit was based on very few pixel values (Gaussian envelopes
σx < 0.5 or σy < 0.5, 367 units), and whose Gabor’s tail was only being fitted to ((x0, y0) outside
of the RF, 6 units). This resulted in 111 out of 600 units with a sufficient fit, having a median
pixel-wise correlation coefficient of 0.85.

Spatial receptive field properties

Power. The power of a RF is defined as the mean of the squared values of the RF over a span of
time (as in Figure 2.3D) or at a point in time (as in Figure 2.3E) [106].

Structure. The structure of a RF is characterized by two variables nx = σxf and ny = σyf ,
which give a measure of the number of oscillations of its sinusoidal component and the length of
the bars in the RF, respectively [32]. Blob-like RFs lie close to the origin in the nx−ny plane, the
number of bars increases along the nx axis, and the RF bar-length increases along the ny axis.

Phase. The phase of the sinusoidal component of a RF, mapped into the range [0 − π
2 ] using

φ̂ = arg(| cosφ| + i| sinφ|), gives a measure of the RF symmetry, with an RF having an even
symmetry when φ̂ = 0 and an odd symmetry when φ̂ = π

2 [32].

Estimating space-time separability

Spatiotemporal RFs are either space-time separable or inseparable, with space-time separable
RFs tuned to flashing and moving bars, and space-time inseparable RFs tuned to direction of
movement. Space-time separable spatiotemporal RFs can be represented as a product of a
spatial and temporal function and space-time inseparable spatiotemporal RFs cannot [62]. We
classified the space-time separability of model unit RFs using the singular values of a singular
value decomposition (SVD), as done in [106]. We flattened the spatial dimensions and removed
the transmission latency time steps for each model unit RF, and took the SVD of the resulting
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matrix. If the ratio between the second and first singular value was < 0.5, the RF was deemed
space-time separable; otherwise, the RF was deemed space-time inseparable.

2D spatiotemporal receptive fields

The 2D spatiotemporal RF illustrates the temporal evolution of the spatiotemporal RF [34].
This view was constructed by translating and rotating every spatial RF by the position and
rotation that centres the spatial RF of the largest power, placing all oriented bars parallel to
the y-axis. Next, all spatial RFs were flattened along the y-axis and concatenated, resulting in
a 2D spatiotemporal RF. This new view can qualitatively inform us about the temporal phase
(through polarity changes in the flattened spatial structure) and separability (through shifts in
the flattened spatial structure) of a spatiotemporal RF.

2.4.4 Motion tuning

Virtual physiology

We constructed model unit responses to drifting full-field sinusoidal gratings, varying in orienta-
tion (from 0◦ to 360◦ in 5◦ increments), spatial frequency (ten values evenly spaced from 0.01 to
0.2 cycles per pixel), and temporal frequency (1, 2, 4, and 8Hz), each with an amplitude of ±1.
Each grating clip, lasting 3 seconds, was presented to the model four times. We calculated the
firing rate of each model unit by averaging responses over clip repeats and convolving with a
Gaussian kernel (σ = 72ms) [62]. For each model unit, we computed its mean firing rate over
each grating clip, and constructed a 3D mean-firing tuning space (over orientation, spatial, and
temporal frequency), with the optimal grating (defined by its orientation, spatial and temporal
frequency) eliciting the largest mean firing rate. We only included responsive units in the analysis
(552 out of 600), which had an optimal response no less than 5% of the mean optimal response
over all model units.

Modulation ratio

We measured the modulation ratio F1/F0 of each model unit by taking the Fast Fourier Transform
(FFT) of each unit’s response to its optimal grating and calculating the ratio between the
amplitude of the first harmonic (F1) and DC component (F0). A unit with a modulation ratio

2.4 Methods 56



below one is considered complex cell-like, whereas a unit with a modulation above one is
considered simple cell-like [224, 225, 28].

Orientation and direction selectivity

We calculated the orientation selectivity index (OSI) and direction selectivity index (DSI) for
each unit, which quantify a unit’s preference for stimulus orientation and direction of motion,
respectively [28, 35]:

OSI =
Rorient

pref −R
orient
orth

Rorient
pref +Rorient

orth

(2.22)

DSI =
Rdir

pref −R
dir
non-pref

Rdir
pref +Rdir

non-pref

(2.23)

Both metrics are calculated using the mean unit responses to gratings at a unit’s preferred spatial
and temporal frequency. Rorient

pref = Rdir
pref is a unit’s mean response to a stimulus in its preferred

orientation and direction, and Rorient
orth and Rdir

non-pref are the mean responses in the orthogonal
orientation and opposite direction to the preferred direction, respectively. A value close to
zero corresponds to less selective responses, and a value closer to one corresponds to greater
selectivity for both measures.

2.4.5 Physiology analysis

Calculating membrane time constants

The membrane time constant τ of every model unit is obtained from the decay factor β in the
LIF Equation using the following relation:

τ = −∆t
ln(β) (2.24)
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EI balance

Using the held-out test dataset of natural movie stimuli, we calculated the net-excitatory (Exi)
and net-inhibitory (Ini) input current to each model unit i at time step t as:

Exi[t] = max(0, Ii[t]) +
N∑

j=NI ,j 6=i
W rec
ij Sj [t− 1] (2.25)

Ini[t] = min(0, Ii[t]) +
NI∑

j=1,j 6=i
W rec
ij Sj [t− 1] (2.26)

The net-excitatory and net-inhibitory currents were derived from the excitatory and inhibitory
units, respectively, with the feedforward current Ii[t] being classed as either excitatory or
inhibitory at a given time step, depending on its sign value. From this, we calculated the global
EI balance of a model unit as: ∑

t

Exi[t]∑
t

|Ini[t]|
(2.27)

with the excitatory and inhibitory current time series for each input clip concatenated over
time. We calculated the detailed EI balance of every model unit by first convolving each current
time series using a Gaussian kernel (σ = 42ms) and then calculating the resulting correlation
between the smoothed inhibitory and excitatory current time series (with both time series
concatenated over time for each input clip). We smoothed the current time series to emulate
synaptic conductance [110], finding the non-smoothed excitatory and inhibitory current time
series of units to otherwise be uncorrelated (median CC of 0.02).

Supplementary
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Fig. 2.7: Spike statistics from Figure 2 recalculated using all of the input clips without filtering. A. Firing
rate distribution of the model units and monkey V1 neurons. B. Difference in the model’s firing
rates between the inhibitory (In) and excitatory (Ex) units. Bars plot the mean and standard
error over units and input clips, with statistical significance assessed using the Mann-Whitney U
test (***p < 0.001). C. Coefficient of variation of the interspike intervals CV(ISI) distribution of
the model units and monkey V1 neurons. D. Cross-correlogram of the model units and monkey
V1 neurons. Monkey V1 data in all plots was obtained from [27] in response to monkey’s
watching segments of the Star Wars movies.
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Crystal balls as eyes: retina
optimised for prediction across
animal species

3

3.1 Introduction

Retinal ganglion cells (RGCs) respond to different patterns of light [9, 10] and send a ∼ 100-fold
downsampled representation of the visual world to the brain [86]. It remains a contentious
question what information this pattern of activity represents. One hypothesis posits that the
retina efficiently compresses incoming light into a downsampled neural code [68, 202, 203, 204,
205] - like a camera capturing incoming light. Another hypothesis is that the retina efficiently
signals features within sensory input that are predictive of the future [206, 207, 208, 209] - like
a crystal ball foretelling the future.

Normative models provide a commonly used approach for exploring such coding questions [62,
125]. Here, a model of the retina is optimized for a particular goal (e.g. efficient compression
or prediction), and the resulting phenomena within the model are compared for similarity
to the biology. Previous work has explored the efficient compression of natural images in
models employing units that output firing rates [68, 202, 203, 204, 205]. These models
have successfully captured the different types of retina-like spatial RFs and their mosaic-like
organizations. However, these models lack particular biological realism, such as the spiking
non-linearities of RGCs and their recurrent interactions [72]. Modelling spikes are important as
they play an important role in sensory transmission through the retina encoding stimuli using the
relative timing of spikes [201]. Furthermore, these models have not been shown to capture more
complex retinal processes, such as stimulus-omission [93, 210] and motion-anticipation [92]
responses or differential motion tuning [91]. Most importantly, and pivotal to the compression
versus prediction dichotomy, it remains unclear to what extent a model optimized for prediction
compares to the retina.

To address these shortcomings, we developed a spiking retinal model, trained on natural movies
under metabolic-like constraints, to either encode the present or to predict the future, from recent
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Fig. 3.1: A. Schematic of the retinal circuit with its different cell types (P=Photoreceptor, H=Horizontal
cell, B=Bipolar cell, A=Amacrine cell, G=Ganglion cell) and respective connections, with the
arrow heads indicating the flow of visual information. B. Schematic of the retinal model. The
model takes a sequence of movie frames as input and linearly transforms these into an input
current fed into a single hidden layer of recurrently-connected spiking LIF units. Photoreceptor-
like noise was added to the input image and ganglion-cell-like noise was added to the input
current. The spike output of these units was used to linearly construct a projection, either
of the present or the future, of the input stimulus. The linear transformation approximates
the transformation of the pre-ganglionic cells in the top grey box in A., and the recurrently-
connected spiking units model the ganglion cells, and their interactions with the amacrine cells,
in the bottom grey box. C. Example activity traces of one of the LIF units over time: input
current I charges the membrane potential V and elicits a spike if the firing threshold (dotted
line) is crossed.

spike activity. Like prior normative investigations, we found our spiking model optimized for
prediction to capture retina-like RFs and their spatial organizations. Extending previous studies,
we found that our model also exhibited retina-like latency coding [201] and spike statistics in
response to natural images and movies. Furthermore, the predictive model captured complex
retinal processes of motion tuning and stimulus omission. In contrast, the model optimized
for efficient compression did not account for complex retinal processes like stimulus omission
responses [93, 210]. Notably, we found the model optimized for prediction to more accurately
predict RGC responses across different animal species to both natural images and movies. Our
findings suggest that the retina in mammals and amphibians has evolved to supply the brain
with temporally-predictive features about the visual world.
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3.2 Results

3.2.1 The spiking retinal model

The retina consists of three cellular layers: the photoreceptors (which transduce light), the
bipolar cells (an intermediate cell layer), and the ganglion cells (the spiking output layer),
interspersed by the horizontal and amacrine cell inhibitory interneurons [72] (Figure 3.1A). We
modelled this circuit, using a single hidden layer of recurrently-connected spiking units (Figure
3.1B), where the spiking units are akin to the ganglion cells. All spiking units were modelled
using the leaky integrate-and-fire model [110], which captures the key biophysical nature of real
neurons: integrate incoming current, and fire a spike when the firing threshold is reached (Figure
3.1C). Pre-ganglionic cells (the photoreceptors, horizontal and bipolar cells) appear to mostly
respond to incoming light in a linear fashion [290]. We thus opted to model their transformation
using a linear mapping, whose output was fed as input current to the ganglion-like spiking
units. Similar to prior modelling work [291], we included recurrent connectivity to capture the
interactions between ganglion cell types, arising from electrical synapses between ganglion cells
[292, 293] and electrical and chemical synaptic connections between ganglion cells via amacrine
cells [292, 72].

We also noise-perturbed the input stimulus and each unit’s membrane potential with Gaussian
noise, to capture the noise characteristics of the photoreceptors and ganglion cells [286, 294]. We
chose these noise sources so that the model’s spike train variability matched that of the ganglion
cells across repeated stimulus presentations. As in the retina, the model’s spike trains were almost
identical in response to uniform full-field illumination with randomly varying intensity over
multiple repeats [295, 86] (see Supplementary material), and the model’s response variability
was sub-Poisson with Fano factors mostly below unity [295, 296, 76] (see Supplementary
material).

The model was trained on diverse natural movies, with the objective of estimating a spatial
frame Toffms into the future, or at the present, using a linear readout from past spike activity.
We explored different prediction offset values Toff to examine if an encoding (Toff = 0ms) or
predictive (Toff > 0ms) objective better captures the sensory processing of the retina. Lastly,
we regularized the model’s connectivity during training using a metabolic-like cost function,
which penalized individual synaptic-like connections by their cost in energy, approximated as
the absolute value of a connection weighted by its incoming activity over time (see Methods).
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Unless otherwise mentioned, we report our results using the model optimized for prediction of
Toff = 128ms into the future.

The model, metabolic regularization function, training dataset and training procedure in this
chapter are similar to that of the previous chapter. However, the results in this chapter differ
from those of the previous chapter. This is primarily due to the chosen level of regularization and
movie filtering. In contrast to the V1 model, the retinal model employed a stronger metabolic
regularization and no movie filtering. In addition, there are some minor modelling differences
between the spiking models, where the V1 model has separate populations of excitatory and
inhibitory units - a constraint that was not imposed on the retinal model. Furthermore, the input
data to the retinal model was also perturbed with some added Gaussian noise to emulate the
noisy photoreceptors, which the V1 model did not include.

3.2.2 Retina-like spike statistics to natural images and movies

We compared the spike activity of the model units to the RGC activity across different animal
species in response to natural images and movies. Here, we used publicly available recordings
from the retina in macaque, marmoset, mouse and salamander [297, 69, 76]. We found our
model to exhibit similar spike activity to the RGCs across the different animal species. The
retina qualitatively exhibits more sparse and regular firing activity in response to natural images
[76] (Figure 3.2A) compared to natural movies [69] (Figure 3.2B). We found our model to also
qualitatively exhibit similar firing patterns to the different types of input.

We quantified the sparsity and variability in the spike responses to the natural images and
movies across the different animal species and the model. We measured the spike response
sparsity and variability by respectively calculating the mean firing rate and the mean coefficient
of variation of the interspike interval CV(ISI). The CV(ISI) measures the variability in a spike
train, where CV (ISI) < 1 corresponds to a more regular firing pattern than CV (ISI) > 1
[110] (see Methods). Both the mean firing rate and CV(ISI) are lower across the animal species
in response to the natural images (Figure 3.2C), than to the natural movies (Figure 3.2D).
Similarly, we found the model units to exhibit a lower firing rate (images 8.27Hz vs movies
17.27Hz; p = 6.51 × 10−14, Mann-Whitney U test) and CV(ISI) (images 0.38 vs movies 1.91;
p = 2.19 × 10−166, Mann-Whitney U test) to the images compared to the movies. We used
the same image dataset from the salamander recordings [76] to quantify the model’s response
statistics to natural images, and used our held-out movie test set to calculate the model’s response
statistics to natural movies.
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Fig. 3.2: A. Raster plot from the salamander retina (top) and the model (bottom) to the same natural
images (left). B. Raster plot from the mouse retina (top) and the model (bottom) to the same
natural movies (left). C. Left: Mean firing rate of RGCs from different animals (blue) and model
units (orange) to natural images. Right: Corresponding mean coefficient of variation of the
interspike intervals CV(ISI) of the neurons and model units to the natural images. D. Same as C.
but with the statistics instead calculated using the responses to natural movies. The salamander
data was obtained from [76]; the macaque image and movie data was obtained from [297],
and the marmoset and mouse movie data was obtained from [69]. The number of model units
was randomly sampled for plots A. and B. to match the number of neurons.
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3.2.3 Emergence of major retina-like cells

We analyzed the functional type of each model unit, just like one would categorize the functional
types of RGCs [76], by mapping the spatiotemporal receptive fields (RFs) of the model units
using a spike-triggered average to white-noise. We fitted a 2D Gaussian function to each unit’s
spatial RF and projected the spatial RF size and dimensionality-reduced RF temporal profile onto
a 2D scatter plot. We then separated the units into functional groups using k-means clustering
(see Methods).

We found the model units to separate into four functional classes (Figure 3.3A), each resembling
one of the major cell types found in the primate retina, which together constitute over 95% of
the ganglion cells in the central retina [74]: ON parasol and midget cells and their OFF type
counterparts [298, 74] (Figure 3.3B). Just like in biology, we found the parasol-like units to
have a larger spatial structure and a more biphasic temporal profile than the midget-like units
[299, 75]. We also found the model parasol- and midget-like units to respond similarly to their
biological counterparts in response to flashes of light (Figure 3.3C): the ON and OFF parasol-like
units responding with a transient burst of spikes to changes in light intensity, and the ON and OFF
midget-like units responding with a sustained train of spikes (with the ON-type cells responding
to the light onset, and the OFF-type cells responding to the light offset) [80, 81]. As reported in
the retina across different animal species [83, 82, 84], we found the RFs of the different unit
types in the model to tile visual space, forming mosaic-like organizations (Figure 3.3D). We
also found fewer parasol- than midget-like units, and fewer ON- than OFF-type units within the
model (Figure 3.3E). This aligns with experimental reports of midget cells being more plentiful
than parasol cells [74, 79], and OFF-type cells occurring more frequently than ON-type cells [78,
75]. Lastly, the model units exhibit a heterogeneous membrane time constant distribution on
the scale of tens of milliseconds, which has similarly been reported for cat RGCs [300] (Figure
3.3F).

3.2.4 Texture, differential and anticipatory motion selectivity

We quantified the tuning characteristics of the model units and found the units to exhibit various
well-known motion-tuning characteristics of RGCs. Various ganglion cells across animal species
have been reported to be selectively tuned to the orientation and direction of moving objects,
with a preference for motion along the cardinal axes [301, 88, 89, 302, 303, 90, 304, 305].
Similar to the biology, we found some units to be selective for orientation (11.75% of units with
OSI > 0.5) and some selective for direction (2.5% of units with DSI > 0.5), with a preference
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Fig. 3.3: A. Scatter plot of model unit RF diameter (obtained from a 2D Gaussian fit) vs the first principal
component of the dimensionality-reduced RF temporal profile, with the spatiotemporal RFs
obtained from a spike-triggered average to white-noise. Separate colours and shapes denote
distinct functional groups (obtained using k-means clustering) with red and blue colours
denoting ON- and OFF-type units, respectively, and crosses and dots denoting parasol- and
midget-like units, respectively. Sample 2D spatiotemporal RFs from each group are plotted
below: left are ON-type units, right are OFF-type units, top are parasol-like units and bottom
are midget-like units. B. Example spatial RFs, with corresponding temporal profile plotted
below, from the macaque retina [68] (left) and the model (right). C. Light-flash responses of
the model units depicted in B. (yellow rectangle denotes the duration of the flash of light). D.
RF mosaics of the different model unit types (top) with the corresponding RF mosaics of the
different marmoset ganglion cell types [69] (bottom). E. Left: number of model units that are
parasol- and midget-like. Right: number of units which are ON- and OFF-type. F. Membrane
time constant distribution over all model units.
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Fig. 3.4: A. Top left: model unit orientation- and direction-selectivity distributions (values closer to unity
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Right: sample tuning curves of an orientation-selective and direction-selective unit. B. Spike
raster of a model motion-sensitive unit, with no response to a stationary grating of high spatial
frequency (top), and a response to the grating moving upwards (bottom). C. Spike raster of
an object-motion-sensitive model unit, with no clear response to the grating moving over the
entire visual space (top), and a stronger response to the same grating moving spatially localized
within the model unit’s RF (bottom). D. Top: responses of a single model unit, and a single
salamander and rabbit retinal ganglion cell to a briefly flashed bar (∼ 15ms) within their RFs.
Bottom: Anticipation-like responses in the same model unit and RGCs to a rightward moving
bar (∼ 0.44mm s−1 - see Methods) before the bar crosses the RFs. The bars were aligned at time
zero and error bars denote the s.e. over repeated stimulus presentations, with the salamander
and rabbit data adapted from [92].
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for motion along the horizontal and vertical axes (Figure 3.4A). A well-known class of ganglion
cells, known as Y-type cells (∼ 3% of ganglion cells in cats [306]), are tuned to the general
motion of textures of high spatial frequency, but not their static presentation [307, 308, 309,
72]. Similar to these neurons, we found units in the model (5% of units) that did not respond to
a stationary grating of high spatial frequency (for each unit’s preferred orientation), yet fired
as soon as the grating moved (Figure 3.4B). Some ganglion neurons, known as object-motion-
sensitive (OMS) cells, exhibit differential motion selectivity, where a neuron remains silent when
an image (or grating) moves across the retina, yet fires if the motion in the RF centre differs from
the wider surround (e.g. by masking out the wider surround) [89, 310, 91, 311]. We also found
such OMS tuning in some of the model units (Figure 3.4C). Certain ganglion cells have been
characterized to have an anticipation-like response to moving objects (like a bar moving left or
right), where the neuron fires even before the object crosses the neuron’s RF, whereas there is a
delayed response to simply flashing the bar onto the RF [92]. Similarly, we found certain units
in our model to also have an anticipation-like response to a moving bar (Figure 3.4D).

3.2.5 Emergence of a relative spike latency code and stimulus omission
responses

A contentious and open question in neuroscience is how neurons transmit information using their
spikes [264]. This has historically been cast as a code of two extremes, where neurons either
communicate using a number of spikes (i.e. a rate code) or the timing of spikes (i.e. a temporal
code). Most acknowledge that these strategies are not necessarily mutually exclusive [312],
and that different neurons likely employ different coding strategies depending on their location
within the nervous system. In the retina, there is strong evidence that certain RGCs employ a
temporal-like code, encoding the onset of a new visual scene using the relative timing of the first
spikes. Reconstructing natural images from such a differential spike latency of fast OFF ganglion
cells, rather than their spike counts, qualitatively results in a clearer image reconstruction
[201]. We examined these coding strategies in our model and similarly found a rate-based
reconstruction to qualitatively be more blurry, noisy and with erroneously overemphasized
edges than a latency-based reconstruction (Figure 3.5A). A differential spike latency code can
transmit new visual information using very few spikes, which is energy efficient and fast. This is
particularly important, as our gaze only remains fixed for a fraction of a second, before rapid
saccadic eye movements, induce a new visual scene onto our retina [313, 314].
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images from noise-corrupted inputs using a linear transformation of the population model
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Bottom: illustration of noise-corrupting the input images. C. Example image reconstructions
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Most of our understanding of the retina’s neural code is at a single-cell level based on responses
to artificial stimuli, like drifting gratings [72, 315]. It is less well understood how the different
neural coding strategies encode natural stimuli from the population activity. Additionally, it
remains to be understood how the different coding strategies compare to each other in the
presence of varying levels of noise. This is important, as the retina likely employs a noise-robust
coding strategy, given the ubiquity of noise in the retina and the visual environment [288].
To explore this, we tested how well we could reconstruct natural images, by inputting their
noise-corrupted counterparts into the model, and linearly decoding the images from the resulting
rate and latency codes of the population model spike activity. We found the latency-decoding
strategy to more robustly decode the noise-corrupted natural images than the rate-decoding
strategy (Figure 3.5B), qualitatively producing clearer image reconstructions, even under high
levels of noise corruption (Figure 3.5C).

Certain ganglion cells in the salamander and mouse retina have been reported to exhibit an
omitted-stimulus response (OSR), generally thought to encode prediction or prediction errors
[316]. Ganglion cells exhibiting OSRs fire strongly to a violation in a periodic temporal pattern,
such as an omitted flash within a steady dark flashing sequence [93]. Such neurons either
respond weakly (20% of neurons) or not at all (22% of neurons) during the flash sequence, as
reported in the salamander retina [210]. We found some of the model units (6%) to produce
an OSR to a violation in a periodic flash sequence (see Methods). These units’ responses were
sustained throughout the flash sequence, and greatly increased at the end of the sequence,
around the expected time of the response to the omitted flash (Figure 3.5D). Interestingly, OSR
responses were only present in the model optimized for temporal prediction and not in the model
optimized for compression.

3.2.6 A predictive retinal model captures neural responses across animal
species

We assessed whether the retinal model, optimized to encode the present or the future, best
predicts the activity of RGCs across different animal species in response to natural images and
movies. We used five publicly available datasets of RGCs recordings in macaque, marmoset,
mouse, and salamander [297, 69, 76]. For every dataset and retinal model, we fitted a linear-
nonlinear readout to predict the neural responses [51] and quantified the performance of each
neuron’s fit as the normalized correlation coefficient (CCnorm) between the predicted and the
target neuron response on a held-out validation set [317]. As commonly done [318, 319,
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Fig. 3.6: A. Each retinal model (trained to encode the present or predict different offsets into the future)
was fitted to predict the neural responses across multiple natural stimuli in different retinal
datasets. Model unit activity was obtained for each stimulus set used in these studies and
downsampled into a latent activity space using principal component analyses, from which the
neural responses were predicted using a regularized linear-nonlinear readout (see Methods).
All results report the normalized correlation coefficient between the predicted and the target
neural responses, computed on a held-out validation set. B. Sample neural response (black
line) of a single neuron in the marmoset retina (top) and macaque retina (bottom) to natural
movie stimuli. Predicted responses of the predictive model (blue line) and encoding model
(orange line) are superimposed. C. Neural prediction scores across the different retinal datasets
and retinal models, as a function of the prediction offset (graphs plot the mean and s.e. over
neurons). D. Neuron prediction scores of the best predictive model (y-axis) against the encoding
model (x-axis) across the different datasets (with the red dot plotting the centroid).
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155, 320, 321], we performed the fits from a dimensionality-reduced latent representation of
the model’s hidden-unit activity in response to the different dataset inputs (Figure 3.6A; see
Methods).

Across all animal species and stimulus types, we found the retinal model optimized for prediction
to most accurately predict the neural responses. The predictive model appeared to qualitatively
match the neural responses, particularly at the peak firing rates (Figure 3.6B). Notably, the
mean CCnorm steadily increased across all datasets for increasing model prediction offset (i.e.
the further the retinal model predicted into the future, the better the neural fits), up until a
maximum score was reached, after which the curves declined (Figure 3.6C). Across the datasets,
the maximum CCnorm was obtained using the retinal model optimized to predict 56−128ms into
the future. Lastly, a larger CCnorm was obtained across all datasets for the majority of neurons -
and not some small subset - using the prediction, rather than the encoding retinal model (Figure
3.6D).

3.3 Discussion

The retina forms the first stage of visual processing within the visual system. In this study,
we set out to uncover the sensory transformation performed by the retina, which is typically
thought to efficiently compress incoming input [68, 202, 203, 204, 205] or to efficiently extract
sensory-features predictive of the future [206, 207, 208, 209]. To examine this, we implemented
a biologically-detailed spiking model of the retina, which we separately optimized for efficient
compression or efficient prediction using natural movie stimuli. We found the model optimized
for prediction to exhibit various retina-like phenomena, not all of which were captured by
the model optimized for efficient compression. Notably, the predictive model more accurately
predicted RGC responses to both natural images and movies across animal species. These findings
suggest an evolutionary conserved role of the retina in informing the brain about temporally
predictive features in the visual world.

Comparison to prior models Normative models are the status quo for examining the sensory
transformation of a biological circuit like the retina [62, 125]. Here, a model of the retina is
constructed and optimized for a particular goal, such as compression or prediction. Prior studies
have developed models of the retina using non-spiking units optimized for efficient coding, by
maximizing the mutual information between the sensory input and model unit firing rates [202,
204, 205, 203] or by linearly reconstructing the present sensory input [68]. These models have
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accounted for the retina’s spatial RFs [68, 202, 203, 204, 205], their temporal profiles [68, 203],
and their mosaic-like organization [202, 203, 204, 205].

We developed a model of greater biological realism. In contrast to prior work [68, 202, 204,
205, 203], our model units output individual spikes rather than firing rates. This is particularly
important, as the retina more likely encodes sensory input using spike times rather than firing
rates [201]. Our model also includes recurrent connectivity to capture the interplay known to
exist between ganglion cells, whereas other models omit recurrence [68, 203, 205, 204, 202].
Like prior studies [203, 204, 205, 202], our model incorporates input and output noise to model
the noisy phototransduction and the noisy spike generation of ganglion cells. We trained our
model on natural movie recordings, whereas previous work has omitted temporal dynamics by
training on natural images [202, 204, 205] (although see [203]). Our model was also trained to
minimize a detailed metabolic-like loss, approximating synapse-like energy requirements, unlike
previous studies, which have simply constrained model firing rates [68, 203, 205, 204, 202].

We explored the longstanding hypothesis of the retina performing prediction, in contrast to
studies focusing exclusively on the retina encoding the present [68, 203, 205, 204, 202]. Like
prior work, our model captures the spatial RFs, their temporal dynamics, and mosaic-like spatial
organization. Unique to our work, we contrasted the spiking dynamics of our model to the
spiking dynamics of RGCs. We found our model to exhibit retina-like spike statistics to natural
images and movies, as quantified using firing rates and measures of spike variability. Notably,
our model more accurately encoded sensory input using the relative spike latencies rather than
firing rates, as has also been reported in the retina [201].

Our model exhibited several retinal phenomena unaccounted for by other normative studies
of the retina. This includes finding certain units tuned to the direction and orientation of
moving gratings, as has similarly been reported in the retina [322]; units that exclusively fire
to high-spatial-frequency gratings only if they move, like Y-type cells in the retina [72]; units
tuned for the differential motion of objects versus their background [91]; units tuned for the
anticipation of moving objects [92]; and units tuned for stimulus omission within a temporal
sequence of flashing lights [93, 210].

Salisbury and Palmer [207] hypothesized that certain nonlinear retinal processes may be con-
nected to prediction. Supporting this view, we found the stimulus omission responses to only
emerge when our model was optimized for efficient prediction and not for efficient compression
of the present. Lastly, we addressed the challenging problem of predicting RGC responses to
natural images and movies across different animal species. We found that the model optimized
for efficient sensory prediction more accurately predicted neural responses than the model
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optimized for efficient sensory encoding of the present. Interestingly, the best performing model
was trained to predict on a timescale of ∼ 50− 100ms, similar to the latency of the photoreceptor
responses [323, 324]. Furthermore, this duration also corresponds to the duration at which
retinal spikes contain the most information about the sensory future, as estimated in a prior
study [206].

Model limitations We attempted to model the retina with increased biological realism over prior
models. However, we likely still fall short of capturing all of the retina’s biological complexities
and processes. RGCs are known to adapt to stimulus contrast [325], the variability of light
intensities within the stimulus. RGCs exhibit a faster and more biphasic temporal profile with
lower sensitivity to high-contrast stimuli [326, 290]. Our model might be able to capture such
dynamic processes by implementing the units as adaptive leaky integrate-and-fire neurons, which
extend the LIF units with an adaptive firing threshold [110, 128].

Unlike prior normative models, we included recurrent connectivity in our model, similar to the
coupling filters in encoding models [291]. It would be more realistic to include constraints on
the connectivity, such as the inhibitory connections from amacrine to ganglion cells [292, 72].
Additionally, it would be more realistic to include gap-like junctions between the spiking units to
emulate the electrical coupling between the ganglion cells [292, 293].

We modelled the transformation of the photoreceptors and bipolar cells as a linear transformation,
given reports of their linear-like integration properties [290]. However, it has also been shown
that the input and output of bipolar cells can exhibit non-linear integration properties [327]. It
would thus be more realistic to include an additional hidden layer of graded units in our model
to emulate the bipolar cells. We trained our model on gray-scale normalized movie patches,
where close to half of the pixel values are negative. It might be more realistic to train our model
using positive-only pixel values to more accurately capture the range of light intensities (e.g.
zero - no light; one - light). Furthermore, it would be interesting to train our model using colour
movies, to further examine the retina’s visual processing of stimuli of different wavelengths
[328].

Lastly, we trained our model on randomly-sampled spatial patches of movie clips. Future
extensions could develop and train a spiking model that operates over the entire visual scene.
This could be a convolutional model [47], or more realistically, a set of unique patch models,
each operating at a different spatial location within the visual frame. This model may capture
the different cross-space tuning properties of ganglion cells, such as their differences in direction-
selectivity [329]. However, it remains a challenging problem to train spiking neural networks
over space and time, due to speed and memory constraints (although see [128, 132]).
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Extended validations We found our model optimized for temporal prediction to exhibit various
retinal properties across different species. Future work could further examine whether our
model exhibits other well-known retinal phenomena. For example, RGCs have been reported to
switch their polarity from OFF- to ON-type, resulting from large shifts within sensory input [330].
RGCs also respond to the sudden motion reversal of a moving bar, which, like stimulus omission
responses, are thought to signal violations in predictions [331]. It would be insightful to further
quantify the different types of tuning properties in the model. For example, this could include
counting the number of units that exhibit motion anticipation or differential motion tuning; or
further characterizing more specific types of stimulus omission responses, as done in [210].

Lastly, it would be interesting to further explore the effect of noise in the model. The RFs in our
model lack a clear surround, whereas the RFs of RGCs have stereotypically been characterized as
center-surround [72]. Perhaps learning the noise sources in the model, instead of hardcoding
them, would result in RFs with surrounds [204]. However, it remains unclear to what degree
RGCs exhibit RF surrounds, as several studies report RFs with little to no surrounds [332, 75].
Perhaps, these differences result from the way the RFs are mapped, where spike-triggered
averages - as employed in our study - have been shown to result in RFs with less defined
surrounds [333].

Speculations and implications Finally, we hypothesize that models of increasing biological
realism and capturing an increasing number of biological phenomena will play an important role
in generating more neuroscience theories. On this front, we used our spiking retinal model to
make an experimentally verifiable prediction regarding the retina’s neural code: that a population
differential-latency spike code can more robustly encode incoming stimuli than a population rate
code under varying levels of noise. Furthermore, our model might have clinical implications
in the development of retinal prosthetics. Current prosthetics use standard computer vision
algorithms to translate camera signals into a stimulatory code [334, 335], which fall short of
delivering a normal visual experience [336]. We speculate that the sensory transformation of
our model could aid in delivering a more ganglion-like stimulatory signal.
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3.4 Methods

3.4.1 Spiking retinal model

Training data

We recorded a natural visual stimulus dataset for model training. Various types of scenes were
obtained, categorized as flow (camera moving through space), pan (camera panning through
space), still (fixed camera recording a still scene), and still moving (fixed camera recording an
active scene). A total of 39 clips of 9.6 second duration were recorded at a frame rate of 120Hz
and a spatial extent of 720× 1280px. The dataset was divided into a training and test set, both
containing a balanced number of the different recording types (training set: 12 flow, 8 pan, 3
still and 8 still moving clips; test set: 3 flow, 2 pan, 1 still and 2 still moving clips). All clips were
pre-processed by converting the RGB channels to greyscale (using a weighted average of the
colour channels of R:G:B = 30:59:11 [76]); bilinearly downsampling the spatial dimensions
to 144× 256 and centrally cropping the spatial dimensions to 140× 240; normalizing all clips
using the pixel mean and standard deviation of the training set; and artificially increasing the
temporal resolution to 240Hz by duplicating every frame. The model was trained on randomly
sampled 20× 20 pixel spatial patches of temporally non-overlapping subsamples of 320ms (i.e.
77 frames). We artificially doubled the training data using data augmentation, by flipping each
clip around the vertical axis [284]. Lastly, in contrast to the V1 model, no bandpass filtering was
applied to the movies.

Spiking neurons

We modelled the ganglion neurons in the retina using a single hidden layer ofN = 400 recurrently
connected spiking units, comprised of a series of computational steps:

Step 1, photoreceptor noise: to emulate the noisiness of the photoreceptors [286], we added
Gaussian sampled noise εp ∼ N (0, 0.01) to every pixel within the input movie stimulus x ∈
RT×H×W (for T = 77 simulation time steps of H = 20 and W = 20 pixel spatial height and
width), to produce noisy input movie stimulus x̃. This stands in contrast to the V1 model which
did not include added Gaussian noise to the input movie stimulus.
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Step 2, input current: the input current Ii[t] ∈ R to unit i at time t is derived from the noisy-input
movie stimulus x̃ ∈ RT×H×W , model output spikes S[t− 1] ∈ RN and a bias term bi ∈ R.

Ii[t] =
(
bi +

TE∑
t′=1

H∑
h=1

W∑
w=1

Wit′hwx̃hw[t− t′ + 1]︸ ︷︷ ︸
Feedforward current

+
N∑

j=1,j 6=i
W rec
ij Sj [t− 1]

︸ ︷︷ ︸
Recurrent current

)
(3.1)

The feedforward connectivity W ∈ RN×TE×H×W linearly maps the noisy-input movie stimulus
to a feedforward current contribution and captures the transformation of the pre-RGC cells.
We set the span of latencies to TE = 30 time steps (125ms) in the feedforward connectivity,
consistent with the potentially wide integration times of the photoreceptors [324]. The recurrent
connectivity W rec ∈ RN×N (excluding autapse connections) maps the output spikes into a
recurrent current contribution to capture the ganglion-to-ganglion cell and ganglion-to-amacrine-
to-ganglion cell interactions. Most of the connections between the amacrine cells and ganglion
cells are synaptic [72], with the majority of the amacrine cells using spikes, rather than graded
potentials for communication [337, 338], hence the modelling decision for constructing the
recurrent connectivity from the spiking unit output, rather than the membrane potential via
gap-like junctions. Unlike in the V1 model, units in the retinal model were not constrained to be
excitatory or inhibitory in their recurrent connectivity.

Step 3, ganglionic noise: to emulate the ganglionic noise [294], we multiplicatively perturbed the
input current Ii[t] of unit i at every time step t using Gaussian sampled noise εg ∼ N (0, 0.6).

Ĩi[t] = Ii[t](1 + εg) (3.2)

Step 4, ganglionic transformation: We modelled all ganglion spiking units using the normalized
and discretized leaky integrate-and-fire model [128]. This evolves the model membrane potential
Vi[t] ∈ R of unit i at time t using the difference equation:

Vi[t] =
(
βiVi[t− 1] + (1− βi)Ii[t]

)(
1− Si[t]

)
(3.3)
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The membrane potential decays by a learnt factor βi at every simulation step and resets to zero
if a spike occurred in the previous simulation step. A spike is emitted if the membrane potential
reaches the firing threshold (equal to one).

Si[t] =

1 if Vi[t] > 1

0 otherwise
(3.4)

Step 5, stimulus estimation: finally, at every simulation step t, a span of TD = 2 steps of
proceeding spike activity, plus a bias bproj ∈ R, was linearly mapped using projection weights
P ∈ RN×TD×H×W to generate an estimation of the stimulus movie frame x̂[t] ∈ RH×W (either of
the present or the future, with x̂hw[t] ∈ R denoting the projected pixel value).

x̂hw[t] = bproj +
N∑
i=1

TD∑
t′=1

Pit′hwSi[t− t′ + 1] (3.5)

Bounding membrane time constants

We bound the βi value of every spiking unit to an appropriate range to ensure that the network
employed biologically realistic membrane potentials [131].

βi =

0.001 if βi < 0.001

0.999 if βi > 0.999
(3.6)

Weight initialisation

The initial feedforward W , recurrent W rec and projection P weights were all sampled from a
uniform distribution U(−k, k), with k = 1√

TE ·H·W
, k = 0.1√

N
and k = 1√

N ·TD
for the feedforward,

recurrent and projection weights, respectively. All initial membrane time constants were set to
20ms (i.e. βi ≈ 0.81). All initial bias terms were set to zero.
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Loss function

The model was trained, by minimizing loss Ltotal, to generate a single-frame projection of
the natural movie stimulus at every simulation step t (corresponding to loss Lprojection) under
a metabolic-like constraint (corresponding to loss Lmetabolic), weighted by hyperparameter
λ = 10−2.5 (which by qualitative inspection we determined to produce the most retina-like
receptive fields across all models). This chosen level of regularization is the most important
factor for the differences in results between the V1 and retinal models, where the V1 model was
trained with a lower metabolic regularization.1

Ltotal = Lprojection + λ
(
γLgraded + (1− γ)Lspiking

)
︸ ︷︷ ︸

Metabolic loss Lmetabolic

(3.7)

The projection loss Lprojection is the mean squared error (MSE) between every pixel in the
generated single-frame projection x̂[t] ∈ RH×W and the corresponding natural stimulus target
frame x[t+ T steps

off ] ∈ RH×W , where T steps
off specifies if the frame is of the present (i.e. T steps

off = 0)
or of the future (i.e. T steps

off > 0). This was computed as the average over all batch samples B
(which we omit from the notation for brevity); simulation steps T (starting from time step t0
onwards, to allow the unit membrane potentials to sufficiently depolarize, i.e. to permit the
network to warm up); and spatial height dimension H and width dimension W , both cropped by
c pixels on all sides.

Lprojection = 1
(T − t0)(H − c)(W − c)

T∑
t=t0

H−c∑
h=c

W−c∑
w=c︸ ︷︷ ︸

Avg. over time and space

(x̂hw[t]− xhw[t+ T steps
off ])2

︸ ︷︷ ︸
MSE

(3.8)

The metabolic-like loss Lmetabolic is an approximation of the biological energy utilization of the
network. We took this to be a proxy of the energy expenditure at every synapse, calculated
as the absolute input value to a synaptic weight, multiplied by its respective absolute value.
We weighted the metabolic loss of the graded pre-ganglionic-like units Lgraded and the spiking

1Although the λ = 10−2.75 used in the V1 model is similar to the λ = 10−2.5 used in the retinal model, the retinal
model was trained using an artificially increased frame rate of 240Hz compared to the 120Hz used for the V1
model. Both models used an input weight kernel of the same temporal duration, thus the retinal model has twice
as many input weights compared to the V1 model. Employing a similar penalty thus penalizes the retinal model
more.
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ganglionic-like units Lspiking separately using hyperparameter γ = 0.3, as spiking neurons
consume more energy than graded neurons [339, 340].

Lgraded = 1
NT

N∑
i=1

T∑
t=1︸ ︷︷ ︸

Avg. over units and time

(
|bi|+

TE∑
t′=1

H∑
h=1

W∑
w=1
|Wit′hw||xhw[t− t′ + 1]|

)
︸ ︷︷ ︸

Pre-ganglionic synaptic cost

(3.9)

Lspiking = 1
NT

N∑
i=1

T∑
t=1︸ ︷︷ ︸

Avg. over units and time

( N∑
j=1,j 6=i

|W rec
ij |Sj [t− 1]

)
︸ ︷︷ ︸

Recurrent synaptic cost

(3.10)

+ 1
THW

T∑
t=1

H∑
h=1

W∑
w=1︸ ︷︷ ︸

Avg. over time and space

( N∑
i=1

TD∑
t′=1
|Pit′hw|Si[t− t′ + 1]

)
︸ ︷︷ ︸

Post-ganglionic synaptic cost

(3.11)

(3.12)

Surrogate gradient descent

All spiking retinal models were optimized using a modification of the backpropagation algorithm
[173], called surrogate gradient descent [198]. To permit the flow of gradient, the gradient of
the non-differentiable Heaviside step function was replaced with a well-behaved function. We
adopted the fast sigmoid function, which has shown to work well in practice [194, 133].

∂Si[t]
∂Vi[t]

= (10|Vi[t]− 1|+ 1)−2 (3.13)

All training was performed using the Adam optimizer [289] (with default parameters) over 100
epochs, with an initial learning rate of 10−4 (decayed to 10−5 after 50 epochs) and batch size of
1024. Model weights were saved during training whenever a new minimum training loss was
obtained.
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3.4.2 Receptive field analysis

Spike-triggered average

We estimated the spatiotemporal receptive field of every unit using a spike-triggered average,
using responses to 200 white-noise input clips of 100-frame duration. Clips were generated
by sampling each pixel from a Gaussian distribution with a standard deviation of σ = 10. We
estimated the RF temporal profile by averaging over the spatial pixel values for every frame in
time [341].

Fitting 2D Gaussians

We fitted a two-dimensional Gaussian function [75, 76] to the spatial RF using gradient descent,
with the function defined as:

G(x, y) = A

2πσXσY
√

1− ρ2 exp
(
− 1

2(1− ρ2)
((x− µX

σX

)2
− 2ρ

(x− µX
σX

)2(y − µY
σY

)2
+
(y − µY

σY

)2))
(3.14)

with (x, y) denoting the spatial position in pixel space; A the amplitude; (µX , µY ) the RF centre
position; σX and σY the standard deviation along the x- and y-axis, respectively, and ρ the
RF orientation. For each RF, the parameters of the two-dimensional Gaussian were fitted by
minimizing the mean squared error between the two-dimensional Gaussian and the RF. For
the RF analyses, we only included units (173/400) that had a good fit (those with a correlation
coefficient > 0.7 and those with standard deviation σX and σY > 0.5 pixels).

Classifying unit types

Similarly to classifying the different retinal cell types [76], we classified the functional type of
every model unit that had a valid 2D Gaussian fit. For every such unit, we obtained the spatial
RF with the largest power in time, and projected its RF diameter (calculated as

√
σXσY ) against

the first principal component of its temporal profile. We classified the different functional unit
types, by grouping each unit into four distinct groups using k-means clustering with four fixed
centroids.
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3.4.3 Spike analysis

Firing rate

We calculated the firing rate of a neuron (and model unit), by counting the number of spikes
over a given stimulus presentation and dividing this by the stimulus duration, to obtain a firing
rate.

Coefficient of variation

We computed the coefficient of variation of the interspike interval CV(ISI), to quantify the
variability of the timing of spikes for a given neuron (and model unit). This is defined as
the ratio between the standard deviation and mean of the interspike intervals [110], where a
CV (ISI) < 1 corresponds to a regular firing pattern and a CV (ISI) > 1 corresponds to an
irregular firing pattern. We dropped CV(ISI) values from the analysis if there were less than
three spikes for a given stimulus presentation [27].

Fano factor

We reported the Fano factor for each neuron (and model unit) over each stimulus presentation,
to estimate the spike count variability over the stimulus-repeat trials. The Fano factor is defined
as the variance of the spike count divided by the mean spike count over stimulus-repeat trials.

Image decoding from single cell responses

We adopted the experimental paradigm of [201], and obtained the activity of an OFF-type model
unit in response to a 150ms-flash of a gray-scale image of a swimming salamander larva. Similar
to the experimental paradigm, we convolved the model unit along the x- and y-direction (using
a stride of 2 pixels), to obtain the model unit spike activity at different spatial locations. The
image was then reconstructed - with every pixel denoting a unique spatial location - using either
the number of spikes or the relative timing of the first spikes.
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Image decoding from population responses to noise-corrupted inputs

We performed all analyses using a selected set of 300 natural photographs from the McGill
Calibrated Colour Image Database [342]. The spatial dimensions were rescaled to 64× 64 pixels
using bicubic interpolation, with 240 images used for training and cross-validation and the
remaining 60 images used for testing. For every experiment, we appended different sampled
Gaussian noise ε ∼ N (0, σs) to every image pixel, and varied the distribution standard deviation
σs from 0 to 2.0 in 0.25 increments between the different experiments. We passed the set of
noise-corrupted images into the model (using a stride of 4 pixels) and transformed the resulting
spike outputs into a rate code and a relative spike latency code. We then fit a separate linear
readout model from each of these respective spike codes, to reconstruct the original images. We
penalized the readout weights using an L1 penalty, with the optimal penalty weighting found
using five-fold cross-validation. Lastly, we fitted each model using its optimal regularization
penalty on all of the training data and reported the mean pixel correlation coefficient of the
reconstructed images on the held-out test set.

Classifying units with an omitted stimulus response

Ganglion cells exhibit OSRs at the end of a flash sequence around the expected time of the next
flash. These OSRs have been characterized to be stronger than the responses during the flash
sequence [93]. Prior studies classified OSRs via qualitative inspection [93, 210]. We developed a
set of conditions using the description of OSRs and classified units as exhibiting OSRs if they
satisfied the following constraints:

1. ROM
RFL

> 1.05 (3.15)

2. ROM
RBA

> 1.2 (3.16)

3. ROM > 24Hz (3.17)

Here, ROM was the maximum response during the 80ms duration following the termination of
the flash sequence; RFL was the maximum response during the flash sequence; and RBA was
the baseline response, which we took to be the maximum value during the constant 150ms light
flash proceeding the flash sequence. Condition one means that the response directly following
the flash sequence was larger than the responses during the flash sequence; condition two means
that the response directly following the flash sequence was larger than the maximum response
to the non-flashing sequence; and condition three means that the response directly following the
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flash sequence was not the result of possible noise fluctuations (threshold chosen via qualitative
inspection).

3.4.4 Motion tuning

Virtual physiology

We measured the model unit response properties to full-field sinusoidal gratings (of amplitude
one) of varying orientation (0◦ to 360◦ in 5◦ increments), spatial frequency (10 evenly spaced
values between 0.01 to 0.2 cycles per pixel) and temporal frequency (1, 2, 4 and 8Hz). We
presented each grating to each unit for 3s and computed the resulting PSTH by averaging over 8
repeats and convolving with a Gaussian kernel (σ = 37ms). Next, we computed the mean firing
rate over time (ignoring the first 41ms for network warmup, as done in training), resulting in a
3D mean-firing tuning space for each unit (with the preferred stimulus eliciting the highest mean
response). We dropped all non-responsive units (113/400 units) from the analysis, defined as
those units which had a preferred response less than 1% of the mean response to the preferred
stimulus over all units.

Orientation and direction selectivity

We measured the orientation selectivity index (OSI) and direction selectivity index (DSI) for each
unit, which respectively quantify the tuning preference for motion across a particular orientation
and direction:

OSI =
Rorient

pref −R
orient
orth

Rorient
pref +Rorient

orth
(3.18)

DSI =
Rdir

pref −R
dir
non-pref

Rdir
pref +Rdir

non-pref

(3.19)

with Rorient
pref = Rdir

pref being a unit’s response to a stimulus moving in the preferred direction, and
Rorient

orth and Rdir
non-pref being the responses to the orthogonal orientation and opposite direction,

respectively (all using a unit’s preferred spatial and temporal frequency). For both metrics, a
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value close to zero corresponds to weaker tuning, and a value close to unity corresponds to
stronger tuning.

Counting Y-type-like units

We presented full-field sinusoidal gratings with a spatial frequency of 0.3 cycles per pixel, at each
unit’s preferred orientation. We then constructed each unit’s firing rate for the stationary grating
RSG and the grating moving at each unit’s preferred temporal frequency RMG. We considered a
unit to be Y-type-like if the following constraints were satisfied:

1. RMG > RSG (3.20)

2. RSG < 24Hz (3.21)

3. RMG > 24Hz (3.22)

Condition one means that the moving grating responses were larger than the stationary grating
responses; and conditions two and three mean that the stationary and moving grating responses
were respectively below and above a firing threshold (chosen via qualitative inspection) to
potentially avoid counting units as Y-type-like due to noise fluctuations.

Anticipation code

We implemented the experimental protocol of [92] as closely as possible, where the authors
projected a dark bar on a white background moving 6.7µm across the retina every 15ms, or
where they flashed the bar directly over a unit’s RF for 15ms. We replicated this experiment for
the model by projecting a dark bar (pixel value of −1) on a white background (pixel value of 1),
moving one pixel every 150ms (36 frames). We calculated this to match the movement speed of
the bar in the experiment of [92], assuming a ganglion RF diameter of 300µm [343] and a unit
RF diameter of 5 pixels, which corresponds to moving the bar by ≈ 0.11 pixel every 4 frames
(16.66ms) (or one pixel every 36 frames).

3.4.5 Predicting neural responses from model activity

We used publicly available and spike-sorted recordings of RGCs of different animal species in
response to natural images and movies. For all datasets, we used 80% of the data for training
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and the remaining 20% for testing (with splits separated by unique clips or images). As the
datasets were recorded at different sampling rates (i.e. the frame rate of the projector or the
sampling rate of the spike responses), we resampled all data to be 240Hz (the same sampling
rate of the natural movie stimulus with which the spiking retinal model was trained). We also
normalized all natural stimuli (clips and images), by subtracting the mean and dividing by the
standard deviation of the training set. We averaged the recorded spike responses over trials and
convolved the resulting PSTH with a Gaussian kernel (using σ = 37ms) to obtain a smoothed
spike firing probability for every neuron [69].

Macaque image and movie dataset

We used recordings from ON- and OFF-parasol cells in the peripheral retina of macaque monkeys
in response to natural images and movies (made available by [297]). This consisted of 16 cells
recorded in response to 48 250ms-flashed natural images over 5 trials; and 24 cells recorded
in response to 7 6s-long natural movies over 4 trials, with the movies consisting of the natural
images spatially shifted in time using eye movement trajectories of human observers [344]. All
stimuli were projected at a frame rate of 60Hz onto the receptive field center of each neuron
using a circular aperture.

Marmoset movie dataset

We used recordings from ON- and OFF-midget and ON- and OFF-parasol cells in the retina
of marmoset monkeys in response to natural movies (made available by [69]). This includes
423 cells recorded in response to 22 1s-long natural movies over 30 trials, with the movies
consisting of the natural images spatially shifted in time using eye movement trajectories of
awake, head-fixed marmoset monkeys. All stimuli were projected at a frame rate of 85Hz. Lastly,
to keep the fitting procedure computationally manageable, we only fitted a subset of the most
responsive neurons, as measured by the maximum correlation coefficient (see Section 3.4.5),
resulting in 164 neurons (using CCmax ≥ 0.93).

Mouse movie dataset

We used recordings from ON- and OFF-midget and ON- and OFF-parasol cells in the mouse
retina in response to natural movies (made available by [69]). These 1791 cells were recorded
in response to 22 1s-long natural movies over 30 trials, with the movies consisting of the

3.4 Methods 86



natural images spatially shifted in time using the horizontal gaze component of freely-moving
mice. All stimuli were projected at a frame rate of 75Hz. Again, to keep the fitting procedure
computationally manageable, we only fitted a subset of the most responsive neurons, as measured
by the maximum correlation coefficient (see Section 3.4.5), resulting in 351 neurons (using
CCmax ≥ 0.93).

Salamander image

We used recordings of various ON- and OFF-type cells in the salamander retina in response to
natural images (made available by [76]). This includes 215 cells recorded in response to 300
natural images flashed for 200ms each over 12 trials. There was an 800ms inter-stimulus interval
between image presentations, with spike responses to each image recorded between image onset
and 100ms after image offset. The images came from the Van Hateren database [211] over 12
trials. All stimuli were projected at a frame rate of 30Hz.

Obtaining latent model activity

We trained a set of 14 retinal models, one for every temporal offset Toff into the future (Toff ∈
{0, 8, 16, 24, 32, 40, 48, 56, 64, 72, 80, 96, 112, 128}ms, where Toff = 0 corresponds to the present).
We convolved each retinal model (using a stride of 4 pixels) over the spatial dimensions of each
dataset, to obtain the unit spike activity D ∈ RT̃×H̃×W̃ (where the number of simulation steps T̃ ,
and spatial height H̃ and width W̃ dimensions varied between the different datasets). This was
repeated 8 times, and averaged over repeats, to obtain a new activity dataset Dprob ∈ RT̃×H̃×W̃ ,
containing the spike probability of every unit over space and time. We further compressed
this dataset to a latent activity dataset Dlatent ∈ RT̃×500, using the first NPC = 500 principal
components over space. This technique is routinely used [318, 319, 155, 320], as it reduces
overfitting [318] and keeps the fitting procedure computationally tractable [321].
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Fitting procedure

For every retinal model, we fitted a linear-nonlinear readout, to predict the response r̂i ∈ RT̃ of
every neuron i in every dataset from the latent model activity.

r̂i[t] = exp
(
bread
i +

TR∑
t′=1

NPC∑
j=1

W read
ij [t− t′ + 1]Dlatent[t− t′ + 1]

)
(3.23)

with readout weights W read
i ∈ RNPC×TR using a TR = 5 temporal frame span equivalent to

≈ 21ms (except for the mouse movie dataset where we used a span of 46ms). Each readout was
jointly fitted across all Ñ neurons of a dataset, by minimizing the negative Poisson log-likelihood
of the readout predictions r̂i[t] and the neuron’s responses ri[t], and an L1 penalty on the readout
weights (weighted by hyperparameter λread) to avoid overfitting.

Lout = − 1
Ñ T̃

Ñ∑
i=1

T̃∑
t=1

(
ri[t] ln(r̂i[t]) + r̂i[t]

)
+ λread

( Ñ∑
i=1

∣∣∣∣∣∣W read
i

∣∣∣∣∣∣
1

)
(3.24)

We trained each readout using the Adam optimizer (with default parameters) using a learning
rate of 10−4 over 2000 epochs with a batch size of 8 subsamples of at most 600ms duration
(except the salamander dataset where we used a batch size of 32). We found the optimal
regularization hyperparameter λread using five-fold cross-validation (over a set of five different
log-spaced values, which we varied between the different datasets). Lastly, we also explored
different spatial scales of the input stimuli, to account for differences in spatial scale between the
model units and neurons [51, 155]. To determine the optimal scale for each dataset, we ran all
fits using three different spatial scales (×0.66, ×1, and ×1.5) using the retinal model optimized
for efficient compression of the present (see Supplementary). We then chose the spatial scale
which performed the best on each dataset to fit the remaining models.

Normalised and maximum correlation coefficient

We used the normalized correlation coefficient CCnorm to quantify the neural fits, expressed as
the Pearson correlation coefficient CC between the model’s prediction and target neural response,
normalized by the maximum obtainable correlation coefficient CCmax to take into account neural
noise [317, 345]. A value of zero indicates no correlation between the predicted and target
neural response, whereas a value of one indicates the best possible score.
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Supplementary

Dataset Scale CC

Macaque movie × 0.66 0.35
× 1.0 0.37
× 1.5 0.35

Macaque image × 0.66 0.55
× 1.0 0.63
× 1.5 0.47

Marmoset movie × 0.66 0.24
× 1.0 0.25
× 1.5 0.26

Salamander image × 0.66 0.46
× 1.0 0.50
× 1.5 0.49

Mouse movie × 0.66 0.13
× 1.0 0.16
× 1.5 0.17

Tab. 3.1: Prediction score using the compression retinal model across the different datasets at different
spatial scales. Bold values indicate the best performing scale, which was chosen to fit the
remaining predictive retinal models in each respective dataset.
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Fig. 3.7: A. Histogram of Fano factors in the salamander retina (left) (data from [76]) and the model
(right) in response to the same natural images. B. Spike raster over 60 trials in response to a
uniform full-field illumination of randomly-varying intensity in the salamander retina [86] (left)
and the model (right).
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Addressing the speed-accuracy
simulation trade-off for adaptive
spiking neurons

4

4.1 Introduction

The surge of progress in artificial neural networks (ANNs) over the last decade has advanced our
understanding of the potential computational principles underlying the processing of sensory
information [346, 162, 51, 347, 199, 163, 155, 68, 320]. Although these networks architecturally
bear a resemblance to the brain [348], they tend to omit a key physiological constraint: the
spike. With their increased biological realism, spiking neural networks (SNNs) have shown great
promise in bridging the gap between experimental data and computational models. SNNs can be
fitted to real neural data [139, 349, 350, 351, 352], or used to simulate the brain, offering a
new level of understanding of the complex workings of the nervous system [353, 121, 354, 355].
They also have engineering applications in energy-efficient machine learning [356].

An established class of spiking models in computational neuroscience is the leaky integrate-and-
fire (LIF) neuron, with origins dating back to 1907 [357]. Just like in real neurons, input current
(resulting from presynaptic input) charges the membrane potential of the model neurons, which
then output binary signals (i.e. spikes) as a form of communication (Figure 4.1a). The adaptive
leaky integrate-and-fire (ALIF) model [110] is a modern extension of the LIF. It more closely
mimics the biology, capturing a key property of neurons, which is their adaptive firing threshold
(i.e. spikes become less frequent in response to a steady input current [7]). ALIF neurons have
been shown to accurately fit real neural recordings [139, 110, 358, 359] and to outperform the
simpler LIF neurons on various machine learning benchmarks [121, 196, 360, 361, 362].

Despite these modelling advances, a major shortcoming of LIF and ALIF neurons is their slow
inference and training times. Unlike real neurons, modelling neuron dynamics involves sequential
computation over discretised time. This leads to a problematic trade-off between speed and
accuracy when simulating SNNs. A small DT enables accurate modelling of dynamics, but is
slow to stimulate and train on computer systems such as GPUs. A large DT obtains less accurate
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dynamics, but at the benefit of being faster to simulate and train [363] (Figure 4.1b). This
raises the important question of capturing the best of both worlds: is there a way to accelerate
the inference and training of spiking LIF and ALIF neurons without sacrificing simulation
accuracy?

In this work, we address the speed-accuracy trade-off when simulating and training LIF and ALIF
SNNs, and present a solution that is both fast and accurate. We take advantage of a fundamental
property of neurons that is sometimes not modelled - the absolute refractory period (ARP). This
is a short period of time following spike initiation, during which a neuron cannot fire again. As
a result, a neuron can spike at most once within such a period (Figure 4.1c). We leverage this
observation to develop a novel algorithmic reformulation of the ALIF model which reduces the
sequential simulation complexity of the standard ALIF algorithm. Specifically, we outline how
ALIF recurrent networks can be simulated with a constant sequential complexity O(1) over the
ARP simulation length TR, and how this approach can be extended to longer simulation lengths
to obtain identical dynamics to the standard ALIF network algorithm. Faster simulation and
training are theoretically obtained for growing length TR, by either employing physiologically
plausible ARPs of ∼ 2ms and decreasing the DT to a very fine value ∼ 0.1ms (for realistic neural
modelling), or setting the DT to a coarser value and adopting larger non-physiological ARPs (for
machine learning tasks). Our main contributions are the following:

• We develop a novel algorithmic reformulation of the ALIF model with an O(T/TR) - rather
than O(T ) - sequential complexity, for simulation length T and ARP length TR.1

• We find that our model achieves substantial inference (up to 40×) and training speedup
(up to 53×) over the standard ALIF SNN for increasing ARP time steps, and find this to
hold over different numbers of simulation lengths, batch sizes, number of neurons and
layers.

• We demonstrate the feasibility of our model to be trained using surrogate gradient descent,
with our accelerated ALIF SNN achieving comparable accuracies to the standard ALIF SNN
on temporal spiking classification datasets - yet in a fraction of the training time.

• Finally, we showcase how our ALIF implementation makes it possible to quickly fit real
electrophysiological recordings of cortical neurons, where very fine sub-millisecond dis-
cretisation steps are important for accurately capturing exact spike timing.

1To avoid ambiguity, simulation length T and ARP length TR are number of time steps (dimensionless) and not unit
time. Additionally, in a slight abuse of notation we include the constant TR in the complexity expression.
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Fig. 4.1: Problem overview. a. Schematic of an ALIF neuron: input current I charges membrane
potential V and outputs spikes S if firing threshold is reached (with the neuron’s internal state
evolving over time). b. An example of the simulation trade-off problem when simulating a single
ALIF neuron with fixed synaptic weights receiving Poisson spike input. The simulation error
and the speed grow for increasing discretisation time (DT). c. Observation for our solution: a
neuron emits at most a single spike during a simulation span TR equal in length to the neuron’s
absolute refractory period (ARP).

4.2 Background and related work

Standard ALIF model We introduce the recurrent SNN of ALIF neurons with fixed ARP and
latency of recurrent transmission, defined by the following set of equations [196, 364].

S
(l)
i [t] = f(V (l)

i [t]) = 1
V

(l)
i [t]>θ(l)

i [t] (Output spike) (4.1)

V
(l)
i [t] =

(
β

(l)
i V

(l)
i [t− 1] + (1− β(l)

i )I(l)
i [t]

)(
1− S(l)

i [t− 1]
)

(Membrane potential) (4.2)

Ĩ
(l)
i [t] =

(
b

(l)
i +

N(l−1)∑
j=1

W
(l)
ij S

(l−1)
j [t]

︸ ︷︷ ︸
Feedforward current

+
N(l)∑
j=1

W
rec (l)
ij S

(l)
j [t−D]

︸ ︷︷ ︸
Recurrent current

)
(Input current) (4.3)

I
(l)
i [t] =

Ĩ
(l)
i [t] if C(l)

i ≥ TR
0 otherwise

(Absolute refractory period) (4.4)

θ
(l)
i [t] = 1 + d

(l)
i a

(l)
i [t]

a
(l)
i [t] = p

(l)
i a

(l)
i [t− 1] + S

(l)
i [t− 1]

(Adaptation) (4.5)

At time t, neuron i within layer l (consisting of N (l) neurons) receives input current I(l)
i [t] and

outputs a binary value S(l)
i [t] ∈ {1, 0} (i.e. spike or no spike) if a neuron’s membrane potential
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V
(l)
i [t] reaches firing threshold θ(l)

i (Equation 4.1).2 The evolution of the membrane potential is
described by the normalised discretised LIF equation (Equation 4.2), in which the membrane
potential dissipates by a learnable factor 0 ≤ β(l)

i ≤ 1 at every time step and resets to zero if a
spike occurred at the previous time step. The input current is comprised of a constant bias source
b

(l)
i and derived from incoming spikes reflecting feedforward W (l) ∈ RN

(l)×N(l−1)
and recurrent

connectivity W rec (l) ∈ RN
(l)×N(l)

(Equation 4.3).

Here, we assume the recurrent transmission latencies D to be of fixed length and equal in length
to the ARP, that is TR = D. With a simple modification however, our methods can work for longer
D, or different D on each connection, so long as D ≥ TR. The ARP is enforced by only allowing
input current to enter the neuron if the number of time steps C(l)

i following the last spike equals
or exceeds the ARP length (Equation 4.4). Lastly, adaptation is implemented by raising the
firing threshold θ(l)

i [t] following each spike S(l)
i [t− 1] (Equation 4.5), which decays exponentially

to baseline θ(l)
i = 1 in the absence of any spikes (using learnt decay factor 0 ≤ p

(l)
i ≤ 1 and

adaptation scalar d(l)
i ).

The ARP in biological neurons is typically about ∼ 1− 2ms [265, 266, 267]. Our method takes
advantage of the fact that the monosynaptic connection latency between neurons in local circuits
is typically also often around ∼ 1 − 2ms [365]. LIF and ALIF neuronal models are typically
run with a DT of about ∼ 0.1ms in the computational neuroscience literature and ∼ 1ms in
machine learning literature [363]. Furthermore, the firing rate of neurons is often less than the
reciprocal of the ARP, suggesting that a higher TR than the ARP may still provide a reasonable
approximation of neural behaviour for some purposes.

SNN training The main problem with training SNNs is the non-differentiable nature of their
activation function in Equation 4.1 (whose derivative is undefined at V (l)

i [t] = θ
(l)
i [t] and

zero otherwise). This precludes the direct use of the backprop algorithm [173], which has
underpinned the successful training of ANNs. A popular solution is to replace the undefined spike
derivative with a well-behaved function, referred to as a surrogate gradient [192, 193, 194, 195],
and training the network with backprop-through-time [198]. This method also supports the
training of neural parameters other than synaptic connectivity, such as membrane time constants
[131, 361] and adaptive firing thresholds [196, 360, 361], both of which we include in our
work, as they have been shown to improve performance (and increase biological realism). It
is worth mentioning that other SNN training methods exist such as mapping trained ANNs to
SNNs by transforming ANN neuron activations to SNN neuron firing rates [174, 175, 176, 177].

2Here notation 1condition denotes the indicator function, which is equal to one if the condition is true and zero
otherwise.
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These methods are, however, of less interest to computational neuroscientists as they discard all
temporal spike precision.

Related work Recent work has provided new theoretical insights for increasing the simulation
accuracy when employing a larger DT ≥ 1ms [363]. We are not aware of any work that
accelerates the simulation and training times on GPUs when employing a smaller DT ≤ 1ms
(although see the NEST simulation library for simulating SNNs on CPUs [366, 367, 368]).
There are, however, different methods for speeding up the backward pass (i.e. how gradients
are computed within the SNN), which consequentially speeds up training times. Rather than
being viewed as competing approaches, these methods could further augment the speed of
our solution. In sparse gradient descent, gradients are only passed through neurons whose
membrane potential is close to firing threshold, which can significantly accelerate the backward
pass when neurons are mostly silent [132]. Inspired by work on training non-spiking networks
[369, 370], other methods completely bypass the backward pass and adjust weights online [371,
360, 362]. Another approach is to propagate gradient information through spikes [186, 187,
188, 189, 372, 373, 374], which - similar to the idea of sparse gradient descent - is fast when
neurons are mostly silent. This method, however, enforces neurons to spike at most once and
can suffer from training instabilities (although see [190, 191]).

4.3 Theoretical results

We outline a novel reformulation of the ALIF model, which theoretically reduces the sequential
simulation complexity from O(T ) to O(T/TR) (for simulation length T and ARP length TR).
Using the observation that a neuron can spike at most once over simulation length TR (equal to
the ARP; Figure 1c), we propose simulating network dynamics sequentially in blocks of length
TR - as opposed to simulating every time step individually (Figure 4.2a) - as we show that
these blocks can be simulated with a constant sequential complexity O(1). Our reformulated
ALIF model is mathematically the same as the standard ALIF model, but substantially faster
to simulate and train. All the proofs for the propositions can be found in the Supplementary
material.
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Initial conditions

Output spikes

Input current

ba

Block Block

Fig. 4.2: Solution overview. a. Our proposed solution: instead of simulating network dynamics one
time step after another (top), we sequentially simulate blocks of time equal in length to the
neuron ARP (bottom), in which a neuron can spike at most once. b. A schematic of a Block:
our proposed solution for emulating ALIF dynamics with a constant sequential complexity O(1)
over a short duration in which a neuron spikes at most once.

4.3.1 Block: simulating single-spike ALIF dynamics with a constant
sequential complexity

A SNN exhibits a sequential dependence due to the spike reset mechanism, where a neuron’s
membrane potential Vi[t] can be reset based on its previous output Si[t − 1]. Consequently,
the simulation of a SNN necessitates a sequential approach. This restriction can, however, be
alleviated if we assume a neuron to spike at most once over a particular simulation length
(such as the ARP). The following steps - grouped together into a module referred to as a Block
(Figure 4.2b) - compute ALIF dynamics (assuming at most one spike) without any sequential
operations.

Ṽi[t] =
(
Ii ∗ β̃i

)
[t] (No-reset membrane potential) (4.6)

S̃i[t] = f(Ṽi[t]) (Faulty output spikes) (4.7)

zi[t] = φ(S̃i)[t] (Latent timing of spikes) (4.8)

Si[t] = 1zi[t] = 1 (Correct output spikes) (4.9)
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1. Calculate membrane potentials without reset The first step in the Block (Equation 4.6)
converts input current Ii[t] to membrane potentials Ṽi[t] without spike reset (i.e. excluding
the reset mechanism in Equation 4.2). This transformation is achieved using a convolution
(Proposition 1), thus avoiding any sequential operations.

Proposition 1. Membrane potentials without spike reset are computed as a convolution Ṽi[t] =(
Ii ∗ β̃i

)
[t] between input current Ii[t] and kernel β̃i[t] = (1 − βi)βti with the initial membrane

potential encoded as Ii[0] = Vi[0]
1−βi

.

2. Faulty output spikes No-reset membrane potentials Ṽi[t] are mapped to erroneous output
spikes S̃i[t] = f(Ṽi[t]) (Equation 4.7) using spike function f (Equation 4.1). This output can
contain more than one spike, but only the first spike complies with the standard model dynamics,
due to the omission of the reset mechanism and ARP constraint. Thus, to ensure that the Block
only emits a single spike, all spikes succeeding the first spike occurrence are removed using the
following steps.

3. Latent timing of spikes Erroneous spike output S̃i[t] is mapped to a latent representation
zi[t] = φ(S̃i)[t] (Equation 4.8), encoding the timing of spikes. Function φ(·) (taking vector S̃i
as input; Proposition 2) is constructed to map all erroneous spikes S̃i[t], besides the first spike
occurrence, to a value other than one (i.e. zi[t] 6= 1 for all t except for the smallest t satisfying
S̃i[t] = 1 if such t exists).

Proposition 2. Function φ(S̃i)[t] =
∑t
k=1 S̃i[k](t− k + 1) acting on S̃i ∈ {0, 1}T contains at most

one element equal to one φ(S̃i)[t] = 1 for the smallest t satisfying S̃i[t] = 1 (if such t exists).

4. Correct output spikes Lastly, the correct spike output Si[t] = 1zi[t] = 1 is obtained by setting
every value in zi[t], besides the value one (i.e. the first spike), to zero (Equation 4.9).

4.3.2 Blocks: simulating ALIF SNN dynamics with a O(T/TR) sequential
complexity

The standard ALIF SNN model can be reformulated using a chaining of Blocks, which reduces
the sequential simulation complexity (as each Block is simulated in O(1)). For a given ARP of
length TR, we observed that a neuron spikes at most once over simulation length TR (Figure
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4.1c). Thus, a simulation length T can be simulated using N = T
TR

Blocks, each of length TR. 3

Next, we outline how to simulate ALIF dynamics across Blocks to emulate the dynamics of the
standard ALIF SNN. We introduce new notation to index Block 1 ≤ n ≤ N using subscript n (e.g.
input current to neuron i simulated in Block n is expressed as Ii,n[t]) with time steps indexed
between [1, TR] (as opposed to [1, T ]) within a Block.

Input current and the ARP of a Block The input current in the standard model (Equation 4.3
and 4.4) is modified for the Block model (Proposition 3). The feedforward and recurrent current
to Block n+ 1 are derived from the presynaptic and postsynaptic spikes from Block n+ 1 and
Block n respectively. In addition, the ARP is enforced by applying a mask derived from the latent
timing of spikes zi,n[t] (Equation 4.8).

Proposition 3. The input current Ii,n+1[t] of neuron i simulated in Block n+ 1 (of length TR) is
defined as follows, and enforces an absolute refractory period of length TR and a monosynaptic
transmission latency of D = TR.

Ii,n+1[t] =
(
bi +

N in∑
j=1

WijSj,n+1[t]

︸ ︷︷ ︸
Feedforward current

+
Nout∑
j=1

W rec
ij Sj,n[t]

︸ ︷︷ ︸
Recurrent current

)
1zi,n[t] ≥ max

t
Si,n[t]︸ ︷︷ ︸

ARP mask

Evolvingmembrane potentials betweenBlocks Two cases are distinguished to correctly emulate
the evolution of the membrane potentials between Blocks (Proposition 4): 1) if neuron i did not
spike in Block n (i.e. maxt Si,n[t] = 0), then its initial membrane potential Vi,n+1[0] in Block n+ 1
is set to its final membrane potential Vi,n[TR] in Block n. Otherwise 2), the initial membrane
potential is set to zero to emulate a spike reset (and no state needs to be transferred between
Blocks as the neuron is in a refractory state).

Proposition 4. The initial membrane potential Vi,n+1[0] of neuron i simulated in Block n+ 1 (of
length TR) is equal to the last membrane potential in Block n if no spike occurred and zero otherwise.

Vi,n+1[0] =

Vi,n[TR] if maxt Si,n[t] = 0

0 otherwise

3With appropriate zero padding to the simulation length if it is not divisible by TR.
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Evolving adaptive firing thresholds between Blocks The adaptive firing threshold θi,n+1[t] of
neuron i in Block n+ 1 is derived from the initial adaptive parameter ai,n+1[0] (Proposition 5).
Two cases are distinguished for deriving this parameter: 1) if the neuron did not spike during the
previous Block n, this parameter is set to its last value, ai,n[TR], in the prior Block; otherwise 2),
the effect of the spike needs to be taken into account, for which the initial adaptive parameter is
expressed as pmi (as + p−1

i ). Here, m is the number of time steps remaining in Block n following
the spike and as is the adaptive parameter value at the time of spiking.

Proposition 5. The adaptive firing threshold θi,n+1[t] of neuron i simulated in Block n + 1 (of
length TR) is constructed from the initial adaptive parameter ai,n+1[0], which is equal to its last
value in the previous Block if no spike occurred, and otherwise equal to an expression which accounts
for the effect of the spike on the adaptive threshold.

θi,n+1[t] = 1 + dip
t
iai,n+1[0]

ai,n+1[0] =

ai,n[TR] if maxt Si,n[t] = 0

pmi (as + p−1
i ) otherwise

m =
TR∑
k

1zi,n[k] > 1, as =
TR∑
k

ai,n[k]Si,n[k]

4.3.3 Theoretical speedup for simulating ALIF SNNs using Blocks

Method Computational Complexity Sequential Operations

Standard O(N inNoutT ) O(T )

Blocks O(N inNoutT 2
RN) O(T/TR)

Tab. 4.1: Computational and sequential complexity of simulating a layer of Nout neurons with N in input
neurons for T time steps using the standard method and our method (with N Blocks each of
length TR).

Simulating an ALIF SNN using our Blocks, rather than the conventional approach, requires
fewer sequential operations (Table 4.1). Although the computational complexity of our Blocks
approach is larger than the standard approach, the number of sequential operations is less. If
we assume that the sequential steps in both methods are executed in an equal amount of time
(as all the non-sequential operations can be run in parallel on a GPU), we obtain a theoretical
speedup equal to the length of the ARP T

N = TR.
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4.4 Experiments

We evaluated the training speedup of our accelerated ALIF SNN relative to the standard ALIF SNN
and explored the capacity of our model to be fitted using different spiking classification datasets
and real electrophysiological recordings of cortical neurons. Implementation details can be found
in the Supplementary material and the code at https://github.com/webstorms/Blocks.

4.4.1 Training speedup scales with an increasing ARP
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Fig. 4.3: Training speedup of our model. a. Training speedup of our accelerated ALIF model compared
to the standard ALIF model for different simulation lengths T , ARP time steps and batch sizes.
b. Training speedup over different number of layers and hidden units (with an ARP of TR = 40
time steps, T = 1024 time steps and batch size = 64; bars plot the mean and standard error
over ten runs). Assuming DT= 0.1ms, then 10 time steps = 1ms.

To determine how much faster our model is, we benchmarked the required training duration
(forward and backward pass) of our accelerated ALIF SNN to the standard ALIF SNN for varying
ARP and simulation lengths using a synthetic spike dataset, with the task of minimizing the
number of final-layer output spikes (see Supplementary material). We found the training speedup
of our model to increase for a growing ARP (Figure 4.3a). This speedup was more pronounced for
longer simulation durations (53× speedup for T = 2048) than shorter simulation durations (36×
speedup for T = 512). These speedups were also present when just running the forward pass (i.e.
inference using the network; see Supplementary material). Furthermore, we found the speedup
of our model to be robust over varying numbers of neurons and layers (Figure 4.3b). Lastly, we
also found our method to perform the forward pass more than an order of magnitude faster than
other publicly available SNN implementations [375, 376] (see Supplementary material).
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4.4.2 Accelerated training on spiking classification tasks
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Fig. 4.4: Performance of our model on spiking datasets. a. Classification accuracy of our model and
the standard ALIF SNN on the N-MNIST and SHD datasets over different (non-biological) ARPs
(N-MNIST 1ms=1 time step; SHD 2ms=1 time step). b. Training durations of our model and the
standard ALIF SNN on the N-MNIST and SHD datasets. Horizontal gray lines plot the standard
model’s performance (using no ARP) and bars plot the mean and standard error over three runs.

To establish whether our model can learn using backprop with surrogate gradients, and perform
on a par with the standard model, we trained our accelerated ALIF SNN and the standard ALIF
SNN on the Neuromophic-MNIST (N-MNIST) (using DT= 1ms) [377] and Spiking Heidelberg
Digits (SHD) (using DT= 2ms) [378] spiking classification datasets (both commonly used
for benchmarking SNN performance [195, 197, 362, 131, 132]). The task of the N-MNIST
dataset is to classify spike representations of handwritten digits, and the task of the SHD
dataset is to classify spike representations of spoken digits. In all experiments we employed
identical model architectures consisting of two hidden layers (of 256 neurons each) and an
additional integrator readout layer, with predictions taken from the readout neurons with
maximal summated membrane potential over time (as commonly done [378, 133, 362, 131,
132]; see Supplementary material). We adopted the multi-Gaussian surrogate-gradient function
[362] to overcome the non-differentiable discontinuity of the spike function (although we found
that other surrogate-gradient functions also work, see Supplementary material). Furthermore
(as suggested by [133] for conventional SNNs), we only permitted surrogate gradients to
flow through the non-recurrent connectivity (which significantly improved performance; see
Supplementary material).

We trained our model with different non-biological ARPs on each dataset and contrasted the
accuracy and training duration to the standard model (with no ARP). We found a favourable
trade-off between classification accuracy and training time for our model. Compared to the
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standard ALIF SNN model, our model achieved a very similar, albeit slightly lower, accuracy
on the N-MNIST (96.97% for ARP=10ms vs standard 97.71%) and SHD dataset (86.07% for
ARP=20ms vs standard 87.48%), with the accuracy declining only for the largest ARPs tested
(Figure 4.4a). However, our model only required a fraction of the training time, with an average
training epoch of 181s and 20s for the N-MNIST and SHD datasets, respectively, when using the
largest tested ARP, compared to the respective standard model training times of 2034s and 268s
(Figure 4.4b).

4.4.3 Quickly fitting real neural recordings on sub-millisecond timescales

a b DT=0.1ms ARP=2ms

Injection

Recording

Our model

c e f
noise 1 noise 2

DT=0.1ms ARP=8ms DT=4ms ARP=4ms

100ms

0.0 0.5 1.0
        ETV (DT ms)        = 4       

0.00

0.25

0.50

0.75

1.00

   
   

  
E

TV
 (D

T
m

s)
   

   
  

=
0.
1  

   
  

.05 .1 0.5 1 2 4 8
DT (ms)

0.0

0.2

0.4

0.6

0.8

1 2 4 6 8 16
ARP (ms)

0.0

0.2

0.4

0.6

0.8

E
TV

d
noise 1 noise 2 noise 1 noise 2

Blo
ck
s

St
an
da
rd

0.0

0.2

0.4

0.6

0.8

E
TV

Bloc
ks

Stan
da

rd
0

25

50

75

100

Av
g.

 n
eu

ro
n 

fit
 ti

m
e 

(s
)

Fig. 4.5: Fitting cortical electrophysiological recordings. a. An illustration of a cortical neuron in
mouse V1 being recorded whilst stimulated with a noisy current injection. b. For held-out data
not used for fitting, an example current injection (bottom) and recorded membrane potential
(middle) with corresponding fitted model predictions (top). c. Comparison of neuron fit
accuracy of our model for DT= 0.1ms (y-axis) against DT= 4ms (x-axis). Explained temporal
variance (ETV) measures the goodness-of-fit (one is a perfect fit and zero is a chance-level fit).
d. Comparison of the fit accuracy (left) and duration (right) of our model and the standard
model (both using DT= 0.1ms and ARP= 2ms). e. Our model’s fit accuracy for increasing ARP
(with DT= 0.1ms). f. Our model’s fit accuracy for increasing DT (with ARP=max(2,DT)ms). d.
to f. plots the median and standard error over neurons, except that d. (right) plots the mean fit
time.

We explored the ability of our model to fit in vitro electrophysiological recordings from 146
inhibitory and excitatory neurons in mouse primary visual cortex (V1) (provided by the Allen
Institute [379, 380]). In these recordings, a variable input current was repeatedly injected at
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various amplitudes into each real neuron, and the resulting alteration in the membrane potential
was recorded (Figure 4.5a). For each neuron, we used half of the recordings for fitting and the
other half for testing, and report all the qualitative and quantitative results on the held-out test
dataset. Fitting was achieved by minimising the van Rossum distance between the model and
real spike trains [381]. To quantitatively compare the fits of our model using different DTs and
ARPs, we employed the explained temporal variance (ETV) measure (used on the Allen Institute
website; see Supplementary material). This metric quantifies how well the temporal dynamics
of the neurons are captured by the model and takes into account trial-to-trial variability due
to intrinsic neural noise. It has a value of one for a perfect fit and a value of zero if the model
predicts at chance.

We found that our accelerated ALIF model captured the spike timing of the neurons. Pertinent
to the speed-accuracy trade-off, this fit strongly depended on the chosen DT, and less so on
the chosen ARP. Qualitatively, using a DT= 0.1ms and an ARP= 2ms, we found that our model
captured the spike timings of the neurons for current injections of varying amplitude. This still
seemed to be the case when we used a larger ARP= 8ms, but the model was worse at capturing
spike timings when we used a larger DT= 4ms (with ARP= 4ms; Figure 4.5b; see Supplementary
material for zoomed-in neural traces).

Quantitatively comparing the neuron fits one by one, we found that nearly all of the neuron
fits were better when using a DT= 0.1ms (ETV= 0.80) than a DT= 4ms (ETV= 0.66; Figure
4.5c; using an ARP= 4ms). We examined how accurate and fast our fits were compared to the
standard model using an ARP= 2ms and a DT= 0.1ms. Both models achieved a similar ETV
of ∼ 0.8, yet our model only required 15.5s on average per neuron fit time compared to the
108.4s of the standard model (Figure 4.5d). We further investigated whether a larger ARP could
still reasonably fit the data for DT= 0.1ms (to benefit from a faster fit). Consistent with our
qualitative observations, we found a less marked reduction in fit accuracy when using larger
ARPs (Figure 4.5e) compared to the drop in performance when using larger DTs (Figure 4.5f;
with an ARP of max(2,DT)ms).

4.5 Discussion
ALIF neurons are a popular model for studying the brain in silico. Training these neurons is,
however, slow due to their sequential nature [198, 382]. We overcome this by algorithmi-
cally reinterpreting the ALIF model. We found that our method permits faster simulation of
SNNs, which will likely play an important role in future research into neural dynamics through
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simulation [121, 353]. We also confirmed the validity of this approach for modelling neural
data. Firstly - of interest to computational neuroscientists - we fitted a multilayered network of
neurons using two common spike classification datasets. We found that our model achieved a
similar classification accuracy to that of the standard model, even if we increased the ARP to
large non-physiological values, which drastically reduced the training duration required for both
datasets. Secondly - of interest to computational and experimental neuroscientists - we explored
the applicability of our method to fit real electrophysiological recordings of neurons in mouse V1
using sub-millisecond DTs.

We found that our method accurately captured the spike timing of real neurons, fitting their
activity patterns in a fraction of the time required by the standard model (although we note
that other, more recent spiking-models, might improve fit accuracies [383]). This is particularly
important as datasets become larger with advances in recording techniques, requiring faster
fitting solutions to characterise computational properties of neurons. As an example of the
potential insights provided by our model, we found the fitted V1 neurons to have a heterogenous
membrane time constant distribution, suggesting that V1 processes visual information on multiple
timescales [131] (see Supplementary material).

Our work will likely also be of interest to neuromorphic engineers and researchers, developing
energy-efficient hardware to emulate SNNs [356]. These systems - like real neurons - run in
continuous time and thus require training on extremely fine DTs off-chip [384, 385]. Our method
could help to accelerate off-chip training times. Furthermore, the ARP hyperparameter in our
model can limit high spike rates and thus reduce energy consumption on neuromorphic systems,
as this consumption scales approximately proportionally with the number of emitted spikes
[386].

A limitation of our method is that the training speedup scales sublinearly - as opposed to linearly
- with an increasing ARP simulation length (see Section 4.3 and 4.4.1). This is likely due to
GPU overheads and employed cudnn routines [387], which further improvements to our code
implementation could overcome. An additional limitation is the requirement to define the ARP
hyperparameter, whose value influences the training speed and test accuracy in our method
and relates to biological realism. However, we found a beneficial trade-off - by using large
non-biological ARPs on the artificial spiking classification dataset and small physiological ARPs
for the neural fits (although we found larger values to also perform reasonably well) the model
achieved comparable accuracy to the standard ALIF model in both cases, while also having
greatly increased speed of training and simulation. In particular, the capacity of our model
to accurately and quickly fit the data from real neurons is crucial in terms of the biological
applicability of this approach.
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Supplementary

4.5.1 Theoretical proofs

Proofs for all the propositions in the paper, outlining the mathematical equivalence of our Block
model to the standard ALIF SNN.

Proposition 6. Membrane potentials without spike reset are computed as a convolution Ṽi[t] =(
Ii ∗ β̃i

)
[t] between input current Ii[t] and kernel β̃i[t] = (1 − βi)βti with the initial membrane

potential encoded as Ii[0] = Vi[0]
1−βi

.

Proof. We proceed our proof in two steps. In step 1, we unroll the discretized LIF difference
equation (without reset) in time and in step 2, we show how this is equivalent to the proposed
convolution.

Step 1, we prove the equivalence between the following equations

Ṽi[t] = βiṼi[t− 1] + (1− βi)Ii[t] (4.10)

Ṽi[t] = βti Ṽi[0] + (1− βi)
t∑

j=1
βt−ji Ii[j] (4.11)

We proceed by induction. For t = 1 in Equation 2 we obtain

Ṽi[1] = β1
i Ṽi[0] + (1− βi)

1∑
j=1

β1−j
i Ii[j]

= β1
i Ṽi[0] + (1− βi)Ii[1]

(4.12)

Hence the relation holds true for the base case t = 1. Assume the relation holds true for t = k ≥ 1,
then for t = k + 1 we derive

Ṽi[k + 1] = βiṼi[k] + (1− βi)Ii[k + 1]

= βi
(
βki Ṽi[0] + (1− βi)

k∑
j=1

βk−ji Ii[j]
)

+ (1− βi)Ii[k + 1]

= βk+1
i Ṽi[0] + (1− βi)

k∑
j=1

β
(k+1)−j
i Ii[j] + (1− βi)Ii[k + 1]

= βk+1
i Ṽi[0] + (1− βi)

k+1∑
j=1

β
(k+1)−j
i Ii[j]

(4.13)
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This implies equivalence between Equations 1 and 2 for t = k+ 1 assuming equivalence between
Equations 1 and 2 holds true for t = k. By the principle of induction, equivalence is established
given that both the base case and inductive step hold true.

Step 2, as per the proposition, we have

Ṽi[t] =
(
Ii ∗ β̃i

)
[t]

=
t∑

j=0
β̃i[t− j]Ii[j]

= (1− βi)
t∑

j=0
βt−ji Ii[j]

= (1− βi)βtiIi[0] + (1− βi)
t∑

j=1
βt−ji Ii[j]

= βti Ṽi[0] + (1− βi)
t∑

j=1
βt−ji Ii[j]

(4.14)

This is identical to Equation 4.11 and (by step 1) identical to Equation 4.10. Thus, the proposed
convolution in the Proposition computes the membrane potentials without reset.

Proposition 7. Function φ(S̃i)[t] =
∑t
k=1 S̃i[k](t− k + 1) acting on S̃i ∈ {0, 1}T contains at most

one element equal to one φ(S̃i)[t] = 1 for smallest t satisfying S̃i[t] = 1 (if such t exists).

Proof. Firstly, if S̃(l)
i [t] = 0 for all t ∈ [1, T ] then φ(S̃(l)

i )[t] = 0 for all t ∈ [1, T ] (follows from
substitution). Secondly, if S̃(l)

i [t1] = 1 for smallest t1 ∈ [1, T ] then φ(S̃(l)
i )[t1] = 1 (follows from

substitution) and there can exist no t2 > t1 such that φ(S̃(l)
i )[t2] = 1 as

φ(S̃(l)
i )[t+ 1] =

t+1∑
k=1

S̃
(l)
i [k]

(
(t+ 1)− k + 1

)
=

t∑
k=1

S̃
(l)
i [k]

(
(t+ 1)− k + 1

)
+ S̃

(l)
i [t+ 1]

=
t∑

k=1
S̃

(l)
i [k](t− k + 1) +

t∑
k=1

S̃
(l)
i [k] + S̃

(l)
i [t+ 1]

= φ(S̃(l)
i )[t] +

t+1∑
k=1

S̃
(l)
i [k]

(4.15)

Thus φ(S̃(l)
i )[t2] > φ(S̃(l)

i )[t1] for all t2 > t1 as
∑t2
k=1 S̃

(l)
i [k] ≥

∑t1
k=1 S̃

(l)
i [k] = 1 > 0.
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Proposition 8. The input current Ii,n+1[t] of neuron i simulated in Block n+ 1 (of length TR) is
defined as follows, and enforces an absolute refractory period of length TR and a monosynaptic
transmission latency of D = TR.

Ii,n+1[t] =
(
bi +

N in∑
j=1

WijSj,n+1[t]

︸ ︷︷ ︸
Feedforward current

+
Nout∑
j=1

W rec
ij Sj,n[t]

︸ ︷︷ ︸
Recurrent current

)
1zi,n[t] ≥ max

t
Si,n[t]︸ ︷︷ ︸

ARP mask

Proof. We proceed by showing that 1. the transmission latency is the same as in the standard
model and 2. the ARP mask enforces an ARP of identical length to the standard model.

1. Identical transmission latency: The relation between the time step 1 ≤ t ≤ T and the time
step 1 ≤ tb ≤ TR in Block n ≥ 1 can be expressed as:

t = (n− 1)TR + tb (4.16)

As we assumed the transmission latency D = TR to be equal to the ARP length, we have

t− TR = ((n− 1)− 1)TR + tb (4.17)

and hence the input current Ii,n[t] to Block n at time t (i.e. time step tb in the Block) is computed
from the output spikes from the prior Block n− 1 at the same Block time step tb.

2. Identical ARP length: Case one, if neuron i emitted no spikes during Block n, then neuron
i should receive input current at every time step in Block n + 1, which the ARP mask permits
(as zi,n[t] ≥ maxt Si,n[t] = 0 for all t). Case two, if neuron i spiked during Block n, then the
ARP mask should appropriately mask out the input current to Block n+ 1 (to enforce an ARP of
length TR). The number of elements in zi,n which are smaller than one and equal to or larger
than one is equal to TR (can be shown by proof by contradiction):

∑
1zi,n[t] < 1︸ ︷︷ ︸

Number of elements masked in Block n+ 1

+
∑

1zi,n[t] ≥ 1︸ ︷︷ ︸
Number of time steps from the spike onwards in Block n

= TR (4.18)

The construction of the Block ensures that at most one spike is emitted within a Block (where
zi,n[t] = 1) and no further spikes are emitted thereafter (where zi,n[t] > 1). The ARP mask
ensures that no spikes are emitted in the next Block for the time steps where zi,n[t] < 1 (as it
only permits input current to flow into the Block for time steps where zi,n[t] ≥ 1). Thus, the
mask ensures enforces the correct ARP length of TR steps.
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Proposition 9. The initial membrane potential Vi,n+1[0] of neuron i simulated in Block n+ 1 (of
length TR) is equal to the last membrane potential in Block n if no spike occurred and zero otherwise.

Vi,n+1[0] =

Vi,n[TR], if maxt Si,n[t] = 0

0, otherwise

Proof. Two cases are distinguished for correctly evolving the membrane potential of a neuron
over time. Case one, if no spike occurred in neuron i in Block n (i.e. maxt Si,n[t] = 0), then the
initial membrane potential of neuron i in Block n+ 1 is equal to the final membrane potential
value of neuron i in Block n. Otherwise, case two, the initial membrane potential is set to zero
(as no state needs to be transferred as the neuron is in an absolute refractory state).

Proposition 10. The adaptive firing threshold θi,n+1[t] of neuron i simulated in Block n + 1 (of
length TR) is constructed from the initial adaptive parameter ai,n+1[0], which is equal to its last
value in the previous Block if no spike occurred, and otherwise equal to an expression which accounts
for the effect of the spike on the adaptive threshold.

θi,n+1[t] = 1 + dip
t
iai,n+1[0]

ai,n+1[0] =

ai,n[TR], if maxt Si,n[t] = 0

pmi (as + p−1
i ) otherwise

m =
TR∑
k

1zi,n[k] > 1, as =
TR∑
k

ai,n[k]Si,n[k]

Proof. We proceed our proof in two steps. In step 1, we show how the dynamic firing threshold
of neuron i in Block n + 1 can be computed using initial adaptive parameter ai,n+1[0]; and in
step 2, we show how this initial adaptive parameter is derived.

Step 1, we prove the equivalence between the Block adaptive threshold (Equation 4.19) and the
standard adaptive firing threshold (Equations 4.20 and 4.21).

θi,n+1[t] = 1 + dip
t
iai,n+1[0] (4.19)

θi,n+1[t] = 1 + diai,n+1[t] (4.20)

ai,n+1[t] = piai,n+1[t− 1] + Si,n+1[t− 1] (4.21)
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The spike term in Equation 4.21 can be dropped, as only the spike occurrence in Block n (and
not Block n+ 1) can affect the firing threshold in Block n+ 1 (due to the single spike constraint).
Thus, we rewrite Equation 4.20 as:

θi,n+1[t] = 1 + diai,n+1[t]

= 1 + dipiai,n+1[t− 1]

= 1 + dip
2
i ai,n+1[t− 2]

· · ·

= 1 + dip
t
iai,n+1[0]

Step 2, to derive the initial adaptive parameter ai,n+1[0], we distinguish two cases. Case one,
neuron i did not spike in Block n, in which case the initial adaptive parameter is set to the final
adaptive parameter ai,n[TR] in Block n. Case two, neuron i did spike in Block n, and we need to
account for the affect of this on the firing threshold in Block n+ 1. If the spike occurred at Block
time step 1 ≤ TR −m ≤ TR for 0 ≤ m < TR we have

ai,n[TR] = piai,n[TR − 1]

= p2
i ai,n[TR − 2]

· · ·

= pm−1
i ai,n[TR − (m− 1)]

= pm−1
i

(
piai,n[TR −m] + 1

)
= pmi

(
ai,n[TR −m] + p−1

i

)
= pmi

(
as + p−1

i

)
(4.22)

with as =
∑TR
k ai,n[k]Si,n[k] = ai,n[TR−m] (as Si,n[k] is one for k = TR−m and zero otherwise).

Lastly, m =
∑TR
k 1zi,n[k] > 1, as zi,n[k] > 1 at ever Block time step k > TR −m (see Proposition

7 proof showing zi,n to be a strictly increasing sequence if a spike occurred in Block n) and thus∑TR
k 1zi,n[k] > 1 =

∑TR
k=TR−m+1 1 = TR − (TR −m) = m.

4.5.2 Experimental details

All models were implemented using PyTorch [388] (although nothing prohibits the use of other
auto differentiation frameworks [388, 389]). The speedup benchmarks and neural fits were
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done on an NVIDIA GeForce RTX 3090, and the training on the spiking classification datasets
was done on an NVIDIA GeForce GTX 1080 Ti. Following details apply to both our Block model
and standard SNN model which we used as a control.

Speed benchmarks

Synthetic spike dataset We generated binary input spike tensors of shape B ×N × T (B being
the batch size, N the number of input neurons and T the number of time steps). For every
batch dimension b a firing rate rb ∼ U(umin, umax) was uniformly sampled (with umin = 0Hz
and umax = 200Hz – Assuming 1 time step = 1ms), from which a random binary spike matrix of
shape N × T was constructed as a homogenous Poisson process, such that every input neuron in
this matrix had a firing rate of rbHz.

Supervised learning

Datasets We tested our model (and control) on two common spike classification datasets, the
Neuromophic-MNIST (N-MNIST) [377] and Spiking Heidelberg Digits (SHD) [378] dataset
(both released under the Creative Commons Attribution 4.0 International License). The N-MNIST
dataset is the classical MNIST dataset mapped onto a spike code using a neuromorphic vision
sensor and the SHD dataset comprises spoken digit waveforms converted into spikes using a
model of the auditory bushy neurons in the cochlear nucleus.

Weight initialisation All network connectivity weights were sampled from a uniform distribution
U(−

√
N−1,

√
N−1) with N number of afferent connections. All biases were initialised as 0. The

hidden neurons were initialised with a membrane time constant of 20ms (i.e. β(l)
i = exp(−DT20 )),

an adaptive time constant of 150ms (i.e. p(l)
i = exp(−DT150 )) and adaptive parameter of d(l)

i = 1.8.
The readout neurons were initialised with a membrane time constant of 20ms.

Clamping time constants To enforce correct neuron dynamics, we clamped the values of β(l)
i

into the range [0.01, 0.99] and the values of p(l)
i into the range [0.0, 0.999]

β
(l)
i =

0.99, if β(l)
i > 0.99

0.01, if β(l)
i < 0.01

(4.23)
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p
(l)
i =

0.999, if p(l)
i > 0.999

0.0, if p(l)
i < 0.0

(4.24)

Readout neurons Every network had an output layer of readout neurons (containing the same
number of neurons as the number of classes within the dataset trained on), where we removed
the spike and reset mechanism (as done in [133]). The output of the readout neuron c in response
to input sample b was taken to be the summated membrane potential over time ob,c =

∑
t V

L
b,c[t]

(L being the readout layer).

Supervised training loss We trained all networks to minimise a cross-entropy loss (with B and
C being the number of batch samples and dataset classes respectively)

L = − 1
B

B∑
b=1

C∑
c=1

ybc log(ŷbc) (4.25)

Variable ybc ∈ {0, 1}C is the one hot target vector and ŷbc are the network prediction probabilities,
which were obtained by passing the readout neuron outputs obc through the softmax function.

ŷbc = exp(obc)∑C
k=1 exp(obk)

(4.26)

Surrogate gradient We tested training on the SHD dataset using three different surrogate
gradient functions, including the multi-Gaussian [364], fast sigmoid [194] and the boxcar [390,
391] function - all which have shown to perform well in training SNNs.

∂S
(l)
i [t]

∂V
(l)
i [t]

= 1.15N (V (l)
i [t] | 0, 0.52)− 0.15N (V (l)

i [t] | 3, 32) (4.27)

− 0.15N (V (l)
i [t] | −3, 32) (multi-Gaussian) (4.28)

∂S
(l)
i [t]

∂V
(l)
i [t]

= (10|V (l)
i [t]|+ 1)−2 (fast sigmoid) (4.29)

∂S
(l)
i [t]

∂V
(l)
i [t]

=

0.5, if |V (l)
i [t]− θ(l)

i | ≤ 0.5

0, otherwise
(boxcar) (4.30)

(4.31)
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We chose the multi-Gaussian function as this obtained the best performance (Supplementary
Figure 4.6a).

Detaching gradients Detaching gradients from flowing through the spike reset and recurrent
connections has been shown to improve classification accuracies when training SNNs [133].
We thus explored 1. allowing gradients to flow through all elements within the computational
graph (i.e. attached) and 2. detaching the surrogate gradient from all elements within the
computational graph, except for the feedforward connections to other neurons (i.e. detached).
We found that detaching improved test accuracies across all the tried surrogate gradient functions
on the SHD dataset (Supplementary Figure 4.6b).

Training procedure We used the Adam optimiser (with default parameters) [289] for all train-
ing, starting with an initial learning rate of 0.001, which was decayed by a factor of 10 every
time the number of epochs reached a new milestone. Model weights were saved if the training
error at the end of each epoch was lowered. The hyperparameters are found in Supplementary
Table 4.2.

Additional results Forward (i.e. inference using the network) speedup can be found in Sup-
plementary Figure 4.7. Here we used the same simulation setup as the one we used for
benchmarking the training speedups. We also compared the forward pass of our model to
other publicly available SNN implementations, the Norse library [375] and the Spiking Jelly
library [376], and found our method to run considerably faster (Supplementary Table 4.3). We
benchmarked a simple one layer SNN network of 100 units on the forward pass, over 1000 time
steps with 200 input units (with a batch size of 128). As expected, we found the Norse (0.30s) and
SpikingJelly (0.18s) implementations took a similar time to our standard SNN implementation
(0.33s) with the SpikingJelly implementation running slightly faster (as they are all governed by
the same sequential time complexity). In contrast, our Blocks model (using a 50 steps ARP) ran
over an order of magnitude faster (0.016s) than the other implementations.

Neural fits

Dataset preprocessing We fitted the model to in vitro whole-cell patch clamp electrophysiolog-
ical recordings from neurons in layer 4 in mouse primary visual cortex, provided by the Allen
institute [379, 380]. These neurons were injected with a varying current at different amplitudes.
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For each neuron, the training and test datasets were those stipulated by the Allen Institute (50%
for training and 50% for testing). We only fitted and reported our results on neurons which had
four repeats for each unique current injection. We processed the input data by 1. removing all
the long periods in the recordings during which no current was injected, 2. resampling the data
to have a DT= 0.1ms, and lastly 3. normalising the data by subtracting the mean and by dividing
by the standard deviation of the training dataset. We used the spike times provided by the Allen
Institute for fitting.

Weight initialisation The neuron input weight was initialised to a constant value of s
100 for scale

value s, ensuring that the input weight was correctly rescaled for different simulation resolutions
(e.g. s = 1 corresponds to simulating with DT= 0.1ms and s = 2 corresponds to simulating with
DT= 0.2ms). The bias was initialized to 0. The membrane time constant was initialized to 20ms,
the adaptive time constant was initialized to 100ms, and the adaptive parameter was initialized
to d = 0.1

s .

Supervised training loss Each ALIF neuron model was optimised to produce the same spike
times of the real neuron being fit to. This was achieved by minimising the van Rossum distance
DR [381] between the predicted model spike train x and real neuron spike train y, defined as

DR(τR) =

√
1
τR

∫ T

0

(
k ∗ x(t)− k ∗ y(t)

)2
dt (4.32)

with exponential kernel k = H(t) exp(−tτR
) and H being the heaviside function. We used τR =

100ms for all our reported results.

Training procedure We used the Adam optimiser (with default parameters) [289] for every
neuron fitted, with a learning rate of 0.0001. Training was carried out over 200 epochs in full
batch mode (i.e. estimating gradients from the entire training dataset). Model parameters
were saved whenever the training score improved, and training was halted if there was no
improvement over the last five epochs.

Explained temporal variance We used the explained temporal variance (ETV) metric to assess
the goodness-of-fit of the fitted models to the neural data (used on the Allen Institute website).
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The metric has a value of zero when the model predicts at chance and a value of one for a perfect
fit to the data, and is defined as:

ETV = ETVraw

ETVmax
(4.33)

ETVraw measures the pairwise explained variance of the data with the model and ETVmax

measures the upper limit on how well the model can perform (i.e. how much of the neuron’s
response variability from repeat to repeat can be accounted for).

ETVraw =
∑
r

var (g ∗ x) + var (g ∗ yr)− var (g ∗ x− g ∗ yr)
var (g ∗ x) + var (g ∗ yr)

(4.34)

ETVmax =
∑
r

var (g ∗ ȳ) + var (g ∗ yr)− var (g ∗ ȳ − g ∗ yr)
var (g ∗ ȳ) + var (g ∗ yr)

(4.35)

Here x is the predicted model spike train, yr is recorded neuron spike train for repeat r, g is a
Gaussian kernel (with mean µ = 0 and standard deviation σ = 150ms) and ȳ[t] = 1

R

∑R
r (g ∗yr)[t]

is the mean recorded (and smoothed) neuron response. Convolving the spike trains with the
Gaussian kernel converts them into peristimulus time histograms.

Additional results Zoomed-in plots of the neural traces can be found in Supplementary Figure
4.8, and the membrane time constant distribution of the fitted V1 neurons can be found in
Supplementary Figure 4.9.

Tab. 4.2: Dataset and corresponding training parameters.

N-MNIST SHD
Dataset (train/test) 60k/10k 8156/2264

Input neurons 1156 700
Dataset classes 10 20

Epochs 30 40
Batch size B 64 64
Time steps T 300 600

Time resolution ∆t (ms) 1 2
LR decay epoch milestones N/A (15, 30)
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Tab. 4.3: Comparison to other SNN libraries. Forward pass simulation duration of our model compared
to other publicly available SNN implementations.

Duration (s)
SpikingJelly [375] 0.18s

Norse [376] 0.30s
Standard SNN (our implementation) 0.33s

Block SNN (our model) 0.016s
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Fig. 4.6: Surrogate gradient search. a. Accuracy on the SHD dataset using our model for different
surrogate gradient functions. b. Accuracy on the SHD dataset using our model when attaching
the surrogate gradient to all elements within the computational graph vs detaching it from
everything besides the connections to efferent neurons. Bars plot the mean and standard error
over three runs.
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Discussion 5
5.1 Summary of results

A central aim in visual neuroscience is to understand the operations of the visual system: how
is visual information represented in and transformed by visual circuits? A popular modelling
approach to investigating the functional principles underlying neural circuits is normative
modelling. Here, a model architecture is developed to approximate the neural architecture of the
visual system or a neural region therein (e.g. the retina or V1). This model architecture is then
optimized for a normative goal, which is thought to govern the way the system operates (e.g.
compressing or predicting incoming sensory stimuli). After optimization, the model’s brain-like
characteristics are evaluated by contrasting its tuning properties with biological data (e.g. the
RFs of recorded neurons), or by assessing its neural response predictive accuracy.

Normative investigations have been able to account for certain neural tuning properties found
in the visual system [148, 232, 140, 141, 143, 167, 152, 146, 168, 106]. In particular, models
based on the normative goal of temporal prediction have been able to account for the spatial and
temporal tuning properties of RFs of V1 neurons [106]; visual-cortex-like response dynamics
to perceptual motion illusions [161]; and predict V1 responses in monkeys to natural movies
on par with other state-of-the-art models [162]. However, these normative temporal prediction
models - and normative models of the visual system in general - omit key biological constraints
of the brain, namely, the ubiquitous spiking dynamics of neurons and the stereotypical excitatory
and inhibitory neural subpopulations of the cortex. In this thesis, I set out to address this gap.

In Chapter 2, I developed a normative model of V1 comprised of recurrently-connected spiking
units separated into distinct excitatory and inhibitory subpopulations. This model was trained to
predict future sensory stimuli from past spiking activity, with a prediction timescale similar to
the transmission latencies from the retina to V1. This model exhibited V1-like spike statistics
and accounted for key neural tuning and physiological differences between the excitatory and
inhibitory subpopulations in V1.

In Chapter 3, I extended the spiking model from V1 to the retina, using a few modifications and
by increasing the metabolic-like regularization. I explored whether the retina is optimized for
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efficient compression or efficient temporal prediction, by training multiple spiking retinal models
using different prediction offsets. I found the retinal models optimized for prediction to better
predict the neural responses of retinal ganglion cells from different animal species to natural
images and movie stimuli. Furthermore, the predictive spiking retinal model also exhibited
retinal-like RF structures, tuning properties and spiking characteristics, like latency coding.

In Chapter 4, I designed a new algorithm to more rapidly train and simulate spiking neural
networks on hardware accelerators, such as GPUs. This method reduces the sequential simulation
complexity of LIF and ALIF models by algorithmically reinterpreting their computational graphs.
In particular, the spiking dynamics are more efficiently simulated during the absolute refractory
period of neurons using non-sequential tensor operations. This method achieves a 10 − 50×
training speedup over the standard training method, with comparable performance to the
standard ALIF implementation on different supervised classification benchmarks and on fitting
electrophysiological recordings.

5.2 Project development summary

The V1 spiking model underwent significant development before obtaining units that reproduced
all the biological properties of V1 neurons. I started the development of the model by extending
the ANN temporal prediction model [106] with a binary activation function (i.e. an output of
one or zero). Units in this model exhibited V1-like RFs. Next, I increased the biological realism
of this model by incorporating an evolving membrane potential. Again, units in this model
exhibited V1-like RFs. Thereafter, I made another two modelling additions: imposing Dale’s law
in the model by hardcoding units to be excitatory or inhibitory, and extending the model from
operating on a patch of movie input to operating over the entire spatial extent of a movie frame
using convolutions. I had to decay the learning rate of this new model after a certain number
of epochs to avoid drastic spikes in the loss function. Once again, units in this model exhibited
V1-like RFs. This early-stage model appeared to capture the spiking variability of V1 neurons,
however, the log-scale firing rate distribution was slightly bimodal and did not agree with that of
V1 neurons.

I used the natural movie training data used by [106]. However, this training data was recorded
at 25Hz which posed a problem for accurately simulating neuron dynamics as neurons evolve
on shorter timescales than 40ms (the duration of every movie frame). To overcome this issue
I created a new natural stimulus dataset recorded at 120Hz (8.33ms duration for every movie
frame). This slightly alleviated the issue faced in the firing rate distribution.
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I designed various metabolic regularization functions in an attempt to obtain more V1-like
spike statistics. This included having separate terms penalizing the synaptic connectivity, firing
rate, and membrane potential. However, testing the effect of these different terms was time-
consuming, due to the slow training times of SNNs and the convolutional implementation that
I was using, where training a single model could take ∼ 2 − 3 days. To accelerate research
efforts I reverted the model to patch-mode, reducing model training to ∼ 1 day. After more
trial-and-error I employed the metabolic regularization function as reported in the chapters that
jointly penalizes synaptic connectivity and firing rates - this did not yet penalize the excitatory
and inhibitory units separately. Although the model at this point was capturing the V1-like RFs
and spike statistics, it did not capture the nuance differences in tuning between the excitatory
and inhibitory V1 neurons.

I was able to capture the differences between the excitatory and inhibitory V1 neurons by
regularizing the excitatory and inhibitory units with separate penalties - under the assumption
that inhibitory neurons consume less energy than excitatory neurons per unit work. Here, I again
trained various models in search of the most V1-like model. In addition to inspecting the RFs,
I also inspected the membrane time constant distributions of the model as well as the motion
tuning statistics. This finally resulted in the model for which the results are presented in Chapter
2.

The retinal model was a direct extension of the V1 model, yet with no Dale’s law on the
recurrent connectivity and using a different metabolic regularization strength. Unlike the V1
model, I obtained the results reported in Chapter 3 without performing many trial-and-error
experiments.

5.3 Extending the temporal prediction objective

In this thesis, I trained the cortical (Chapter 2) and retinal (Chapter 3) models to predict the
most likely sensory input at a fixed time into the future. This was achieved by minimizing the
MSE between the future movie frames and the corresponding model predictions. This, however,
has two potential shortcomings: firstly, the brain might predict a span of offsets into the future
(e.g. 8ms, 16ms, 24ms, etc. into the future); and secondly, the brain might predict a distribution
over possible future outcomes, rather than predicting the single most likely outcome.

Understanding the probability distribution of potential future events is crucial for effective action
selection, particularly for balancing survival against energy conservation. Consider a surfer
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anticipating an oncoming wave: the optimal decision might be to paddle towards and over the
wave to avoid injury. However, if the wave is likely to pass by harmlessly, conserving energy
by staying put might be preferable. Furthermore, if the wave has a chance of breaking to the
left or right, the surfer must decide which way to paddle. A simplistic prediction might suggest
that the wave will hit directly head-on, but this is an example of the golden mean fallacy — the
erroneous conclusion that the truth lies in between two extremes [392]. The surfer could thus
make an informed decision by knowing the likelihood of the different future outcomes of the
wave - and not just predicting a single outcome.

The models of the retina and V1 presented in this thesis could be trained to generate various
possible future outcomes using recent advancements in generative machine learning. Unlike
the fixed single-frame prediction employed during the training process of the retina and V1
models, generative models could instead be used to generate different possible future frames.
These models, in particular conditional generative models, consume a condition-vector and a
noise-vector as input. The condition-vector provides the necessary contextual information from
which an image can be generated - for example, the past spiking activity in the retina and V1
models. The noise-vector specifies a random starting seed for the generative process, whereby
different noise-vectors produce different generated samples [393].

Possible starting points to extend the models from predicting the single most likely frame to a
distribution of possible frames would be to include a generative adversarial network (GAN) or a
diffusion model in the training setup. A GAN is comprised of two neural networks, a generator
and a discriminator network. These are simultaneously trained, such that the generator creates
data aiming to mimic real data, while the discriminator tries to distinguish between the real
and generated data [394]. Although these networks can generate high-resolution images [395],
they are typically challenging to train and can suffer from so-called mode-collapse, a lack of
diversity in generated samples [396]. Diffusion models overcome the shortcomings of GANs and
synthesize images of higher quality [397]. These models learn to generate data by gradually
adding random noise to a data sample and then learning to reverse this process [398]. The
reversal process yields a generative model capable of generating high-resolution images [399]
and even movies [400]. The movie generation capabilities of diffusion models would be a good
starting point for extending the spiking models to predict different sequences of possible future
sensory outcomes.

It remains unclear how the temporal prediction objective might be implemented and supported
by the neural circuit. An active area of research is to determine which aspects of the visual
system are hard-wired vs shaped via visual experience [254]. If the brain is performing temporal
prediction, one might assume that it is continuously tweaking its connectivity to best predict the
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sensory future. For example, raccoons live in various environments, including forests, mountains,
and urban areas [401], which each exhibit different visual statistics (e.g. urban areas have
driving cars, which are less likely to be seen in mountains and forests). Thus, the brain might
reconfigure certain connections to best adapt to particular environmental statistics [402] (e.g. a
raccoon moving from the mountains to an urban area). How a brain region could be optimised
(or fine-tuned) for the temporal prediction objective by experience-dependent neural plasticity is
unclear, as neurons would require a learning signal, such as the error between the predicted and
future sensory states. The brain would thus need to keep a record of its sensory predictions to
compare these to the sensory futures. Future investigations could try to understand how such
sensory prediction errors might be computed, and how the synaptic connectivity might adapt to
reduce such errors.

5.4 Modelling extensions

There are various avenues for extending the V1 and retinal models developed in this thesis. One
modelling extension would be to make the models operate over an entire spatial extent of the
visual input. Like prior normative models of the visual system [106, 140, 141], the models
developed in this thesis consume a patch of visual input, instead of processing an entire visual
scene. One extension would be to make the models convolutional, jointly processing multiple
patches at different spatial locations [47]. However, a convolutional model would likely not differ
drastically from convolving a pre-trained patch-model over space. This is due to the patch-models
being trained using movie patches uniformly sampled from different spatial locations within the
entire movie frame. Thus, similar to the convolutional model, the patch-models were trained on
the movie statistics spanning the spatial dimensions.

A better approach than a convolutional model might be to learn a unique patch-model at every
spatial location covered by the visual input. One reason for doing so is that the input statistics
vary over different spatial regions within the visual field. Such differences in the input statistics
are also reflected in the visual system, e.g. by the spatial layout of the retina across different
animal species. For example, mice mostly see blue skies above (top visual hemisphere) and
the ground and bushes below (bottom visual hemisphere). Their eyes are also slightly tilted
outwards, which creates a visual flow over their retinas when moving forwards. The retina
of mice exhibit different cellular arrangements corresponding to different parts of the visual
field, as illustrated by the types of photoreceptors, variations in the densities of ganglion cells,
as well as varying levels of ganglion-cell direction-selectivity [329]. These different properties
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likely reflect the retina’s evolutionary adaptation to process visual input of different statistics at
different spatial locations. Exploring such modelling extensions is, however, challenging, due to
the large memory requirements and long training times when simulating biologically-detailed
spiking networks over time and space.

Another avenue for extending this work would be to capture a larger portion of the visual
system in a single model, rather than modelling its individual subregions (like the retina and
V1) separately. A next step could be to use the spiking output of the retinal model as input
to the cortical V1 model and examine whether V1-like tuning properties still emerge within
the V1 model. Here, the modified V1 model would be trained to predict future retinal spiking
activity instead of future movie frames. Such a normative objective, of higher layers predicting
the activity of lower layers, has been shown to produce visual-system-like tuning properties in
hierarchical non-spiking networks [162]. Furthermore, additional layers could be included, in
an attempt to capture the tuning properties of the LGN or higher cortical areas. In particular,
it would be interesting to explore whether different visual streams corresponding to the dorsal
and ventral streams found in the primate cortex emerge in a hierarchical spiking network
optimized for temporal prediction. Functional specification has been shown to emerge in non-
spiking hierarchical networks trained using a prediction-like objective [163], or by using a
self-supervised learning objective with spatial connectivity constraints [403].

The developed spiking models could also be examined using other sensory modalities, like
auditory input. Instead of training the spiking models to predict future movie frames, the models
could instead be trained to predict the future values in cochleagrams or raw waveforms of
natural sounds. Prior investigations found that optimizing shallow non-spiking networks to
predict the future of natural sound spectrograms from the past resulted in model units with
spectrotemporal RFs resembling those of A1 neurons [106]. Additionally, optimizing a simple
non-spiking network to predict the immediate future of raw waveforms of natural sounds from
the past results in units with cochlear-like tuning properties [404]. It would be interesting to
explore whether similar tuning properties would emerge in the spiking temporal prediction
models. Another possibility would be to develop a spiking model of the visual and auditory
pathway, which jointly predicts the visual and auditory future from the recent past of both
modalities. Various studies have described how neurons in the auditory cortex are modulated by
visual input [405], or how neurons in the visual cortex are modulated by auditory input [406].
The function of such modulation remains elusive. Perhaps the different sensory streams support
each other in predicting their respective sensory futures.
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5.5 The challenges of normative modelling

Can normative modelling lead to an understanding of the brain? What constitutes an under-
standing of the brain remains a contentious question. There are billions of neurons connected
through trillions of synapses, making it a difficult problem to conceptualize how these all interact
to form a functioning brain. Arguably, we would still fall short of understanding the brain if
we were to map all the brain’s connections and henceforth be able to predict all its spiking
dynamics, because we would still not understand what computation these connections and
spiking dynamics are performing. Normative models bridge this gap through the development of
models that attempt to explain why the brain looks and behaves the way it does.

Models can help us to comprehend various interactions and observations in the world (and
beyond). For example, models allow us to calculate the trajectory of motion of two colliding
bodies [36], and - more abstractly - they allow us to derive how electrical charges give rise to
magnetic fields [37]. Models thus provide us with an understanding of the world. As Nobel
laureate and theoretical physicist Richard Feynman puts it: "What I cannot create, I do not
understand" [407]. Normative models embody such ethos, with the aspiration of understanding
why the neurons in the brain behave the way they do. Although these models have successfully
managed to account for various neural tuning properties throughout the visual system [106, 140,
141], normative models face several limitations:

1. Scaling constraints. The primate brain consists of billions of neurons and trillions of
synapses [7]. In comparison, the largest ANNs typically consist of orders of magnitude
fewer trainable parameters. In particular, biologically-detailed networks of spiking neurons
are typically comprised of a few hundred (or thousand) units, which is drastically less
than the number of neurons in most brains. This raises the question: how important
is it to match the scale of the brain when modelling the brain in silico? Some research
endeavours argue that such a scale is pivotal in understanding the brain. For example, the
Blue Brain Project aims to create a detailed digital reconstruction of the mouse brain, to
further examine its function [408]. Such large-scale investigations, however, do not train
the model architecture with respect to a normative goal, due to limitations in software
(e.g. training and simulation algorithms) and hardware. New software developments are
making it possible to train biologically-plausible SNNs more rapidly (Chapter 4) [128, 132]
and of larger scale [132]. Furthermore, new developments in hardware - aiming to re-build
computers to be more like the brain - might make it possible to emulate larger brain-like
networks [356]. These developments are paving the way towards training large-scale,
biologically-detailed models. Although it remains unclear to what extent the network size
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is important for understanding the brain, one may argue that larger networks more closely
resemble the brain, and thus form a better basis for studying its functional organization in
silico.

2. Setting hyperparameters. The emergent phenomena of a normative model rely on several
hyperparameters. These parameters are not learnt but rather hard-coded. For example,
in the spiking V1 temporal prediction model explored in Chapter 2, one hyperparameter
selects how far into the future the model should predict, and another hyperparameter
determines how many of the units should be excitatory vs inhibitory. The values for these
hyperparameters can be informed by biology. For example, the prediction horizon could be
on the timescale of the transmission latency from the retina to V1 [100, 101, 102, 103],
and the fraction of excitatory to inhibitory units can match the fraction of excitatory to
inhibitory neurons found in V1 [113, 114, 112, 23]. However, certain hyperparameters
are more challenging to infer, such as the hyperparameter values in the metabolic-like cost
functions used to train the V1 and retinal models. No direct criterion is available to derive
these hyperparameters. Rather, through trial-and-error, various models were trained using
different hyperparameter values. Hyperparameter values were selected which gave the
most neural-like tuning properties. This is arguably a major shortcoming of normative
models, as model development requires many computational resources and long training
times. This results in a slow scientific process, and a large carbon footprint due to the
energy requirements of the hardware used to simulate and train the models [409, 410].
Unfortunately, certain hyperparameters, like those in the metabolic-like cost functions, are
challenging to derive from theoretical measures and biological observations. In particular,
the calculations regarding the energy expenditure of neurons - and their different excitatory
and inhibitory subtypes - is still an ongoing topic of investigation [271, 272, 273, 274].
Further developments in this area will hopefully allow for the metabolic-like cost function
hyperparameters to be derived, rather than having to determine these using a brute-force
search of the hyperparameter space.

3. To learn or not to learn. The goal in normative modelling is for brain-like phenomena
to emerge within a model during the optimization process. The number of emergent
phenomena is, however, bound by the design of the model architecture. For example,
training a network of LN units with respect to a particular normative hypothesis will not
result in spiking network dynamics. Clearly, the spiking mechanism must be included
within the model architecture for the model to exhibit spiking dynamics. Some criteria are,
however, less well defined as to whether they should be included in the model architecture,
or emerge during the optimization process. For example, the spiking V1 temporal prediction
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model in Chapter 2 has a fixed ratio of excitatory to inhibitory units, matching the ratio
of excitatory to inhibitory neurons in V1. Instead of hard-coding this ratio, it could also
be learned. However, models with an increasing number of learnable parameters become
more difficult to develop, as they are more challenging to implement, and require more
memory and time to train. Thus, a trade-off is reached between hard-coding and learning
the parameters within a normative model.

4. One objective to rule them all? Different normative models are contrasted to each other,
with the aspiration of determining which normative theory is most plausible. For example,
efficiently predicting future sensory input from the past produces model units with temporal-
like tuning of V1 neurons, whereas efficiently encoding the present sensory input does not
[106]. Thus, it could be argued that prediction, rather than compression, is more likely to
be the computational principle underlying the computation of V1. However, as geneticist
Theodosius Dobzhansky puts it: "Nothing in biology makes sense except in the light of
evolution" [411]. Natural selection is the overarching principle governing the design and
function of the brain [85]. It may therefore be myopic to assume that a single principle,
like temporal prediction, governs the computations underlying sensory circuits, as various
normative theories are reconcilable in the context of evolution. Rather, sensory circuits
may have evolved to support a variety of computational principles. Future investigations
may thus want to investigate an ensemble of normative theories, rather than treating them
as mutually exclusive.

5. Likely unexplainable phenomena. Normative models can account for many neural proper-
ties, such as the RFs of neurons; their spike statistics; their tuning preferences to motion;
and their different timescales of operations (Chapters 2 and 3). However, it seems improb-
able that all biological phenomena can be accounted for by training a model architecture
with respect to a normative objective. For example, it seems unlikely that a normative
model of the retina could account for its backward-wiring, where light first passes through
the higher-layer nerve cells before reaching the photoreceptors. Additionally, it seems
unlikely that a normative model of the visual system could account for the crossover of
visual information, whereby light entering the left retina projects to the right cortical
hemisphere and the light entering the right retina projects to the left cortical hemisphere.
These wiring phenomena likely emerged from particular developmental or evolutionary
pressures and contingencies unrelated to normative theories.

Although normative modelling endures various shortcomings, this does not mean that normative
models are not useful for studying the brain. As per the aphorism: "All models are wrong, but
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some are useful". Normative models may not account for the backwards wiring of the retina,
but they can, for example, account for the neural tuning and spike statistics of the retina and V1
(Chapters 2 and 3).

One approach to broadening the applicability of normative models would be to incorporate the
notion of embodiment: allowing models to interact with a 3D world through sensorimotor-like
skills. A long-standing test of brain-like intelligence is the so-called "imitation game" proposed
by Alan Turing, in which an interrogator must determine whether they are communicating
with a human or a machine via some form of written dialogue [412]. With the advent of large
language models (LLMs) in the last years, it has been questioned whether this is still a valid test
of brain-like intelligence, given that LLMs possess human-level language abilities [413]. Recently,
neuroscience and AI researchers have proposed a new Turing-like test, the "embodied Turing
test" [414]. The measure of intelligence in this new test is whether a model with sensorimotor-
like capabilities exhibits behavior indistinguishable from that of living counterparts (e.g. mice,
squirrels, or humans). The model could be interacting in a physical or virtual environment, with
the objective of exhibiting species-specific behaviour. As neuroscientist Gordon Shepherd puts
it: "Nothing in neurobiology makes sense except in the light of behavior" [415]. Casting the
normative framework from the sensory to the sensorimotor setting permits the models to exhibit
behaviour and would thus increase their biological realism, and create more opportunities for
comparison to biology.

A starting point for developing models for the "embodied Turing test", would be to train an
agent in a realistic virtual environment, with the ability to see (visual input) and act (motor
output). Simulated agent interactions are more accessible than physical interactions, where the
latter requires complex and expensive robots [416]. The agent could be a mouse-like model
interacting in a forest-like virtual environment. This environment could contain food sources
(for energy), predators (which need to be avoided), and underground holes (for protection). The
agent could then be trained using a method like reinforcement learning [417] or evolutionary
algorithms [418], to maximize chances of survival (eat food, avoid predators, and find shelter).
A biologically-plausible model architecture could be employed, like the spiking network of
excitatory and inhibitory units outlined in Chapter 2. It would be interesting to observe whether
distinct motor-like and visual-like pathways or motor-visual dependencies emerge within the
model, where particular behaviours have been linked to neural responses within V1 of mice
[419].
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5.6 Validation extensions

The spiking V1 and retinal model were contrasted to the biology using common measures, like
RFs, spike statistics, and motion-tuning properties, between the model units and real neurons.
The spiking retinal model was also used to predict neural responses from the retina of different
animal species to natural movies and images. These different measures allow us to assess how
similar the models are to their respective biological counterparts. Future investigations might
want to explore additional measures to assess the similarity of the models to the biology.

It would be interesting to further investigate the similarity between the population responses
between the model and the biology to different forms of stimuli. A standard approach for
doing such a comparison is representational similarity analysis (RSA) [420]. This approach
uses a response matrix that contains the model (or brain) responses over the units (or neurons)
along the columns, in response to different stimuli listed as rows. RSA calculates the similarity
between two response matrices - one from the model and one from the brain - as a single number,
ranging between zero and one. A value of zero implies dissimilarity and a value of one implies
equivalence between the matrices. Other measures, such as the canonical correlation analysis
(CCA) [421] and centered kernel alignment (CKA) [422], similarly measure the similarity
between the responses of models and brains to different stimuli. Although these measures
have been popular in assessing the similarity of models to the brain, they suffer from various
shortcomings. For example, these measures have been shown to violate the properties of a
proper metric, as defined in mathematics (e.g. violation of the triangle inequality [423]). Recent
developments are addressing these shortcomings [423]. However, what constitutes a good
measure of similarity between the population responses of a model and the brain remains an
active area of investigation.

Another opportunity for future analyses would be to investigate the retinal and V1 model spike
dynamics using neural manifolds [424]. A neural manifold represents a low-dimensional latent
space, along which high-dimensional neural spike trains evolve. Such neural manifolds have
been shown to govern the evolution of neural dynamics in the dorsal premotor cortex of monkeys
during a delayed center-out reach task [425], and the evolution of neural dynamics in V1 of
monkeys to various input stimuli [426, 427]. It would be interesting to analyse whether the
spiking model dynamics also evolve in a lower-dimensional space like a neural manifold; and
if they do, do these match the neural manifolds observed in the retina and V1? For example,
it has been shown that drifting gratings of different orientations elicit high-dimensional spike
responses in V1 of monkeys, which evolve along a lower-dimensional torus-like shape. Spike
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responses corresponding to a particular grating orientation evolve along a unique trajectory on
the torus [428]. Perhaps the same results hold true for the spiking V1 model from Chapter 2.

Lastly, to assess the similarity of a model to a particular region within the visual system (like V1),
it has become a common practice to predict that region’s neural responses from the model unit
activations in response to the same visual stimulus [199]. However, it remains a contentious
question of how best to assess the goodness-of-fit between the predicted and recorded neural
responses. When neural responses are represented as firing rates, a common measure is the
normalized correlation coefficient, which measures the Pearson correlation between the predicted
and target neural responses, taking into account the maximal explainable correlation of each
neuron due to their response variabilities [317]. However, it remains less clear which measure
to adopt when assessing the goodness-of-fit for the prediction of individual spiking events, as
opposed to predicting firing rates. In Chapter 4, I employed the explained temporal variance
(ETV) (outlined on the Allen Institute website) to assess the goodness-of-fit in predicting the
spike trains of cortical neurons to various noisy input current injections. However, this measure
smoothes the spike trains using a Gaussian kernel, which results in a signal similar to a firing rate -
thus potentially omitting the information encoded by the individual spiking events. Various other
measures have been proposed to assess the goodness-of-fit when predicting spike trains, such
as likelihood approaches [110], the van Rossum distance [381], and the Victor-Purpura metric
[429]. However, these measures either suffer the same shortcomings as the ETV measure (of
spike smoothing) or are more challenging to interpret than the normalized correlation coefficient
or ETV. Further developments of new metrics, particularly metrics that assess the goodness-of-fit
between spike trains, will likely play an important role in understanding the brain’s functionality
using computational models.
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