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Abstract

Physical variability of speech combined with its perceptual constancy make speech recog-
nition a challenging task. The human auditory brain, however, is able to perform speech
recognition e↵ortlessly. This thesis aims to understand the precise computational mech-
anisms that allow the auditory brain to do so. In particular, we look for the minimal
subset of sub-cortical auditory brain areas that allow the primary auditory cortex to
learn ’good representations’ of speech-like auditory objects through spike-timing depen-
dent plasticity (STDP) learning mechanisms as described by Bi & Poo (1998). A ’good
representation’ is defined as that which is informative of the stimulus class regardless of
the variability in the raw input, while being less redundant and more compressed than
the representations within the auditory nerve, which provides the firing inputs to the
rest of the auditory brain hierarchy (Barlow 1961).

Neurophysiological studies have provided insights into the architecture and response
properties of di↵erent areas within the auditory brain hierarchy. We use these insights
to guide the development of an unsupervised spiking neural network grounded in the
neurophysiology of the auditory brain and equipped with spike-time dependent plasticity
(STDP) learning (Bi & Poo 1998). The model was exposed to simple controlled speech-
like stimuli (artificially synthesised phonemes and naturally spoken words) to investigate
how stable representations that are invariant to the within- and between-speaker di↵er-
ences can emerge in the output area of the model. The output of the model is roughly
equivalent to the primary auditory cortex.

The aim of the first part of the thesis was to investigate what was the minimal tax-
onomy necessary for such representations to emerge through the interactions of spiking
dynamics of the network neurons, their ability to learn through STDP learning and the
statistics of the auditory input stimuli. It was found that sub-cortical pre-processing
within the ventral cochlear nucleus and inferior colliculus was necessary to remove jitter
inherent to the auditory nerve spike rasters, which would disrupt STDP learning in the
primary auditory cortex otherwise.

The second half of the thesis investigated the nature of neural encoding used within
the primary auditory cortex stage of the model to represent the learnt auditory object
categories. It was found that single cell binary encoding (DeWeese & Zador 2003) was
su�cient to represent two synthesised vowel classes, however more complex population
encoding using precisely timed spikes within polychronous chains (Izhikevich 2006) rep-
resented more complex naturally spoken words in speaker-invariant manner.
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Long Abstract

The physical variability of speech combined with its perceptual constancy makes
speech recognition a challenging computational problem. The human auditory
brain, however, is able to recognise speech objects, such as phonemes or words,
rapidly and accurately. Learning through exposure to the statistics of the auditory
world is necessary to form invariant representations of auditory objects, such as
speaker or noise independent word representations. This thesis tries to answer the
following questions: 1) what are the computational mechanisms utilised by the
auditory brain to learn stable invariant representations of auditory object classes,
such as phonemes or words; 2) what is the minimal viable brain architecture
necessary for the task; 3) and what is the potential encoding used by the brain to
represent the learnt auditory objects.

In order to answer these questions, we develop a model grounded in the known
neurophysiology of the auditory brain and expose it to speech-like stimuli. In
this thesis we try to understand how stable invariant representations of auditory
objects emerge through the interactions of spiking dynamics of the model neurons,
their ability to learn through biologically inspired learning mechanisms, and the
statistics of the auditory input stimuli. For the purposes of this thesis, the following
assumptions, constraints, and definitions are used:

1) Auditory objects are simple isolated auditory stimuli derived from speech,
such as synthesised vowels or naturally spoken single-syllable words. Simple con-
trolled stimuli were chosen for this thesis in order to gain better understanding of
the computational mechanisms that allow the model to learn good representations
of the auditory inputs.

2) Invariant representations are representations that remain stable regardless
of the within-class variations present in the raw input. For example, the same word
spoken by the same speaker twice, spoken by a di↵erent speaker, or presented in
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noise, will result in very di↵erent raw input audio waves, which in turn will result
in very di↵erent patterns of firing within the auditory nerve - the first stage of the
auditory brain hierarchy. We want to understand how this variability is reduced
throughout the auditory brain hierarchy to produce stable informative compressed
representations in the last stage of the proposed model in response to the di↵erent
exemplars of the same auditory object class.

3) the Input to the model has to be as similar to the input to the auditory
brain as possible, hence a good model of the auditory nerve firing is necessary to
transform the raw audio inputs to neurophysiologically realistic firing patterns of
the auditory nerve.

4) The model is built using spiking neurons with neurophysiologically realistic
spiking dynamics, because we want to understand how the interaction between the
statistics of the auditory inputs derived from speech and the spiking dynamics of
the brain-inspired architecture equipped with long-term learning capabilities leads
to the formation of invariant representations of the input auditory objects.

5) The model is equipped with neurophysiologically plausible long-term learn-
ing capabilities (spike-time dependent learning (Bi & Poo 1998)).

6) The broad architecture and connectivity within the model has to be grounded
in the known neurophysiology of the auditory brain hierarchy.

The input to the auditory brain is provided by the mechanical cochlea followed
by the firing within the auditory nerve (AN), which contains all information about
sound identity and location. This information is passed through a large num-
ber of non-plastic sub-cortical layers before reaching the auditory cortex (A1),
where learning takes place (Zhang et al. 2002). Long-term learning in the brain
is driven by the presence of spike-time dependent plasticity (STDP) (Bi & Poo
1998), whereby the strength of connections between cortical neurons is modified
according to the mechanism suggested by Hebb’s postulate (Hebb 1949).

The auditory brain has to learn to associate together di↵erent versions of the
same speech object in order to solve the invariant speech recognition problem.
A similar problem has been solved in vision using both rate and spiking neural
network models of the ventral visual stream using the biologically plausible, unsu-
pervised, continuous transformation (CT) learning mechanism (Evans & Stringer
2012, Higgins & Stringer 2011, Stringer et al. 2006, Tromans et al. 2012). A good
way to think about CT learning is essentially as a label describing the learning
that emerges through the interactions of the Hebb postulate (Hebb 1949) with
stimulus classes that contain high overlaps between their similar transforms. A
version of CT learning adjusted to cope with the temporal dimension of auditory
objects by introducing a distribution of axonal conduction delays to the a↵erent
plastic connections is used in this thesis.

The minimal viable brain architecture necessary for learning invariant repre-
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sentations of auditory object classes is currently unknown, and neither is the role
played by the di↵erent brain areas (Bizley & Cohen 2014). Chapter 3 addressed
these questions by first demonstrating that a simple AN-A1 spiking neural network
model of the auditory brain that tries to learn class-selective invariant representa-
tions of two synthesised vowels, /i:/ and /a/, straight from the AN spike rasters
performs poorly on the task. This is shown to be due to jitter present in the AN
firing, which scrambles stable repeating firing patterns, and thus breaks CT STDP
learning.

Based on neurophysiological evidence it is, therefore, hypothesised that jitter
removal pre-processing within the non-plastic sub-cortical areas of the auditory
brain may allow learning to take place. Two stages were found to be necessary.
First, the chopper (CH), onset (ON) and primary-like (PL) sub-populations of the
cochlear nucleus (CN) remove AN jitter. Then their inputs are converged onto
the inferior colliculus (IC) layer, which serves as a whiteboard on which the de-
jittered AN spike rasters are written and which serves as clean input to the A1
to allow CT STDP learning to develop class-selective invariant representations of
the synthesised vowel stimuli (Delgutte 1982, Ferragamo et al. 1998, Godfrey et al.
1975, Liberman 1993, Rhode et al. 2010, Winslow et al. 1987).

The full AN-CN-IC-A1 model is, therefore, put forward, which incorporates the
extra non-plastic pre-processing layers. It is demonstrated that this biologically
realistic spiking neural network of the auditory brain then becomes capable of
learning invariant representations of two synthesised vowels in an unsupervised
manner purely through exposure to the di↵erent simulated pronunciations of the
two vowels by the same synthetic speaker.

It was shown that all three CN sub-populations mentioned above (CH, ON and
PL) are important for transforming the jittered AN input into the form suitable
for CT STDP learning. When either CH, ON or PL sub-population is removed
and the AN-CN-IC-A1 model parameters are re-optimised, the performance of the
model on the two vowel recognition task drops.

Chapter 3 demonstrates that the reason why AN-CN-IC-A1 model performs
better than the simple AN-A1 model when learning invariant representations of
the two vowel stimuli is because of its precise architecture rather than the mere
presence of extra layers of processing. A simple four layer model without the precise
architecture of the AN-CN-IC-A1 model was shown to fail to learn transform
invariant representations of the two synthesised vowel stimuli.

Chapter 4 analyses the performances of the simple AN-A1 and the full AN-
CN-IC-A1 models further. First, AN jitter removal within the sub-cortical sub-
populations within the CN is quantified. It is shown that the resulting IC firing
rasters are essentially the same as AN rasters, albeit with less stochasticity. The
jitter removal is achieved first through the high-pass filter response properties of
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the CH cells, which amplify strong and dampen weak AN responses. This is
then combined in the IC with the regularly timed priming received from the ON
cells corresponding to the fundamental frequency of the stimulus, and the general
activation from the PL sub-population, to result in the de-jittered IC spike rasters
suitable for CT STDP learning.

Chapter 4 also analyses the response metrics within the hierarchy of the AN-
CN-IC-A1 model. It is shown that synchronisation (inversely proportional to the
amount of jitter) and the maximal amount of single cell information about the
stimulus identity increase throughout the hierarchy of layers, while the average
firing rate decreases. This is in line with neurophysiological findings, thus providing
support for the validity of the AN-CN-IC-A1 model (Ito & Fukushima 1988, Kurogi
1991, Steinschneider et al. 1990).

Further analysis is performed in Chapter 4 to understand the changes within
the simple AN-A1 and the full AN-CN-IC-A1 models due to training. It is shown
that throughout training the rate of firing of the output A1 layer of the full AN-
CN-IC-A1 model drops, the firing patterns of individual cells become more regular,
and the cells become more stimulus selective, whereby they fire 1-2 spikes at sim-
ilar times for most presentations of one vowel and to hardly any presentations of
the other vowel. Essentially information encoding changes from being contained
within a large population at the beginning of the auditory brain hierarchy, to being
contained within a small population at the end of it, in line with Barlow (1961)
and DeWeese & Zador (2003). This is not the case for the AN-A1 model, which
only displays the reduction in firing rate but not the other two e↵ects of training
(regularity and stimulus selectivity) described for the full AN-CN-IC-A1 model.

Another di↵erence between the full AN-CN-IC-A1 and the simple AN-A1 mod-
els of the auditory brain is that during training some IC!A1 a↵erent connections
of the full model get strengthened while others are weakened, resulting in a bi-
modal distribution of a↵erent connection weights. The same is not the case for the
AN-A1 model, whereby all of its AN!A1 a↵erents get weakened during training,
resulting in a unimodal distribution. The presence of a bimodal distribution of
a↵erent connections weights after training is a sign of learning, since the a↵erent
connections can only strengthen if stable repeating patterns are present in the
pre-synaptic layer during training (Masquelier et al. 2008). The global weakening
of the AN!A1 a↵erents of the simple AN-A1 model, therefore, provides further
evidence for AN jitter impeding CT STDP learning. Likewise, the strengthening
of certain IC!A1 a↵erent connections of the full AN-CN-IC-A1 model provides
further evidence for the role of the non-plastic CN and IC layers in removing AN
jitter and enabling CT STDP learning.

The nature of stimulus selectivity of individual A1 cells of the full AN-CN-IC-
A1 model after training is also analysed in Chapter 4. It is shown that even when
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the distribution of axonal delays between the IC and A1 layers is kept constant,
cell stimulus preference acquired during training changes depending on the dif-
ferent initialisation values of the IC!A1 a↵erent connections, whereby the same
A1 cell can prefer vowel /i:/ after training when one set of initialisation values is
used, but it can change its preference to vowel /a/ if a di↵erent set of initialisation
values is used for the IC!A1 a↵erent connections. This does not a↵ect the levels
of information about the identity of the two synthesised vowel stimuli achieved by
the network, however. The full AN-CN-IC-A1 still reaches high amounts of infor-
mation about the identity of the two synthesised vowel stimuli even if it is trained
from a very jumbled and distinct distribution of IC!A1 a↵erent connections.

In Chapter 4 the robustness of performance of the trained AN-CN-IC-A1 model
is also tested. First, the model is presented with new never before seen exemplars
of the two learnt vowels. It is demonstrated that the network is able to generalise
its learning and recognise these new exemplars well. Second, the trained model
is presented with exemplars of two new vowels in order to verify that the model
has learnt the precise identities of the two original vowels rather than the ability
to di↵erentiate between any two di↵erent auditory objects. It is shown that the
model struggles to tell apart the new vowels, thus passing the verification test.

Chapter 4 also starts the discussion of how the neural code changes throughout
the auditory brain hierarchy. It is necessary that all information about the auditory
world, such as auditory object identity, location, loudness, source and more, must
be present in the AN. This is in line with the information inequality rule, whereby
any data processing can result in at most as much information as was present
in the original data (Nelken 2004). The role of the auditory brain hierarchy is,
therefore, to transform the neural code into as simple a form as possible in the
output layer. The search for the simplest su�cient encoding scheme for auditory
object identification starts in Chapter 4 and continues throughout Chapters 5 and
6.

Chapter 4 demonstrates that the simple single cell binary on/o↵ encoding
scheme, which only takes into account whether a particular output A1 layer cell
fires at least once during stimulus presentation or not, is su�cient to encode trans-
form invariant representations of two synthesised vowel stimuli. Evidence for such
an encoding scheme was found in the auditory cortex by DeWeese & Zador (2003).
Chapter 5 describes whether the full AN-CN-IC-A1 model is able to cope with
learning transform invariant representations of more than two synthesised vowels
by presenting up to six vowel stimuli. It is shown that as the number of vowels is
increased, the simple on/o↵ encoding scheme used by the A1 cells of the model to
represent two vowels becomes insu�cient. Whereas Chapter 3 demonstrates that
a single A1 cell is able to perfectly di↵erentiate between two synthesised vowels
using simple on/o↵ single cell encoding scheme, such an encoding scheme provides
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little information about the identity of three or more vowels. When population
votes of A1 cells using on/o↵ encoding are considered, the results are even worse,
since the di↵erent A1 cells tend to disagree with each other on stimulus identity.

When temporal rather than rate information within the firing rasters of A1
cells is investigated, it is found that the precise firing of cells provides more dif-
ferentiating responses to di↵erent vowels compared to the simple on/o↵ encoding.
Chapter 5, therefore, tests whether this additional stimulus discriminability helps
separate out the representations of up to six di↵erent vowel classes. It is shown
that single cell information using the precise firing times of A1 cells with respect
to stimulus start provides more information about the vowel classes than the sim-
pler rate binary (on/o↵) encoding scheme. This, however, is not enough to fully
di↵erentiate between up to six vowels. Multiple cell information using this new
temporal encoding scheme is therefore considered, and it is shown to be enough to
di↵erentiate between up to six vowel stimuli. It is, therefore, suggested that when
the network has to learn to categorise more than two synthesised vowel classes, it
requires a temporal encoding scheme distributed within a population of cells in the
primary auditory cortex. This is di↵erent to the simpler single cell binary (on/o↵)
encoding scheme su�cient for representing the identities of just two vowel classes.
The performance of the AN-CN-IC-A1 model is compared to that of the AN-A1
model and is found to be significantly better, thus further supporting the finding
outlined in Chapters 3 and 4 that sub-cortical pre-processing is important for al-
lowing CT STDP learning to form transform invariant representations of auditory
objects.

The last chapter of this thesis, Chapter 6, investigates the performance of the
full AN-CN-IC-A1 model on learning invariant representations of two naturally
spoken digits ’one’ and ’two’. The extra complexity of naturally spoken words
makes transform invariance learning a more challenging task for the model com-
pared to learning about synthesised vowels as described in the previous chapters.
It is shown that the rate on/o↵ encoding provides very poor information about the
naturally spoken digit stimuli. A temporal population encoding scheme is, there-
fore, hypothesised to be necessary, however, the spike-timing encoding scheme
used in Chapter 5 is shown to be inapplicable for the encoding of the naturally
spoken digits ’one’ and ’two’ within the output layer A1 of the AN-CN-IC-A1
model. Instead a new temporal encoding scheme based on the presence of stable
polychronous chains (Izhikevich 2006) is suggested.

Chapter 6 starts by providing evidence for the presence of stable polychronous
chains in the full AN-CN-IC-A1 model after training. This includes the presence
of stable patterns of firing within the IC that activates particular A1 cells; the
strengthened IC!A1 a↵erent connections for certain A1 cells; and the general
stability of firing patterns within the A1 layer. This evidence suggests that sta-
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ble patterns of firing constituting polychronous chains (Izhikevich 2006) emerges
within the A1 layer of the AN-CN-IC-A1 model after training. Such evidence is
not present for the A1 layer of the simple AN-A1 model.

An information measure scheme is developed to analyse how much informa-
tion is present about the identity of the two naturally spoken digits within the
polychronous chains of firing within the A1. It is shown that this temporal poly-
chronous chain based encoding scheme contains significantly more information
about the two naturally spoken stimuli than the rate on/o↵ encoding scheme.
Furthermore, more information is present in the A1 layer of the AN-CN-IC-A1
model than the AN-A1 model.

The polychronous chains emerging in the A1 layer of the full AN-CN-IC-A1
model, however, do not reach the theoretically maximal amount of information
about the two stimuli. Nevertheless, when an additional plastic cortical area
(Belt) is attached on top of the A1 layer, it is shown that the A1!Belt a↵er-
ent connections get strengthened and more information is present in the Belt than
the A1 area of the full AN-CN-IC-A1-Belt model. This is not the case for the
simple AN-A1-Belt model. While full information is not reached by the Belt layer
of the full AN-CN-IC-A1-Belt model, the increase in the amount of information
compared to the A1 layer suggests that extra cortical layers can eventually learn
full transform invariant representations of the two naturally spoken digits. Sim-
ulations with more than two plastic cortical layers, however, are outside of the
scope of this thesis due to computational restrictions.

This thesis, therefore, shows that invariance learning of auditory objects, such
as synthesised vowels or naturally spoken words, requires sub-cortical pre-processing
within the CN and IC in order to remove AN jitter and allow CT STDP learn-
ing to work. This results in the emergence of stimulus class selective invariant
polychronous chains in the output layer of the model, which provides evidence for
temporal population encoding of auditory objects in the auditory brain.

This thesis concludes with a discussion and evaluation of the research presented,
followed by some themes for future research.
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CN: cochlear nucleus

CH: chopper cells within cochlear nucleus
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CT: continuous transformation learning
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1
Literature Review

1.1 Introduction

One of the fundamental characteristics of speech is its physical variability and

perceptual constancy (Eggermont 2001). Speech signals have been found to vary

greatly both between and within speakers depending on the speaker’s emotional

state, physiology, speaking style, rate of speech and accent among other parameters

(Benzeghiba et al. 2007). This makes the problem of automatic speech recognition

particularly hard. While the human auditory brain is able to recognise speech

e↵ortlessly, the mechanisms it employs to learn invariant representations of speech

objects are currently unknown.

A lot of neurophysiological and psychophysical research has been conducted in

order to understand how auditory objects are recognised by the auditory brain.

The majority of the data collected, however, is of a descriptive nature, thus leaving

explanatory gaps, whereby no insight is given into the mechanisms used by the

1
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auditory brain to perform invariant auditory object recognition. Furthermore, no

explanation is provided as to why the auditory brain is organised in its particu-

lar way. In order to go beyond purely descriptive accounts of the auditory brain,

it is important to build a biologically realistic model of it that can be used to

generate and test specific hypotheses about the structure of mechanisms that al-

low the auditory brain to perform invariant auditory object recognition, including

speech perception (Arbib et al. 1995, Corchs & Deco 2002, Horwitz & Tagamets

1999, Husain et al. 2004, Salem et al. 2007). This thesis describes an attempt to

understand some of the processes involved in learning stable invariant representa-

tions of speech-like auditory objects, such as phonemes and simple words, through

biologically plausible spiking neural network modelling of the auditory brain.

This chapter presents a literature review providing the background information

necessary for understanding the modelling work described in later chapters. First,

the motivations for the newly proposed model are given. Then the nature of speech

sounds is described, followed by an overview of the neurophysiology of the auditory

brain involved in auditory object identification. Past relevant attempts at auditory

brain modelling are then discussed. The chapter is concluded by an overview of

spiking neuron models considered for the computational modelling work described

in later chapters.

1.2 Motivation

It is important to understand how the early stages of the auditory brain hierar-

chy (up to approximately the primary auditory cortex) perform auditory object

classification, because speech recognition is impossible if its basic acoustic com-

ponents, e.g. phonemes or words, are not correctly classified first. In order to

understand how the brain performs such acoustic pattern classification, it can be

helpful to isolate the minimum subset of brain areas necessary for the task. One
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way of selecting the minimal subset of brain areas necessary for auditory object

recognition is to create biologically realistic computational models of them inspired

by the available neurophysiological data, before testing di↵erent arrangements of

these modules to find the set that transforms input AN spike trains in the most

optimal way. An optimal transformation is defined as that which retains the most

information about auditory object identity while compressing its representation

encoding into as simple a code as possible to remove redundancy (Barlow 1961).

When constructing a model, one has to decide on the level of abstraction that

is appropriate for the questions asked. In this thesis, we are interested in learning

how the auditory brain transforms the noisy firing in the auditory nerve (AN) in

response to the variable raw auditory input into stable compressed representations

in the primary auditory cortex (A1) that are informative of the stimulus class

membership. We put the following constraints on our model: 1) the input to the

model has to be as similar to the input received by the real auditory brain (i.e.

the model AN has to replicate the response properties of the real AN as closely as

possible); 2) the building blocks of our model are spiking neurons; 3) the spiking

dynamics of the neurons have to be neurophysiologically plausible; 4) the learning

in the model has to be neurophysiologically plausible; 4) the broad architecture of

the model has to be neurophysiologically plausible. Hence, in this thesis we inves-

tigate how the brain may learn robust representations of simple auditory objects

using the unsupervised interactions of physiologically plausible circuits equipped

with learning capabilities with the statistics of speech-like auditory inputs.

Neurophysiological studies (discussed later in this chapter) have provided evi-

dence as to which auditory brain areas may be included or excluded from the min-

imal set necessary for auditory object identification that is our proposed model.

The first area of the auditory brain hierarchy that is included within the minimal

auditory object recognition subset of our model is the auditory nerve (AN), since
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it is the first stage of auditory processing through which all auditory information

is passed. As will be discussed later in this chapter, auditory processing is split

between a number of di↵erent sub-cortical areas after leaving the AN. This thesis

proposes a hypothesis that the chopper, onset and primary-like sub-populations of

the cochlear nucleus (CN) are crucial for auditory object recognition and should

also be included in the minimal subset of our model. On the other hand, it has

been shown that the superior olivary complex (SOC) is primarily involved in sound

localisation (Boatman 2006). The SOC is, therefore, not included into our pro-

posed model. The first place where all processing streams converge again after

being split into separate streams in the AN is the inferior colliculus (IC). The IC,

therefore, is another likely candidate for the minimal subset necessary for audi-

tory object recognition. Finally, it is also safe to include the primary auditory

cortex (A1) into this minimal subset, since it is where most of learning happens,

as suggested by neurophysiological evidence.

The proposed model of the auditory brain, therefore, consists of areas AN,

CN, IC and A1. While the first two areas of the proposed model, AN and CN, are

modelled to closely resemble the real AN and CN, the higher areas IC and A1 are

meant to be more loose approximations of the higher parts of the auditory brain

hierarchy. The exact locations of the homologues of the modelled IC and A1 in

the brain are not stated. They could be a combination of neighbouring areas in

the brain (for example, IC may be an approximation of a combination of the real

SOC + IC + MGN; model A1 may be an approximation of the real MGN + A1).

The inclusion of these areas in the model, however, is paramount in order to allow

the model to learn robust representations of auditory objects, such as phonemes

or words.

Learning is necessary to form invariant representations of auditory objects,

such as speaker or noise independent word representations. Long-term learning
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in the brain is driven by the presence of spike-time dependent plasticity (STDP)

(Bi & Poo 1998), whereby the strength of connections between cortical neurons is

modified according to the mechanism suggested by Hebb (1949). He proposed that

when activity in one cell repeatedly drives activity in another cell, the synaptic

connection between the two cells is strengthened, otherwise it is weakened. STDP

learning is discussed in more details in Chapter 2 and it is the mechanisms that

will allow our model to learn stable representations that are informative of the

auditory stimulus class membership.

1.3 Definitions

This section provides operating definitions for some key concepts used in this

thesis. This work attempts to understand how the auditory brain may learn stable

transform invariant representations of auditory objects, defined as follows:

Auditory objects : since this thesis aims to make first steps in understanding

how speech recognition may be performed within a neurophysiologically grounded

spiking architecture using realistic auditory nerve firing inputs, we define audi-

tory objects as any simple speech unit. An auditory object may, therefore, be a

phoneme (a vowel or a consonant), a speech supra-segmental (either a larger acous-

tical pattern corresponding to a combination of phonemes or a smaller acoustical

pattern corresponding to a part of a phoneme (Eggermont 2001)), or a word. In

this thesis we do not move beyond the scope of simple single-syllable words. Using

more complex auditory objects as stimuli is left for future work.

Transform invariant representations : this terminology comes from the work

on vision, where researchers are concerned with understanding how the visual

brain learns representations of visual objects that are invariant to transforms, such

as translation or rotation. When applying this terminology to auditory objects,

transform invariance means invariance to any variations in the raw auditory input
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that does not a↵ect the class membership of the auditory object. For example,

transforms of a word would include di↵erent pronunciations of the same word by

the same or a di↵erent speaker, the addition of background noise, etc. A transform

invariant representation would remain unchanged for the di↵erent exemplars of the

same auditory object class.

Speech recognition: the title of this thesis mentions speech recognition. The

work described henceforth, however, is only the first step in understanding how

a dynamic system consisting of a large number of neurophysiologically grounded

neurons arranged in a neurophysiologically inspired architecture and equipped with

a neurophysiologically realistic learning rule can start to learn transform invariant

representations of auditory objects. Hence, for the purposes of running systematic

tests and gaining good understanding of the computational principles underlying

such learning, this thesis is limited in scope to learning about very simple audi-

tory stimuli derived from speech. These include isolated synthesised vowels and

naturally spoken single-syllable words. We hope that by expanding the model as

described in Chapter 7, future work can address more interesting questions regard-

ing speech recognition, such as segmentation of continuous speech or dealing with

noise.

1.4 Physics of Speech Sounds

1.4.1 Simple and Complex Sounds

Sounds are one-dimensional, time-varying signals, that can be characterised using

three parameters: frequency, intensity and duration (Fig. 1.1). All sounds can be

split into simple and complex, whereby simple sounds are pure tones represented by

a single sine wave with constant frequency and amplitude, while complex sounds

are spectrally and/or temporally complex, comprising multiple frequencies that
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Figure 1.1: Illustration of sound wave properties of frequency and amplitude.

may or may not be harmonically related and which may vary in amplitude and

change in content over time (Eggermont 2001) (Fig. 1.2). In pure tones, frequency

(the rate of sound wave vibration measured in Hz) correlates with the perception

of pitch, and intensity (the amplitude of the sound wave measured in dB) corre-

lates with loudness. All natural sounds are complex, and simple sounds are not

typically present in natural environments, however they are widely used as stimuli

in neurophysiological studies of the auditory brain. Speech is a complex sound

that is both temporally and spectrally modulated.

Complex sounds can be periodic or aperiodic. Periodic sounds consist of a

number of frequencies (harmonics) that are related to each other by a common

frequency known as the fundamental frequency (F0). Examples of spectrally com-

plex sounds are vowels and musical notes. Such sounds can be visually represented

by a sum of pure tones, however, complex sounds normally produce more or less

activity in the brain than the sum of its components (Eggermont 2001). Aperiodic

spectrally complex sounds are noise bursts or white noise. These sounds consist

of a number of uncorrelated frequencies.
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Figure 1.2: An example of a complex sound (square wave) made of a sum of its
spectral components, which are simple sinusoids. Each component of the square wave
is a harmonic of the fundamental frequency (F0), whereby their frequency is an integer
multiple of the F0 frequency. Image adapted from www.planetoftunes.com (2015).

1.4.2 Speech Sounds

Human auditory system can detect sounds between 0.06-23 kHz, however, speech

sounds take up only a small portion of the audible frequency range, with all speech

sounds lying between 0.1-4 kHz (Yost 2005), and speech remaining intelligible even

after being put through a bandpass filter of 0.5-1.5 kHz (Denes & Pinson 1993).

Speech sounds have a source, which modulates the airflow to create an audible

sound. Normally the vocal chords within the glottis are the source of speech

sounds. Some speech sounds, however, have multiple sources. For example, /z/

is produced by both vibrations at the glottis and simultaneous frication sounds

(Fant 1973). The source produces broadband noise with amplitude decreasing by

around 6 dB per octave at frequencies above 300-500 Hz, called the ’radiation

characteristic’ (Stevens & House 1961). This sound is then filtered by the vocal

articulators, such as the tongue and the jaw, to create the sound spectrum char-

acterised by ’formants’. The jaw opening correlates with the frequency of the first
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formant (F1), the second formant (F2) is most sensitive to the shape of the body

of the tongue, and the third formant (F3) is influenced by the position of the tip

of the tongue. The frequencies of the lowest 3-4 formants normally lie in the range

of 0.2-3 kHz and form a ’formant pattern’. It has been suggested that formant fre-

quency patterns are the main discriminators of voiced speech sounds, with formant

amplitudes and bandwidths playing a lesser role in the process (Klatt 1982).

Speech sounds can be either voiced or voiceless. Voiced sounds are quasi-

periodic and are produced by vibrations of the vocal tract folds. Such sounds have

a fundamental frequency (F0) that corresponds to the repetition rate of vocal fold

vibrations. Average F0 of a male voice is around 120 Hz (80-160 Hz range) and

of a female voice is around 220 Hz (140-280 Hz range) (Olive et al. 1993). Voiced

sounds are vowels (/a/), nasal consonants (/m/), liquids (/r/) and glides (/w/).

Unvoiced aperiodic sounds are produced by either: 1) turbulence noise as air flows

through an open non-vibrating glottis (aspiration sounds, /h/); 2) turbulence noise

as air flows rapidly through a narrow supralaryngeal constriction (frication sounds,

/f/); or 3) brief pulse of excitation caused by a rapid change in oral air pressure

(transient source sounds, /t/).

Speech sounds consist of two distinct classes of phonemes: vowels and con-

sonants presented at the rate of around 10-12 per second on average in natural

speech (Cooper 1980, Maclay & Osgood 1959). Although consonants and vow-

els have distinct acoustic properties, there is no simple one-to-one relationship

between their acoustical features and their identity (Mullennix & Pisoni 1989).

Acoustical representations of phonemes vary greatly depending on context. In dif-

ferent contexts identical phonemes can have very distinct acoustical features and

di↵erent phonemes can have very similar acoustical features. Therefore, it seems

unlikely that word identification is done by identifying its individual constituent

phonemes first. Instead, speech suprasegmentals may be used, which can either be
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Figure 1.3: A: Vocal tract configurations for three di↵erent vowels. Peaks in the vowel
spectra (formants) are products of resonances created by the vocal tract. B: a - pulse
train as created by the vibrations of the vocal chords; b - pulse train spectrum. In speech
this would be the fundamental frequency (F0) of a vocalisation; c - frequency response of
a resonator. In speech this would be created by the shape of a vocal tract configuration;
d and e - sound waveform and spectrum created when the pulse train is applied to the
resonator. In speech, this would be a vowel. C: waveforms and spectra of the same vowel
produced by two di↵erent vocal tract frequencies of 90 Hz (a) and 150 Hz (b). Adapted
from Denes & Pinson (1993).

larger acoustical patterns corresponding to combinations of phonemes or smaller

acoustical patterns corresponding to parts of phonemes (Eggermont 2001).

1.4.2.1 Vowels

Vowels are produced by air passing through the vibrating vocal chord and an

open vocal tract, with the shape of the vocal tract determining the identity of the

vowel produced. All vowels are periodic sounds that last in the order of several

hundred milliseconds. Vowels are characterized by formant patterns as described

in the previous section (Fig. 1.3), however the exact formant frequencies can vary

greatly for the same vowel depending on the context of the preceding and following

phonemes (Fig. 1.4).
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Figure 1.4: Individual formant frequency values of English vowels pronounced by
di↵erent speakers. F1, F2 and F3 are the first three formants. Adapted from Denes
& Pinson (1993).

Vowel identification is possible when at least two dominant formants (F1 and

F2) are present (Eggermont 2001). For example Fig. 1.5 shows synthesised vowels

/a/, /e/, /E/, /i/, /o/ and /u/, which are among the most common across the

world’s languages (Lindblom 1986), and are used by phoneticians as reference

sounds to identify vowels in new languages (Jones 1956). Even though only the

first two formants were used to synthesise these vowels, participants were able to

correctly identify them.
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Figure 1.5: Second formant of nine vowels plotted against their corresponding first
formants. Adapted from Delgutte & Kiang (1984).

1.4.2.2 Consonants

Consonants are shorter than vowels and can be voiced or voiceless depending on

whether they are produced with vocal fold vibration. Voiced consonants are peri-

odic and normally have their spectrum heavily weighted to low frequencies (< 1

kHz), while voiceless consonants are aperiodic and normally have their spectrum

weighted to higher frequencies (Rosen 1992). Consonants can be discriminated

from vowels by their fast changes in overall amplitude (Stevens 1980, 1981, Stevens

& Blumstein 1982), whereby vowels fluctuate at rates of 0.05-0.5 kHz, while con-

sonants fluctuate at rates of 2-10 kHz (Rosen 1992).

Consonant production depends on the degree of constriction in the vocal tract.

This is reflected in the direction and rate of frequency change (formant transition)

from the onset of the consonant to the onset of the following vowel. These normally

occur in frequencies above 1000 Hz (Olive et al. 1993). Formant transitions are

used as perceptual cues to consonant identification. Consonants can be plosive

([p], [t], [k]), fricatives ([f], [T], [s], [S]) or nasal ([m], [n], [N]).
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Figure 1.6: Schematic representations of a plosive consonant-vowel and nasal
consonant-vowel syllables demonstrating the e↵ect of formant transitions and the place
of articulation of consonants on the identity of consonants. Adapted from Denes &
Pinson (1993).

Plosive consonants Plosive consonants have a plosive burst centered at a cer-

tain frequency and sometimes followed by a second formant transition (FM sweep)

of the following vowel (Fig. 1.6). The identification of plosive consonants is inde-

pendent of the frequency of the plosive burst and depends more on the degree,

steepness and direction of the FM sweep and of the following vowel (Denes & Pin-

son 1993). For example, words ’bait, ’date’ and ’gate’ are distinguished to a lesser

degree by the frequency spectrum of the initial release burst and mostly by the

dynamic formant transitions that follow (Hazan & Rosen 1991).

Formant transitions depend on the formant pattern of the vowel as well as

the place of articulation of the consonant. For example, for a neutral vowel,

where the cross-sectional area of the vocal tract is constant along its length, the

formant frequencies are regular intervals of c
4l ,

3c
4l ,

5c
4l and so on, where c is the

speed of sound and l is the length of vocal tract. The amplitudes of the spectral

peaks of the formants decrease with increased frequency according to the radiation

characteristic. When a constriction is introduced to the vocal tract in order to
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produce a consonant, according to acoustic theory F1 is always lowered, while F2

and F3 can either be lowered or raised depending on the position and shape of

the constriction. All formants then move to return to their original values for the

vowel during the consonant duration.

Fricative consonants Fricative consonants are similar to plosives, however,

they are longer in duration, resulting in relatively long fuzzy noise segments. If

their duration is reduced to around 10 ms in length, they start to sound like plo-

sives ([s] starts to sound like [t]). Fricative consonants have sound levels 10-20 dB

lower than vowels (Delgutte 1980).

Although fricatives produce formant modulations when followed by a vowel

(Fant 1960), these modulations are not as important for fricatives identification

as they are for plosives. Instead, fricative identification depends on the general

location of energy bands in stimulus spectra (Harris 1958, Heinz & Stevens 1961).

For example, /s/ and /S/ are perceived when the bandpass noise has most energy

concentrated near 4-5 kHz with little energy in low frequencies. When the low-

frequency cuto↵ is around 2-3 kHz, the noise is perceived as /S/. When the low-

frequency cuto↵ is around 3-4 kHz, the noise is perceived as /s/. Fricatives /f/ and

/T/ are perceived when weak flat noise is centered around low frequencies, while

the perception of /X/ requires a spectral peak in the 1.5-2.5 kHz region (Harris

1958, Heinz & Stevens 1961). The identification of fricatives is also facilitated

by the fact that there are normally no more than five fricatives in a language,

compared to the possibility of more than fifteen vowels in a language (Jakobson

et al. 1963).

Nasal consonants Nasal consonants are characterised by a low intensity buzz

followed by a second formant transition (Fig. 1.6). Lack of buzz makes nasal
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consonants sound like plosives ([ma] sounds like [pa]). Nasals have low first formant

frequency, broad resonances, and zeros in the spectrum (Fujimura 1962).
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1.5 Neurophysiology of the Auditory System

The auditory pathway starts in the cochlea within the inner ear, followed by the

auditory nerve and the cochlear nucleus. The information flow is then split into

a series of pathways, some of which pass through the superior olivary complex

(primarily used for sound localisation), before converging on the inferior collicu-

lus. The auditory pathway then moves to the primary auditory cortex through the

medial geniculate body of the thalamus (Boatman 2006) (Figs. 1.7 and 1.8). It is

suggested that the auditory pathway performs three main operations: 1) it sepa-

rates out the individual frequencies that make up a complex sound; 2) it enhances

the signal to noise ratio by enhancing the spectral and temporal contrasts of the

sound stimulus compared to background noise; and 3) it extracts behaviourally

meaningful parameters from the results of the spectral analysis performed by the

initial stages of sound processing (Evans 1992).

The early auditory brain areas up to the auditory cortex are tonotopically

organised, forming a hierarchy where higher areas receive convergent tonotopic

connections from lower areas. Early stages of the auditory brain hierarchy operate

on small time scales virtually transcribing the spectral components of sound, while

the later stages reflect changes in the stimulus on relatively slow time scales (Covey

& Casseday 1999). Throughout the hierarchy of the auditory system responses of

neurons change from predominantly sustained to predominantly transient, neurons

responding to combinations of simple features appear, and frequency response

selectivity of neurons declines (Hromadka et al. 2008, Ito & Fukushima 1988,

Kurogi 1991, Wang et al. 2005). The main stages of the auditory brain hierarchy

thought to be involved in auditory object recognition are discussed in more detail

next, preceded by information on the nature of the neural code used in the brain

to represent auditory objects; the role of synaptic plasticity in the auditory brain
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hierarchy; and whether animals can be used as appropriate models to study speech

processing in humans.

1.5.1 Rate or Temporal Coding

The nature of the neural code used by the auditory brain to represent auditory

objects is unknown. The two potential types of encoding are rate and temporal

(Fig. 1.9). Rate encoding presumes that auditory object identity information is

contained within the overall firing rate of a single neuron or a unique population of

neurons within a brain area over a set interval from tens to hundreds of milliseconds

in response to an auditory stimulus (Cariani 1995). Temporal encoding involves

identifying unique temporal spike patterns within the spike train of a single neuron

or over a population of neurons within a brain area in response to an auditory

stimulus. Temporal coding has been found in the auditory nerve (AN) (Carianni

& Delgutte 1996), in the inferior colliculus (IC) (Delgutte et al. 1998) and in the

auditory cortex (Eggermont 1998b). Rate and temporal information encoding can

be seen as two limits of the same continuum, whereby temporal encoding involves

spike timing information calculated over a very short temporal window, while rate

encoding involves spike timing information integrated over a very long temporal

window.

Rate and temporal codes can exist side by side within the firing of the same

neurons, and so can the di↵erent types of temporal codes (Fig. 1.10) (Cariani

1995). Di↵erent types of information can then be extracted by di↵erent post-

synaptic neurons, whereby each post-synaptic cell can extract a particular type of

information from either one or a number of pre-synaptic cells. This is what happens

in the AN, where speech is encoded within the firing rate of single cells (Sachs

1984), synchronised firing rate of populations of cells (Sachs 1984) and inter-spike

intervals of either single or populations of cells (Cariani 1999, Carianni & Delgutte
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Figure 1.7: Schematic overview of auditory processing in the brain. a: multiple sound
sources; b: sounds produced by the multiple sound sources, including animal vocalisa-
tions, man-made sounds and environmental sounds; c: input to the auditory system,
which is a linear summation of all sounds in the environment; d: pre-cortical auditory
brain extracts features from sound using a number of di↵erent pathways, all of which con-
verge in the inferior colliculus (IC); e: auditory cortex transforms pre-processed sound
features into auditory object representations (adapted from Nelken (2004)).
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Figure 1.8: Schematic representation of the a↵erent auditory pathways up to the IC.
Red pathways are involved in sound localisation, black pathways are involved in sound
identification, grey pathways are involved in both (adapted from Eggermont (2001)).

1996). The di↵erent types of information are then read out by di↵erent types on

neurons in the CN, with stellate cells extracting the firing rate information, and

bushy and octopus cells extracting the firing synchrony information (Eggermont

2001).

Suga (1978) suggested two ways in which information about the identity of

auditory objects can be encoded in the brain. The detector theory suggests that

the identity of an auditory stimulus is encoded within the activity of a specialised

set of neurons that fire selectively to that stimulus. The spatio-temporal pattern

theory suggests that di↵erent auditory objects are represented by unique patterns

of activity within populations of non-specialised neurons, whereby each neuron
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Figure 1.9: Schematic representations of rate (A) and temporal (B) encoding theories.
A: Response properties of a hypothetical neuron according to the rate theory to a pure
tone (1) and a natural vocalisation (2) stimuli. The neuron is expected to increase its
firing rate in a Poisson-like way to some stimuli, but not others. The only information
for stimulus discrimination is the average rate of firing of the neuron. B: Response
properties of a hypothetical neuron according to the temporal theory to an amplitude-
modulated (AM) (1) and a natural vocalisation (2) stimuli. The neuron phase-locks its
firing to the phase of the AM sound or to the presence of a particular frequency in a
natural vocalisation, thus providing information for stimulus discrimination within its
firing pattern. Adapted from Huetz et al. (2011).
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Figure 1.10: Schematic representation of some possible neural codes. Adapted from
Cariani (1995).
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might fire to a number of auditory objects. The detector theory assumes rate

encoding, while the spatio-temporal pattern theory assumes temporal encoding to

take place in the brain.

Another hypothesis is that rate and temporal codes dominate in di↵erent parts

of the auditory brain hierarchy, whereby temporal encoding is used in the periphery

of the auditory brain and rate encoding is used at the later stages, such as the

auditory cortex (Eggermont 1998a). This idea is supported by the fact that the

phase-locking property of neurons diminishes over the auditory brain hierarchy

(Eggermont 1997, Frisina et al. 1985, Joris & Yin 1992, Rees & Moller 1983,

Rouiller et al. 1981), with only very limited phase-locking remaining in the auditory

cortex (Langner 1992). It is suggested that the transformation from temporal to

rate encoding happens in the IC (Langner 1992). Binary encoding, whereby cells

fire once at the onset of their preferred stimulus, has been described in the auditory

cortex in response to simple tonal stimuli by DeWeese & Zador (2003).

1.5.2 Plasticity in the Auditory Brain

Learning in the brain is important to optimise the animal’s behaviour within an

environment. Learning is driven by the presence of activity dependent changes in

the strength of synaptic connections between cells (Tzounopoulos & Kraus 2009).

These changes can arise either through synaptic plasticity, whereby the connection

strength between two neurons can be modified, if activity in one neuron drives

activity in the other (Bi & Poo 1998, Hebb 1949), or through intrinsic plasticity,

whereby long-lasting changes in the intrinsic excitability of neurons are induced

by changing the function of the cells’ voltage-gated ion channels (Trussell 1999,

vonGersdor↵ & Borst 2002).

Traditionally it was believed that learning only happened in the auditory cor-

tex, while the role of the subcortical brain areas was to pre-process and prepare
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sensory information for the cortex (Atiani et al. 2009, Fritz et al. 2007, Schreiner

& Winer 2007, Weinberger & Diamond 1987, Weinberger 2007, Weinberger et al.

1990). It was believed that the characteristics of auditory brain stem responses to

auditory stimuli (they specialise in generating fast, reliable, and consistent signals)

made the auditory brain stem areas ill suited for activity dependent learning. More

recent evidence, however, suggests that experience-dependent learning is present in

some auditory brain stem areas, such as the dorsal cochlear nucleus (synaptic plas-

ticity) (Fujino & Oertel 2003, Tzounopoulos et al. 2004, 2007), and the superior

olivary complex nuclei (intrinsic plasticity in MNTB, MSO and LSO) (Song et al.

2008, 2005, Steinert et al. Neuron). These areas of the brain stem, however, are

primarily specialised in sound localisation rather than identification. Such brain

stem learning is, therefore, not included in the models described in this thesis.

Neurophysiological evidence suggests that synaptic plasticity is present in the

IC. It has been found that tuning curves and bandwidths of IC neurons can be

a↵ected by distorted acoustic environments during a critical period (Clopton &

Winfield 1976, Poon & Chen 1992, Sanes & Constantine-Paton 1983, 1985). The

existence of synaptic plasticity in the MGN has also been investigated, however,

evidence has been inconclusive. It has been found that 15/57 recorded MGN cells

showed a change in their response properties following classical conditioning in

un-anaesthetised rats (Edeline 1990). These changes, however, may have been

the result of cortical feedback connections, whereby the learning happened in the

cortex and the e↵ects in the thalamus were only modulatory. On the other hand,

MGN lesions, but not cortical lesions, were found to prevent classical condition-

ing in frequency discrimination (Jarrell, Gentile, McCabe & Schneiderman 1986,

Jarrell, Romanski, Gentile, McCabe & Schneiderman 1986, Ledoux et al. 1986,

1983).
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Although relatively little data has been collected on neural plasticity in the

subcortical auditory brain areas, evidence for neural plasticity in the auditory

cortex is vast. Cortical sound representations have been reported to be shaped

through early auditory experience (de Villers-Sidani E. et al. 2007, Zhang et al.

2002), whereby unpatterned acoustic experience during a critical period has been

found to have similar developmental e↵ects as no sensory input at all (Chang &

Merzenich 2003). Furthermore, when visual input was re-wired to the auditory cor-

tex through the auditory thalamus in infant ferrets and hamsters, it was found that

the auditory cortex developed response properties appropriate for vision, such as

feature-selective visual responses, retinotopic maps and orientation columns (Frost

1990, Sharma et al. 2000, von Melchner et al. 2000), suggesting that functional

organisation of the auditory cortex depends on the spectro-temporal structure of

the input stimulus. It was also reported that early speech experience in humans

shapes the language-specific perception of phonemes, whereby contrasts between

native speech sounds are enhanced, and contrasts between foreign speech sounds

are reduced (Kuhl et al. 2006, 1992, Werker & Tees 1984).

Although most research on synaptic plasticity emphasises the importance of

the early sensory experience, it has been found that cortical plasticity is present in

adult animals too, both when attending behaviourally important sensory stimuli

(Doupe & Kuhl 1999, Kilgard & Merzenich 1998, Pantev et al. 1998, Weinberger

1995) and through passive listening (Eggermont 2008).

1.5.3 Generalising from Animal Studies

Most of the auditory brain neurophyisiological data comes from studies using

anaesthetised animals. It is, therefore, important to know whether anaesthesia

qualitatively a↵ects neuronal response properties in the auditory brain; how well

the anatomy of the auditory brain is matched between species; and whether data
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collected from animals can be generalised to humans, especially with respect to

speech recognition.

Studies investigating the e↵ects of anaesthesia on the response properties of the

auditory brain neurons have found that, although anaesthesia reduces inhibitory

e↵ects (Palmer et al. 1986) and stimulus level representation in the presence of

background noise (May et al. 1991), it does not significantly alter neuronal response

properties (Egorova et al. 2001, Peake et al. 1962, Willott et al. 1988).

While di↵erences in the structure of the auditory brain exist between di↵erent

species, successful work has been done to find and map auditory brain homologues

(see Rutkowski et al. (2002), Stecker et al. (2003) for homologies between primates

and non-primates, and Rauschecker (1998) for human homologues of animal au-

ditory cortex areas). Furthermore, single-unit recording data from such areas as

the AN, CN and IC have been found to be comparable across many species of

mammals, including primates (Evans 1975, Portfors & Felix 2005, Rhode et al.

2010, Rose et al. 1967). Comparisons have also been made with data collected

from humans, whereby AN compound action potentials in response to click and

tone burst stimuli have been found to be similar in humans and other mammals

(Eggermont 1976, Kiang & Peake 1960, Stephens et al. 1975); and primates and

humans have been found to have the same anatomical CN cell types displaying

the same physiological responses (Evans & Nelson 1973, Feng et al. 1993, Ostapo↵

et al. 1994, Palmer et al. 2003, Rhode & Greenberg 1992, Rhode et al. 1983, Rhode

& Smith 1986, Young & Brownell 1976).

Di↵erent views exist on whether data collected from animals is appropriate to

gain an understanding of how humans perform speech recognition. One view is

that di↵erent auditory systems adapted to their species-specific auditory stimuli

throughout evolution. Thus, in order to classify neurons correctly, it is impor-

tant to use the appropriate auditory stimuli for the species studied, whereby it
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does not make sense to study neurophysiological properties of auditory neurons

in cats using human speech input (Ohlemiller et al. 1994). An alternative view

is that human speech in not old enough in evolutionary terms to have a↵ected

the auditory systems of the vertebrates. It is, therefore, argued that the human

auditory brain is not qualitatively di↵erent from the auditory systems of other

vertebrates, and that speech developed according to the constraints of the fully

developed auditory and vocalisation systems, rather than the other way round

(Eggermont 2001). A theory of co-evolution of language and the physiology of the

auditory brain hierarchy has also been put forward (Deacon 1997). It was sug-

gested that the better articulation abilities in humans due to the dropped larynx

put evolutionary pressure on the auditory brain to grow and develop in order to

perform more complicated processing of the more complicated vocalisations. The

relative enlargement of the auditory brain hierarchy in humans compared to other

animals, however, is primarily restricted to the prefrontal cortex. This suggests

that at least the early parts of the auditory brain hierarchy should be comparable

between humans and animals.

In addition to the points discussed above, it has been suggested that all SSVs,

including human speech, have similar acoustic properties (Patterson & Pepperberg

1994, Rauschecker et al. 1995, Suga 1992), which suggests that data obtained from

di↵erent species might be broadly generalisable. It has been proposed that all

animal vocalisations, including human speech, are made of three basic information

bearing elements, such as steady-state harmonically related frequencies, frequency

modulations and noise bursts (Fitch et al. 1997, Mullennix & Pisoni 1989, Suga

1988, 1989, 1992). While human speech is more complex and variable than animal

vocalisations, with human vocabularies consisting of tens of thousands of words

(de Saussure 1959, Hockett 1958, Tomasello 2005), it is suggested that the early
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stages of SSV processing are shared, whereby humans and animals have similar

lower levels of auditory processing (Fitch et al. 1997).

Evidence to support the idea that human and animal auditory systems respond

to speech in a similar manner comes from neurophysiological and psychophysical

studies comparing the performance of humans and animals in speech discrimina-

tion tasks. For example, human adults, infants, and babies, as well as monkeys,

chinchillas and cats have all been found to have the same categorical perception of

the voice onset time (VOT) characteristic of consonants (Eimas et al. 1971, Kuhl

& Miller 1978, Kuhl & Padden 1982, Kuhl & Miller 1975, Sinnott & Adams 1987,

Wong & Schreiner 2003). VOT is one of the main discriminating characteristics

of consonants and corresponds to the gap between the consonant release time and

the start of the following vowel. Apart from similarities in VOT perception, some

other abilities believed to be important for speech recognition, such as perceptual

constancy, category formation and non-monotonicities in acuity, have been found

to be shared between humans and other animals (Dooling et al. 1989, Kluender

et al. 1987, Kuhl 1981, 1986, 1987, Kuhl & Miller 1978, 1975, Miller 1977).

1.5.4 Cochlea

The cochlea is a part of the inner ear and is a fluid filled coiled structure about 35

mm long in humans, which receives sound waves caught by the pinna (outer ear)

and funnelled down the external canal. The received sound wave first vibrates the

tympanic membrane, which propagates the vibrations through the three ossicles

in the middle ear to the oval window of the cochlea. The movement of the oval

window moves the fluid inside the cochlea, which displaces the basilar membrane

innervated by around 30,000 nerve fibers, thus transforming mechanical movements

inside the cochlea into the cell firing pattern within the auditory nerve (Pickles

1988).



1.5 Neurophysiology of the Auditory System 28

Figure 1.11: A schematic representation of an uncoiled cochlea showing basilar mem-
brane displacement in response to a pure tone. The displacement results in movement
of inner hair cells (IHC) attached to the area, which in turn results in depolarisation of
auditory nerve fibers attached to the IHCs. Adapted from Geisler (1998).

Sound arrives to the cochlea as a complex, time-varying frequency signal, and

the role of the cochlea is to act as a band-pass filter by breaking down the sound

into narrow frequency bands (von Bekesy 1960). Complex sounds cause a pattern

of vibration in the basilar membrane equivalent to the superposition of the vibra-

tions generated by the individual tones making up the complex sound. As the

sound waves displace the basilar membrane in the cochlea, inner hair cells (IHC)

attached to the basilar membrane become activated. These are tonotopically or-

ganised and with high frequencies represented at the basal and low frequencies

represented at the apical end of the basilar membrane (Fig. 1.11). IHCs translate

mechanical energy of the displacement of the basilar membrane into the electrical

energy of the firing of the auditory nerve neurons through purely mechanical trans-

duction channels (Hudspeth 1989). Hair cells are hyperpolarised and depolarised

in synchrony with sound frequency and this is translated to the AN fibers with

very little loss of time resolution (Hudspeth 1999, Trussell 1997).
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1.5.5 Auditory Nerve

The auditory Nerve (AN) consists of Type 1 and Type 2 neurons. Type 1 neurons

are myelinated, large and bipolar and constitute 90-95% of AN. Each Type 1

neuron contacts 1 IHC in the cochlea, while each IHC gets around 10-20 Type

1 neurons (Ehret & Romand 1996). Type 2 neurons are non-myelinated, small,

pseudo-bipolar and constitute 5-10% of all AN fibers. Type 2 neurons contact outer

hair cells in the cochlea which are involved in controlling the sti↵ness of the basilar

membrane in order to enhance the dynamic range of perceived sound amplitudes

and are not involved in the actual perception of sound (Ehret & Romand 1996).

Type 2 neurons are therefore not discussed further.

Type 1 AN fibers are usually classified by their spontaneous firing rate (SR)

into three groups: high-SR, medium-SR and low-SR (see Table 1.1). It has been

suggested that the di↵erent SRs of AN fibers arise from morphological di↵erences

in AN neurons and their synapses from IHCs (Liberman 1980, 1982). Low- and

medium-SR fibers have 15-30 dB higher thresholds and 30-40% narrower band-

widths than high-SR fibers (Liberman 1978, Temchin et al. 2008). They are also

more robust in noisy conditions and contain more robust temporal and rate infor-

mation about the auditory stimulus than high-SR fibers (Silkes & Geisler 1991).

Type 1 AN Fibers Spontaneous Activity Proportion Threshold

High � 18 spikes/s 66.1% 16.0± 11.4 dB

Medium 1-18 spikes/s 23% 21.4± 12.3 dB

Low  1 spikes/s 10.9% 28.2± 12.4 dB

Table 1.1: Properties of Type 1 Auditory Nerve Fibers (Temchin et al. 2008)
.
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1.5.5.1 Tuning Curves

AN fibers are tonotopically organised with each fiber selectively responding to a

particular range of frequencies. This frequency selectivity is defined through over-

lapping tuning curves, so that a pure tone of a particular frequency activates more

than one AN neuron. The edge of the excitatory area of a tuning curve defines

the amplitudes required at each frequency to produce equal responses in the neu-

ron, which is 20% higher than the neuron’s spontaneous rate (Sachs 1969) (Fig.

1.12). The peak of the inverted Gaussian of a tuning curve corresponds to the

neuron’s characteristic frequency (CF), which is the frequency of the pure tone

that elicits the cell response at the lowest sound amplitude. Neurophysiological

evidence suggests that neurons with a CF below 5 kHz have symmetrical excita-

tory tuning curves, while neurons with higher CFs have skewed tuning curves with

long tails within the low frequency-high amplitude region (Ehret & Romand 1996,

Evans 1975). The frequency tuning of AN fibers is level-dependent, whereby neu-

rons respond to more frequencies as sound intensity increases (Covey 2000). The

bandwidth of neurons’ tuning curves has been reported to vary depending on the

neurons’ CF and threshold, whereby neurons with higher CF and lower threshold

have slightly narrower tuning curves (Silkes & Geisler 1991).

1.5.5.2 Amplitude Saturation

Neurophysiological evidence suggests that the maximum firing rate of AN fibers

is around 200 spikes/s (Eggermont 2001, Sachs & Abbas 1974, 1976). The AN

fiber firing rate increases in a non-linear fashion until it reaches saturation over

a dynamic range of 20-50 dB starting at the threshold defined by the excitatory

tuning curve (Sachs & Abbas 1974, 1976, Viemeister 1984) (Fig. 1.13).
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Figure 1.12: An example tuning curve (open circles) with suppressive areas (closed
circles). Adapted from Kates (1995)

1.5.5.3 Adaptation

AN fibers have been shown to be prone to short-term adaptation, whereby a fiber’s

response to a stimulus is diminished if the fiber has been active shortly beforehand

in response to a context stimulus. The e↵ects of short-term adaptation last around

1-2 ms and are the strongest when the context stimulus has greater duration or

intensity, when it is close to the AN fiber CF, and when the silent interval between

the context stimulus and the test stimulus is shorter (Delgutte & Kiang 1984,

Harris & Dallos 1979, Smith 1977).

Short-term adaptation means that AN response properties to speech sounds are
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Figure 1.13: Neuronal discharge rate versus stimulus level functions of AN responses
to 2.3 and 2.8 kHz tone bursts. Sound level was increased by 2 dB between each two
points. Adapted from Sachs & Abbas (1974)

a↵ected by the context. For example, the distinction between phonemes /S/ and

/tS/ is based on the duration of the frication noise rise time or depending on the

length of silence between the fricative and its preceding vowel (Dorman et al. 1979).

A longer silence allows AN neurons to recover from adaptation and to respond to

the fricative with more prominent peaks in their onset discharge rates. This is

similar to a response to a decreased rise time of the frication noise. Adaptation is

also present in response to steady-state stimuli, whereby each neuron’s firing rate

diminishes with time in response to a continuous simple tone stimulus (Delgutte &

Kiang 1984, Sinex & McDonald 1988). Furthermore, it was found that background

noise results in AN fiber adaptation, however, it was found that, while noise reduces



1.5 Neurophysiology of the Auditory System 33

the AN fibers’ discharge rate, it does not a↵ect the temporal response patterns

within the AN (Delgutte 1980).

1.5.5.4 Two-Tone Suppression

Each AN fiber has two inhibitory areas within its tuning curve, which slightly

overlap the excitatory area of the fiber’s tuning curve both above and below the

fiber CF (Sachs & Kiang 1968) (Fig. 1.14). Sounds within the inhibitory areas

suppress the neuron’s firing rate, whereby a fiber’s response to a pure tone from

within the excitatory area is reduced, when another tone from within the inhibitory

area is present. This phenomenon is called two-tone suppression, and it has been

reported to produce inhibitory e↵ects equivalent to a 40-50 dB reduction in the

excitatory tone amplitude (Delgutte 1990, Duifhuis 1980). The level of suppression

is higher if the suppressor frequency is below the fiber CF, and the fiber CF is above

2 kHz (Delgutte 1990). Furthermore, inhibition is stronger towards the middle of

the inhibitory areas, where it reaches the maximum level, and is weaker at the

edges, where it can be hardly noticeable (Arthur et al. 1971). It has also been

found that, as the suppressor tone amplitude increases, the magnitude of two-tone

inhibition also increases over a 15-20 dB range until it reaches its maximum value

(Kates 1995). Two-tone suppression is caused by the mechanical properties of the

basilar membrane in the cochlea (Cooper & Rhode 1992, Nuttall & Dolan 1993,

Rhode 1978, Robles et al. 1991). Sounds from within both the excitatory and the

inhibitory areas of the tuning curve excite the neuron when presented in isolation,

however, they exhibit two-tone suppression when presented together (Fig. 1.14).

Although two-tone suppression is normally described in terms of two tones,

a number of studies looked at the inhibitory interactions between a larger num-

ber of tones presented simultaneously (Stelmachowicz et al. 1982, Weber 1984).

These studies found that the magnitude of inhibition is equivalent to the largest
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Figure 1.14: Schematic representation of the excitatory and inhibitory areas of an
auditory nerve tuning curve. Fc is neuron’s characteristic frequency with threshold
being 10 dB. Single pure tones presented in areas 2 and 3 will elicit a response in the
cell. Single pure tones presented in areas 1 and 4 will not elicit a response in the cell. A
pure tone presented in area 4 simultaneously with another pure tone presented in areas
1 or 2 will elicit a suppressed response in the cell compared to the cell’s response to the
same tone presented in area 4 alone. This phenomenon is called two-tone suppression.
Adapted from Sachs (1969).

magnitude of inhibition produced by an individual suppressor tone when multiple

suppressor tones are present. Two-tone inhibition e↵ects are relevant to speech

processing, since they may result in the enhancing of formant peaks in a vowel

(Houtgast 1974), and in potentially reducing AN fibers’ response rates to vowel

F2 and F3 due to the inhibition produced by F1 (Delgutte 1990, Sachs & Young

1980).
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1.5.5.5 Phase-Locking

Neurophysiological evidence suggests that the spike times of AN fibers in response

to a pure tone are synchronised to the peaks of the sine wave corresponding to

the pure tone, a property called phase-locking (Fig. 1.15 (a)) (Brugge et al. 1969,

Carianni & Delgutte 1996). Since individual AN fibers are unable to fire more than

200 spikes/s (Eggermont 2001, Sachs & Abbas 1974, 1976), they can not fire to

every peak of sound frequencies over 200 Hz. A population of AN fibers, however,

can provide information about sound frequencies of up to 4-5 kHz (Brugge et al.

1969, Covey 2000) due to the Volley Principle suggested by Wever & Bray (1930),

whereby each neuron in a population phase-locks to a di↵erent set of amplitude

peaks of the sound wave (Fig. 1.15 (b)).

The phase-locking property of the AN fibers is important for the temporal

coding of information in the auditory system. It involves identifying the stimulus

periodicity by considering the inter-spike intervals of AN fibers without the need

of knowing their CF (Carianni & Delgutte 1996). AN fibers preserve both the fine

structure and the envelope of sounds (Joris et al. 2004) (Fig. 1.16). Furthermore,

when presented with a complex tone, AN fibers phase-lock to the amplitude peaks

of that complex tone, instead of phase-locking to the amplitude peaks of pure tones

that make up the complex tone (Brugge et al. 1969)

1.5.5.6 Responses to Vowels

AN response properties to vowels have been described by Secker-Walker & Searle

(1990), who found that AN fibers with higher CFs started to fire 3-4 ms earlier

than those with lower CFs in response to a synthesised syllable /da/ (Fig. 1.17).

Furthermore, di↵erent sub-populations of AN fibers emerged based on their phase-

locking properties. They found that AN fibers with the lowest (< 350 Hz) and the

highest (> 3.64 kHz) CFs synchronised to F0 with distinct increases in activity
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Figure 1.15: A: schematic representation of phase-locking in AN fibers, whereby spike
timings of the cells correlate to the peaks in the sine wave corresponding to the frequency
of the input sound. B: schematic representation of the Volley Principle in AN fibers,
whereby each neuron in a population phase-locks to a di↵erent set of amplitude peaks
of the sound wave. Therefore although there is not enough information about the input
sound frequency in inter-spike intervals of each individual AN fiber, this information is
found when the whole population of AN fibers responding to the particular frequency is
considered.

every 8 ms, which corresponded to the glotal closures or the fundamental frequency

(F0) of the syllable. There were also three groups of neurons that phase-locked

to the three formants of the vowel /a/. Fibers with CFs between 0.45-1.2 kHz

synchronised to F1, between 1.2-2 kHz synchronised to F2 and between 2-3.64 kHz

synchronised to F3 and F0.
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Figure 1.16: Top: superimposed waveforms of an unmodulated 1000 Hz wave (thin
line) and the same wave amplitude modulated at 100% by a 100 Hz tone according to
the formula s(t) = [1 +m sin(2⇡fmt)] sin(2⇡fct), where fc is the carrier tone, fm is the
modulation tone and m is the modulation depth (thick line). Dashed line represented
the envelope of the sound. Bottom: post-stimulus time histogram (PST) of an AN fiber
to the amplitude-modulated tone above. It can be seen that both the fine structure and
the envelope of sounds are preserved in AN response patterns. Adapted from Joris et al.
(2004).

The quality of AN phase-locking was also estimated by measuring the interpeak

intervals (IPIs) of AN fibers. IPIs estimated which frequency each AN fiber was

phase-locked to at each point in time by measuring the time �s between the pairs

of subsequent peaks within the instantaneous firing rate curve of each AN fiber
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Figure 1.17: A neurogram of 178 auditory nerve (AN) fibers in response to synthetic
syllable /da/ presented at 69 dB. Abscissa is response time (ms), the ordinate is the
instantaneous firing rate (IFR) and the receding axis is fiber characteristic frequency.
Scale bar represents 1000 spikes/s. IFRs were computed with a 0.1 ms bin width and
smoothed using a 4-point Hamming window function. Groups of AN fibers that synchro-
nise to the same syllable component are marked on the left. Adapted from Secker-Walker
& Searle (1990).

as shown in Figure 1.17. The IPIs of the AN fibers described by Secker-Walker &

Searle (1990) varied systematically both across CFs and across time as stimulus

resonances changed. The temporal information present in the IPIs of AN fibers

was enough to reproduce the formants of the synthesised syllable /da/. When

formant frequencies were estimated purely from the IPIs recorded, they matched

almost perfectly to the actual formants of the stimulus used in the study.

A study by Delgutte & Kiang (1984) used nine synthesised two-formant vowels

and found similar results to Secker-Walker & Searle (1990), however they reported

five rather than four di↵erent groups of AN fibers classified by their response

properties (Fig. 1.18). Apart from the groups synchronised to F0, F1 and F2

matching the groups reported by Secker-Walker & Searle (1990), Delgutte & Kiang

(1984) also reported a region where neurons synchronised to their CF. This region

was found between F1 and F2 for spread vowels /i/, /e/, and /1/, and in low-CF
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Figure 1.18: A schematic representation of 5 response regions of auditory nerve (AN)
fibers in response to vowels. Abscissa is the AN fiber characteristic frequency and the
ordinate is the frequency components of vowels. Dark areas represent the largest response
components. The response regions in the schematic are exaggerated for display purposes.
Adapted from Delgutte & Kiang (1984).

region for the open vowels /æ/, /O/, /A/ and /E/. Furthermore, when examining

AN fibers with high-CFs, Delgutte & Kiang (1984) reported synchronisation to

F1 in addition to the top formant and F0 as reported by Secker-Walker & Searle

(1990).

Overall AN fiber responses are generally dominated by formant components

in response to periodic sounds, while responses to noise are normally dominated

by components near fiber CFs (De Boer & De Jongh 1978, De Boer & Kuyper

1968, Delgutte & Kiang 1984, Moller 1977, Ruggero 1973). It was also found

that neurons that synchronised to F1 normally had CFs distributed symmetrically

around F1, while neurons synchronised to F2 normally had CFs equal to or greater

than F2 (Sinex & Geisler 1983).
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1.5.6 Cochlear Nucleus

All AN fibers synapse at the cochlear nucleus (CN), the first central nucleus of the

mammalian auditory system located in the medulla. CN is the place where physio-

logical diversity arises from the information transmitted from the AN through con-

vergence, inhibition and cell membrane specialisations (Clarey et al. 2004, Ehret &

Romand 1996, Frisina 2001, Irvine 1986, Rhode & Greenberg 1992). Information

flow is essentially divided into parallel streams, each of which performs specialised

processing of the AN information, before converging at the inferior colliculus and

then the auditory cortex (Lai et al. 1994).

CN is tonotopically organised and can be divided into ventral (VCN) and dorsal

(DCN) parts. DCN is suggested to be primarily involved in sound localisation,

therefore, it will not be discussed further. VCN extracts and enhances frequency

and timing information received from the a↵erent connections from the AN. It then

distributes the information through two pathways: sound localisation (primarily

through the anterior VCN (AVCN) (Cant & Hyson 1992)), and sound identification

(through both the AVCN and the posterior VCN (PVCN) (Eggermont 2001)).

VCN neurons have been categorised based on their morphology and temporal

discharge characteristics in response to short supra-threshold tones into primary-

like (including primary-like with notch) (47%), chopper (36%), onset (10%) and

other (7%) (Evans 1992, Rhode et al. 2010) (Fig. 1.19). It has been suggested

that in response to a vowel, chopper cells maintain rate-place representation of

a vowel spectrum, whereby stimulus information is carried within the preferred

frequency tuning and the rate of firing of chopper cells (Recio & Rhode 2000). It

has also been suggested that primary-like cells maintain temporal representation

of the vowel spectrum, whereby stimulus information is encoded within the precise

temporal configuration of primary-like neurons’ spikes (Recio & Rhode 2000).
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Figure 1.19: Schematic representation of the three main types of neurons in mam-
malian AVCN and PVCN based on their response properties. Left-hand column: neu-
rons’ typical frequency selectivity tuning curves. Middle column: post-stimulus time
histograms normalised to maximum firing rate depicting neurons’ typical response pat-
terns to CF tones. Right-hand column: cell types and location. Adapted from Winter
& Palmer (1990) and Evans (1992).

The three main sub-populations of the VCN (the primary-like, chopper and

onset cells) are reviewed below. For the sake of brevity only the most important

aspects of the diverse and complex response properties of these sub-populations

are discussed.

1.5.6.1 Primary-Like Neurons

Primary-like (PL) response properties are normally recorded from small and large

spherical bushy cells in the VCN (Joris, Carney, Smith & Yin 1994, Joris, Smith

& Yin 1994, Palmer et al. 2003). These cells receive one or at most a few large

calyx endings on their somata from AN fibers (Brawer et al. 1974, Cant & Morest

1984, Lorente de No 1981). Apart from the AN synapses, PL cells also receive
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inhibitory connections. These may be intrinsic connections within the AVCN,

projections from the DCN, contralateral AVCN or higher centres (Cant & Gaston

1982, Cant & Morest 1978, Comis 1970, Elverland 1977, Kane 1976, Lorente de

No 1981, Wickesberg & Oertel 1988, Winter et al. 1989). PL cells synapse in the

medial superior olive before reaching the inferior colliculus (IC) (Recio & Rhode

2000).

PL spherical bushy cells fire one or two small action potentials before remaining

in a depolarised state for a few milliseconds (Oertel 1991). They re-polarise consid-

erably faster after a depolarising current pulse compared to a hyper-polarising cur-

rent pulse (Oertel 1991). These neurons have very short temporal integration win-

dows, which means that they act as coincidence detectors, whereby sub-threshold

inputs have to arrive simultaneously to produce a supra-threshold response in a

spherical bushy cell (Smith et al. 1991) (Fig. 1.20)

PL neurons’ response properties are characterised by a high probability of

discharge straight after the stimulus onset, with a following exponential decline to a

steady-state rate (Winter et al. 2003). PL neurons have response properties almost

indistinguishable to AN fibers due to strong a↵erents from the AN synapsing

straight onto the PL cell somata (Blackburn & Sachs 1989, 1990, Winter & Palmer

1990). Recio & Rhode (2000) found that in response to vowels PL neurons normally

phase-lock to formant frequencies that are closest to their CF similar to AN fibers.

1.5.6.2 Primary-Like With Notch Neurons

Primary-like with notch (PLn) response properties within the CN are characterised

as such due to a short (around 2ms long) drop in firing activity after the initial

post-stimulus spikes in the cell PSTH plot (Fig. 1.21) (Winter et al. 1989). PLn

response properties are normally recorded from globular bushy cells located in the

caudal areas of the AVCN near the nerve root area (Joris, Carney, Smith & Yin
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Figure 1.20: Response profile of a primary-like neuron in AVCN. A: response area;
scale bar is 161 spikes/s. B: rate-level function at fiber CF. Filled circles correspond
to the filled circles in the response profile. C: PSTH plots of variation in neuron’s
response properties depending on the frequency-amplitude combination of the stimulus.
Bin width is 1 ms. Adapted from Winter & Palmer (1990).

1994, Joris, Smith & Yin 1994, Osen 1969, Palmer et al. 2003, Smith & Rhode

1987). These cells receive smaller end-bulb terminals from a few AN fibers (Osen

1969). Globular bushy cells project to the various nuclei within the trapezoid body,

lateral lemniscus and superior olivary nucleus (Cant & Hyson 1992, Glendenning

et al. 1981, Kuwabara & Zook 1991, Smith et al. 1993).

PLn neurons show enhanced synchronisation to the stimulus phase, whereby

they fire regular spikes in response to the cycle peaks of a sinusoidal stimulus. This

results in a stable pattern of coincident spike times across di↵erent presentations

of the same pure tone. This is in contrast to the AN firing patterns, which are

more stochastic, whereby AN fibers may skip firing in response to certain peaks
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Figure 1.21: PSTH response profiles of primary-like and primary-like with notch neu-
rons in the cochlear nucleus. Primary-like with notch neurons are characterised by the
presence of a short (approximately 2ms long) period of reduced firing shortly after the
onset of firing in response to an auditory stimulus. Adapted from Bronzino & Peterson
(2006).

of a sinusoidal stimulus. This results in badly aligned spike trains in response to

multiple presentations of the same sinusoidal stimulus. The di↵erences in phase-

locking between AN and PLn fibers are illustrated in Fig. 1.22 (Joris & Smith

2008). It can be seen that the spikes within the dot raster plot of a PLn cell (B) in

response to 50 repetitions of a 670Hz sinusoidal tone are more synchronised than

those within the equivalent plot of an AN fiber (A). The enhanced phase-locking

of PLn fibers is further illustrated within the period-response histograms, polar

phase-response plots (C, D) and inter-spike interval histograms (E, F) of the PLn

and AN fibers in response to 100 presentations of the 670Hz pure tone stimulus.

1.5.6.3 Chopper Neurons

Chopper (CH) response properties are recorded from tonic T-stellate cells (or

Type I multipolar cells) in PVCN (Rhode et al. 1983, Rouiller & Ryugo 1984,

Smith & Rhode 1989). These cells receive a↵erents from 5 AN fibers on average

(Ferragamo et al. 1998), as well as inhibitory backprojections from T- and D-
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Figure 1.22: Enhanced phase-locking in primary-like with notch (bushy) neurons in the
cochlear nucleus compared to auditory nerve fibers. A-B: Dot rasters of cell responses to
50 presentations of a 670Hz pure tone. Each tone was presented for 25 ms. Red indicates
that at least two spikes occurred within 50 ms of each other. C-D: period response
histograms and polar plots illustrating the distribution of spike times with respect to
the phase of the 670Hz pure tone sinusoid. Data were collected in response to 100
stimulus presentations. The outer circle in the polar plots represents the instantaneous
firing rate of the neuron (1000 and 6000 spikes/s for auditory nerve and bushy cells
respectively). E-F: corresponding interspike-interval histograms. Adapted from Joris &
Smith (2008).
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stellate neurons from the olivary complex (OC) onto their dendrites and somata

(Cant 1981, Smith & Rhode 1989). It has been suggested that CH T-stellate cells

integrate information from high- and low-SR AN fibers with similar CFs (Delgutte

1982, Koch et al. 1982, Winslow et al. 1987). T-stellate cells have been found

to project to the trapezoid body, and then to the contralateral superior olivary

complex and to the ventral nucleus of lateral lemniscus (Oertel et al. 1990, Recio

& Rhode 2000, Smith & Rhode 1989, Smith et al. 1993), and then the inferior

colliculus, to which they form a major excitatory input (Adams 1979, Alibardi

1998, Beyerl 1978, Oertel et al. 2011, Oliver et al. 1997).

CH T-stellate cells have a linear voltage-current relationship and fire tonically

when depolarised by a continuous current, or when presented with a tone at their

CF (Smith & Rhode 1989, Wang & Sachs 1994). CH cells have a longer integration

time window resulting in a first spike latency of around 1 ms after stimulus onset,

which is longer than the first spike latency of PL or onset cells. Their first action

potential is timed to reflect the onset of the tone burst, however, once a T-stellate

cell starts firing, the frequency of firing is determined by the properties of the

cell and by the stimulus intensity (Banks & Sachs 1991, Oertel et al. 2011). This

enables these cells to function as rate processors of auditory information, whereby

playing a role in intensity coding (Winter & Palmer 1990), and to follow amplitude

modulation of sounds well (Frisina et al. 1990a,b).

CH cells have di↵erent response properties to the AN fibers, whereby they

have low SRs (Recio & Rhode 2000), and they have regular spike trains, which are

less prone to phase-locking (Winter & Palmer 1990), in particular to the higher

frequency (> 1 kHz) and lower intensity stimuli (Oertel et al. 2000). Unlike the

AN fibers, CH cells do not display adaptation (Oertel et al. 2011) (Fig. 1.23).

Clarey et al. (2004) reported the response properties of CH neurons to stop-

consonant-vowel-consonant syllables. CH cells showed a clear response peak to
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Figure 1.23: Response profile of a chopper neuron. A: response area; scale bar is
166 spikes/s. B: rate-level function at fiber CF. Filled circles correspond to the filled
circles in the response profile. C: PSTH plots of variation in neuron’s response properties
depending on the frequency-amplitude combination of the stimulus. Bin width is 1 ms.
Adapted from Winter & Palmer (1990).

stop-consonant release, however, the magnitude of the peak relative to the sub-

sequent activity was smaller for CH cells than for PL cells. The stop-consonant

release peak was followed by a narrow synchronised peak in activity at vowel onset.

It was found that CH neurons with low CF (< 1 kHz) phase-locked to the vowel

F1, whereas cells with higher CFs phase-locked to F0, however, the phase-locking

was diminished in the presence of noise (Recio & Rhode 2000, Winter et al. 2003).

1.5.6.4 Onset Neurons

Onset (ON) responses are recorded from the octopus cells in PVCN (Joris, Carney,

Smith & Yin 1994, Joris, Smith & Yin 1994, Palmer et al. 2003, Rhode et al. 1983,
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Smith & Rhode 1989). Liberman (1993) has estimated that each ON cell receives

a↵erent connections from up to 65 AN fibers with a large range of CFs, which

results in very broadly tuned ON response properties (Godfrey et al. 1975, Rhode

et al. 2010). Furthermore, octopus ON cells receive inhibitory connections from

the D-stellate cells in the contralateral PVCN (Ferragamo et al. 1998, Needham &

Paolini 2003, Wenthold 1987). Octopus ON cells are characterised by low voltage-

activated potassium channels and hyper-polarization activated cation channels,

which result in very low input resistance and fast membrane time constants. This

makes these neurons very leaky with high spike thresholds. This means that

octopus ON cells require strong synchronisation from many AN fibers in order to

produce a discharge (Cant & Hyson 1992, Oertel et al. 2000, Osen 1969). Octopus

ON cells project to the contralateral superior paraolivary nucleus and to the ventral

nucleus of the lateral lemniscus, before converging in the inferior colliculus (Adams

1997, Schofield & Cant 1997, Smith et al. 1993, 2005).

ON responses are characterised by a prominent initial discharge peak indicating

the start of a tone, with new peaks for each tone pip (Winter & Palmer 1990,

Winter et al. 2003) (Fig. 1.24). Furthermore, ON cells can discharge at a precise

phase to every cycle of a low-frequency tone up to 500-800 Hz (Godfrey et al. 1975).

While ON cells lock to the waveform of periodic broadband signals precisely, high-

frequency high intensity tones only generate one discharge independent of the tone

duration(Oertel et al. 2000). ON cells also show strong adaptation, whereby their

firing can be totally suppressed by an adaptation tone presented within 200 ms of

the test tone (Bleeck et al. 2006).

ON cells have been found to have stronger phase-locking to vowel F0 than

chopper or AN fibers, which is not disrupted by the addition of noise (Winter

et al. 2003). Furthermore, the phase-locking to F0 in the ON cells is more extensive,

whereby it is not restricted to ON regions with CFs between vowel formants, like
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Figure 1.24: Response profile of an onset neuron. A: response area; scale bar is 166
spikes/s. B: rate-level function at fiber CF. Filled circles correspond to the filled circles
in the response profile. C: PSTH plots of variation in neuron’s response properties
depending on the frequency-amplitude combination of the stimulus. Bin width is 1 ms.
Adapted from Winter & Palmer (1990).

it is in the AN (Winter et al. 2003). This strong phase-locking property of the ON

cells is suggested to be the result of across frequency coincidence detection (Kim

et al. 1986, Palmer & Winter 1996, Rhode & Smith 1986), since ON neurons can

detect coincident firing of many AN fibers due to its a↵erent connectivity (Bal

& Oertel 2001, Ferragamo & Oertel 2002, Golding et al. 1999). In response to

stop-consonant-vowel-consonant syllables, ON cells show a precise discharge peak

at the stop consonant release, followed by another peak at the beginning of the

vowel voice onset (Clarey et al. 2004).
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1.5.7 Superior Olivary Complex

Superior Olivary Complex is a conglomeration of a number of nuclei including the

trapezoid body and the lateral lemniscus discussed below.

1.5.7.1 Nuclei of the Trapezoid Body

Trapezoid body (TB) is a tonotopically organised (Warr & Beck 1996) relay fiber

tract receiving a↵erent connections from the CN, and sending projections to the

oilvary nuclei, the lateral lemniscus nuclei, or the inferior colliculus (Stotler 1953,

Van Noort 1969, Warr 1966, 1972). TB is normally divided into three nuclei : ven-

tral (VNTB), lateral (LNTB) and medial (MNTB). Evidence suggests that VNTB

is implicated in sound identification, while LNTB and MNTB are mostly involved

in sound localisation (Irvine 1986). It has been found that in humans LNTB is

the largest part, containing around 7,500 homogeneous stellate neurons; MNTB is

the second largest part, containing around 3,600 neurons, which are mainly round

(principal) but also some stellate neurons (about 11%); and VNTB is the smallest

part of TB with approximately 1400 neurons, which are mostly round or stel-

late (Kulesza 2008). All TB neurons display primary-like responses with excellent

phase-locking even for tones in excess of 1 kHz, and sigmoid rate-intensity func-

tions, reaching maximum values around 30 dB above threshold (Brownell 1975).

The similarity between the response properties of the neurons within the TB nu-

clei to those of the PL neurons in the CN and the AN fibers, coupled with the

neurophysiological data suggesting that the largest nucleus of the TB (LNTB) is

involved in sound localisation rather than auditory object identification, makes

the role of TB nuclei in speech recognition unclear (Brownell 1975).
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1.5.7.2 Nuclei of the Lateral Lemniscus

Nuclei of the Lateral Lemniscus (NLL) are normally subdivided into three parts:

ventral (VNLL), intermediate (INLL), and dorsal (DNLL) which receive a↵erent

inputs from the contralateral VCN (Browner & Webster 1975, Glendenning et al.

1981, Hu↵man & Covey 1995, Schofield & Cant 1997, Van Noort 1969, Vater &

Feng 1990, Warr 1982, 1966, 1972). Neurophysiological evidence suggests that the

DNLL, INLL and the medial part of the VNLL are primarily implicated in sound

localisation and therefore they will not be considered further (Adams 1979, Batra

& Fitzpatrick 2002, Xie et al. 2005). The caudal part of VNLL, however, receives

a↵erent connections from the octopus ON cells in VCN, and this pathway has

been found to be especially prominent in humans, thus suggesting that it may be

important in speech processing (Adams 1997) (Fig. 1.25). Projections from the

NLL to ipsilateral inferior colliculus (IC) form the largest input to the IC from

any other brainstem area, with more than 50% of projections to combination-

sensitive neurons in the IC coming from the LL (Wenstrup 1999). However, 40%

of these a↵erents come from INLL and medial VNLL, which are specialised in

sound localisation (Kudo 1981). The role of the NLL in speech recognition is,

therefore, unclear.

1.5.8 Inferior Colliculus

Inferior colliculus (IC) is tonotopically organised (Ehret & Fischer 1991, Hage &

Ehret 2003) and is located in the mid-brain. It is the largest subcortical structure of

the auditory system where multiple auditory processing streams converge (Portfors

& Felix 2005). IC receives around nineteen separate ascending and descending

projections from di↵erent brain areas (Ehret 1997, Portfors & Felix 2005), however

its main ascending a↵erent projections are from the CN (Frisina et al. 1998).
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Figure 1.25: Schematic representation of a↵erent connections to the VNLL from the
cochlear nucleus and the trapezoid body. Adapted from Pollak (2011).

IC projects ipsilaterally and contralaterally to the ventral division of the medial

geniculate body (vMGB) of the thalamus (Ehret & Romand 1996).

It is suggested that the IC is similar to V1 in visual processing, whereby it plays

the role of a ’whiteboard’ on which acoustical information is written to be used

by the higher brain areas (Nelken 2008). Furthermore, IC are considered to be

the endpoint of time specialised part of the auditory pathway (Trussell 1997), as

supported by electrophysiological studies in humans (Galbraith et al. 2004, Wible

et al. 2005).

IC performs frequency analysis, frequency-modulated (FM) sound processing,

sound filtering and acoustic cue integration by inheriting the response properties of

the earlier auditory brain areas (Ramachandran et al. 1999), and refining them fur-

ther by integrating excitatory and inhibitory inputs with di↵erent temporal proper-

ties (Covey & Casseday 1999, Davis 2005, Keller & Takahashi 2000). Within-layer

inhibition in the IC has been found to be important, since response properties

of the IC neurons change substantially when inhibition is blocked (Egorova et al.

2001, Gonzlez-Herndez et al. 1996, Vater et al. 1992) (Fig. 1.26). This e↵ect di-
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Figure 1.26: Responses of IC neurons to two vocalisations, SC4 and SC6, before and
while blocking inhibition in the area. The calls have similar spectrotemporal features,
however, di↵erent populations of IC neurons responded to each one. This selectivity
disappeared once inhibition in the IC was blocked. Adapted from (Pollak 2011).

minishes, however, towards the edges of the IC (Egorova et al. 2001).

Neurons with a very diverse set of response properties have been reported in

the IC (Egorova et al. 2001). These include Class 1 neurons (42%) with PL-like

response properties, and Class 3 neurons (25%) with ON-like response properties,
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which suggests direct connections from the CN (Egorova et al. 2001, Hage & Ehret

2003). The complexity of the a↵erent projections to the IC mean that it is still not

fully understood how the complex response properties of the IC neurons emerge

(Ehret et al. 2004).

1.5.9 Medial Geniculate Nucleus

Megial Geniculate Nucleus (MGN) of the thalamus is the last subcortical nucleus

of the auditory pathway. MGN receives its main a↵erent projections from the IC.

It also receives back-projections from the auditory cortex, which play a modulatory

role (Andersen et al. 1972). It has been suggested that each IC neuron contacts

a number of MGN cells, and each MGN cell receives a↵erent projections from a

number of IC cells (Heierli et al. 1987). MGN neurons also form excitatory or in-

hibitory connections with each other, whereby firing of one neuron either increased

or decreased the firing probability of the other neuron. MGN cells that either share

a common a↵erent projection from the IC or a lateral excitatory/inhibitory con-

nection are not necessarily spatially close to each other.

MGN is normally divided into three major parts the medial, ventral and lateral

subdivisions (Webster & Aitkin 1975). Only the ventral part of MGN, however, is

thought to be involved in auditory object processing. Ventral MGN sends a↵erent

connections to the lamenae III and IV of the auditory cortex (Burton & Jones

1976, Jones & Burton 1976, Kimura et al. 2005, Rouiller & de Ribaupierre 1985).

MGN response latencies varying between 3.5-27 ms from stimulus onset (Aitkin

& Webster 1971). Most (69%) of the MGN cells show onset response properties

(Aitkin & Webster 1971) and are broadly tuned, with 50% of the cells responding

to almost the entire frequency range (Kiang 1965). The other MGN cells have

complex response patterns, whereby their response varies dramatically depend-

ing on the frequency-intensity combination of the tone presented, with excitatory
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regions becoming inhibitory and visa versa, as well as new response components

appearing or disappearing at certain intensities (Allon et al. 1981) (Fig. 1.27). The

majority of MGN neurons do not phase-lock (Rouiller et al. 1981), but show some

adaptation (Barlett & Smith 2002) and FM sweep direction sensitivity (Allon et al.

1981). No selectivity for vocalisations have been found in MGN neurons (Allon &

Yeshurun 1985).

1.5.10 Auditory Cortex

The auditory cortex receives excitatory a↵erent inputs into layers IIIb and IV from

the IC through the ventral MGN in the thalamus, whereby each MGN cell contacts

a number of cortical neurons (Eggermont 1996, Sugimoto et al. 1997). While the

e↵ective processing time constants in the IC are in the order of 10 ms, they are in

the order of 100 ms in the auditory cortex (Nelken et al. 2003). Inhibitory signals

in the auditory cortex arise from the within-cortex inhibitory recurrent collaterals

(Creutzfeldt et al. 1980). Furthermore, it has been found that the pyramidal cells

in the auditory cortex are interconnected with each other. Some researchers argue

that these excitatory recurrent connections in the auditory cortex are very few and

weak to make a di↵erence (Abeles 1982a, Atzori et al. 2001), while others argue

that this recurrency turns the auditory cortex into a stable attractor which can be

switched from one state to another by sudden correlated changes in the firing rate

of its units (Abeles et al. 1995).

The auditory cortex is normally subdivided into three major areas: primary

auditory cortex (A1, although sometimes AAF (in rodents and carnivores) or R (in

primates) is also included as a second primary field), belt and parabelt areas. In hu-

mans A1 is situated in the posterior two-thirds of the supra-temporal lobe in both

hemispheres and includes Heschl’s gyrus (Broadmann area 41) (Brugge & Reale

1985, Ehret & Romand 1996). The auditory belt and parabelt areas extend into
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Figure 1.27: Schematic representation of complex tuning curves of four cells in the
MGN. The areas above the midline represent the cells’ inhibitory tuning curves, while
the areas below the midline represent the excitatory tuning curves. Non-shaded tun-
ing curves represent sustained excitation, whereby a cell fires continuously throughout
the preferred stimulus presentation. Shaded areas represent excitatory o↵-components,
whereby a cell does not respond throughout the stimulus duration, but instead starts
firing once the stimulus presentation is over. The inset plots are a schematic representa-
tion of the cell’s location within the MGN (right) and a dot display of the cell’s response
properties to a pure tone presented over a range of frequencies at 80 dB (left). Adapted
from Allon et al. (1981).
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Figure 1.28: A schematic flow diagram of the ’where’ (red) and ’what’ (green) pathways
in the auditory cortex. Adapted from Rauschecker & Tian (2000).

the posterior superior temporal gyrus (pSTG) (Broadmann area 22) (Galaburda

& Pandya 1983, Hackett et al. 1998). Following the belt and parabelt areas of the

auditory cortex, some neuroscientists believe that the auditory information is split

into two di↵erent pathways (Romanski, Tian, Fritz, Mishkin, Goldman-Rakic &

Rauschecker 1999). One pathway targets the caudal dorsolateral pre-frontal cortex,

constituting the ’where’ pathway of auditory processing; while the other pathway

targets ventral pre-frontal cortex (vPFC) and orbitofrontal cortex, constituting the

’what’ pathway of auditory processing (Kaas & Hackett 2000, Rauschecker 1998,

Rauschecker & Tian 2000, Romanski & Goldman-Raciz 2002, Romanski, Tian,

Fritz, Mishkin, Goldman-Rakic & Rauschecker 1999, Russ et al. 2007) (Fig. 1.28).

Human fMRI data suggest that the auditory cortex is hierarchically organised

with areas close to A1 processing language-independent physical cues, areas further
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up the hierarchy encoding acoustic features of speech, and eventually other areas

encoding more abstract, non-acoustic representations of speech sounds (Davis &

Johnsrude 2003, Uppenkamp et al. 2006). It has been found that categorical

perception of phonemes is associated with activity in the belt and parabelt areas

in the superior temporal region (Binder et al. 2004, Boatman et al. 1995, Chang

et al. 2010, Husain et al. 2006, Lemus et al. 2009, Liebenthal et al. 2010, Selezneva

et al. 2006, Steinschneider et al. 2003, 1994, 1995, 2005, 1999, Zatorre et al. 1992).

The majority (60%) of cortical neurons display onset response properties. The

other prevailing response type is o↵set (30%), whereby a cell fires once after the

auditory stimulus is finished. Only a small portion of cortical neurons (10%) show

sustained firing in response to an auditory stimulus (Ehret & Romand 1996).

Neurons in the auditory cortex have been reported to fire to either a burst of

2-3 spikes received from a single neuron (Lisman 1997), or to a combined syn-

chronised input from a population of neurons (Eggermont 2001). A number of

studies thus argue that the functional properties of pyramidal cells in the auditory

cortex resemble coincidence detectors more closely than rate integrators, having

high response thresholds and short temporal integration windows (Abeles 1982a,b,

Sadagopan & Wang 2009, Softky & Koch 1992, Windhorst 1988). It is suggested

that cortical neurons are best driven by transient stimulus events (Phillips 1988,

1990).

Around half of the neurons in the auditory cortex respond to pure tones (Hro-

madka et al. 2008). Sadagopan &Wang (2009) studied neurons that do not respond

to pure tones (the non-linear neurons) and found that they had more complex re-

sponse properties than neurons that do (linear neurons). The researchers found

that the non-linear neurons responded to two pips presented in a specific tempo-

ral order, to bandpassed noise with a particular bandwidth, and to natural, but

not reversed, vocalisations. Non-linear neurons responded to fewer vocalisations
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than linear neurons, which fired whenever a feature of a vocalisation entered their

excitatory tuning curve. Furthermore, fewer non-linear neurons in a population

responded to a particular vocalisation compared to linear neurons. All of the

non-linear neurons described by Sadagopan & Wang (2009) had non-monotonic

rate-level functions, whereby an increase in sound level resulted in the cessation

of neuronal responses.

Hromadka et al. (2008) found that complex sounds are represented with sparse

population encoding in the auditory cortex, whereby only around 5% of auditory

cortex neurons respond to any particular stimulus. Each neuron took part in

representations of numerous stimuli, and the same neuron could respond in a

transient or a sustained manner to di↵erent stimuli. Furthermore, the authors

reported that there was no topographic organisation of neurons, whereby neurons

that fired strongly to a stimulus were not necessarily clustered together. A neuron

that responded strongly to a stimulus could be surrounded by completely non-

responding neurons.

1.5.10.1 Vocalisation Response Properties: A1

A study by Lu & Wang (2000) suggests that neurons in A1 can be divided into

two sub-populations based on their response properties to vocalisations - the

larger non-selective population responds to both vocalisation and non-vocalisation

sounds, while the smaller selective population consists of neurons primarily re-

sponsive to natural vocalisation calls and to the identity of the callers (Fig. 1.29).

It is suggested that the non-selective population is a general sound analyser, which

provides a description of the auditory stimulus and is necessary for learning and

analysing new sounds, whereas the selective population is necessary for identify-

ing a known sound (Wang 2000). The non-selective population becomes smaller

throughout the hierarchy of the ’what’ pathway in the auditory cortex.
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Figure 1.29: Averaged PSTHs of responses of A1 neurons to marmoset calls and time-
reversed versions of the calls (bin width is 2 ms). Two populations of cells were found,
selective and non-selective. A - B: selective population showing preferential response to
a natural call compared to a time-reversed version of it. C - D: non-selective population
showing no preferential response to a natural call compared to a time-reversed version
of it. Adapted from Wang (2000).

It is suggested that behaviourally relevant sounds are represented di↵erently in

the cortex compared to behaviourally irrelevant sounds (Buonomano & Merzenich

1998, Schmidt et al. 1999). This was demonstrated using an experimental paradigm

which compares response properties of neurons to natural and time-reversed ver-

sions of vocalisations, since time-reversed vocalisations have the same spectral

content and acoustic complexity as the natural vocalisations, but without the be-

havioural relevancy (Wang et al. 1995). The results of such experiments have been

inconclusive, however. Wang et al. (1995) found that A1 neurons had greater mean

firing rates and displayed a clearer representation of the spectral shape of natural
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vocalisations compared to reversed vocalisations. Furthermore, A1 cells that dis-

played a clearer representation of the spectral shape of the vocalisations contained

less information about the behavioural meaning of the sounds than those that did

not. Schnupp et al. (2006) on the other hand found no di↵erence between A1 re-

sponses to natural and reversed vocalisations (these vocalisations were not species

specific), however some cells contained more information about the vocalisation

identity than others.

In order to test whether any di↵erences in A1 response properties to be-

haviourally relevant compared to behaviourally irrelevant sounds were learnt through

experience, Wang & Kadia (2001) presented natural and time-reversed marmoset

vocalisations to cats, who would not have had any prior experience with the stim-

uli. No di↵erences between the two classes of vocalisations were found in cat A1.

Furthermore, when Schnupp et al. (2006) trained ferrets to di↵erentiate between

marmoset vocalisations, it was found that the amount of information in the tem-

poral response patterns of non-selective neurons increased significantly compared

to the naive animals.

1.5.10.2 Vocalisation Response Properties: pSTG and STS

Lateral belt neurons in macaque auditory cortex show greater vocalisation call

selectivity than A1 neurons (Rauschecker 1998, Rauschecker & Tian 2000, Tian

et al. 2001). It has been found that neurons in the lateral belt areas respond to

3-5 monkey calls out of 7, with a few neurons responding to only 1 of the calls

(Rauschecker & Tian 2000). Vocalisation selectivity in the lateral belt can not be

explained by their frequency tuning (Hauser 1996). Moreover, neurons in this area

have minimal responses to each syllable of a vocalisation when presented alone,

while responding maximally when all syllables are presented in the right temporal

order to create a full vocalisation (Rauschecker & Tian 2000). Lateral belt neurons
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have been found to respond similarly to calls that have similar acoustic features

rather than similar behavioural and functional meaning (Rauschecker 1998, Tian

et al. 2001), which suggests that semantic representations of vocalisations arise

further in the auditory cortex.

Posterior superior temporal gyrus (pSTG) in humans (corresponding to the

belt area in primates) may be an area of the auditory pathway where represen-

tations of complex auditory objects are formed. Studies reported that electrical

stimulation of pSTG in humans during electro-cortical mapping resulted in au-

ditory hallucinations including speech, melodies and human voices (Penfield &

Jasper 1954). It was also reported that low-level auditory syllable discrimination

maps to the pSTG (Ojemann & Mateer 1979), and that pSTG processes sounds

that are both spectrally and temporally complex, but not only one or the other

(Boatman & Miglioretti 2005). Furthermore, evidence from human imaging stud-

ies found stronger activation in the pSTG to phonemes compared to sounds of

lesser complexity (Naatanen et al. 1997).

Imaging studies in humans showed acoustic invariance in response to speech

stimuli within the superior temporal sulcus (STS) region of the auditory cortex,

corresponding to the parabelt area, suggesting that this area is also implicated in

invariant representations of auditory objects (Rauschecker & Scott 2009). Further

analysis showed that there was increased invariance throughout the hierarchy of

the auditory cortex, with the dorsal plane of the STG being sensitive to acoustic

variance within both intelligible and unintelligible speech, and STS being less

sensitive to the acoustic variance in intelligible speech while being more sensitive

to the di↵erences between intelligible and unintelligible speech (Okada et al. 2010).
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1.5.10.3 Vocalisation Response Properties: vPFC

Ventral prefrontal cortex (vPFC), which receives direct connections from the para-

belt area (Hackett et al. 1999, Romanski, Bates & Goldman-Rakic 1999, Romanski,

Tian, Fritz, Mishkin, Goldman-Rakic & Rauschecker 1999), has been shown to re-

spond to familiar vocalisations, however, it is unknown what exactly the neurons

are responding to. It can be vocalisation category, caller identity, caller body size

or their reproductive status (Bradbury & Vehrencamp 1998, Hauser 1996, Hauser

& Marler 1993, Owings & Morton 1998). The human homologue of the vPFC is

the inferior frontal gyrus, which plays a role in semantic processing (Demb et al.

1995, Poldrack et al. 1999).

While it was found that some vPFC neurons in awake behaving macaque mon-

keys showed vocalisation selectivity, whereby they responded to only 1/10 vocal-

isations, further analysis revealed that their responses were mostly based on the

acoustic structure of the stimuli (Romanski et al. 2004), which is similar to the

response properties of the belt and parabelt neurons (Tian et al. 2001). The au-

thors thus concluded that vPFC may play a role in articulatory feedback control

instead of vocalisation identification.

An alternative view of the vPFC was suggested by Gi↵ord et al. (2005), who

found that populations of vPFC neurons responded di↵erentially to semantically

di↵erent calls but not to spectrally di↵erent calls, or repeated presentations of

the same call, or to artificial stimuli with di↵erent bandwidths. They, therefore,

suggested that vPFC might have higher-order semantic representations of vocal-

isations. Similar conclusions were reached by other researchers, who found that

the responses of vPFC neurons of rhesus monkeys could be reliably classified into

two groups based on whether they were semantically associated with food or not

(Cohen et al. 2006, Gi↵ord et al. 2005). The response preferences of these neurons
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could not be attributed purely to the acoustic properties of the sounds.

In humans vPFC overlaps with Broca’s area, and imaging studies in humans

showed that this area is activated during semantic processing, syntactic working

memory, as well as maintenance and retrieval of abstract rules (Amunts et al. 2004,

Bunge et al. 2003, Demb et al. 1995, Fiebach et al. 2005, Muller & Basho 2004,

Price 1998, Reber et al. 2003, Strange et al. 2000).
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1.6 Past Models of Speech Recognition

Section 1.5 has summarised some of the neurophysiological data that has been

collected to describe the structure and response properties of several auditory

brain areas believed to be potentially involved in auditory object recognition. This

data by itself, however, provides little insight into how the auditory brain learns

stable invariant representations of auditory objects, including speech. A number

of researchers believe that the only way to understand how speech perception is

learned and subsequently performed in the brain is through large-scale biologically

plausible neural network model simulation work (Arbib et al. 1995, Corchs & Deco

2002, Horwitz & Tagamets 1999, Husain et al. 2004, Salem et al. 2007). Such

models, however, are very rare, and no comprehensive biologically plausible large-

scale neural network model of the auditory brain capable of speech recognition

currently exists.

The general trends in auditory brain modelling and in understanding the mech-

anisms of speech recognition are the following: 1) Connectionist/phenomenological

models trying to replicate psychophysical speech recognition results (McClelland &

Elman 1986, Nelson & Carney 2004); 2) models trying to perform speech recogni-

tion in a more biologically plausible way (without backpropagation of error) (Maass

et al. 2004); 3) models that try to replicate and understand the auditory brain,

without necessarily achieving full speech recognition (Kral & Majernik 1996).

This section describes some example models for the trends mentioned above,

concluding with the description of the relevant computational modelling research

using spiking neural networks (Appeltant et al. 2011, Coath et al. 2014, Maass

et al. 2004, Masquelier et al. 2008, Nager et al. 2002). This thesis attempts to

understand how robust representations of auditory objects, such as phonemes or

words, can be learnt within a spiking neural network architecture whose structure
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is closely inspired by the relevant anatomy of the auditory brain. Little research

has been done using spiking neural networks compared to the rate-coded networks,

however, due to their additional computational cost. Nevertheless, the few spiking

neural networks for speech processing that have been developed so far suggest that

they are a powerful tool for the task (Appeltant et al. 2011, Coath et al. 2014,

Liaw & Berger 1996, Maass et al. 2004, Masquelier et al. 2008, Nager et al. 2002).

1.6.1 Rate-Coded Models

1.6.1.1 Model by McClelland & Elman (1986)

An important model of speech recognition is the Trace model proposed by McClel-

land & Elman (1986). The connectionist network consists of simple units organised

in hierarchical layers, whereby the first layer represents features of phonemes, the

next layer represents full phonemes and the last layer represents words. The layers

are interconnected with excitatory and inhibitory connections, whereby connec-

tions between layers are purely excitatory and connections within layers are purely

inhibitory to create within-layer competition. The model uses a dynamic process-

ing structure called ’the Trace’, which acts as a perceptual processing mechanism

and model’s working memory.

The model can account for a number of psychophysical findings, such as the

time course of word recognition, the role of lexical e↵ects on phoneme and word

perception, and categorical perception of phonemes. The model, therefore, pro-

vides insights into how speech recognition might be performed in the brain on the

conceptual level. The network, however, is unable to recognise words longer than

the length of its input layer, it cannot deal with time distorted speech, and it is

unable to recognise two instances of the same word in a sentence. Furthermore, it

lacks biological plausibility, because it is not based on the neurophysiology of the

brain; the representations of phonemes in the input layer and the lexicon in the
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output layer are symbolic and not realistic; the network relies on top-down infor-

mation flow from the full word representations from within its vocabulary, which is

hard-coded; the network is not capable of learning; and the network does not cope

well with the temporal aspects of speech, since it copes with the time dimension of

speech by concatenating a number of copies of the network together, whereby each

copy of the network represents the activity of the network at a di↵erent moment

in time.

1.6.1.2 Model by Kral & Majernik (1996)

Kral & Majernik (1996) suggested a simplified neural network architecture repre-

senting the auditory brain hierarchy. The network used neuron-like units, called

processing elements (PEs), the activity of which was governed by a simple linear

threshold mechanism. The input to the network was a simplified representation of

auditory nerve spike rasters, whereby arbitrarily specified spike trains with partic-

ular regular inter-spike intervals were applied to the input layer. While the inputs

to the model were spike rasters, the model itself cannot be considered a spiking

model, since the response dynamics of its constituent PEs were those of rate-coded

neurons.

The network consisted of three parallel pathways: 1) the lateral inhibition neu-

ral network (LINN) (Fig. 1.30) was supposed to preserve temporal information and

was modelled using four feed-forward layers loosely corresponding to the cochlear

nucleus, inferior colliculus, medial geniculate body and the cortex. The layers

were interconnected with sparse excitatory and inhibitory connections, whereby

each PE in the pre-synaptic layer sent one excitatory and a number of inhibitory

connections to PEs in the post-synaptic layer. Such connectivity, however, is not

biologically plausible due to Dale’s principle (Dale 1934), which states that all af-

ferent synapses belonging to one neuron have to be of the same type, whether that
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Figure 1.30: Schematic representation of the auditory brain model by Kral & Majernik
(1996). A: Lateral inhibition neural network architecture B: Temporal coincidence neural
network architecture. Thresholds of the neurons in the TCNN layer are twice as high as
thresholds of the neurons in the input layer. Adapted from Kral & Majernik (1996).

is excitatory or inhibitory. 2) The second pathway was used to turn temporal code

into place code and was modelled using a temporal coincidence neural network

(TCNN) (Fig. 1.30), where each post-synaptic PE had a high firing threshold and

a number dendrites of di↵erent lengths, where l1 = h ⇤ l2 (l1 is the length of the

dendrite with the longer delay and l2 is the length of the dendrite with the shorter

delay, h is a positive integer). Since each post-synaptic neuron needed at least two

concurrent excitatory inputs in order to fire, these neurons were tuned to input

spikes arriving at a particular interval. 3) The third pathway was used to detect

frequency changes and was modelled by a TCNN, whereby each neuron had three

dendrites of varying lengths set in a way that would make these neurons tuned

to changes from one particular frequency to another. All delays and connectivity

were hard-wired and no learning was used.

It was found that the network was able to simulate certain physiological proper-

ties of the auditory brain. These included frequency change detection and change



1.6 Past Models of Speech Recognition 69

of information encoding from temporal to rate throughout the hierarchy of the net-

work. While the authors claim that the layers of the network loosely correspond

to the cochlear nucleus, inferior colliculus, medial geniculate body and the cortex,

it is unlikely that the model would be able to deal with more complex tasks than

the simple di↵erentiation between various pure tone frequency sweeps, due to its

very particular delay connectivity and lack of learning.

1.6.1.3 Model by Kurogi (1991)

A model by Kurogi (1991) was able to recognise isolated syllables and words, as

well as words in continuous speech, from Fourier Transform representations of

speech inputs (Fig. 1.31). The model was based loosely on the architecture of

the auditory brain, whereby the di↵erent layers of the network were suggested to

represent the cochlea and the cochlear nucleus (input Fourier Transform); superior

olivary complex (Lateral Excitation and Lateral Inhibition Layers (LEL and LIL));

inferior colliculus, medial geniculate body and the cortex (Feature Detection Layers

(FDLs) modelled by Kurogi (1987)). The FDLs were made of P-cells and B-

cells, which are the equivalents of the pyramidal and basket cells in the cortex

correspondingly. P-cells were set up to have a high threshold, which meant that

they had to receive a particular pattern of inputs in order to fire. Once a particular

P-cell fired, it was thought to have recognised a particular feature. It would then

activate its corresponding B-cell, that would fire a burst of inhibitory spikes with

connections to all of the P-cells in the layer, therefore resetting the activity in the

P-cell layer (Fig. 1.31). This sort of architecture was found to be successful in

recognising temporal patterns. The number of cells in the output layer matched

the number of stimuli to be recognised. The weight vectors within the FDL layers

were set up manually to achieve the best recognition performance on the training

set.
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Figure 1.31: Schematic representation of the speech recognition model by Kurogi
(1991). A: Full model. LEL is the lateral excitation layer, LIL is the lateral inhibition
layer, FDL is the feature detection layer and its architecture is schematically depicted in
B. B: Architecture of the feature detection layers based on the connectivity of the cortex
used for higher auditory brain areas. Adapted from Kurogi (1991).

While the authors argue that their model is grounded in the neurophysiology

of the auditory brain, this claim is rather loose, since the authors do not replicate

the neurophysiology of the corresponding brain areas. Furthermore, their learning

rule is not realistic, since no biologically plausible explanation of how their manual

weight adjustment may take place in the brain is provided.
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1.6.2 Spiking Models

1.6.2.1 Model by Meddis & O’Mard (2006)

A model relevant to the work described in this thesis was proposed by Meddis &

O’Mard (2006). The authors modelled three stages of the sub-cortical auditory

brain: the auditory nerve (AN), the chopper units of the ventral cochlear nucleus

(CN), the inferior colliculus (IC). These were followed by the higher Level 4 neurons

for which the corresponding brain area was not specified. All neurons (apart from

the AN fibers) were modelled using MacGregor cells (MacGregor 1987).

It was shown that the model could accurately replicate many psychophysical

results of pitch perception, thus demonstrating the potential computational mech-

anisms underlying pitch perception in the brain. The architecture of the model

is shown in Figure 1.32. The AN fibers were organised into 40 characteristic fre-

quency (CF) bands. Each CN chopper cell received inputs from 30 AN fibers from

the same CF band. For each CF channel, there were 30 blocks of 10 CN cells each.

Each CN block was characterised by a di↵erent intrinsic saturation chopping rate.

Each IC unit received input from 10 CN cells with the same intrinsic chopping

rate and acts as a coincidence detector, whereby they required coincident input

from many CN neurons in order to fire. Each Level 4 cell received inputs from

40 IC cells across, one from each of the 40 CF bands, and with the same intrinsic

chopping rate CN inputs. Their threshold was set low, so that Level 4 neurons

would fire whenever any of their IC input neurons would fire, thus acting as spike

counters.

As will be discussed later in this thesis, the architecture of the model suggested

by Meddis & O’Mard (2006) is similar to the architecture we suggest for our model.

Our model, however, relaxes the strong connectivity assumptions imposed on the

model by Meddis & O’Mard (2006) and shown to be paramount for the model’s
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Figure 1.32: Schematic representation of the auditory periphery model by Meddis &
O’Mard (2006). a) single module of the model. Each ventral cochlear nucleus (VCN)
cell receives inputs from 30 auditory nerve (AN) fibers with the same characteristic
frequency (CF). All VCN units within a module have the same saturated firing rate.
Each inferior colliculus (IC) cell receives inputs from 10 VCN cells. b) arrangement of
model modules. Each CF channel consists of 30 modules, each with a di↵erent saturating
firing rate. There are 40 CF channels overall, with CFs ranging between 0.1 to 10 kHz.
Each stage 4 unit receives one input from each CF channel from modules with the same
firing rate.

operation. In our model the local connectivity for the AN!CN and CN!IC

areas is drawn from a Gaussian distribution rather than hard-coded as in Meddis

& O’Mard (2006). Furthermore, we extend the model by Meddis & O’Mard (2006)

by adding onset and primary-like CN cells, as well as higher order A1 neurons with

STDP-based learning . The addition of STDP-based learning in particular makes

our model more powerful, whereby it is able to adapt to the underlying structure

of the auditory stimuli through long-term STDP-based learning, while the model

by Meddis & O’Mard (2006) lacks any learning capabilities.
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1.6.2.2 Model by Masquelier et al. (2008)

A spiking neural network model capable of learning to pick out repeating spatio-

temporal patterns from statistically identical noise using STDP-based learning was

described by Masquelier et al. (2008). While the model is not aimed at replicating

the auditory brain or performing speech recognition, it is included in this review

because it demonstrates the power of spiking neural networks that can be applied

in the context of speech recognition modelling.

The model described by Masquelier et al. (2008) is referred to as RPLM from

here on (standing for Repeated Patterns Learning Model). RPLM consists of

an input layer of 2000 spiking leaky integrate-and-fire neurons fully connected

to one neuron in the output layer with equal weight. A spike pattern generated

using Poisson process is applied to the input layer, with an arbitrarily chosen

50 ms long interval of the input raster acting as the repeating pattern, whereby

it was presented a number of times during each simulation. It was found that

the output cell learnt to only fire when the repeated pattern was presented and

not during the statistically identical noise. The network worked as following: at

the beginning of training the output cell fired at regular intervals during stimulus

presentation. Due to the stronger LTD compared to LTP, random input firing

resulted in the weakening of connections. Meanwhile, connections from the cells

involved in the repeating pattern got strengthened every time the pattern was

presented. Carefully chosen values for the relative strengths of LTD and LTP,

as well as the initial strength of the a↵erents, resulted in the output cell pattern

selectivity. The output cell learnt to fire whenever the pattern was present, and

not to fire during the periods of noise (see Fig. 1.33). Masquelier et al. (2008)

have shown that RPLM is robust, since its performance is preserved even when a

combination of the following is present: the pattern makes up only a quarter of



1.6 Past Models of Speech Recognition 74

the overall input duration and involves only half of all neurons in the input layer;

10 Hz Poissonian noise and 1 ms jitter is added to the pattern. Masquelier et al.

(2008) have also shown that training conditions can be degraded even further while

still preserving acceptable levels of performance (see Fig. 1.34 for the summary).

The principles described by Masquelier et al. (2008) can be used within the au-

ditory cortex to learn statistical regularities underlying di↵erent auditory objects.

While the model in its original form would only be able to learn short temporal

patterns (on the order of single phonemes), the addition of temporal delays within

the feedforward connections, recurrent connections, or the creation of a hierar-

chy of feedforward layers could allow neurons in the output layer to learn longer

sequences spanning syllables and/or whole words.

1.6.2.3 Model by Nager et al. (2002)

A more advanced model of the auditory brain using a spiking neural network with

leaky integrate-and-fire neurons was suggested by Nager et al. (2002), who used

a multi-layer fully connected feed-forward spiking neural network with dynamic

synapses to model the auditory cortex. The input to the model was pre-processed

using a model of the cochlea and hair cells suggested by Lyon (1982), while the

short-term dynamics and adaptation in the spiking neurons were modelled accord-

ing to Reutimann et al. (1999).

It was found that when the network with four output neurons was trained

on four di↵erent frequency modulation sweeps, it was able to learn to recognise

them. The network was able to do that because short-term dynamics described by

Reutimann et al. (1999) enabled each synapse to learn its preferred characteristic

input pattern by encoding the spatio-temporal patterns into synaptic delays. After

training, the input spikes corresponding to the presentation of a learnt stimulus

arrived simultaneously to their corresponding post-synaptic neuron due to the
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Figure 1.33: Schematic representation of how the repeated pattern learning model
(RPLM) (Masquelier et al. 2008) functions. RPLM is a feed-forward one-layer spiking
network with 2000 input cells and 1 output cell. A: at the beginning of training the
output cell fires regularly to both Poisson noise (white regions) and the 50 ms windows
where 50% of the input cells fire according to a pre-set pattern (grey regions); B: after
about 70 pattern presentations the output cell mostly ceases to fire to noise; C: at the
end of training the output cell fires to 99.1% of patterns and never to noise (adapted
from Masquelier et al. (2008)).
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Figure 1.34: Plots illustrating the performance of repeated pattern learning model
(Masquelier et al. 2008) in various conditions. The ordinate in all plots is the proportion
of patterns recognised by the output neuron. This is measured after changing: a - pattern
frequency (pattern duration divided by total input duration, where pattern duration is
fixed at 50 ms); b - pattern jitter; c - proportion of input cells taking part in the pattern;
d - initial connection strength; e - proportion of deleted pattern spikes (adapted from
Masquelier et al. (2008)).

learnt synaptic delays. This network, however, was unable to perform long-term

learning, since the delay learning described above operated on a short-term scale

only. Furthermore, the model was unable to learn stationary signal and could

only learn transitions in speech, since it failed at the single phoneme learning task

where the phonemes were too spectro-temporally static for the network to learn.

1.6.2.4 Model by Coath et al. (2014)

Recently a spiking neural network model capable of recognising previously learnt

frequency modulation (FM) sweeps implemented both in neuromorphic hardware

and as a software simulation was suggested by Coath et al. (2014). Their model

consisted of an array of 32 tonotopic channels interconnected through excitatory

and inhibitory connections with axonal conduction delays and STDP-based learn-

ing as shown in Figure 1.35. Neurons A represent the tonotopic channels. Neurons

B2 are the outputs of the network, and their responses are modulated by neurons

B1 through direct inhibitory connections, as well as plastic excitatory connections

with axonal conduction delays through neurons C.



1.6 Past Models of Speech Recognition 77

Figure 1.35: Schematic representation of the spiking neural network model as im-
plemented in hardware and software by Coath et al. (2014). 32 A neurons form the
tonotopic input layer. Only three A neurons are shown in the schematic. Neurons B1

and B2 receive excitatory connections from the corresponding A neurons in their tono-
topic chanel. Neurons B2 serve as the output of the model. Their firing is modulated by
an inhibitory connection from the B1 neuron within their tonotopic chanel and plastic
excitatory connections with a distribution of axonal delays from a number of B1 neurons
from other tonotopic channels (adapted from Coath et al. (2014)).

The network was presented with FM sweeps and simplified representations of

seven words: ’and’, ’of’, ’yes’, ’one’, ’two’, ’three’, and ’four’. The words were

naturally spoken by a single male speaker and pre-processed, whereby approxi-

mate movements of the first two formants were extracted for each word, and the

resulting FM sweeps were presented to the network by injecting stable currents at

appropriate times into the corresponding tonotopic channels. Each time the net-

work was trained on one stimulus, and tested on the full stimulus set. The authors

were looking for higher levels of stimulus specific information using rate encoding

of the output B2 neurons in response to the previously trained stimulus compared
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to the rest of the stimulus set. It was shown that the network was mostly able

to achieve the expected levels of performance, even when the presented sweeps

were embedded within some noise (same levels of noise were using for training and

testing). The precise architecture of the model, however, was not grounded in the

neurophysiology of the auditory brain, the stimuli were oversimplified, and the

model was trained to do simple pattern matching rather than trying to achieve

invariance learning.

1.6.2.5 Reservoir computing approaches

Another large class of models that use spiking neurons is that of liquid state

machines (LSM), an instance of the more general reservoir computing approach.

While these LSM models are not necessarily aimed at gaining insights into the

operation of the brain, they nevertheless showcase the power of spiking neural

networks as computational modules.

The LSM class of models takes a temporal stream u(·) as input, which is then

fed into a randomly connected recurrent spiking neural network with fixed con-

nectivity and weights (the ’liquid’). This ’liquid’ acts as a non-linear kernel that

performs an expansion and transformation of the input into a new state x(·), where

x(t) depends not only on u(t), but also on previous inputs u(t � ⌧). This depen-

dency is arbitrary and non-linear and it is governed by the random initialisation

of the connectivity and connections weights of the ’liquid’. The ’liquid’ is followed

by a set of linear readout neurons that learn to map x(t) to some target output

y(t). The linear readout neurons are the only parts of an LSM that are allowed to

learn during training.

LSMs and reservoir computing approaches in general rely on three properties:

separation, approximation and fading memory. Separation means that di↵erent in-

puts have to be mapped to di↵erent outputs by the ’liquid’. Approximation means
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that inputs that are only slightly di↵erent from each other should be mapped to

identical outputs. Otherwise, noisy instances of the same input would be classi-

fied as di↵erent classes. Fading memory property means that the ’liquid’ should

take into account the recent past when performing classification. For example, in

speech the recent context of a phoneme can influence the phoneme’s spectral form.

The e↵ect of context normally fades with time, so the ’liquid’ should have fading

memory. For a better overview of LSMs and reservoir computing in general, see

Appeltant et al. (2011). The di�culty in designing LSMs comes from initialising

the right ’liquid’ in order for it to have the three properties described above for

the types of stimuli used as input to the model.

Maass et al. (2004) demonstrated that an LSM where the ’liquid’ was made

up of randomly primarily locally connected integrate and fire neurons, 20% of

which were chosen to be inhibitory, was capable of learning to correctly classify

a subset of NIST TI-46 dataset, consisting of digits ’zero’ to ’nine’ spoken by 50

female speakers 10 times each. The raw auditory files were pre-processed before

serving as input to the model. Each audio recording was transformed into 40

trains of transient spikes, whereby each spike generating input neuron was tuned

to respond to the onset, o↵set or peaks of power modulated sine wave tones.

Maass et al. (2004) showed that their model was able to transform these ar-

bitrarily pre-processed input spike rasters into ’liquid’ representations suitable

for linear readout neuron learning, hence demonstrating the power of the spik-

ing ’liquid’ in producing non-linear expansions of the input stream. The authors

acknowledge, however, that the brain mechanisms to implement the linear super-

vised learning they suggest for readout neurons are yet unknown. Furthermore,

the authors do not implement any learning in their ’liquid’. While they suggest

that the addition of learning would only improve the performance of the model,

they do not test this suggestion explicitly through simulations.
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The work described in this thesis attempts to understand how the auditory

brain transforms its input auditory nerve (AN) activity into robust invariant rep-

resentations of auditory objects, such as words, in higher areas of the auditory

brain hierarchy, such as the primary auditory cortex. While the work by Maass

et al. (2004) demonstrates the power of spiking networks for implementing fading

memory and non-linear kernel transformations, their work does not address the

question above that this thesis tries to address. The input to the model by Maass

et al. (2004) is a high level approximation of firing activity one might find in the

higher parts of the auditory brain hierarchy (such as the primary auditory cortex)

rather than the input auditory nerve (AN) stage. The model, therefore, provides

no insights into how the auditory brain might transform the input AN activity

into the robust encoding they suggest emerges in the ’liquid’ of their model. Fur-

thermore, the authors suggest that the encoding used by their proposed ’liquid’ to

represent auditory objects is di↵erent from rate, temporal and population codes

commonly considered in the neuroscience literature. The authors, however, do not

describe what this encoding implies.

1.7 Models of Spiking Neurons

One of the primary aims of this thesis is to understand the nature of computa-

tional mechanisms that allow the auditory brain to learn robust representations of

speech-like auditory objects through the spiking dynamics of its constituent neu-

rons, their ability to adapt through STDP-based learning mechanisms (Bi & Poo

1998), and their interactions with the statistics of the input stimuli. Furthermore,

we are interested in investigating the nature of encoding used by the primary audi-

tory cortex to represent the learnt stimulus class information. Temporal encoding

presumes that the precise timing of individual spikes is informative, while rate

encoding presumes that the information is carried by the average rate of firing of
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neurons, and the precise spike timing does not carry information about the stim-

ulus identity. Spiking neurons can implement both rate and temporal encoding of

information, while rate neurons lose temporal information by definition. Hence,

due to the nature of the questions we were trying to address in this thesis, our

model had to be built using spiking rather than rate neurons. It was, therefore,

important to select a good model of spiking neurons to be used as building blocks

of our proposed model.

The main considerations when choosing a spiking neuron model were compu-

tational complexity and the range of neuron response properties. The model had

to be computationally cheap to allow large scale simulations to be run in feasible

amounts of time. Furthermore, the model had to be capable of di↵erent neu-

ron response properties to model di↵erent types of neurons found in the auditory

brain. A large number of spiking neural network models exist with varying degrees

of trade-o↵s between computational complexity and richness of response proper-

ties (Fig. 1.36). Three spiking neuron models were primarily considered for the

purposes of this thesis and are discussed next. A review of other spiking neural

network models can be found in Izhikevich (2004) and Gerstner & Kistler (2004).

1.7.1 Hodgkin-Huxley

The Hodgkin-Huxley spiking neuron model is the oldest and one of the most

important neuron models in computational neuroscience (Hodgkin & Huxley 1952).

It is a conductance based model based on experiments with a giant squid axon

that describes the evolution of cell membrane potential through time according to

the following:

Cm
dV

dt
= �

X

k

Ik(t)
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Figure 1.36: Comparison of spiking neuron models in terms of computational complex-
ity (abscissa) and biological plausibility (ordinate). Computational complexity refers to
the approximate number of floating point operations per simulation time step, and bi-
ological plausibility refers to the range of di↵erent neuron response properties available
to the model. Adapted from Izhikevich (2004).

X

k

Ik = gNam
3h(V � ENa) + gKn

4(V � EK) + gL(V � EL)

where Cm is the cell membrane capacitance; V is the cell membrane potential;
P

k Ik(t) is the sum of ionic currents passing through the cell membrane (sodium

(Na), potassium (K) and a leakage (L) ion thought to be chlorine); g{K,Na,L} is

ion conductance; E{K,Na,L} is ion reversal potential; and m, n and h are gating

variables corresponding to the number of channels open for each ion type. The

gating variables evolve through time according to the following:

dm

dt
= ↵m(V )(1�m)� �m(V )m

dn

dt
= ↵n(V )(1� n)� �n(V )n

dh

dt
= ↵h(V )(1� h)� �h(V )h
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The measurements of ions’ reversal potentials, membrane conductance, and

functions ↵x(V ) and �x(V ) were adjusted to fit the response properties of the

giant squid axon.

The Hodgkin-Huxley spiking neuron model and its subsequent variants are con-

sidered to be some of the most detailed and accurate neuron models, whereby their

parameters are biophysically meaningful and measurable, and they are capable of

replicating many neuronal response properties. The Hodgkin-Huxley model, how-

ever, is prohibitively computationally expensive, requiring around 1200 floating

point operations per cell per 1 ms of simulation time (Fig. 1.36) (Izhikevich 2004),

which makes it impossible to model more than a very limited number of neurons

at a time. The Hodgkin-Huxley model was, therefore, dismissed as a potential

choice for the spiking neural network model of the auditory brain described in this

thesis.

1.7.2 Integrate-and-Fire

The leaky integrate-and-fire (LIF) model is one of the most popular spiking neuron

models in computational neuroscience due to its simplicity and computational

cheapness (Fig. 1.36). The model makes a simplifying assumption by ignoring the

shape of action potentials, whereby spikes are treated as uniform events defined by

their time of occurrence, and the refractory period is explicitly implemented. The

LIF neuron model is derived from a simple RC circuit driven by an input current

(I(t)) according to the following:

⌧m
dV

dt
= �V (t) +RI(t)

where ⌧m is the membrane time constant, V is voltage, R is resistance and I is

the input current. A LIF neuron model was considered suitable for the spiking

neural network model of the auditory brain described in this thesis, since it is
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computationally cheap, requiring only four floating point operations per neuron

per 1 ms of simulation time (Fig. 1.36), and its simplifying assumptions were not

expected to significantly a↵ect the dynamics of the full auditory brain model. The

model, however, lacks a full enough range of available neuron response properties,

since in the original form it is only capable of one behaviour, whereby it acts as

an integrator and fires tonic spikes with constant frequency. Since neurons in the

auditory brain have a wide range of response properties (see Section 1.5), a spiking

neuron model with well defined and easily interchangeable response properties is

required to build a model of the auditory brain. While the LIF model parameters

can be adjusted to achieve some extra response properties, this process is not

straightforward. Furthermore, since the LIF model has only one variable, it is

unable to achieve some response properties, including phasic spiking and bursting

(Izhikevich 2004).

1.7.3 Izhikevich

The null-cline derived model of spiking neurons by Izhikevich (2004) achieves the

same wide range of response properties as the Hodgkin-Huxley model, while be-

ing relatively computationally cheap (Fig. 1.36). Such behaviour is achieved by

higher-order modelling, whereby the aim is to replicate the behaviour of neurons,

rather than to faithfully replicate the low-level dynamics of the flow of ions in order

to produce the neuronal behaviour. While the model parameters are not biophys-

ically meaningful and measurable, this is not expected to a↵ect the validity of the

full spiking neural network model of the auditory brain described in this thesis.

The computational cheapness of the Izhikevich neurons of thirteen floating point

operations per neuron per 1 ms of simulation time (Fig. 1.36), combined with a

wide range of well defined and parametrised response properties make the neuron
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model by Izhikevich (2004) the model of choice for the purposes of this thesis. Full

details of the model are provided in Chapter 2.



2
Methods

2.1 Introduction

This chapter discusses the methods used in the chapters to follow.

2.2 Stimuli

For Chapters 3 and 4 a stimulus set consisting of twelve exemplars of each of two

vowels, /i:/ and /a/, was generated using the Klatt synthesiser (Klatt 1980) and

sampled at 48,828 Hz. The stimuli were chosen to be as simple and as controlled

as possible, while still being representative of natural speech. The two particular

vowels, /i:/ and /a/, were chosen because they have one of the largest euclidean

distances from each other based on their constituent formant frequencies as de-

scribed by Peterson & Barney (1952) (see Fig. 1.5 and Table 2.1). These di↵erences

were expected to make the vowels easier to discriminate by the model. Synthe-

sised vowels were chosen over naturally spoken equivalents in order to control for

86
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pronunciation di↵erences other than variations in formant frequencies.

Each 100 ms long artificial vowel sound was created by sampling each of the

three vowel formants from a uniform 200 Hz distribution centered around the cor-

responding formant frequency as reported by Peterson & Barney (1952) for male

speakers. The variability in formant frequencies among the twelve stimulus exem-

plars was consistent with the range of variation present in natural human speech

as demonstrated in Figure 2.1 (Huckvale 2004). Informal tests showed that greater

variation in vowel formant frequencies or sampling the formant frequencies from a

di↵erent (Gaussian) distribution resulted in many vowel exemplars that sounded

perceptually di↵erent to /i:/ or /a/. This is not surprising, since the range of

within-speaker formant frequency variation described by Huckvale (2004) was es-

timated from natural speech, in which vowels could appear in di↵erent acoustic

contexts. Here we define acoustic context as the set of phonemes immediately

surrounding the chosen vowel. Such acoustic context can drastically a↵ect the fre-

quencies of formants making up the vowel while preserving the vowel’s perceptual

identity. If such a vowel with distorted formant frequencies is presented without

its original acoustic context, however, it may no longer be possible to identify the

perceptual class of the vowel correctly. All sound files that were chosen as stimuli

for the simulations described in this thesis could be correctly classified by human

subjects when presented on their own without an acoustic context.

A fundamental frequency (F0) of 100 Hz was used for all stimuli, which is within

the range of fundamental frequencies reported in natural speech (male range is 80-

160 Hz and female range is 140-280 Hz (Olive et al. 1993)). The 100 ms duration

for the vowels was chosen, since it has been reported that in natural speech vowels

are presented on average at the rate of around 10-12 per second (Maclay & Osgood

1959).
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Phonetic
Symbol

Example
Word

F1 (Hz) F2 (Hz) F3 (Hz)

/O:/ bought 570 840 2410

/u:/ boot 300 870 2240

/U/ foot 440 1020 2240

/a/ hot 730 1090 2440

/2/ but 640 1190 2390

/3:/ bird 490 1350 1690

/æ/ bat 660 1720 2410

/e/ bet 530 1840 2480

/I/ bit 390 1990 2550

/i:/ beet 270 2290 3010

Table 2.1: Formants of ten most common vowels averaged across 76 male speakers
(Peterson & Barney 1952).

The stimuli were saved as .wav files and normalised for loudness using the root

mean square measure of the average power of the signal. This was done to remove

any potential e↵ect of stimulus loudness on learning.

2.2.1 Stimulus Presentation Paradigm

The vowel stimuli belonging to the two classes, /i:/ and /a/, were presented in an

interleaved fashion and separated by 100 ms of silence. The silence encouraged the

models to learn separate representations of each individual vowel class and to avoid

learning transitions between vowel classes. We introduced the silence, because in

our initial simulations we were only interested in understanding the contributions

of the di↵erent subcortical areas of the auditory brain in enabling the primary

auditory cortex to learn the ability to classify two vowel classes invariantly to the

perturbations of the vowels’ constituent formants. Learning transitions between

vowels was seen as a confounding factor for the initial simulations. The ability

of the model to deal with phoneme transitions by learning to categorise simple

naturally spoken words was addressed in Chapter 6.

This simple two vowel categorisation task was of an appropriate complexity for
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Figure 2.1: Schematic representation of twelve exemplars of two synthesised vowels
(/a/ - blue, /i:/ - red) projected onto the two-dimensional plane defined by the first
two formants of the vowels. Each exemplar was generated by randomly sampling a 200
Hz distribution centered around the corresponding formant frequency as reported by
Peterson & Barney (1952) for each of the three vowel formants. It can be seen that the
generated vowel exemplars are in line with the vowel distribution clouds produced from
natural speech of a single speaker (Huckvale 2004). All exemplars have been manually
checked by human subjects to ensure that they are recognisable as either an /a/ or
an /i:/. The ellipses approximate the 70% within-speaker variability boundary for a
particular phoneme class.
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the initial simulations, because a simple model of the auditory brain lacking the

subcortical pre-processing stages CN and IC was unable to solve the task using any

of the extensive number of hyper-parameter value combinations sampled through

a grid search. The task could only be solved by a model that incorporated the CN

and the IC, and only when the hyper-parameter values were set within a particular

area within the multi-dimensional hyper-parameter search space (see Chapter 3).

We used 200 training and twenty testing epochs, whereby each epoch consisted

of the first exemplar of vowel /i:/ followed by the first exemplar of vowel /a/,

followed by the second exemplar of vowel /i:/ up to the last twelfth exemplar of

vowel /a/. Twenty (rather than one) test epochs were used because, due to the

stochasticity of AN responses, input AN spike patterns in response to repeated

presentations of the same sound were not identical. The fixed presentation schedule

used for the simulations described in this paper was an arbitrary choice, however,

informal tests demonstrated that the order in which the vowel exemplars were

presented did not make a qualitative di↵erence to the performance of the trained

models, as long as any two consequent presentations of exemplars from one vowel

class were not separated by too long a streak of exemplars from a di↵erent vowel

class. This is in line with the work by Masquelier et al. (2008). See Section 2.5.3

for a further discussion of the chosen stimulus presentation paradigm.

2.2.2 Extra vowel stimuli

In Chapter 5 we investigated whether our proposed model is able to learn transform

invariant representations of more than two vowels. Therefore, additional four vowel

stimuli to make a set of six vowel classes in total were generated using the Klatt

synthesiser (Klatt 1980) in the same way as described above for vowels /i:/ and /a/.

The number of vowels was limited to six due to the computational restrictions that

make simulations with more than six vowels prohibitively long. Each vowel had
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twelve exemplars, whereby the frequency of each of the three vowel formants was

picked from a uniform distribution spread over 200 Hz around the corresponding

central vowel formant frequency as shown in Table 2.1.

In addition to the original two vowels /i:/ and /a/, the following vowels were

generated: /O:/, /u:/, /e/, and /æ/. These vowels were chosen because they occupy

the least overlapping spaces in the two-dimensional plane defined by their first two

formants (Fig. 2.2). Each of the twelve exemplars of the six vowels were manually

checked by human subjects to ensure that they were perceptually recognisable.

The stimuli were presented to the network according to the paradigm described in

Section 2.2.1 over 100 training and 20 testing epochs.

2.2.3 Naturally spoken word stimuli

Digits ’one’ and ’two’ naturally pronounced twice each by 94 speakers were used as

stimuli for Chapter 6. The first utterance by each speaker of each digit constituted

the training set and the second utterance by the same speakers constituted the

testing set. The utterances were on average 702 ms long (ranging between 234-

1170 ms). Each utterance was normalised for loudness using the root mean square

measure of the average power of the signal. This was done to remove any potential

e↵ect of stimulus loudness on learning. Ten training and four testing epochs of

the 94 di↵erent pronunciations of each of the two digits (’one’ and ’two’) were

presented to the network.

Example spectrograms of digit ’one’ spoken by speaker 1 and of digit ’two’ spo-

ken by speaker 3, as well as their resulting AN firing rasters can be seen in Figure

2.3. It can be seen that the AN firing rasters roughly reflect their corresponding

sound spectrograms, and that the vowel onset time, which results in the first ma-

jor burst of activity within the AN fibers with lower characteristic frequencies, is

di↵erent for the two vowels. It can also be seen that the fundamental frequencies
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Figure 2.2: Schematic representation of twelve exemplars of six synthesised vowels
(/a/, /i:/, /O:/, /u:/, /e/, and /æ/) projected onto the two-dimensional plane defined
by their first two formants. Each exemplar was generated by randomly sampling a 200
Hz distribution centered around the corresponding formant frequency as reported by
Peterson & Barney (1952) for each of the three vowel formants. All exemplars have
been manually checked by human subjects to ensure that they are recognisable as their
corresponding vowels.
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of the two digits are di↵erent for the two di↵erent speakers. This is evidenced by

the larger gap between the columns of concurrent spikes in the AN firing raster

for digit ’one’ compared to that for digit ’two’.

2.3 Learning in the Auditory Brain

2.3.1 Plasticity

Neurophysiological studies have demonstrated that di↵erent parts of the cortex

have similar anatomical and physiological structure even if they process di↵erent

types of sensory inputs (Rolls & Treves 1998). For example, Frost (1990), Sharma

et al. (2000), von Melchner et al. (2000) have demonstrated that if visual input is

rewired to the auditory cortex in infant ferrets and hamsters, cells in the auditory

cortex develop response properties appropriate for vision (such as feature-selective

visual responses, retinotopic maps and orientation columns). This suggests that

response properties of cortical cells are learnt through exposure to the spectrotem-

poral structure of sensory input using some form of synaptic plasticity. Neuro-

physiological evidence for spike-time dependent plasticity (STDP) learning in the

auditory cortex has been reported by Dahmen et al. (2008) and Karmarkar et al.

(2002).

2.3.2 Spike-Time Dependent Plasticity Learning

Spike-Time Dependent Plasticity (STDP) learning is a type of Hebbian learning

(Hebb 1949), whereby when a pre-synaptic spike occurs just before a post-synaptic

spike, the connection between the two cells is strengthened through Long Term

Potentiation (LTP), whereas when a pre-synaptic spike occurs just after a post-

synaptic spike, the connection is weakened through Long Term Depression (LTD)

(Fig. 2.4). The magnitude of change depends on the time interval between the



2.3 Learning in the Auditory Brain 94

Figure 2.3: Spectrograms (right) and auditory nerve (AN) firing rasters (left) in re-
sponse to naturally spoken digit ’one’ pronounced by speaker 1 and naturally spoken
digit ’two’ pronounced by speaker 3. The abscissa of both types of graphs represents
time (ms), while the ordinate represents the log frequency (Hz) in the spectrograms and
the AN cell index for the firing rasters. The characteristic frequencies (CFs) of the AN
fibers roughly correspond to the horizontally aligned frequencies in the spectrograms. It
can be seen that the AN firing rasters roughly match their corresponding spectrograms.
It can also be seen that the speaker fundamental frequencies are di↵erent for the two
speakers, which is represented by the larger gaps between the vertical lines of concurrent
AN cell firing in the ’one’ firing raster compared to the ’two’ firing raster. Furthermore,
the vowel onset time happens later in response to digit ’two’ compared to digit ’one’, as
evidenced by the later onset of firing within the AN fibers with lower CFs.
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Figure 2.4: Illustration of spike-timing dependent plasticity learning. a - if a pre-
synaptic spike occurs just before a post-synaptic spike, their connection is strengthened
through Long Term Potentiation (LTP). If a pre-synaptic spike occurs just after a post-
synaptic spike, their connection is weakened through Long Term Depression (LTD). b -
the relative change in connection strength is exponential to the relative timing of the pre-
and post-synaptic spikes. The magnitude of the change in connection strength depends
on the current strength of the connection for LTP, but not for LTD. Adapted from van
Rossum et al. (2000).

pre- and post-synaptic spikes, with smaller absolute di↵erences resulting in ex-

ponentially stronger changes (Bell et al. 1997, Bi & Poo 1998, Markram et al.

1997).

The following equations describe the implementation of STDP-based learning

within the proposed neural network model of the auditory brain. The weight

update is scaled by:

f(sij) =

⇢
↵pe

�s
ij

/⌧
p , if sij > 0 LTP

↵de
s
ij

/⌧
d , if sij < 0 LTD

(2.1)

where ⌧p and ⌧d are STDP time constants, ↵p and ↵d are constant coe�cients,

and sij is the time di↵erence between a post- and a pre-synaptic spike calculated

according to the following:
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sij = ti � (tj +�ij)

where ti is the time of the post-synaptic spike, tj is the time of the pre-synaptic

spike, and �ij is the magnitude of the axonal conduction delay between the pre-

and post-synaptic cells. All delays were treated as axonal, whereby each pre-

synaptic spike time was set to be the time of spike arrival to the post-synaptic

cell, rather than the time of pre-synaptic spike discharge.

Neurophysiological evidence suggests that STDP time constants are asymmet-

ric and are equal to 17 ± 9 ms for LTP and 34 ± 13 ms for LTD (Bi & Poo

1998). Therefore, the default values of ⌧p and ⌧d were set to 15 ms and 25 ms

correspondingly as suggested by Perrinet et al. (2001).

The equations above calculate a scaling variable f(sij), which can then be used

to update the synaptic weights according to one of three paradigms: additive,

multiplicative, or mixed.

The additive paradigm produces synaptic weight changes independent of the

instantaneous synaptic strength, and results in a bimodal distribution of a↵erent

connection strength values, whereby all connection weights become either fully

strengthened or fully weakened (Rubin et al. 2001, van Rossum et al. 2000). This

requires artificial minimum and maximum connection strength bounds to be set

to prevent the weights from running towards plus and minus infinity.

The multiplicative paradigm produces synaptic weight changes proportional

to the current synaptic strength, and results in a stable unimodal distribution of

a↵erent connection strength values. A unimodal distribution is more neurophys-

iologically plausible than a bimodal distribution (Rubin et al. 2001, van Rossum

et al. 2000). When a multiplicative paradigm is used, an equilibrium state in-

dependent of the initial weight distribution is reached. It is defined as a state
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whereby individual connection weights change, but the overall distribution of con-

nection weights remains stable. Multiplicative learning results in an equilibrium

because it creates two forces acting in di↵erent directions (van Rossum et al. 2000).

For LTP, the first force pushes stronger connection strengths to strengthen even

further, since their probability of firing and, therefore, their probability of poten-

tiation increases. The second force keeps the connections from running to infinity

due to the dependence of the weight change on the di↵erence between the current

synaptic strength and an upper bound wmax
ij , with stronger synapses resulting in

less potentiation than weaker synapses (Bi & Poo 1998, Debanne et al. 1996, 1999).

Neurophysiological data suggests that the LTD magnitude is independent of

the instantaneous synaptic strength (wij), while the magnitude of LTP changes

inversely proportionally to connection strength, with stronger synapses resulting in

less LTP than weaker synapses (Bi & Poo 1998, Debanne et al. 1996, 1999). These

findings are modelled using a mixed STDP paradigm as shown in the equations

below, whereby additive learning is used for LTD and multiplicative learning is

used for LTP. The minimum bound of 0 nA was set to ensure that the additive

LTD did not run away to �1. The di↵erential equations shown below lead to the

bounding of weights in the interval [0, wmax
ij ].

wij(t+ 1) =

⇢
wij(t) + (wmax

ij � wij(t))f(sij), if sij > 0 LTP
wij(t) + wmax

ij f(sij), if sij < 0 LTD
(2.2)

For the purposes of the simulations described in this chapter, whenever the

same pre-synaptic cell fired more than once within the STDP time window, only

the first spike was used in STDP calculations (van Rossum et al. 2000). This

’nearest only’ paradigm is in contrast with the alternative ’all pairings’ paradigm,

whereby all pre-synaptic spikes for each cell take part in STDP (Kempter et al.

1999, Song et al. 2000). It has been demonstrated that either paradigm results
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in the same equilibrium state when used with mixed learning (van Rossum et al.

2000). The ’nearest only’ paradigm was chosen for the simulations described in

this chapter because it is less computationally expensive.

2.4 Delays

Neurophysiological data collected from di↵erent species suggests that cortical ax-

onal connections, including those within the auditory brain, have conduction de-

lays associated with them (Ferster & Lindstrom 1983, Liberman et al. 1967, Miller

1987, 1996, Salami et al. 2003, Swadlow 1985, 1988, 1992, 1994). These delays form

a uniform distribution ranging approximately from 0.1 ms to 44 ms. The precise

range depends on the type and location of the pre- and post-synaptic neurons.

Each axonal delay between two neurons has been shown to be stable and precise

with sub-millisecond precision (Swadlow 1985, 1994).

Axonal conduction delays are hypothesised to play an important role in au-

ditory object representation learning through increasing the neurons’ temporal

integration time window and revealing otherwise hidden patterns within the af-

ferent spike raster. Temporal integration time window is defined as the maximal

length of input activity pattern that a particular neuron can learn to respond to.

The first role of axonal conduction delays is to increase temporal integration

time window of neurons throughout the hierarchy of the auditory cortex, as sug-

gested by neurophysiological evidence (Covey & Casseday 1999). Without conduc-

tion delays each coincidence detector cell has narrow temporal tuning ranging from

around 3 ms to 12 ms as specified by the neuronal time constant (Gerstner et al.

1996). This means that neurons in the first cortical layer can learn input patterns

that are no longer than 12 ms long at most. Since on average a word is around

500-600 ms long (Maclay & Osgood 1959), approximately 40-50 cortical layers

would be necessary for an output layer cell to have temporal tuning spanning the
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length of the full auditory object. However, when axonal conduction delays drawn

from a 0-50 ms uniform distribution are introduced to a↵erent connections, each

coincidence detector cell now has much wider temporal tuning, requiring around

10-12 cortical layers to enable output layer cells to learn representations of full

auditory word objects.

Another mechanism through which axonal conduction delays are hypothesised

to help with auditory object learning is by creating a large number of permutations

of the original input pattern - one for each neuron in the post-synaptic layer of the

network. Each post-synaptic cell has a di↵erent pattern of a↵erent axonal conduc-

tion delays, which forms a di↵erent transformation matrix for each post-synaptic

cell. Input spike raster transformation through these di↵erent delay matrices can

reveal otherwise hidden stable spike patterns within the original spike raster (see

Fig. 2.5). Therefore, the more post-synaptic cells there are in a network, the more

permutations of the original input raster are searched for patterns, and, hence,

the more hidden patterns are revealed. The more patterns there are associated

with a stimulus, the more likely it is to find a pattern that is transform invariant.

Such stable patterns can be exploited by the network to learn transform invariant

representations of auditory objects. The range of delay magnitudes determines

the length of patterns that can potentially be discovered.

2.5 Learning Transform Invariant Representations
of Auditory Objects

In order for a spiking neural network to learn robust auditory categories, it should

use the statistical structure within its input to develop sparse, e�cient and in-

formative output representations that minimize the within-class output response

di↵erences, and maximize the between-class output response di↵erences. In other

words, a spiking neural network should e↵ectively act as the encoder part of an
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Figure 2.5: Schematic illustrating the role of heterogeneous axonal conduction delays
in spike-timing dependent plasticity learning. In this simplified illustration a two layer
model is used with 8 input cells and 4 output cells (F). For illustration purposes all
output cells have a threshold of 3, and all connection strength magnitudes are set to
1. An output cell fires only if it receives at least 3 coincident spikes. Input layer spike
raster in response to a stimulus (illustrated as a bold horizontal black line) is shown
in A. Each of the 4 output layer cells has a distinct distribution of axonal conduction
delays. For illustration purposes all connections between the input layer and cell 1 in the
output layer have 0 ms delays. Therefore, output cell 1 sees the raster of spikes shown
in A, and fires once at time 5 when it receives a coincident input from 3 input cells (E).
A↵erent connections for output cells 2-4 have randomly set delays (shown on the left of
each corresponding sub-plot B-D). The spike rasters received by output layer cells 2-4
after the input spike raster shown in A is transformed by the corresponding delay vector
for each of the output layer cells are shown in B-D correspondingly. The firing raster in
A appears to have no repeating patterns of at least three simultaneously arriving spikes,
and it produces one random spike in output cell 1. The repeating patterns (highlighted in
colour) hidden within the firing raster in A emerge, when they get transformed using an
appropriate distribution of delays into the spike rasters in sub-plots B-D. The resulting
activation of output cells 2-4 are shown in plot E. Coloured nodes represent responses
to repeated patterns, while blue nodes represent other responses.
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autoencoder (Olshausen 1996), albeit using only physiologically realistic, local

STDP-based learning (Bi & Poo 1998) without the need for feedback or backprop-

agation of error.

We hypothesised that such category learning is possible through the Continuous

Transformation (CT) learning principle (Evans & Stringer 2012, Stringer et al.

2006). CT learning is a biologically plausible mechanism which assumes that highly

similar, overlapping input patterns are more likely to be di↵erent exemplars of the

same stimulus class. CT learning then binds these similar input patterns together

onto the same subset of higher stage neurons, which, thereby, learn to be selective

and informative about their learnt preferred stimulus class.

CT learning is essentially just a label given to Hebbian learning applied to in-

puts with highly overlapping neighbouring within-class exemplars. When Hebbian

learning is applied to a dataset containing stimuli with continuous transforma-

tions (and the conditions for CT learning are therefore satisfied) a di↵erent class

boundary is learnt compared to when Hebbian learning is applied to a dataset with

discrete transformations (Fig. 2.6). In other words, a model with Hebbian learn-

ing trained on stimuli with high similarity between the neighbouring transforms of

each stimulus class (thus operating using the CT principle) would learn a di↵erent

type of class boundary compared to the same Hebbian model trained on stimuli

without such statistics. In the latter case, the model will learn the average of each

stimulus class and will classify the exemplars of the di↵erent stimulus classes in a

similar way to a k-means clustering algorithm. A model operating under the CT

principle, however, can learn class boundaries of arbitrary shapes (Fig. 2.6). An-

other way to interpret CT learning is as the biologically plausible mechanism for

acquiring transform invariance orbits for visual objects in an unsupervised fashion

as postulated by Liao et al. (2013).
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Figure 2.6: Schematic representation of how class boundaries learnt through continu-
ous transformation (CT) Hebbian learning di↵er from those learnt through conventional
competitive Hebbian learning. a: During conventional competitive learning, the model
learns to point its weight vectors towards the centers of the object class clusters. Here
three object classes are shown with 3-5 exemplars each. b: During CT learning, the
model can learn arbitrarily shaped class boundaries. Here two object classes are shown.
Their exemplars span an elongated region of space, and for each object class the ex-
emplars at the opposite ends of the corresponding space have no overlap (correlation).
CT learning allows the model to learn to categorise the exemplars of the two classes
correctly.

The CT learning mechanism was originally described to account for geometric

transform invariance learning in a rate-coded neural network model of visual object

recognition in the ventral visual stream (Stringer et al. 2006), but has recently been

shown to also work in a spiking neural network model of the ventral visual stream

(Evans & Stringer 2012).

2.5.1 Continuous Transformation Learning in Visual Ob-
ject Recognition

In vision, simple changes in the geometry of a scene, such as a shift in location

or rotation (so-called ’a�ne transformations’), can generate a multitude of visual

stimuli which are all di↵erent views, or ’transforms’, of the same object. CT
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learning was at its origin an attempt to understand how the brain can form rep-

resentations of visual objects which are not confused by such transformations, i.e.

they are ’transform invariant’.

CT learning requires local Hebbian learning (Hebb 1949) and lateral competi-

tion within layers of neurons. The mechanism utilised by the CT learning rule is

the following (see Fig. 2.7): the first transform of a stimulus will activate a random

cell in the output layer that wins the competition. The connections between the

input layer cells representing the transform and the active output cell will become

strengthened. If another transform of the same stimulus is su�ciently similar to

the first one, it will share a large number of the input layer cells with the orig-

inal transform. Due to the previously strengthened connections, the activation

of these shared input cells is likely to result in the same output cell winning the

competition. The concurrent firing of the cells activated by the second stimulus

transform and the original output cell strengthens the connections between them,

thus teaching the output cell to respond to both transforms of the same stimulus.

This process is repeated for a large number of overlapping stimulus transforms in

order to achieve transform invariance learning. CT learning, therefore, can be seen

as a mechanism for adding new cells to the set of input cells that are known to

represent a particular stimulus.

In the spiking neural network model of visual object recognition developed by

Evans & Stringer (2012), the individual stimulus transforms were static, whereby

each transform of an object was represented by a continuous injection of a steady

current into a particular set of neurons in the input layer of the model. Therefore,

there was no need to incorporate distributions of heterogeneous axonal delays in

order for the network to learn transform invariance. These authors found three

conditions were necessary in producing transform invariant object representations.

These included having an appropriate level of lateral inhibition within the pre-
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Figure 2.7: Schematic representation of how continuous transformation learning func-
tions in a feed-forward one-layer network. Activation of overlapping neurons during the
transformation of the object from position to position leads to the activation of the same
neuron in the output layer. After each stimulus presentation a↵erent connections are
strengthened according to a Hebbian learning rule.
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Figure 2.8: Performance of continuous transformation learning in a spiking neural net-
work (Evans & Stringer 2012) measured with multiple cell information analysis, whereby
populations of output layer cells are analysed to check whether there is enough informa-
tion present within their firing to di↵erentiate between two simple stimuli. Each stimulus
was represented by a steady continuous injection of current into a number of neighbour-
ing input layer neurons, whereby the two stimuli were represented by completely non-
overlapping populations of input layer neurons. Di↵erent neighbouring transforms of a
stimulus were represented by the activation of highly overlapping sets of input neurons,
however the representations of the first and the last transforms were completely disjoint.
If the maximum information of 1 bit is reached, then learning is considered to have been
successful, whereby the model has developed populations of output cells that respond
to all transforms of one stimulus and to no transforms of the other. A: as the level of
lateral inhibition, mediated by the strength of synaptic conductance �gie, is decreased
and input layer cells desynchronise, learning is reduced. B: as stimulus overlap is de-
creased (as the number of transforms NT decreases), learning also decreases. Adapted
from Evans & Stringer (2012).

synaptic layer, having significant overlap between di↵erent stimulus transforms,

and having homogenous axonal delays between layers (see Fig. 2.8).

An appropriate level of lateral inhibition was necessary to synchronise the firing

of the pre-synaptic layer cells in response to a pattern to ensure that all important

pattern driven spikes would have arrived at the post-synaptic cell during the time

window conducive of significant LTP. Without synchronisation some important

spikes will arrive in the LTP time window, while others may have arrived during
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the LTD time window, thus resulting in no significant strengthening of synapses

over a large number of stimulus presentations.

The second requirement was that there needed to be significant overlap between

di↵erent transforms of the stimulus in order for CT to work. Evans & Stringer

(2012) showed that the reduction in overlap between stimulus transforms from

44/56 (78.6%) neurons to 32/56 (57.1%) or 20/56 (35.7%) resulted in significantly

diminished invariance learning, with no single cell firing to all five transforms of

one stimulus and to no transforms of the other stimulus in the last condition. It

was also shown that the order in which the di↵erent transforms are presented to

the network does not matter, whereby the highly overlapping transforms of the

stimulus do not need to be presented to the network in a particular order. As long

as over the whole set of stimulus transforms the overlap is present, the network

would be able to learn transform invariant representations of the object. Therefore,

a training paradigm where transforms of one stimulus randomly sampled from the

set of highly overlapping consequent transforms of that stimulus are interleaved

with the similarly randomly sampled transforms of a di↵erent stimulus would be

successful in enabling the network to learn transform invariant representations of

the two stimuli.

The last requirement was that only homogenous axonal delays are present be-

tween the pre- and post-synaptic neurons. Having a distribution of heterogeneous

axonal delays resulted in the destruction of CT learning in the vision model by

Evans (2012).

2.5.2 Continuous Transformation Learning in Auditory Ob-
ject Recognition

At first glance it may seem that there is no obvious analogue of ’a�ne transforma-

tions’ of visual objects in the auditory world. For many classes of natural auditory
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stimuli, however, their location in ’frequency space’ depends on the physical char-

acteristics of the sound source. For example, the changes in physical dimensions of

the resonators of the vocal tract would create ’a�ne transformations’ of vocalisa-

tion sounds. Such changes would happen due to variations in the placement of the

tongue or the jaw when the same or di↵erent speakers produce the same speech

sound. Thus, many natural auditory objects are prone to shifts in frequency space

that are not too unlike the shifts in retinotopic space observed when visual objects

undergo a�ne transformations. We, therefore, propose that CT learning may play

a crucial role in auditory category learning.

The original CT learning mechanism relies on the presence of a significant

overlap between input representations of temporally static stimulus transforms; in

other words, neural representations of ’snapshots’ of the same object taken from

somewhat di↵erent points of view often exhibit areas of high correlation which

can be discovered and exploited by an associative learning mechanism (Evans &

Stringer 2012, Stringer et al. 2006). Unlike snapshots of visual objects, auditory

stimuli have an essential temporal structure. In order for CT learning to associate

similar temporal pre-synaptic patterns of firing onto the same output neuron by

STDP, it is important that the volley of spikes from the pre-synaptic neurons arrive

at the post-synaptic neuron almost simultaneously (Evans & Stringer 2012). If this

is not the case, connections corresponding to the pre-synaptic spikes that arrive

after the post-synaptic neuron fires will get weakened due to the nature of STDP,

thus preventing e↵ective CT learning of the input patterns.

In order to allow CT learning to work for the temporal auditory stimuli, there-

fore, a distribution of heterogeneous axonal conduction delays needs to be added

to the plastic a↵erent connections. These axonal delays would transform temporal

input sequences into patterns of spikes arriving simultaneously at individual post-

synaptic cells. The patterns of coincident spikes received by each post-synaptic



2.5 Learning Transform Invariant Representations of Auditory Objects 108

cell would depend on the cell’s transform matrix of axonal delays. If an appro-

priate delay transformation matrix is applied to the input spike pattern, a subset

of post-synaptic neurons will receive synchronized spikes from the subset of in-

put neurons encoding similar exemplars of a particular stimulus class, such as a

vowel, thus enabling CT learning. Neurophysiological data collected from di↵er-

ent species suggests that cortical axonal connections, including those within the

auditory brain, may have conduction delays associated with them of the order of

milliseconds to tens of milliseconds (Miller 1996, Salami et al. 2003).

It is important that the volley of spikes from the pre-synaptic neurons ar-

rive at the post-synaptic neuron almost simultaneously (Evans & Stringer 2012).

This is because learning by STDP strengthens a synaptic connection if and only

if the spike from the pre-synaptic neuron arrives a few milliseconds before the

spike emitted by the post-synaptic neuron. On the other hand, STDP weakens a

synaptic connection if and only if the spike from the pre-synaptic neuron arrives

a few milliseconds after the spike emitted by the post-synaptic neuron. So, to

associate a subset of pre-synaptic neurons onto the same output neuron by STDP,

the spikes from the pre-synaptic neurons need to arrive at the post-synaptic neu-

ron at approximately the same time. Otherwise, while some connections will be

strengthened, other connections will be weakened. Consider a particular subset of

pre-synaptic neurons in the preceding layer with a regularly repeating temporal

pattern of spikes representing an auditory object such as a vowel. In a large net-

work with many post-synaptic neurons in the next layer, it is likely that by chance

some of these post-synaptic neurons will have an appropriate set of axonal delays

on their input connections to allow them to receive coincident spikes from the

aforementioned subset of pre-synaptic neurons in the preceding layer. These post-

synaptic neurons can then learn to respond to the temporal firing pattern carried

by the pre-synaptic neurons. CT learning can then enable post-synaptic neurons
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to bind together similar temporal firing patterns carried by the pre-synaptic neu-

rons representing other transforms of the same vowel, as long as the spikes from

each firing pattern arrive nearly simultaneously at the post-synaptic neuron after

passing through the axonal delays.

CT with axonal delays would work as follows. An AN firing pattern in response

to the first transform of an auditory stimulus will result in a number of di↵erent

sets of coincident spikes arriving at and activating di↵erent post-synaptic cells

after being passed through the randomly initialised axonal conduction delays (Fig.

2.5). A↵erent connections between the coincident input pattern cells and their

corresponding post-synaptic cells will become strengthened. When a di↵erent

transform of the same auditory object is presented, it will result in a similar AN

firing pattern, however some of the spikes will be di↵erent. The similar parts of

the AN firing pattern will turn into the same coincident spikes arriving at the

post-synaptic neurons as those for the previous stimulus transform. Parts of the

AN firing raster that di↵er from the first stimulus transform may or may not result

in spikes coincident with the unchanged part of the AN firing raster when they

arrive at the post-synaptic neuron. This depends on the particular distribution of

delays for each post-synaptic cell. The new spikes need to arrive coincidently with

the old spikes in order for the CT mechanism to learn that these new spikes are

part of the same stimulus representation. Therefore, the more output cells there

are, the more likely it is that enough AN firing raster spikes arrive coincidently

with the previously learnt spikes to a post-synaptic cell for all stimulus transforms,

thus allowing CT learning to work.

Previous research in modelling visual object recognition suggested that the

addition of heterogeneous axonal conduction delays breaks CT learning when the

input neurons are synchronised and the STDP time constants are relatively short

(Evans & Stringer 2012). In this case, delay transformation matrices can scramble
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the synchronisation of spikes reaching the post-synaptic cells. However, in the

case when input neurons are not synchronised, such as in response to auditory

stimuli, the addition of heterogeneous axonal delays should enable CT learning.

If a correct delay transformation matrix is applied to the input spike pattern, a

subset of post-synaptic neurons will receive synchronised spikes from the subset

of input neurons encoding all transforms of a particular stimulus, such as a vowel,

thus enabling CT learning.

It is, therefore, suggested that the CT mechanism can enable a spiking neural

network to learn class identities of temporal auditory stimuli if over the whole space

of di↵erent stimulus exemplars belonging to one class, stimuli that are similar to

each other physically also evoke similar spatio-temporal firing patterns (i.e. have

’su�cient overlap’). Stochasticity present in the AN adds noise to the spatio-

temporal firing patterns, and therefore make responses to similar stimuli more

dissimilar, hence preventing e↵ective CT learning.

This thesis starts by using simple vowel stimuli, which are static in terms

of their constituent fundamental and formant frequencies. These simple vowels,

however, still have a temporal dimension, since they are complex periodic sounds

with a regularly repeating temporal wave pattern. Such stimuli were chosen as

one of the simplest examples of speech-like auditory inputs that can be used to

investigate how CT learning might work to learn temporal auditory stimuli.

2.5.3 Stimulus Presentation Paradigm Appropriate for Con-
tinuous Transformation Learning

Vowel presentation order does not a↵ect learning in the model, since the CT learn-

ing mechanism does not rely on any particular order of presentation of the trans-

forms of the di↵erent object classes. As long as there is high pairwise similarity

for the consequent members of the full set of transforms for each object class, the
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exact order in which each individual transform is presented does not matter. For

example, if the stimulus set consists of two object classes, A and B, with five trans-

forms each, {a1, a2, a3, a4, a5} and {b1, b2, b3, b4, b5}; and each pairwise combination

of transforms for each class are highly overlapping (ie ai and ai+1; bi and bi+1 are

highly overlapping for all i 2 {1, .., 4}), CT learning will operate when presented

with any permutation of the set C = A [B.

The learning in the model, however, can be a↵ected by the presence of long

gaps between the presentations of the di↵erent exemplars of one vowel due to the

stronger LTD vs LTP magnitudes as described by Masquelier et al. (2008). In such

a scenario connections strengthened in response to a repeating pattern within one

stimulus class would get weakened during the long gap of being presented with

the exemplars of the other stimulus class, during which these connections may

transmit noise.

In order to compare the performance of the di↵erent models presented in this

thesis, we have decided to remove the confounding variable of stimulus presentation

order. Hence, the transforms of the di↵erent stimulus classes are presented in an

ordered interleaved fashion (see Section 2.2.1) during training and testing for all

simulations described in this thesis.

2.6 Auditory Nerve Model

In order for the auditory brain to process sounds, it needs to transform the varying

air pressure levels of the auditory wave into a spike raster. The transformation

is done within the cochlea, which depolarises auditory nerve fibers through af-

ferent synapses from inner hair cells. A number of computational models of this

process have been put forward, replicating the transformation of the varying air

pressure levels into the firing of auditory nerve (AN) fibers in the brain (Bruce

et al. 2003, Carney 1993, Delgutte et al. 1998, Deng & Geisler 1987, Sumner et al.
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2003, Zilany et al. 2009). Such models have been used as inputs for traditional

speech recognition systems based on Hidden Markov Models, as well as to investi-

gate speech coding in the peripheral auditory system without the need for animal

experimentation (Sumner et al. 2003).

For the purpose of simulations described in this chapter the model by Zilany

et al. (2009) was chosen to transform the instantaneous pressure waveforms of the

digital audio recordings of the stimuli into AN spike rasters. These rasters were

then used as the input to the rest of the spiking neural network model of the

auditory brain. The AN model by Zilany et al. (2009) was chosen because it had

been shown to accurately replicate single-unit temporal responses of AN fibers to a

large number of stimuli, such as pure tones, broadband noise, amplitude-modulated

sounds, forward-masking paradigm stimuli and speech sounds. Futhermore, this

model is largely accepted within the field of auditory neuroscience, having been

extensively cited since its initial publication (Henry et al. 2011, Jennings et al.

2011). The main advantage of the Zilany et al. (2009) model is that it accounts

for most of the non-linearities present in the AN responses, including those in

the frequency domain (such as two-tone suppression) and time domain (such as

adaptation). A schematic representation of the model is shown in Figure 2.9. The

AN model has two sources of stochasticity: 1) the spike generator is implemented

as a heterogeneous Poisson process; 2) the distribution of spontaneous responses

of AN fibers is modelled by inserting Gaussian noise within the slow power-law

adaptation path within the model (Zilany et al. 2009).

2.6.1 Generalising from Cat Neurophysiological Data

Zilany et al. (2009) fitted the response properties of their AN model to neurophys-

iological data obtained from cats, which raises the question of how generalisable

such a model is to humans. Research suggests that it is, since cats and humans
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Figure 2.9: Schematic representation of the auditory nerve model by Zilany et al.
(2009). The input to the model is the instantaneous pressure waveform of a sound and
the output is the firing times of each modelled auditory nerve fiber. The model consists
of a middle-ear filter, followed by a feed-forward control path, a signal-path (C1) filter
and a parallel-path (C2) filter, an outer-hair cell (OHC) and an inner-hair cell (IHC)
sections, converging on the synapse model and the spike generator. The synapse model
is expanded in section B and includes power-law adaptation models that result in better
recreation of many non-linearities present in the auditory nerve. Fractional Gaussian
noise is added to recreate the desired spontaneous activity profiles. This Gaussian noise
and the Poissonian nature of the spike generator result in stochastic output spike trains
generated by the model. Adapted from Zilany et al. (2009).

have been found to share many similarities in their auditory systems, including

the anatomy of the cochlea and the AN (Schuknechht 1974); and the psychophys-

ical tuning curves from masking and two-tone suppression experiments (Bauer

1978, Houtgast 1971, Zwicker 1974). While the two species have di↵erent auditory

ranges, the di↵erences are not detrimental to the generalisation of the model, since

the human auditory range (0.06-23 kHz) is a subset of the cat auditory range (45-
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64,000 Hz) (Delgutte & Kiang 1984). Furthermore, research has shown that cats

are able to discriminate between vowels, such as /I/and /u/ (Dewson 1964), which

suggests that the AN model by Zilany et al. (2009) is appropriate for pre-processing

the stimuli used in this thesis.

2.7 Auditory Nerve Input Layer

The input layer of the spiking neural network model of the auditory brain described

consists of 1,000 AN fibers with preferred frequencies logarithmically spaced be-

tween 100-3,500 Hz. A neuron’s preferred frequency is defined as the frequency

of a pure tone that discharges the cell above 10% of it spontaneous firing rate at

the lowest intensity. The particular range of preferred frequencies within the AN

layer was chosen because the simulations described later in this thesis investigate

auditory speech processing, and speech sounds take up only a small portion of the

audible frequency range in humans, with all speech sounds lying between 100-4,000

Hz (Yost 2005), and psychophysical studies showing that speech remains intelligi-

ble even after being put through a bandpass filter of 500-1,500 Hz (Denes & Pinson

1993). The 100-3,500 Hz range of the model AN fibers was specifically chosen to

include the F0 of the stimuli (100 Hz), and to cover the third formant of the vowels,

which goes up to 3,060 Hz. The fiber preferred frequencies were logarithmically

spaced to account for the log distribution of preferred frequencies in the real AN

(Gelfand 1998). One of the parameters of the AN model is the threshold of AN

fibers. All AN fiber thresholds were set to 60 dB SPL, to ensure that the stimuli

presented at the conversational speech level of 60-65 dB SPL did not saturate the

firing of AN fibers. Each fiber was set to have medium spontaneous firing rate.

The AN was set up to operate at 0.1 ms time step resolution.

The size of the AN layer was set to 1,000 fibers to ensure that the cell preferred

frequencies are closely spaced with su�cient overlap in the fibers’ tuning curves.
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Such overlap exists in the real AN, whereby approximately 30,000 fibers cover

the frequency range of 64-23,000 Hz (Pickles 1988). Additionally, the response

properties of chopper and primary-like with notch cells in the cochlear nucleus

depend on receiving a↵erent connections from a number of AN fibers with similar

preferred frequencies (Ferragamo et al. 1998).

2.8 Jitter in the Auditory Nerve

Since CT learning is essentially a label for the interaction between Hebbian STDP-

based learning (Bi & Poo 1998) and input stimuli with strongly overlapping trans-

forms, CT learning should operate even in the presence of some stochasticity in

the spike rasters representing the input stimuli, as long as the level of stochasticity

is not disruptive enough to break STDP-based learning . Past research suggested

that the intrinsic properties of spiking neural networks and STDP-based learning

can cope with noise on the scale of a few milliseconds (Bohte & Mozer 2004, Dies-

mann et al. 1999). However, AN spike rasters in response to the di↵erent versions

of the same auditory object class change on the order of tens rather than single

milliseconds, thus breaking STDP-based learning . This means that a certain level

of pre-processing of the input AN spike rasters is required to enable STDP-based

learning to develop invariant representations of auditory object classes. One of the

main hypotheses put forward within this thesis, therefore, is the role of CN and

IC in de-noising AN input and preparing it for STDP-based learning in the plastic

cortical areas of the auditory brain.

The stochasticity within the AN spike rasters is described in terms of time and

space jitter within this thesis. Such a framework has been chosen in order to make

it easier to explain the role of particular brain areas in de-noising the AN spike

raster inputs. The framework does not imply strict separation of AN stochasticity
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into time and space jitter, neither does it imply the existence of the two types of

jitter.

There are two reasons why AN spike rasters produced in response to the same

auditory stimulus di↵er: AN stochasticity and the interplay of refractoriness and

phase-locking. The inherent stochasticity present in the AN and modelled using

fractional Gaussian noise and Poissonian spike generator in the model by Zilany

et al. (2009) results in time jitter within AN spikes, whereby the precise timing of

each information bearing spike changes from one stimulus presentation to another.

The second reason for di↵erences in AN firing is the phase-locking property of AN

neurons, which is discussed below.

2.8.1 Phase-Locking

The phase-locking property of AN fibers postulates that the timing of AN spikes

correlates with the peaks of the pure tone driving cell activity (Fig. 1.15 (a)). The

fact that AN fibers fire in synchrony with the sound wave peaks means that a 100

Hz tone would be expected to produce on average 100 spikes/s in an AN neuron if

the tone is presented at high enough sound level. The relationship between sound

frequency, loudness and phase-locking is summarised in Figure 2.10.

Since AN cells are unable to fire more than 200 spikes/s on average (Eggermont

2001, Sachs & Abbas 1974, 1976), they cannot fire in response to every cycle of

tones with frequencies above 200 Hz. Such ’place’ information encoding, there-

fore, fails to represent tones with frequencies above 200 Hz. Nevertheless, it was

shown that AN firing can carry information about sound frequencies up to 4-5

kHz (Brugge et al. 1969, Covey 2000). This discrepancy is solved using the Volley

Principle suggested by Wever & Bray (1930), whereby each neuron in a population

phase-locks to a di↵erent subset of amplitude peaks of the sound wave. There-

fore, although there is not enough information about the input sound frequency in
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Figure 2.10: Schematic representation of phase-locking to pure tones of varying fre-
quency and amplitude of an individual neuron in the auditory nerve. While the rate
of firing changes with sound intensity (amplitude), the precise timing of spikes remains
phase-locked to the sinusoid peaks.

inter-spike intervals of each individual AN fiber, this information is found when the

whole population of AN fibers responding to the particular frequency is considered

(Fig. 1.15 (b)).

The interplay of stochasticity, refractoriness and phase-locking produces time

and space jitter in the AN. Time jitter means that the precise timing of spikes

in the AN can vary when presented with the same auditory stimulus. Although

the spikes are phase-locked to the peaks of the sound wave, unless the sound

is presented at saturating intensity, and the frequency of the sound is less or

equal to the maximum frequency of firing for the neuron, AN fibers will fire to

a random subset of sound wave peaks. Furthermore, phase-locking creates space

jitter, whereby spikes phase-locking to a particular pure tone peak may belong to

a random subset of AN cells with that characteristic frequency, as postulated by
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the Volley Principle (Wever & Bray 1930).

This means that an information bearing spike can move in two dimensions

between di↵erent presentations of the same stimulus. It can either occur for the

same AN cell as during the original stimulus presentation, but at a di↵erent point

in time (time jitter); or it may appear at the same time as during the original

stimulus presentation, but for a di↵erent cell (space jitter) (Fig. 2.11). There

can also be a combination of both space and time jitter. This makes AN spike

rasters very variable, and it is argued in the rest of this thesis that this variability

makes it extremely hard for the Hebbian learning mechanisms within the auditory

brain (such as STDP-based learning ) to learn invariant representations of auditory

objects. This task, however, becomes much simpler after de-noising pre-processing

performed within subcortical areas CN and IC.

2.9 Model of Spiking Neurons

Physiological properties of neurons were modelled according to the spiking neuron

model suggested by Izhikevich (2003). This was chosen over the Hodgkin-Huxley

or integrate-and-fire models because it combines the best features of both model

classes, having the biologically accuracy of Hodgkin-Huxley-type dynamics and

the computational e�ciency of integrate-and-fire neurons. The spiking behaviour

of Izhikevich’s neurons is governed by the following equations:

dvi
dt

= 0.04(vi(t))
2 + 5vi(t) + 140� ui(t) + Ii(t) (2.3)

dui

dt
= a(b · vi(t)� ui(t)) (2.4)

where vi(t) is the membrane potential of the post-synaptic neuron i measured on

a mV scale, ui(t) is the membrane recovery variable of the post-synaptic neuron i,
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Figure 2.11: Illustration of space and time jitter in the auditory nerve. Blue circle
represents the original spike phase-locked to a sound wave peak. A-C show possible
locations of the original blue spike during a subsequent presentation of the same sound
wave. A - time jitter. The same neuron spikes, however the spike phase-locks to a
di↵erent sound wave peak. B - space jitter. A di↵erent cell spikes to the original sound
wave peak in accordance to the volley principle (Wever & Bray 1930). C - time and
space jitter. The spike both phase-locks to a di↵erent sound wave peak and is produced
by a di↵erent cell.

which accounts for the activation of K+ and closure of Na+ ionic currents, and t is

time measured on a ms scale. Ii(t) represents a combination of incoming externally

injected (Iexti (t) = 0 nA for the simulations described in this thesis) and synaptic

currents for the post-synaptic neuron i according to the following formula:

Ii(t) =
X

j

X

l

wij�(t��tij � tlj) + Iexti (t)

where wij is the magnitude of the synaptic connection strength between the

pre-synaptic neuron j and the post-synaptic neuron i, and �(t � �tij � tlj) is

the Dirac delta function evaluated at time t minus the magnitude of the axonal

conduction delay �ij between the pre- and with the post-synaptic cells j and i
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and minus the times of the pre-synaptic spike train tlj indexed by l. Dirac delta

function is defined as the following:

�(x) =

⇢
1 if x = 0
0 otherwise

where,

Z +1

�1
�(x)dx = 1

Equations 2.3-2.4 aim to approximate the nullclines of conductance-based mod-

els, such as the Hodgkin-Huxley model, in the local region where the decision is

made whether the neuron is to fire or not. This is done by simplifying the fast

V -nullcline to the locally quadratic function, and the slow u-nullcline to the locally

linear function. The constant factors in equations 2.3-2.4 were arbitrarily chosen

to fit the spike initiation dynamics of a real cortical neuron while achieving the

required mV/ms time scale. The model threshold potential, the cell potential at

which a spike is emitted, lies between -55 mV and -40 mV. The exact value of the

threshold potential is either fixed or varies depending on prior membrane potential

depending on the type of bifurcation of the neuron model. In general cells that

act as integrators have a well defined threshold manifold, whereas cells that act

as resonators do not. The precise threshold dynamics for di↵erent types of neu-

rons are beyond the scope of this review but are described in Izhikevich (2000) and

Izhikevich (2007). The after-spike resetting is governed by the following equations:

if vj(t) � 30mV, then

⇢
vj(t) c
uj(t) uj(t) + d

(2.5)

where c accounts for the after-spike reset of cell membrane potential caused by

the fast high-threshold K+ conductances, and d accounts for the after-spike reset

of the membrane recovery variable caused by the slow high-threshold K+ and

Na+ conductances. Parameters a � d are dimensionless and can be adjusted to

achieve the required spiking behaviour of neurons. Figure 2.12 depicts the spiking

behaviours that can be achieved by Izhikevich’s neurons.
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Parameter
Excitatory Cortical Excitatory Subcortical Inhibitory

(Spike Adaptation - F) (Class 1 - G) (Phasic bursting - D)

a 0.01 0.02 0.02

b 0.2 -0.1 0.25

c -65 -55 -55

d 8 6 0.05

Threshold (mV) 30 30 30

Table 2.2: Values of the a � d constants used in equations 2.3-2.5 for the excitatory
and inhibitory neurons used in the model of the auditory brain. Neuron Type refers to
model neurons reported by Izhikevich (2003) and seen in Fig. 2.12. a: time scale of u(t).
Smaller values mean slower recovery. b: sensitivity of u(t) to subthreshold fluctuations
in v(t). Larger values result in subthreshold oscillations and low-threshold spiking. c:
after-spike reset value of v(t). d: after-spike reset value of u(t).

The di↵erential equations described above were replaced by finite di↵erence

equations and solved using a Forward-Euler numerical scheme with a 0.1 ms time

step. This was chosen to match the value used by Izhikevich (2003). Furthermore,

it has been shown experimentally that varying the time step resulted in no signif-

icant changes in network performance. The Dirac delta function was replaced by

an indicator function 1(t��tij � tlj) in the finite di↵erence equations returning 1

if when t��tij � tlj = 0.

2.9.1 Excitatory Cells

Table 2.2 summarises the parameters chosen for the excitatory neurons within the

auditory brain models described in chapters 3-4. All subcortical excitatory cells

were set to be Class 1 (Fig. 2.12 (G)), while cortical excitatory cells were set to

have Spike Frequency Adaptation (Fig. 2.12 (F)) as defined by Izhikevich (2003).

Neurophysiological evidence suggests that many neurons in the subcortical au-

ditory brain have high spiking thresholds and short temporal integration windows,

thus acting more like coincidence detectors than rate integrators (Frisina 2001).

This is similar to the behaviour of the Izhikevich’s Class 1 neurons, which can

be considered to be coincidence detectors, since they return back to resting state
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Figure 2.12: Schematic representation of twenty di↵erent response types of the spiking
neural model by Izhikevich (2003). Each response type corresponds to a di↵erent set of
values chosen for the a�d constants used in equations 2.3-2.5. Adapted from Izhikevich
(2003).
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quickly and require a large concurrent input in order to fire.

Izhikevich’s Spike Frequency Adaptation neurons were chosen to model the

excitatory cells in the auditory cortex, since neurons in the auditory cortex show

adaptation to a continuous stimulus (Ulanovsky et al. 2004). Furthermore, pre-

liminary simulation results showed that the adaptation implemented within the

Izhikevich’s Spike Frequency Adaptation neurons is important in aiding inhibition-

induced within-layer competition.

2.9.2 Inhibitory Cells

Each layer of the auditory brain model (apart from the input AN layer) con-

tains both excitatory and inhibitory neurons. Inhibitory cells are implemented as

Izhikevich’s Phasic Bursting neurons (Fig. 2.12 (D)). The choice of neuron type for

inhibitory neurons was somewhat arbitrary, with preliminary simulations showing

that other neuron types can work similarly to the Phasic Bursting type. The main

two criteria for choosing the within-layer inhibition set up was that it achieved a

dual purpose - competition and within layer firing rate regulation.

For the simulations described in this thesis, competition within di↵erent layers

of the neural network model of the auditory brain is implemented in the following

way. Sparse connectivity between excitatory and inhibitory cells within a layer

is implemented using one-to-one connections to limit the computational cost of

simulations. Each excitatory cell within a layer is connected to a corresponding

inhibitory cell through a one-to-one connection with a strong synapse to ensure

that an inhibitory cell always fires when its corresponding excitatory cell fires.

Each inhibitory cell is fully connected to all excitatory cells within the same layer,

thus ensuring global suppression of firing within the layer once one excitatory cell

within the layer fires. Therefore, excitatory cells with stronger a↵erent connections

quickly activate their corresponding inhibitory cells, which in turn suppress the



2.10 Quantitative and Plotting Measures 124

firing of other excitatory cells within the same layer that have weaker a↵erent

connections, thus enabling within-layer competition.

The other role of inhibitory cells is to regulate the total level of firing within

a layer, ensuring that it does not explode. The more excitatory cells fire within

a layer, the more inhibitory cells get activated. This means that within-layer

inhibition level increases with increased excitatory activity, eventually preventing

further increase in excitatory activity.

The bursting behaviour of inhibitory cells is necessary to ensure su�ciently long

inhibitory activity to a↵ect excitatory cells. Strong rate adaptation is necessary

to ensure that the two inhibitory e↵ects described above are stronger immediately

after an excitatory cell fires and weaken with time.

Informal tests demonstrated that the exact implementation of within-layer in-

hibition does not have a significant impact on the results presented in this thesis,

as long as the implementation still achieves an appropriate level of within-layer

competition and activity modulation. The behaviour of the proposed inhibitory

circuit is in line with the dynamic and tightly balanced inhibition as described in

Deneve & Machens (2016).

2.10 Quantitative and Plotting Measures

2.10.1 Neurogram

Neurograms of firing within a population of neurons are plotted by first creating

period histograms (PH) (Shimazaki & Shinomoto 2007) for each neuron, whereby

firing rasters are split into period slices of length corresponding to the stimulus fun-

damental frequency. These slices are overlaid on top of each other and the number

of spikes within each corresponding 0.1 ms bin contained is calculated. Stimulus

period histograms are used to compute each neuron’s ’synchronized rate’ (Sinex &
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Geisler 1983), defined at each frequency as the magnitude of the PH’s FFT com-

ponent at that frequency, whereby higher magnitudes signify better phase-locking

to that particular frequency. A neuron is considered to be well phase-locked to a

frequency if the timing of its action potentials is consistent with the phase of the

sound at that frequency.

2.10.2 Synchronisation Index

Synchronisation index is used to quantify how synchronised the firing of neurons

within a network layer is. A higher synchronisation index indicates the presence

of neural oscillations, whereby there is a high correlation between spike trains of

a large number of neurons within a layer.

The single cell synchronisation index reported by Winter et al. (2003) was

adapted to calculate the population synchronisation index within the ON CN

layer. First the firing rate histogram of ON cells in response to a chosen stimulus

was calculated, resulting in matrix X of size M⇥N , where M = 100 is the number

of 1 ms bins making up the stimulus, and N is the number of ON cells. The matrix

was then summed row-wise, resulting in vector x 2 RM , which represented the rate

of firing within the ON layer in response to the stimulus discretised within 1 ms

bins. Fast Fourier Transform (FFT) was applied to the resulting data vector x,

and the normalised magnitude of the FFT component corresponding to the F0 of

the vowel stimuli was used as the synchronization index. The mean of vector x

was used as the normalisation factor.

2.10.3 Quantifying Spike Raster Similarity

In this thesis we hypothesise that a spiking neural network can learn auditory

categories through the continuous transformation (CT) learning mechanism. CT
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learning relies on a high degree of similarity/overlap between spike rasters in re-

sponse to di↵erent exemplars of one stimulus class. Here we describe three indices

which we have devised to quantify the degree of similarity/dissimilarity between

spike rasters in response to di↵erent presentations of the same stimulus (Same

Exemplar Index), di↵erent exemplars of the same stimulus class (Di↵erent Exem-

plars Index) or di↵erent stimulus classes (Di↵erent Category Index). The network

responds di↵erently to di↵erent presentations of the same stimulus, due to the

stochasticity present in the AN. Each index varies between 0 and 1, with higher

scores indicating a higher degree of similarity between the corresponding firing

rasters. Lower scores suggest that the firing rasters being compared are dissimilar

due to either the inherent di↵erences between the input stimuli, or due to the

presence of jitter that diminishes the otherwise high similarity between the firing

rasters being compared.

2.10.3.1 Same Exemplar Index

The Same Exemplar (SE) index quantifies the degree of similarity between the

firing rasters within a particular area (such as AN or IC) in response to di↵erent

presentations of the same exemplar of a stimulus. Broadly, it calculates the aver-

age number of identical spikes across the di↵erent presentations of each exemplar

ek(s) 2 {e1(s), ..., e12(s)} of a stimulus s 2 {s1, s2} in proportion to the total num-

ber of stimulus exemplar presentations (n 2 N , where N = 20 testing epochs).

For each presentation of each stimulus we, therefore, constructed a T ⇥ J matrix

Mn
e
k(s)

(where T = 100 ms is the number of 1 ms time bins spanned by the auditory

input, and J 2 {100, 1000} neurons is the size of the chosen area of the model).

Each element mtj of matrix Mn
e
k(s)

contained the number of spikes produced by

the particular neuron j 2 J within the time bin t 2 T in response to the stimulus

exemplar ek(s).
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If the firing rasters of the chosen area of the model in response to the di↵erent

presentations n 2 N of the same stimulus exemplar ek(s) are similar to each other,

then the same slots of the firing pattern matrices Mn
e
k(s)

should be non-zero for

di↵erent n 2 N . Consequently, the following becomes more likely when the pro-

portion of stimulus presentation epochs n for which elements of Mn
e
k(s)

are non-zero

across the di↵erent presentations of the same stimulus exemplar becomes large: 1)

the firing responses within the model area are more likely to be similar; 2) it is

likely that less jitter is present in the chosen area of the model; 3) CT learning is

more likely to enable postsynaptic cells to learn that the similar, stable, jitter-less

responses within the model area belong to the same stimulus class.

We, therefore, computed the matrix Mek(s) =< Mn
e
k(s)

>, where < · > signifies

the mean over all the presentation epochs n 2 N , and then identified the mean

µe
k(s)

of the hundred largest elements of Me
k(s)

. These were used to compute the

final SEs score for each stimulus s 2 {s1, s2} as SEs =< µe
k(s)

>, where < · >

signifies the mean over all exemplars ek(s) of stimulus s. Higher SEs index points

to more similarity between the chosen firing rasters in response to the di↵erent

presentations of the same exemplar of stimulus s. Consequently, this also signifies

lower levels of jitter present within the layer, since high levels of jitter would disrupt

the similarity in firing patterns and result in lower SEs index.

2.10.3.2 Di↵erent Exemplars Index

The Di↵erent Exemplars (DE) index quantifies the similarity of the firing rasters

within a chosen area of the model in response to the di↵erent exemplars of the same

stimulus class. It is somewhat similar to the SEs index described above, however,

instead of comparing the firing matrices across the di↵erent presentations n of the

same stimulus exemplar ek(s), the firing matrices are compared across the di↵erent

exemplars ek(s) of each stimulus class s 2 {s1, s2}. Consequently, firing raster
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matricesMn
e
k(s)

were calculated once again, but this time the average was taken over

all the di↵erent exemplars ek(s) 2 {e1(s), ..., e12(s)} of stimulus s (Mn
s =< Mn

e
k(s)

>,

where < · > signifies the mean over all the stimulus exemplars). We then identified

the mean µn
s of the hundred largest elements of Mn

s and used them to compute

the final DEs score for each stimulus s 2 {s1, s2} as DEs =< µn
s >, where < · >

signifies the mean over all n 2 {n1, ..., n20} presentation epochs of each exemplar

ek(s) of stimulus s. Higher DEs index points to more similarity between the firing

rasters within the chosen model area in response to the di↵erent exemplars ek(s)

of stimulus s. Consequently, this also signifies lower levels of jitter present within

the layer, since high levels of jitter would disrupt the similarity in firing patterns

and result in lower DEs index.

2.10.3.3 Di↵erent Category Index

The Di↵erent Category (DC) index quantifies the similarity of the di↵erent fir-

ing rasters within a chosen area of the model in response to di↵erent stimulus

classes. This score is somewhat similar to the SEs and DEs scores described

above, however, here the rasters are compared across the di↵erent stimulus cat-

egories s 2 {s1, s2}. To this accord, firing raster matrices Mn
e
k(s)

were calculated

once again, but this time the average Mn =< Mn
e
k(s)

> was taken over all the dif-

ferent exemplars ek(s) 2 {e1(s), ..., e12(s)} and over all the stimuli s 2 {s1, s2}. We

then identified the mean µn of the hundred largest elements of each matrix Mn and

used them to compute the final DC score as DC =< µn >, where < · > signifies

the mean over all n 2 {n1, ..., n20} presentation epochs. Lower DC index points

to more di↵erences between the chosen firing rasters in response to the di↵erent

stimulus categories s.
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2.10.3.4 Polychronization index

The continuous transformation (CT) learning mechanism based on STDP de-

scribed earlier in this chapter relies on stable temporal patterns of firing within

the pre-synaptic layer. In order to understand whether such stable firing patterns,

or polychronous groups (PGs) (Izhikevich 2006), emerge within the A1 layer of

our models in response to naturally spoken words, such as digits ’one’ and ’two’, a

Polychronization Index (PI) measure was devised. It is similar to the SE, DE and

DC indices described above, however it can be applied to analysing the response

properties of the network when presented with more complex naturally spoken

word stimuli as used in Chapter 6. Unlike the SE, DE and DC measures, PI does

not rely on the identical duration, fundamental frequency and rate of speech of the

stimuli, which is true for the synthesised vowels /i:/ and /a/ used in Chapters 3-5,

but false for the naturally spoken digits ’one’ and ’two’ used in Chapter 6. The

’polychronization index’ (PI), therefore, quantifies the prevalence of reproducible

patterns across the population of neurons in one layer.

The PI was calculated for each cell j in turn, by searching for spikes fired

by other cells at fixed intervals relative to spikes fired by cell j. PGs which are

responsive to a stimulus class should produce such stable and reproducible fir-

ing patterns repeatedly across the presentation of stimulus exemplars (ek(s) =

[ek(s), ..., e376(s)]) of each class s 2 [s1, s2]. For each presentation of stimulus ek(s)

we randomly selected one spike by cell j and noted its time t post stimulus onset.

We then constructed a 1000 neuron by 101 ms matrix M j
e
k

(s) representing the fir-

ing of the other neurons within t ± 50 ms at 1 ms resolution. The ±50 ms time

window reflects the maximum conduction delay in our model, which puts an upper

limit on the temporal extent over which PGs can produce synchronized input to

neurons in the next layer. If neuron j is part of a PG which produces reproducible
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firing patterns, then this reproducible pattern should fill the same the slots in the

firing pattern matrices M j
e
k

(s) for di↵erent ek(s). Consequently, elements of M j
e
k

(s)

which are non-zero across the stimulus exemplars more frequently than would be

expected by chance (where chance levels can be estimated from the average firing

rate f) are diagnostic of the a PG firing pattern, and the larger the proportion

of stimulus exemplars for which these elements are non-zero, the more established

and reproducible the PG firing pattern is across the responses to the stimuli from

the given category.

We therefore computed M j
s =

D
M j

e
k

(s)

E
, where h·i signifies the mean over all

the exemplars ek(s) of stimulus class s, and then identified the ten elements of

M j
s with the largest mean spike counts (mj

s)n, where n 2 {1, ..., 10} (the element

corresponding to the randomly sampled spike by cell j occurring at time t was

ignored). These were used to compute ajs =
⌦
(mj

s)n
↵
/f , where f is the average

firing rate within the layer and h·i signifies the mean over the ten largest elements

indexed by n.

Thus, ajs quantifies the evidence that cell j participates in polychronous firing

in its responses to stimulus class s. To calculate an overall polychronization index

which is not stimulus specific we simply compute PIj = maxs(ajs). The larger the

PIj, the stronger the evidence that cell j takes part in a PG.

2.10.4 Information Analysis

Information analysis measures the stimulus-response relationship by quantifying

the amount of information present in the firing of a cell about the identity of the

input stimulus. If neuronal activity is di↵erent in response to di↵erent stimulus

classes, and is the same for di↵erent exemplars of the same stimulus class, then

full information about the stimulus class is present. The maximum amount of

information, or full entropy, is calculated as follows (Cover & Thomas 1991):
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H(p) =
X

s

p(s)log2
1

p(s)

where p(s) is the a priori probability of stimulus class s being present. Therefore,

the entropy for two stimuli with equal presentation probability is 1 bit.

Single cell information analysis quantifies how much information about which

stimulus identity is present within the responses of a single cell and is calculated

as following:

I(S;R) =
X

s2S,r2R

p(s, r)log2
p(s, r)

p(s)p(r)

where S is the set of all stimuli and R is the set of all possible cell responses,

p(S,R) is the joint distribution of stimuli and responses and p(s) =
P

r2R p(s, r)

and p(r) =
P

s2S p(s, r) are the marginal distributions of stimuli and responses

(Nelken & Chechik 2007).

When calculating information measures, it is important to account for bias

that occurs when the number of recording trials is not significantly larger than

the number of cells in the stimulus/response joint distribution table. In this case

the calculated single cell information may be an over-estimate, and the amount

of bias needs to be approximated and subtracted from the single cell information

value according to the following formula (Panzeri & Treves 1996, Treves & Panzeri

1995):

Bias =
#bins

2Nlog22

where #bins is the number of potentially non-zero cells in the joint probability

table, and N is the number of recording trials. The amount of bias, however, was

found to be negligible for the simulations described in this thesis (approximately

0.008 bits) and it was, therefore, ignored.
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Stimulus 1 Stimulus 2

On #CellOn2Stim1
#Stim1⇤N

#CellOn2Stim2
#Stim2⇤N

O↵ #CellOff2Stim1
#Stim1⇤N

#CellOff2Stim2
#Stim2⇤N

Table 2.3: Joint probability table used to calculate single cell information for each
cell using on/o↵ encoding. #CellOn2Stim1 (#CellOn2Stim2) stands for the number
of presentations of stimulus 1 (2) during which the cell fired at least once. Similarly
#CellOff2Stim1 (#CellOff2Stim2) stands for the number of presentations of stim-
ulus 1 (2) during which the cell did not fire. #Stim1 (#Stim2) stands for the total
number of presentations of stimulus 1 (2). N stands for the total number of stimuli,
which is two for the two vowel discrimination paradigm.

2.10.5 Information Encoding

2.10.5.1 Simple Binary On/O↵ Encoding

In order to measure single cell information, it is important to have a good hy-

pothesis about the way stimulus identity is encoded in the responses of auditory

cells. A bad encoding hypothesis will result in poor information scores by being

either too simple, thus ignoring some important information about the stimulus

identity, or by being overly complicated, thus creating an infeasibly large space

of responses R, a large and sparse joint probability table and, therefore, a large

bias. For the purposes of chapters 3-4 a very simple ’on/o↵’ encoding scheme was

chosen, whereby the response of each neuron unit in the output layer of the net-

work to each stimulus exemplar was considered to be binary - a neuron unit could

either be ’on’ (if it fired at least once during stimulus presentation), or ’o↵’ (if it

never fired during stimulus presentation), resulting in the joint distribution table

shown in Table 2.3. Binary encoding has been described in the auditory cortex by

DeWeese & Zador (2003).

Such simplistic on/o↵ encoding was chosen because neurophysiological evi-
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dence suggests that, throughout the hierarchy of the auditory brain, neurons’

response properties change from predominantly sustained to predominantly tran-

sient, whereby spectro-temporal sound information found in the early auditory

brain, such as the auditory nerve, is transformed into spatio-temporal patterns of

neural activity as found in the auditory cortex (Bizley et al. 2010, Huetz et al.

2011). Ehret & Romand (1996) have reported that most neurons in the auditory

cortex are onset type, whereby they show little phase locking, and they fire only

once to tones of higher frequencies, which is in line with the binary encoding de-

scribed in the auditory cortex by DeWeese & Zador (2003). Evidence suggests

that similar transient response properties exist in the human auditory cortex too

(Seifritz et al. 2002).

Since neurons in the auditory cortex have been reported to fire a very limited

number of times throughout the duration of tone stimuli used for the neurophysio-

logical studies cited above, it is hypothesised that, at least for the short and simple

vowel stimuli used in this study, stimulus information is not encoded within the

precise temporal patterns of spike trains of each individual cell, but instead within

temporal or spatial patterns over a population of cells. In other words, it is hypoth-

esised that, in the early auditory cortex, each cell might fire once to its preferred

phoneme, thus creating a spatio-temporal pattern of firing over the whole popu-

lation of such early cells in response to a word. Neurons in the later layers of the

auditory cortex use these early stable spatio-temporal patterns to learn about the

identity of the whole word through spike-time dependent plasticity (STDP) learn-

ing (as discussed in Section 2.3.2). STDP-based learning relies on the detection

of stable spatio-temporal patterns within the firing of a population of neurons. If

these patterns are unique to di↵erent stimuli, then cells should emerge at the end

of the auditory brain pathway hierarchy that would preferentially fire to one stim-

ulus over the other. Each one of these cells might not fire to all exemplars of the
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stimulus, and they may not fire to every presentation of the stimulus, however over

the whole population of stimulus selective cells, if most of them are on, it should

provide the brain with enough evidence to make a decision that the particular

stimulus is being heard. This is in line with the detector theory of auditory ob-

ject encoding, which suggests that perception of a specific vocalisation is directly

related to the activity of a specialised set of neurons that fire selectively to that

vocalisation (Suga 1978). Thus, neurons will exist at the end of the auditory brain

hierarchy that fire transiently whenever their preferred auditory object is being

heard. Such neurons, however, will be discussed in later chapters, while the early

chapters 3-4 of this thesis look at the response properties of cells in the primary

auditory cortex in response to phonemes, which are sub-units of the full auditory

word objects, and are appropriately simple stimuli to be encoded using the simple

on/o↵ grandmother-like encoding scheme proposed here.

2.10.5.2 Bayesian Encoding

In order to test whether more information was present about the identity of the

Klatt generated vowels within the precise timing of spikes of A1 cells, rather than

through the binary on/o↵ encoding described above, a procedure described next

was devised for Chapter 5. Intuitively this procedure helps quantify the probability

of a sound belonging to a particular stimulus class by using the timing of spikes

produced by neurons with respect to the stimulus onset time. If the temporal

spike pattern produced by a neuron is more similar to a pattern produced by that

neuron when presented with a particular stimulus class in the past, then it is more

likely that a stimulus belonging to that particular stimulus class is being presented

to the model currently. The quantitative details of the procedure are presented

next.
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A Bayesian approach was taken to calculate the posterior probability of a

particular stimulus being presented to a cell based on the cell’s response (P (s|R),

where s 2 S represents the stimulus, and R represents the set of cell’s spikes during

stimulus presentation). Based on the Bayesian rule:

P (s|R) =
X

r

P (r|s)P (s)

P (r)

where r 2 R is the timing of each individual spike emitted by a cell during

stimulus presentation, and P (s) = 1
S
with S denoting the stimulus set size.

P (r|s) = countrs
exemplarss ⇤ epochss

where countrs is the number of times the chosen cell had a particular response r

(a spike at a particular 1 ms time bin t) during all epochs (epochss) of all exemplars

(exemplarss) of a particular stimulus s.

P (r) =
countrP

s exemplarss ⇤ epochss
where countr is the number of times the chosen cell had a particular response r

(a spike at a particular 1 ms time bin t) during all epochs (epochss) of all exemplars

(exemplarss) of all stimuli s 2 S.

Stimulus identity vote assigned to a particular cell in response to each stimulus

presentation was chosen as argmaxsP (s|R). If two or more stimuli were equally

probable, then the response of the cell was classified as ’undecided’ and quantified

as S + 1.



3
The Role of Subcortical Processing in
Auditory Category Learning: Models

3.1 Introduction

The hypothesis being tested is that primary auditory cortex (A1) would be un-

likely to learn invariant representations of auditory objects such as vowels if it

were directly provided with auditory nerve (AN) spike rasters in response to those

stimuli as input, as opposed to being provided inputs that have received essential

pre-processing from earlier stages in the pathway. This is because spike-time de-

pendent plasticity (STDP) learning will be unable to cope with time and space

jitter present in the auditory nerve. Therefore, extra subcortical pre-processing is

hypothesised to be necessary between the AN and A1 in order to remove time and

space jitter. This pre-processing is hypothesised to happen in the cochlear nucleus

(CN) and the inferior colliculus (IC).

In order to test the hypothesis stated above, two models were constructed -

136
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a simple two-layer model consisting of the input AN and the output A1 (AN-A1

model); and a more complex four-layer model, consisting of the input AN, an in-

termediate CN with distinct sub-populations of neurons, an inferior colliculus (IC)

where the di↵erent sub-populations of the CN converge, and finally the A1 (AN-

CN-IC-A1 model). The IC is expected to have similar spiking behaviour to the

AN, albeit with time and space jitter removed through the physiologically plausible

pre-processing starting in the CN, thus enabling the A1 to learn invariant auditory

object representations of the two input stimuli. It is, therefore, expected that the

full AN-CN-IC-A1 model will be able learn transform invariant representations of

the two vowel stimuli, whereas the simple AN-A1 model will struggle to do so.

As mentioned in Chapter 1, one of the primary goals of this thesis is to un-

derstand which parts of the auditory brain hierarchy between the AN and A1

are important for learning categorical representations of speech-like auditory ob-

jects. In this chapter we try to achieve this goal by looking at how spiking neural

networks with or without modules representing certain particular auditory brain

areas learn to perform classification of simple speech-like auditory stimuli. We

take inspiration from the known neurophysiology of the auditory brain in order

to construct these spiking neural network models. However, as with any model, a

number of simplifying assumptions are made with regards to certain aspects that

we believe are not crucial for testing our hypothesis. These simplifications include

the lack of superior olivary complex or thalamus in our full AN-CN-IC-A1 model,

the nature of implementation of within-layer inhibition in both the AN-A1 and

AN-CN-IC-A1 models, and lack of top-down or recurrent connectivity in either

model. While we believe that all of these aspects do a↵ect the learning of auditory

object categories to some extent, we believe that their role is not crucial for the

task. Therefore, we leave the investigation of these e↵ects for future work.
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3.2 Simple AN-A1 Model Architecture

The simple AN-A1 spiking neural network model of the auditory brain consists

of two fully connected layers of spiking neurons. The input layer of the model

represents the auditory nerve (AN). The output layer of the model is a loose ap-

proximation of the MGN and A1 in the real brain. The AN cells are based on

the auditory nerve model by Zilany et al. (2009) (see Section 2.6), while the out-

put A1 cells are based on the Spike Frequency Adaptation neuronal model by

Izhikevich (2003) (see Section 2.9). While there is no neurophysiological evidence

of inhibitory inter-neurons in the auditory nerve, such evidence exists for the A1

(Razak & Fuzessery 2007, Zhang et al. 2003), therefore the output layer contains

both excitatory (1000) and inhibitory (1000) neurons, thus creating competition

within the layer (see Table 3.1 and Section 2.9). In order to manage the computa-

tional requirements of the model, the sparse connectivity between the excitatory to

inhibitory cells within the A1 is modelled using strong one-to-one connections from

each excitatory cell to an inhibitory cell. Each inhibitory cell is fully connected to

all excitatory cells in A1. While excitatory cortical cells are more numerous than

inhibitory cortical cells in the real brain, the two populations were modelled in

the way described above in order to implement and investigate within-layer com-

petition and activity modulation in a controlled way. Informal tests demonstrated

that the exact implementation of within-layer inhibition does not have a significant

impact on the results presented in this thesis, as long as the implementation still

achieves an appropriate level of within-layer competition and activity modulation.

The AN and A1 layers are fully connected using feed-forward connections modi-

fiable through spike-time dependent plasticity (STDP) learning (see Section 2.3.2).

The connections are initialised with a uniform distribution of axonal delays (�ij)

between 0 and 50 ms (see Section 2.4). A range of conduction delays between
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layers is a key feature of our models. In real brains, these delays might be axonal,

dendritic, synaptic or due to indirect connections, but in the model, for simplicity,

all delays were implemented as axonal. The [0, 50] ms range was chosen to ap-

proximately match the range reported by Izhikevich (2006). The randomly chosen

axonal delay matrix was fixed for all simulations described in this thesis (unless

stated otherwise) to remove the confounding e↵ect of di↵erent delay initialisation

values on learning. Informal testing has demonstrated that the di↵erent delay

initialisation values do not result in qualitatively di↵erent network performance.

The delays were fixed, however, to allow for an un-confounded evaluation of the

e↵ect of di↵erent model parameters on the model performance. The initial a↵er-

ent connection strength magnitudes (wBL
ij ) were randomly initialised using values

drawn from a uniform distribution. Model parameters can be seen in Table 3.1

and model architecture is depicted in Figure 3.1.
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3.3 Validating the Auditory Nerve Layer

The response properties of the model AN were compared to neurophysiological

data to ensure the validity of the model input. First, AN model fibers were indi-

vidually compared to real AN fibers in response to a synthetic vowel /æ/ (Delgutte

& Kiang 1984). Harmonic spectra of period histograms were plotted for the real

and model AN fibers (Fig. 3.2), illustrating the variation in neural responses as

a function of both the fiber characteristic frequency (CF) and the vowel formant

frequencies. Similarity between the real and model AN fibers’ response properties

suggests that the model performance is comparable to the neurophysiological data.

Population encoding within the model AN was validated by examining layer

raster plots and neurograms in response to synthetic vowels /a/ and /i:/ (Fig. 3.3).

While vowel spectra are constant in time when measured over the duration of the

vowel (see Fig. 3.4), since each vowel is a composition of three formant frequencies

which do not change throughout the stimulus duration, it can be seen that AN

spike rasters are periodic. This is due to phase-locking and other non-linearities

inherent to AN fiber response properties (see Chapter 1 Section 1.5.5 for details).

Overall the rasters and the neurograms of the AN (Fig. 3.3) are in accordance

with neurophysiological findings. AN spike rasters show that higher CF neurons

start firing before neurons with lower CFs, which is due to the transmission prop-

erties of the cochlea and is in line with what has been reported by Secker-Walker

& Searle (1990) (Fig. 1.17). It can also be observed that the AN spike rasters con-

tain 100 Hz periodic cycles of activity that reflect the periodicity of the stimuli,

since the fundamental frequency (F0) of the vowels is 100 Hz. The same has been

reported in neurophysiological literature (Brugge et al. 1969, Joris et al. 2004).

Looking at the AN neurograms, five di↵erent groups of cells can be observed

di↵erentiated by whether they synchronise to one of the three vowel formants, to
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Figure 3.1: Schematic representing the simple AN-A1 model of the auditory brain.
Blue circles represent excitatory and red circles represent inhibitory neurons. Auditory
nerve (AN) and primary auditory cortex (A1) layers are fully connected using feed-
forward connections with randomly initialised weights (wBL

ij ) and a distribution of axonal
conduction delays (�ij) drawn from uniform distributions shown in Table 3.1. Feed-
forward connections (wBL

ij ) are modifiable through spike-timing dependent plasticity
learning. The sparse connectivity between the excitatory and inhibitory cells within A1
(wEI

ij ) is modelled as one-to-one feed-forward connections from each excitatory cell to a
corresponding inhibitory cell (shown in black), and each inhibitory cell is fully connected
to all of the excitatory A1 cells (wIE

ij ) (red connections).

the fundamental frequency, or to their own CF (Fig. 1.18). This is in line with the

neurophysiological data reported by Delgutte & Kiang (1984) and Secker-Walker &

Searle (1990). AN neurograms also show that cells synchronised to the first formant

(F1) have their CFs distributed symmetrically around F1, while cells synchronised

to higher formants have CFs equal to or greater than their corresponding formant.

This is in line with the neurophysiological data reported by Sinex & Geisler (1983).

The neurograms also show that cells with high and low CFs tend to synchronise

to the vowel fundamental frequency (Secker-Walker & Searle 1990), and high CF

fibers also tend to synchronise to F1, as described by Delgutte & Kiang (1984).

Finally, Delgutte & Kiang (1984) also reported variability in the localisation of

the AN regions where neurons synchronise to their CFs. This region was found
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Figure 3.2: Spectra (computed as FFTs of period histograms) of auditory nerve fiber
responses to a synthetic vowel /æ/ generated using Klatt synthesiser (Klatt 1980) (see
Table 2.1 for formant frequencies). The abscissa represents sound frequencies that the
fibers phase-lock to. The ordinate represents the level of phase-locking, calculated as
described in Section 2.10.1. High values indicate good phase locking to the corresponding
frequency. Dotted lines show the positions of the vowel formant frequencies F1 and F2.
Arrows below the graphs show the neurons’ characteristic frequencies. A: Data collected
from cat auditory nerve fibers (Delgutte & Kiang 1984); B: Data collected from the
corresponding model auditory nerve fibers.
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Figure 3.3: Rasters (top row) and neurograms (bottom row) of the first 50 ms of two
vowel stimuli, /a/ and /i:/, presented to the model auditory nerve fibers. Within the
raster plots the abscissa represents time in ms and the ordinate represents the fibers’
characteristic frequency (CF) in log scale. Each blue point represents a spike and red
horizontal bands roughly correspond to the frequencies of vowel formants. Within the
neurograms the abscissa represents sound frequencies in linear scale, while the ordinate
represents the fibers’ CF in log scale. Dark areas represent bad phase-locking of fibers
with particular CF to particular frequencies, while light areas represent good phase-
locking, calculated as described in Section 2.10.1. The horizontal and vertical red bands
highlight the location of vowel formant frequencies, and light areas underneath their
intersection points represent good phase-locking of auditory nerve fibers to formant
frequencies that match the fibers’ CF.
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Figure 3.4: Spectra of vowels /a/ and /i:/. The vowels were generated using Klatt
synthesiser (Klatt 1980) (see Table 2.1 for formant frequencies).

between F1 and F2 for spread vowels /i:/, /3/ and /1/ and in low-CF region for

the open vowels /æ/, /O/, /A/ and /E/. This is exactly what can be observed in

the neurograms of the model AN fiber responses to vowels /i:/ and /a/ shown in

Figure. 3.3.

The analysis of the AN layer outlined above suggests that the model is rep-

resentative of the real auditory nerve, thus validating it as the input layer to the

spiking neural network model of the auditory brain described in this chapter.

3.4 Optimising the Simple AN-A1 Model

A parameter search of STDP parameter values for the simple AN-A1 model was

performed in order to test the hypothesis that a simple spiking neural network

model of the auditory brain without extra sub-cortical pre-processing between the

input AN and the output A1 is unable to learn invariant representations of auditory

objects, and, therefore, will underperform a more complex AN-CN-IC-A1 model

with extra sub-cortical pre-processing. While it is easy to construct a model that
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does not learn, the architecture of the AN-A1 model is very basic and does not

include anything to prevent STDP-based learning from operating, as long as the

input contains regular stable repeating patterns that are not distorted with too

much noise (Liaw & Berger 1996, Masquelier et al. 2008). Furthermore, the last

stage of the AN-CN-IC-A1 model (the IC-A1 stage) is architecturally an exact

copy of the AN-A1 model, with the one di↵erence that the input to the A1 of

the AN-CN-IC-A1 model has gone through the jitter reduction pre-processing in

CN and IC, while the input to the A1 of the AN-A1 model has not. Hence, the

only reason why the AN-CN-IC-A1 model should learn good vowel categorisation,

while the AN-A1 model should not, is the e↵ect of CN and IC pre-processing.

A grid heuristic was used to sample a representative number of points in the

parameter space to get an estimate of the AN-A1 network’s optimal performance

on the two vowel recognition task. The performance was measured using single cell

information analysis as described in Chapter 2 Section 2.10.4. Single cell informa-

tion measures how much information about the identity of a particular stimulus

is present in the responses of one particular cell within a network layer. For two

stimulus classes, the theoretical maximum of 1 bit of information is achieved when

the cell fires at least once to all presentations of all exemplars of its preferred

stimulus class, and it does not fire to any presentations of any transforms of the

other stimulus class.

While it is recognised that the best performance may be at a point not sampled

during the parameter search, it is assumed that the network performance changes

gradually and continuously as a function of parameters, since any learning mech-

anism employed by the brain has to be robust to mild variations in biophysical

constants. Therefore, any missed global maximum for the network performance is

expected to be not significantly dissimilar to the best network performance found

through the grid parameter search.
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The parameter that most a↵ects the network learning performance is the rela-

tive magnitude of LTD (↵d) compared to LTP (↵p). Therefore, a number of LTD

values (↵d) were sampled while LTP (↵p) was kept fixed. This was done for three

di↵erent values of LTP changed by a factor of ten, resulting in the following set

of values for LTP magnitude (↵p): {0.005, 0.05, 0.0005} (the best performing pa-

rameter is placed first based on the informal simulations results). Fifty di↵erent

equally spaced magnitudes of LTD (↵d) were sampled for each LTP value, whereby

each LTD (↵d) value was set as a multiple of the LTP (↵p) magnitude, with the

multiplication constant chosen from the closed interval [-0.2, -10.8]. Furthermore,

the LTP/LTD time constants (⌧p/⌧d) were varied by shortening or lengthening the

original values of 15/25 ms by a factor of five while maintaining the 3/5 ratio

described in neurophysiological literature (Bi & Poo 1998), resulting in the set

{15/25, 3/5, 75/125} ms (see Table 3.1).

Informal tests demonstrated that the AN-A1 a↵erent connection weights (wBL
ij )

initialised uniformly between 30 and 35 nA produced best results. Furthermore, ex-

ploratory tests demonstrated that the optimal within-layer inhibition value (wIE
ij )

was -6 nA. These values were used for the main STDP parameter search simula-

tions.

The results of the parameter search can be seen in Figure 3.5. The color of

each cell of the figure corresponds to the maximal single cell information reached

within the output layer A1 of the AN-A1 model after the model was initialised

with the di↵erent combinations of parameters sampled during the grid search as

described above. It is evident that the network reaches its maximum performance

when run with the parameters found to be optimal using informal testing (LTP

magnitude (↵p) of 0.005, LTP/LTD time constants (⌧p/⌧d) of 15/25 ms and within

A1 inhibition (wIE
ij ) set to -6 nA). The maximum performance of 0.57 bits of

information is reached when LTD magnitude (↵d) is set to -0.02, however this is
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not enough for an individual cell to di↵erentiate between the two vowel stimuli

across all exemplars. Furthermore, only one cell reaches this level of information

and the next most informative cell contains only 0.255 bits. The second best

performing network after training reached the maximum of 0.51 bits of information

with a smaller drop in information content within the top 10 information bearing

cells (see Fig. 3.6, which plots the descending order of single cell information

achieved by all 1000 cells within the di↵erent layers of the AN-A1 and AN-CN-

IC-A1 models). The parameter sets for the two best performing networks can

be seen in Table 3.2. Since the second model shows more stable information

retention, from this point onwards it will be the model considered when describing

the best performing simple AN-A1 model. The amount of information for the

longer LTP/LTD (⌧p/⌧d) time constants of 75/125 ms is mostly 0, because these

values result in full strengthening of all connections and an explosion in network

activity. Therefore, this suggests that STDP time constant lengthening does not

improve the network performance on the transform invariant vowel recognition

task, even though it changes the network learning rule from relying on the precise

temporal spike information, which is contaminated with time jitter, to relying on

rate information, which is mostly una↵ected by time jitter.
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Model 1 Model 2

Single Cell Information 0.57 0.51

LTP Time Constant, ⌧p (ms) 15 15

LTD Time Constant, ⌧d (ms) 25 25

LTP Magnitude, ↵p 0.005 0.005

LTD Magnitude, ↵d -0.02 -0.033

I!E Connection Strength, wIE
ij (nA) -6 -6

AN!A1 Connection Strength, wBL
ij (nA) [30, 35] [30, 35]

Table 3.2: Parameters found to maximise the amount of single cell information within
a simple AN-A1 neural network model of the auditory brain on the two vowel discrim-
ination task. Model 1 reaches higher maximal single cell information of 0.57 bits (out
of maximal 1 bit), however this number drops fast for the second most informative cell
(down to 0.255 bits). Model 2 reaches second highest maximal single cell information of
0.51 bits and retains it better, whereby the second most informative cell contains 0.39
bits of information (see Fig. 3.6).
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Figure 3.5: Results of the spike-timing dependent plasticity parameter search for a
simple AN-A1 neural network model of the auditory brain on the two vowel discrimi-
nation task. The rows represent maximum (out of 1000 excitatory A1 cells) single cell
information content within the output A1 layer when the relative LTD magnitude (↵d)
was varied while keeping the LTP magnitude (↵p) and LTP/LTD time constants (⌧p/⌧d)
fixed. In order to calculate the actual LTD values used in di↵erent simulations, it is
necessary to multiply the abscissa value by the corresponding LTP value (↵p) divided
by 5. The maximum amount of information of 0.57 bits was reached for the -20 LTD
multiplication constant when LTP magnitude (↵p) was set to 0.005, resulting in the
-0.02 LTD magnitude (↵d). The theoretical maximum amount of information is 1 bit,
therefore the best performing network did relatively poorly in the two vowel identifica-
tion task. Black indicates no data due to either no sampling of the particular point in
the parameter space, or due to inability of the network to complete a simulation because
of firing explosion in the output layer. Such a firing explosion happens when too many
AN!A1 a↵erents (wBL

ij ) strengthen too much.
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(Image on previous page) Single cell information in response to the two vowel discrimination
task carried by single cells within a layer arranged in descending order. Maximum theoretical
entropy for the task is 1 bit. It can be seen that both the simple AN-A1 and the full AN-CN-IC-
A1 spiking neural network models of the auditory brain carry more information about the two
stimuli than the input auditory nerve (AN) layer or the untrained networks. Only cells within
the output A1 layer of the full AN-CN-IC-A1 model reached the maximum 1 bit of information.
The performance of the AN-CN-IC-A1 model is significantly above that of any other network
pictured.
AN-CN-IC-A1 Network Trained: the full AN-CN-IC-A1 network tested on twelve exem-
plars of each of the two vowels, /i:/ and /a/, after training.
AN-CN-IC-A1 Network Unrained: full AN-CN-IC-A1 network tested on twelve exemplars
of each of the two vowels, /i:/ and /a/, before training.
AN-CN-IC-A1 Network Trained, Tested on New Versions of Original Vowels: full
AN-CN-IC-A1 network tested on twelve exemplars of each of the new versions of the original two
vowels, /i:/ and /a/, after training. The new vowels were synthesised using di↵erent formants
than the original vowels used during training (see Section 4.5.5).
AN-CN-IC-A1 Network Trained, Tested on Di↵erent Vowels: full AN-CN-IC-A1 net-
work tested on twelve exemplars of each of the two new vowels, /3:/ and /æ/, after having been
trained on twelve exemplars of each of the original two vowels, /i:/ and /a/ (see Section 4.5.5).
AN-CN-IC-A1 Network Trained-Shu✏ed: full trained AN-CN-IC-A1 network tested on
twelve exemplars of each of the two vowels, /i:/ and /a/, after the magnitudes of the a↵erent
connections for each A1 neuron were shu✏ed.
AN-CN-IC-A1 Network Trained-Shu✏ed-Re-Trained: full trained AN-CN-IC-A1 net-
work tested on twelve exemplars of each of the two vowels, /i:/ and /a/, after the magnitudes
of the a↵erent connections for each A1 neuron were shu✏ed, and then the shu✏ed network was
re-trained using the original training paradigm.
AN-A1 Network Trained (Model 1): simple AN-A1 network tested on twelve exemplars of
each of the two vowels, /i:/ and /a/, after training. This network reached the best maximum
single cell information of 0.57 bits, however information drops o↵ rapidly for subsequent cells.
AN-A1 Network Trained (Model 2): simple AN-A1 network tested on twelve exemplars of
each of the two vowels, /i:/ and /a/, after training. This network reached the second best max-
imum single cell information of 0.51 bits, and information drops o↵ less rapidly for subsequent
cells of Model 2 compared to Model 1. Model 2, therefore, is used as the AN-A1 network for
comparison with the full AN-CN-IC-A1 network.
AN-A1 Network Untrained: simple AN-A1 network tested on twelve exemplars of each of
the two vowels, /i:/ and /a/, before training.
Simple 4-Layer Feedforward Network: simple feed-forward four-layer network tested on
twelve exemplars of each of the two vowels, /i:/ and /a/, after training. The network was used
to test whether the mere presence of extra layers could account for the better performance of
the full AN-CN-IC-A1 network (see Section 3.9).
AN layer: input AN layer tested on twelve exemplars of each of the two vowels, /i:/ and /a/.
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An additional parameter search was run to test the e↵ect of di↵erent levels of
within-layer inhibition (wIE

ij ) in the output A1 layer of the network, as well as the
di↵erent ranges of a↵erent weight initialisation (wBL

ij ) on the performance of the
simple AN-A1 model on the two vowel discrimination task (see Fig. 3.7). No im-
provement on the maximal information magnitude of the main parameter search
was found, thus validating the earlier result that the best performing AN-A1 net-
work achieves no more than 0.6 bits of information on the two vowel discrimination
task. This is significantly below the theoretical maximum of 1 bit of information
on a two stimulus discrimination task. While one might think that the informa-
tion deficit could be the result of the simplicity of the chosen encoding scheme
(binary ’on/o↵’), this is in fact not the case, due to the following reasons: 1) the
full AN-CN-IC-A1 model is able to reach the theoretical maximum of 1 bit of in-
formation using the same simple ’on/o↵’ encoding scheme; 2) in later chapters we
will show that when the AN-A1 and the AN-CN-IC-A1 models are presented with
more complex stimuli and more complex information encoding schemes are tested,
the AN-CN-IC-A1 model still significantly outperforms the simple AN-A1 model,
thus supporting the hypothesis that the simple AN-A1 auditory brain model is
unable to learn invariant representations of auditory stimuli due to the presence of
AN jitter, which impedes STDP-based learning, since the only di↵erence between
the AN-A1 and the full AN-CN-IC-A1 models is the presence of jitter removing
stages CN and IC.
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Figure 3.7: Results of an additional parameter search for a simple AN-A1 neural
network model of the auditory brain. This parameter search was designed to test the role
of within-layer A1 inhibition (wIE

ij ) and di↵erent uniform distribution ranges used for the

a↵erent AN!A1 connection weight (wBL
ij ) initialisation on the network performance on

the two vowel discrimination task. The rows represent maximum single cell information
content within the output A1 layer when LTD magnitude (↵d) was varied for di↵erent
levels of inhibition (wIE

ij ) and a↵erents weight initialisation (wBL
ij ). The theoretical

maximum amount of information is 1 bit. Single cell information data is compared to
the best performing AN-A1 networks, which had inhibition (wIE

ij ) set to -6 nA and weight

initialisation range (wBL
ij ) set to [30, 35] nA. It can be seen that any other parameter

combinations result in worse network performance, thus validating the finding that the
best performing AN-A1 network achieves approximately 0.5 bits of information. Black
indicates no data due to inability of the network to complete a simulation because of
firing explosion in the output layer. Such a firing explosion happens when too many
AN!A1 a↵erents (wBL

ij ) strengthen too much, and is the reason why most of the data
corresponding to the [45, 50] nA a↵erents weight initialisation range is black.
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3.5 Quantifying Space and Time Jitter in the
Auditory Nerve

In order to quantify space and time jitter in the model AN, each of the twelve
exemplars of the two vowels /a/ and /i:/ were presented to the layer over 20
epochs as described in Chapter 2 Section 2.2.1. AN rasters in response to the
two vowel stimuli were binned within 1 ms bins. Whenever each of the 1 ms bins
contained one or more spikes, its spike count was set to one. The rasters were
used to calculate three scores to measure AN jitter: Same Exemplar, Di↵erent
Exemplars and Di↵erent Category Index (see Chapter 2 Section 2.10.3).

The three scores indicate how many spikes occur on average within 100 bins
with the most number of spikes in proportion to the maximum number of spikes
possible within a single bin. The higher the number, the more stable AN rasters
are, whereby they have spikes that appear at the same time and at the same place
for many stimulus presentations. Low numbers mean that space and time jitter
move spikes between stimulus presentations, resulting in unstable firing patterns
in the AN. Without jitter/stochasticity present in the AN, Same Exemplar Index
is expected to be the highest score, as AN rasters in response to the same auditory
input are expected to be very similar. The Di↵erent Exemplars Index is supposed
to be the second highest score, since AN responses to di↵erent exemplars of the
same stimulus are still expected to be quite similar to each other, but not as
much as the responses to exactly the same auditory input. Finally, the Di↵erent
Categories Index is supposed to be the lowest score, since AN rasters in response
to the exemplars of di↵erent stimuli are expected to be very di↵erent.

It was found that all three index scores were similar to each other (Table 3.3),
which suggests that jitter is present in the model AN. This AN jitter is strong,
since AN rasters in response to the same exemplar are almost as dissimilar to
each other as AN rasters in response to di↵erent exemplars of the same vowel.
Furthermore, AN rasters in response to the two di↵erent vowel stimuli are almost
as dissimilar to each other as those in response to di↵erent exemplars of the same
vowel.
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/i:/ /a/

Same Exemplar Index 0.45 0.57

Di↵erent Exemplars Index 0.52 0.63

Di↵erent Categories Index 0.42 0.42

Table 3.3: Same Exemplar, Di↵erent Exemplars and Di↵erent Category Indices mea-
suring space and time jitter within the auditory nerve.

3.6 Jitter Reduction in the Cochlear Nucleus and
Inferior Colliculus

As discussed above and in Chapter 2 Section 2.8 AN time and space jitter are
significant enough to potentially impair spike-timing dependent learning (STDP)
in the auditory cortex. It is hypothesised, therefore, that there needs to be an
intermediate stage before the auditory cortex where AN spike rasters are cleared of
jitter. This can happen through the following mechanisms: 1) information from a
number of AN fibers with similar characteristic frequencies is integrated in order to
remove space jitter; and 2) AN spike trains for each cell are synchronised, whereby
spikes are re-aligned to occur at set points in time rather than in continuous time,
thus removing time jitter.

It is hypothesised that time and space jitter removal occurs in the cochlear
nucleus (CN) and the inferior colliculus (IC). CN is well suited for the task, be-
cause it is the first central nucleus of the mammalian auditory system where all AN
neurons synapse, and it is the place where physiological diversity arises from essen-
tially homogeneous information from the AN through convergence, inhibition and
cell membrane specialisations (Ehret & Romand 1996, Frisina 2001, Irvine 1986,
Rhode & Greenberg 1992). The AN information is essentially divided into parallel
streams, each of which undergoes further processing before converging at the in-
ferior colliculus and then the auditory cortex (Lai et al. 1994). The CN has three
anatomical sub-divisions of cells with a↵erent connectivity and response properties
that suggest that they are well suited for the jitter removal task: the primary-like
with notch, chopper and onset neurons. While their general neurophysiology was
discussed in Chapter 1 Section 1.5.6, their properties in relation to time and space
jitter removal are discussed below. The initial jitter reduction produced within
the CN is finished within the IC, where the di↵erent sub-populations of the CN
are converged and integrated in such a way as to maximise the performance of the
CT learning mechanism for stimulus selective transform invariant auditory object
recognition. It is hypothesised that the following processes take place within the
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CN and IC: primary-like with notch or chopper cells (PLn/CH) within the CN re-
move space jitter, onset (ON) cells within the CN remove time jitter, IC produces
spike rasters with reduced space and time jitter by combining the a↵erent activity
from the PLn/CH and ON cells in the CN. The neurophysiological background to
support this hypothesis is discussed next.

3.6.1 Space Jitter Removal

Either chopper (CH) or primary-like with notch (PLn) neurons in the CN are
suitable for the space jitter removal task due to their similar a↵erent connectivity
patterns from the AN. Each PLn and CH cell receives a small number of a↵er-
ent connections from AN neurons with similar characteristic frequencies (CFs)
(Delgutte 1982, Ferragamo et al. 1998, Winslow et al. 1987). The incoming sig-
nals are integrated to produce regular spike trains (Fig. 3.8). The two types of
cells, however, have di↵erent intrinsic properties, with PLn cells showing strong
phase-locking to the stimulus (Joris & Smith 2008), while CH cells showing firing
patterns that reflect the amplitude of the stimulus without good phase-locking
(Koch et al. 1982, Winslow et al. 1987, Winter & Palmer 1990).

The results of a parameter search aimed at finding the optimal settings for
space jitter removal can guide the selection of either PLn or CH sub-populations
for the space jitter removal task, since the di↵erent response properties of the two
types of cells correspond to di↵erent regions of the same parameter space.

3.6.2 Time Jitter Removal

If strong inhibitory feedback is present in the PLn/CH layer, it may help remove
some of the time jitter by synchronising the firing of PLn/CH neurons. This
e↵ect, however, is not expected to be enough for complete time jitter removal,
which is hypothesised to be done by onset neurons in the CN. Onset cells are
relatively rare, constituting only 10% of the ventral CN (Rhode et al. 2010). They
have been estimated to each receive connections from up to 65 AN fibers across a
large area of the cochlea, which results in very broadly frequency tuned response
properties (Godfrey et al. 1975, Liberman 1993, Rhode et al. 2010). These cells are
characterised by fast membrane time constants, which makes them very leaky with
high spike thresholds. This means that onset cells require strong synchronisation
from many AN fibers with a wide range of CFs in order to produce a discharge
(Cant & Hyson 1992, Oertel et al. 2000, Osen 1969). In response to high-frequency
tones onset cells discharge once at the beginning of the stimulus independently of
the stimulus duration (Oertel et al. 2000). In response to a low-frequency tone up
to 500-800 Hz, onset cells generate a single spike at the beginning of the stimulus,
followed by a discharge to every cycle of the tone (Godfrey et al. 1975). Therefore,



3.6 Jitter Reduction in the Cochlear Nucleus and Inferior Colliculus 158

onset cells are expected to fire to every cycle of vowel fundamental frequency,
since the range of F0 is 80-280 Hz (Denes & Pinson 1993, Olive et al. 1993). This
is supported by neurophysiological evidence. For example, Winter et al. (2003)
reported that onset units with CF near F1 of vowel /a/ phase-locked to the vowel
fundamental frequency. This was not a↵ected by the addition of noise and was
not restricted to fibers with CFs between formants, like in the AN. This ability to
represent sound fundamental frequency comes from across-frequency coincidence
detection inherent to the onset cells (Bal & Oertel 2001, Ferragamo & Oertel 2002,
Golding et al. 1999, Kim et al. 1986, Palmer & Winter 1996, Rhode & Smith 1986).

It is hypothesised that the interplay between the onset cells in the CN and
the IC can help reduce time jitter. Since onset cells synchronise to the vowel
fundamental frequency, they can introduce regularly spaced strong a↵erent input
to the IC. If these a↵erent currents are sub-threshold, then their role within the
IC would be to prime the post-synaptic cells to discharge at times corresponding
to the cycles of vowel fundamental frequency. If the IC cells also receive a↵erent
connections from PLn/CH cells, then onset a↵erents will help synchronise PLn/CH
spike trains within the IC by increasing the likelihood of the IC cells firing at
the beginning of each fundamental frequency cycle. This would be the same as
snapping incoming PLn/CH spikes that occur during the time bins defined by
the vowel F0 to the edges of the bins (Fig. 3.8). The theoretical principles of
such an encoding scheme have been described by Hopfield (1995) in the context
of olfactory perception. Hopfield (1995) demonstrated that since stable spatio-
temporal patterns arise locally around each peak of the subthreshold oscillation
in the system, such a system is robust to the di↵erent oscillation frequencies and
the multiplicative scaling of the input currents. In the context of auditory object
recognition of the current thesis, such an encoding scheme means that the system
is robust to the di↵erent F0 frequencies and to the multiplicative scaling of the
PLn/CH!IC a↵erent connections (wBL

ij ). The robustness of the system to di↵erent
stimulus F0 will be demonstrated empirically in Chapter 6, where our model will be
shown to be capable of learning informative speaker-independent representations of
two naturally spoken words, ”one” and ”two”, pronounced by 94 di↵erent speakers
with di↵erent F0.
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(Image on previous page)
Schematic representation of space and time jitter removal by primary-like with notch
(PLn)/chopper (CH) and onset (ON) cells in the cochlear nucleus (CN) and inferior collicu-
lus (IC) cells. A - complex sound wave stimulus corresponding to vowel /i:/. Red vertical
dashed lines indicate the fundamental frequency (F0) of the vowel. B - schematic representation
of the spikes produced by five sets of auditory nerve (AN) fibers with shared respective charac-
teristic frequencies (CF1, CF2, ..., CF5) in response to the auditory stimulus shown in A. Each
group of AN fibers with the same CF consists of three neurons (a, b, and c). The spikes of AN
neurons in each group are corrupted with space and time jitter. ”Space jitter” refers to the fact
that neighbouring AN fibers have almost identical tuning properties so that an action potential
that might be expected at a particular fiber at a particular time may be observed in one of the
neighbouring fibers. When the amplitude of the sine wave reaches it’s peak around F0, any of the
three depicted AN fibers (a, b, or c) with similar characteristic frequency (CF) may fire. ”Time
jitter” arises when the AN fiber propensity to phase lock to temporal features of the stimulus
is degraded to a greater or lesser extent by poisson-like noise in the nerve fibers, refractoriness
and the neuron’s intrinsic firing properties. This stochastic delay in spike time is illustrated by
the di↵erence in spike times with respect to F0 within each CF group for the two di↵erent cycles
of the vowel. C - responses of five PLn/CH neurons receiving a↵erent connections from the AN
fibers within the di↵erent CF groups shown in B. Each PLn/CH fiber integrates the firing of all
the AN fibers within a group that shares a similar CF. It can be seen that space jitter is removed,
since the same AN fiber within each CF group reliably fires to every F0 peak of the auditory
stimulus. D - response of ON neurons receiving a↵erent connections from the AN fibers shown
in B. The ON neurons fire around the stimulus F0 peaks indicated by the red vertical lines. E
- adapted from Hopfield (1995). Responses of IC neurons. These neurons integrate the activity
received from the PLn/CH neurons (shown in C) and the ON neurons (shown in D). Input re-
ceived from the ON neurons creates subthreshold oscillation in the IC fibers. The input currents
of varying strength (wBL

ij ) from the PLn/CH neurons result in a reproducable spatio-temporal
pattern of firing with respect to the stimulus F0 oscillations due to the interactions of PLn/ON
inputs with the subthreshold depolarisation created by the ON inputs. Such an encoding scheme
is robust to the exact frequency of stimulus F0 (Hopfield 1995) .
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3.7 Full AN-CN-IC-A1 Model Architecture

The full AN-CN-IC-A1 spiking neural network model of the auditory brain consists
of four layers of spiking neurons as shown in Figure 3.9. In contrast to the simple
AN-A1 network described in Section 3.2, the full AN-CN-IC-A1 model includes
intermediate cochlear nucleus (CN) and inferior colliculus (IC) between the input
AN and output A1. In the brain sub-populations of the CN do not necessarily
synapse on the IC directly. Instead, they pass through a number of nuclei within
the superior olivary complex (SOC). The nature of processing done within the SOC
in terms of auditory object recognition (rather than sound localisation), however,
is unclear (see Chapter 1). The information from the di↵erent CN sub-populations
does converge in the IC eventually, and for the purposes of the current model we
model this convergence as direct. A similar simplified connectivity pattern (direct
CN-IC projections) was implemented by Meddis & O’Mard (2006) for their model
of the sub-cortical auditory brain (see Chapter 1 Section 1.6.2.1 for di↵erences
from our model). Similar reasoning applies when justifying our decision to skip
the thalamus and model the projections from the IC to A1 as direct.

The addition of the CN and IC is hypothesised to remove time and space jitter
present in the AN. Ventral cochlear nucleus consists of distinct sub-populations
of cells: the primary-like (PL), primary-like with notch (PLn), chopper (CH) and
onset neurons (ON), discussed in more detail in Chapter 1 Section 1.5.6. As men-
tioned above in Section 3.6, it is hypothesised that ON neurons help remove time
jitter, while either CH or PLn neurons primarily remove space jitter (see Section
3.6). PL neurons make up approximately 47% of the ventral CN in the brain (Win-
ter & Palmer 1990), suggesting that they might play a significant role in auditory
processing. Although their contribution to the preprocessing of AN discharge pat-
terns is perhaps less clear than that of the PLn/CH and ON subpopulations, PL
cells were included in the model architecture to investigate their e↵ect on auditory
class learning.

While the newly introduced CN is hypothesised to start the removal of time and
space jitter present in the AN, the IC is hypothesised to be the place where the jit-
ter removal is completed through the convergence of the di↵erent sub-populations
of CN neurons. The jitter free IC spike rasters can then serve as inputs to the A1.
Such architecture with the intermediate IC serving as the layer on which the dif-
ferent CN sub-populations converge is supported by neurophysiological evidence.
It suggests that the IC is the area where multiple auditory processing streams in
the brainstem converge, before moving up to the cortex (Portfors & Felix 2005).
The main projections to the IC have been reported to come from the cochlear
nucleus (Frisina et al. 1998), and it is suggested that the IC plays the role of a
’whiteboard’ on which acoustical information is written for use by the higher brain
areas, which is similar to the role of V1 in visual processing (Nelken 2008).
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The input AN cells of the full AN-CN-IC-A1 model are based on the auditory
nerve model by Zilany et al. (2009) (see Section 2.6), while the cells within the
remaining CN, IC and A1 layers are based on the model by Izhikevich (2003) (see
Section 2.9). The excitatory cells in layers CN and IC are modelled using type
G Izhikevich neurons, while the excitatory cells in A1 are modelled as type F
Izhikevich neurons to introduce adaptation. While there is no neurophysiological
evidence of inhibitory inter-neurons in the auditory nerve, such evidence exists for
the other model layers (Davis 2005, Needham & Paolini 2003, Razak & Fuzessery
2007, Winter & Palmer 1990, Zhang et al. 2003), which, therefore, contain both
excitatory and inhibitory neurons. The excitatory to inhibitory cell connectivity
within the CN, IC and A1 layers is the same as described for the A1 layer within
the simple AN-A1 model (see Section 3.2). Each of the three sub-populations of
cells within the CN layer implemented in this network has its own independent
pool of inhibitory cells.

As discussed in Chapter 1 Section 1.5.7, neurophysiological evidence suggests
that the nuclei of the superior olivary complex are primarily specialised for sound
localisation rather than identification. We, therefore, simplify these areas away
by modelling direct connections from the CN to the IC, resulting in the follow-
ing CN connectivity: each ON cell receives a↵erents from a number of randomly
distributed AN cells, and each ON cell synapses to all IC cells; and PLn/CH
cells have Gaussian topological a↵erent and e↵erent connectivity, whereby each
PLn/CH cell receives a↵erents from a larger topological region of the AN, and
each cell in the IC receives a↵erents from a smaller topological region of the
PLn/CH sub-population of the CN layer. Neurophysiological evidence suggests
that PL neurons receive strong one-to-one AN a↵erents, which synapse straight
onto the cell somata, thereby producing a high degree of fidelity in information
transmission from the AN fibers to the primary-like fibers (Blackburn & Sachs
1989, 1990, Palmer et al. 1986, Young & Sachs 1988). PL cells essentially tran-
scribe AN firing in the brain (Winter & Palmer 1990) and were, therefore, modelled
using strong (wBL

ij = 1000 nA) one-to-one AN!PL a↵erent connections and no
inhibition (wIE

ij = 0 nA) within the PL area.
The IC and A1 layers are fully connected using feed-forward connections (wBL

ij )
modifiable through spike-timing dependent plasticity (STDP) learning (see Section
2.3.2). The connections are initialised with a uniform distribution of axonal de-
lays (�ij) between 0 and 50 ms (see Section 2.4). Similarly to the reduced AN-A1
model, these delays might be axonal, dendritic, synaptic or due to indirect connec-
tions, but in the AN-CN-IC-A1 model, for simplicity, all delays were implemented
as axonal. The randomly chosen axonal delay matrix was fixed for all simulations
described in this chapter to remove the confounding e↵ect of di↵erent delay ini-
tialisation values on learning. The initial a↵erent connection strength magnitudes
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(wBL
ij ) were randomly initialised using values drawn from a uniform distribution.

Model parameters can be seen in Table 3.4.
The proposed model of the auditory brain, therefore, consists of areas AN,

CN, IC and A1. While the first two areas of the proposed model, AN and CN, are
modelled to closely resemble the real AN and CN, the higher areas IC and A1 are
meant to be more loose approximations of the higher parts of the auditory brain
hierarchy. The exact locations of the homologues of the modelled IC and A1 in
the brain are not stated. They could be a combination of neighbouring areas in
the brain (for example, IC may be an approximation of a combination of the real
SOC + IC + MGN; model A1 may be an approximation of the real MGN + A1).
The inclusion of these areas in the model, however, is paramount in order to allow
the model to learn robust representations of auditory objects, such as phonemes
or words. While this full AN-CN-IC-A1 model is necessarily a simplification of
the real auditory brain hierarchy up to the primary auditory cortex, we believe
that the model captures some of the core principles present in the brain and is
more biologically plausible than many previous attempts at modelling the auditory
brain using spiking neural networks (Appeltant et al. 2011, Coath et al. 2014,
Cohen et al. 2006, Maass et al. 2004, Nager et al. 2002). We, therefore, believe
that the model can be used to produce neurophysiologically testable hypotheses
about the computational mechanisms taking part in the auditory brain in order
to learn auditory categories.
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3.8 Optimising the Full AN-CN-IC-A1 Model

Before a parameter search could be run to optimise the performance of the full
AN-CN-IC-A1 model of the auditory brain for the two vowel discrimination task,
two additional parameter searches were conducted in order to find the settings
that achieve the desired jitter removal properties of the CN sub-populations.

3.8.1 Optimising Primary-Like With Notch/Chopper Cells

As mentioned in Section 3.6, both primary-like with notch (PLn) and chopper (CH)
cells receive a↵erent connections from a tonotopic region of the auditory nerve,
and are themselves topologically organised according to their preferred frequency
(PLn cells, however receive fewer a↵erents than CH cells). In order to model
this connectivity, each AN cell was assigned a PLn/CH cell as the centre of a
Gaussian distribution. The Gaussian was used to determine the probability of that
AN cell synapsing onto each of the PLn/CH cells. Each AN cell was assigned a
PLn/CH cell in an equidistant manner to uniformly cover the whole PLn/CH layer.
The variance of the Gaussian, determined by parameter �, a↵ects the number of
AN cells that each PLn/CH cell receives a↵erents from, with smaller values of
� resulting in fewer and more localised a↵erents and, therefore, more sharply
frequency tuned input.

The PLn/CH layer was made of 1000 Class 1 neurons as shown in Figure 2.12
(G) (Izhikevich 2003), and was initialised with Gaussian connectivity from the AN
layer. A parameter search was performed, whereby the values of �, the magnitude
of a↵erent connections from AN to PLn/CH cells (wBL

ij ), and the level of inhibition
(wIE

ij ) in the PLn/CH layer was varied. The parameters were evaluated based
on the PLn/CH layer performance on the space jitter removal task. Time jitter
removal could also be done by the onset sub-population of the CN, whereas space
jitter removal is hypothesised to only be done in the PLn/CH sub-population,
hence the performance of the layer on the space jitter removal task was considered
to be of the most importance for choosing the parameter settings (see Chapter 2
Section 2.8 for a reminder of our definition of space and time jitter). The ON layer
is not capable of space jitter removal, since all ON cells synchronise to the stimulus
fundamental frequency. The performance of the PLn/CH layer on the space jitter
reduction task was evaluated by calculating the amount of maximal single cell
information present in the firing of PLn/CH neurons. Information analysis was
chosen as an appropriate measure of PLn/CH layer performance, because, due
to the characteristics of PLn/CH cells described in Section 3.6, the more space
jitter they remove from the AN input, the more reliably and more selectively they
would respond to vowel formants, resulting in more single cell information about
the stimuli. Information analysis is not sensitive to time jitter present in the
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Figure 3.9: Schematic representation of the full AN-CN-IC-A1 model of the auditory
brain trained to discriminate between two vowels /a/ and /i:/. Blue circles represent
excitatory and red circles represent inhibitory neurons. The sparse connectivity between
the excitatory and inhibitory cells (wEI

ij ) within all layers is modelled as one-to-one
feed-forward connections from each excitatory cell to a corresponding inhibitory cell
(shown in black), and each inhibitory cell is fully connected to all of the excitatory cells
(wIE

ij ) within its layer (red connections). AN - auditory nerve; CN - cochlear nucleus
with three sub-populations of cells discriminated based on their connectivity: primary-
like with notch (PLn)/chopper (CH), primary-like (PL) and onset (ON); IC - inferior
colliculus; A1 - primary auditory cortex. The connections involving PLn/CH cells are
shown in blue (wBL

ij ). PLn/CH layer has Gaussian topological connectivity for both its
a↵erent and e↵erent connections, whereby each PLn/CH cell receives a↵erents from a
larger topological region of the AN (� = 26), and each cell in the IC receives a↵erents
from a smaller topological region of the PLn/CH CN (� = 2). The one-to-one a↵erent
and e↵erent connections involving PL cells are shown in pink (wBL

ij ). The connections

involving ON cells are shown in green (wBL
ij ), whereby each ON cell receives a↵erent

connections from a number of randomly distributed AN cells (sparsity=0.46), and each
ON cell synapses to all IC cells. The IC and the A1 layers are fully connected using
feed-forward connections with randomly initialised weights (wBL

ij ) and a distribution of
axonal delays (�ij). These feed-forward connections are modifiable through spike-timing
dependent plasticity learning.
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spiking of an individual neuron, because small di↵erences in the precise timing
of a spike are ignored when considering whether a neuron fires one or more spike
throughout the duration of a stimulus. Information analysis, however, is sensitive
to space jitter across neurons, since space jitter can a↵ect on/o↵ encoding of an
individual cell.

The performance of the PLn/CH cells in space jitter removal was tested using
a ten vowel recognition paradigm. The ten vowel paradigm was used instead of
the two vowel paradigm, because it was found that the two vowel task described in
Chapter 2 Section 2.2 was too easy to assess the space jitter removal performance
of the PLn/CH layer, since 1 bit of information was reached for many parameter
choices. Therefore, a di↵erent stimulus set was constructed using the Klatt synthe-
siser, whereby ten 100 ms long vowels with three exemplars each were synthesised.
The formant frequencies were taken from Peterson & Barney (1952) and are shown
in Table 2.1.

During testing the stimuli were presented in a similar fashion to that described
in Chapter 2 Section 2.2.1 over 80 epochs. The number of testing epochs was
increased from 20 for the two vowel paradigm to 80 for the ten vowel paradigm,
to allow enough sampling to reduce information bias. The maximum amount of
information necessary to perfectly di↵erentiate between ten vowels is log210 ⇡ 3.32
bits. Figure 3.10 illustrates the outcome of the parameter search. The colour of
each cell of the figure corresponds to the maximal single cell information reached
within the CH/PLn area when the AN-CH/PLn connections were initialised us-
ing the di↵erent combinations of parameters sampled during the grid search as
described above. It was found that the best parameter set reached 0.74 bits of
information (Table 3.5). It is interesting to note that no within-layer inhibition
(wIE

ij = 0 nA) was necessary for the CH/PLn neurons to reach their best space jit-
ter removal performance, which suggests that the CH/PLn layer of the model is not
a competitive layer and instead it acts as an integrator of firing from topological
regions of the AN.
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Figure 3.10: Parameter search results to determine the optimal topological Gaus-
sian connectivity (�) between the auditory nerve layer and the primary-like with notch
(PLn)/chopper (CH) sub-population of the cochlear nucleus using ten vowel discrimina-
tion task. The maximum theoretically possible single cell information for discriminating
between ten stimuli is 3.32 bits. The rows represent maximum single cell information
content within the PLn/CH layer when the � parameter of the Gaussian connectivity
was varied, while keeping the strength of the a↵erents (wBL

ij ) and the magnitude of in-

hibition (wIE
ij ) within the PLn/CH layer fixed. The maximum amount of information of

0.74 bits was reached for the parameters shown in Table 3.5. Black indicates no data.

I!E Connection Strength, wIE
ij (nA) 0

AN!PLn/CH Gaussian Connectivity � 26

AN!PLn/CH Connection Strength, wBL
ij (nA) [30, 35]

Table 3.5: Primary-like with notch/chopper cell parameters found to maximise the
amount of information about the identity of ten vowel stimuli.
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3.8.2 Optimising Onset Cells

As mentioned in Section 3.6, onset cells receive a↵erent connections from a large
number of AN fibers with di↵erent characteristic frequencies. Therefore, sparse
connectivity was used between the AN layer and the onset layer, and the sparseness
(the proportion of active synapses) was a parameter to be optimised. The onset
layer was made of 100 Class 1 neurons as shown in Figure 2.12 (G) (Izhikevich
2003). The lower number of cells within the onset layer was chosen to match
the neurophysiological findings that onset cells account for only 10% of all cells
in the cochlear nucleus. Apart from the sparseness of a↵erent connections, other
parameters searched were the strength of inhibition within the onset layer (wIE

ij ),
and the strength of AN-to-onset connections (wBL

ij ). The performance of onset
cells on the time jitter removal task was evaluated using the synchronisation index
described in Chapter 2 Section 2.10.2. The layer was tested in response to the
two vowel testing paradigm as described in Chapter 2 Section 2.2. Simulations
where onset cells fired less than once per stimulus presentation were excluded
from analysis. The results of the parameter search are illustrated in Figure 3.11,
which reveals that the best time jitter removal performance as quantified by the
synchronisation index of 0.79 was achieved with the parameters shown in Table
3.6.
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Figure 3.11: Parameter search results to determine the best connectivity between the
auditory nerve layer and the onset sub-population of the cochlear nucleus. The synchro-
nisation index ranging from 0 to 1 was calculated to measure the layer’s performance on
the two vowel discrimination task. Each sub-plot represents one part of the parameter
search, whereby the magnitude of inhibition within the onset layer (wIE

ij ) was fixed to
the value stated above the plot, while the sparseness of AN!ON connections (abscissa)
and the magnitude of AN!ON connections (wBL

ij ) (ordinate) varied. The sparseness
value indicates the proportion of AN!ON synapses set to 0. The maximum synchroni-
sation index of 0.79 was reached for the parameters shown in Table 3.6. Black indicates
no data.

I!E Connection Strength, wIE
ij (nA) -75

AN!ON Connection Sparseness 0.46

AN!ON Connection Strength, wBL
ij (nA) 21

Table 3.6: Onset cell parameters found to maximise the synchrony index in the onset
layer in response to the two vowel discrimination task. A↵erent connection sparseness
indicates the proportion of all synapses between the auditory nerve and the onset layers
set to 0.
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3.8.3 Neurophysiological Validity of the Cochlear Nucleus
Layer

In order to verify that the CN layer of the full AN-CN-IC-A1 model resembled
a real CN, the response properties of the three sub-populations of the model CN
were compared to the corresponding neurophysiological data.

3.8.3.1 Primary-Like Cells

Harmonic spectra of period histograms were plotted for the real and model PL
fibers (Fig. 3.12), illustrating the variation in neural responses as a function of
both the fiber characteristic frequency (CF) and the vowel formant frequencies.
Similarity between the real and model PL fibers’ response properties suggests that
the model’s performance is comparable to the neurophysiological data.
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Figure 3.12: Spectra (computed as Fast Fourier Transforms of period histograms)
of primary-like (PL) (left column) and chopper (CH) (right column) cochlear nucleus
neuron responses to a synthetic vowel /a/ generated using the Klatt synthesiser (Klatt
1980). The ordinate represents the level of phase-locking to the stimulus at frequencies
shown along the abscissa. Dotted lines show the positions of the vowel formant frequen-
cies F1 and F2. Data from chinchilla CN fibers reproduced from Recio & Rhode (2000)
is shown in solid blue. Data collected from the corresponding model CN fibers is shown
in dashed red. Similarity between the real and model fibers response properties suggests
that the models performance is comparable to the neurophysiological data.

3.8.3.2 Primary-Like With Notch/Chopper Cells

After fine tuning the parameters of the primary-like with notch (PLn)/chopper
(CH) sub-population within the CN layer of the full AN-CN-IC-A1 model for the
optimal performance on the space jitter removal task, the response properties of
the model PLn/CH neurons were compared to the response properties of the real
CH and PLn cells in order to determine whether they resembled real PLn or CH
cells more.

First, PLn/CH neurons’ response properties to a synthetic vowel /a/ were
compared to the real CH fibers’ response properties as reported by Recio & Rhode
(2000) (Fig. 3.12). Second, the responses of a PLn/CH layer cell were compared
to its neurophysiological PLn equivalent recorded from the cat CN in response to
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a 670 Hz pure tone as reported by Smith et al. (1991) (Fig. 3.13). Similarities
between the real CH and model PLn/CH fibers’ response properties, and dissimi-
larity between the real PLn and model PLn/CH fibers’ response properties suggest
that the parameter search has resulted in more CH-like response properties within
the PLn/CH layer. This layer will, therefore, be referred to as the CH layer from
now on.

Figure 3.13: Cell firing rasters for a cat PLn cell (Joris & Smith 2008) and a model
PLn/CH cell in response to 50 presentations of a 670 Hz pure tone. Red spikes indicate
that at least two spikes occurred within 50µs of each other in the raster. It can be seen
that the response properties of the real and model cells seem to di↵er - the real cell
shows strong phase-locking to the stimulus, which is not present for the model cell.
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3.8.3.3 Onset Cells

Since onset (ON) CN cells are relatively rare (about 10% of all CN neurons),
there is little neurophysiological data available for direct comparison with the data
collected from the model. Nevertheless, neurophysiological data suggests that ON
neurons phase-lock to the vowel fundamental frequency (F0) (Winter et al. 2003).
A periodogram of model ON neurons’ response properties to vowel /a/ is shown in
Figure 3.14. It can be seen that most neurons strongly synchronise to the vowel’s
F0 component of 100 Hz, therefore suggesting that the response properties of the
model ON cells are comparable to the neurophysiological data.

Figure 3.14: Periodogram of model onset fibers in response to a synthetic vowel /a/
(see Table 2.1). The abscissa represents time in ms of a stimulus period. The ordinate
represents the population of onset (ON) cells within the cochlear nucleus. Since the
fundamental frequency (F0) of the vowel is 100 Hz, each period is 10 ms long. The
periodogram shown is generated using a 400 ms long presentation of vowel /a/ to the
network. It can be seen that ON cells phase-lock to the F0 of the vowel and fire at a
regular interval of approximately 10 ms long.
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3.8.4 Cochlear Nucleus to Inferior Colliculus Connectivity

The excitatory feed-forward connections between the three di↵erent sub-populations
of the CN (PL, CH and ON) and the IC were chosen in a heuristic manner, since
a parameter search would have been too computationally expensive. The con-
nections from the primary-like neurons up to the IC cells were modelled to be
one-to-one, similar to the primary-like a↵erent connections from the AN.

The role of onset cells is hypothesised to be time jitter removal through sub-
threshold activation of all IC cells at times phase-locked to the fundamental fre-
quency of vowels. Therefore, full connectivity between each onset cell and all IC
cells was chosen as the most appropriate connectivity scheme.

The connectivity between chopper (CH) and the IC layers was chosen to be
Gaussian topological (same as the AN to CH connectivity), however � was set to
2. A narrow Guaussian was used to maintain the space jitter removal properties
of CH cells in the IC. While one-to-one connectivity would have preserved CH
outputs perfectly, it was not used, because there is no neurophysiological evidence
for one-to-one connectivity between CH cells and IC cells.

3.8.5 Optimising STDP and Finding Minimal Layer Set
for Full AN-CN-IC-A1 Model

Once the optimal parameters for the CH and ON layers were found, the perfor-
mance of the full AN-CN-IC-A1 network was evaluated on the same two vowel
recognition paradigm as the simple two-layer AN-A1 model (Chapter 2 Section
2.2). Certain model parameters were varied to find the architecture with the best
performance on the task as quantified by single cell information analysis of neu-
rons in the output A1 layer. The parameters modified were the a↵erent connection
weights to the IC layer from the CH, ON and PL sub-populations within the CN
layer (wBL

ij ), the strength of inhibition within the IC layer (wIE
ij ), the strength of

a↵erent connections from the IC to the A1 layer (wBL
ij ), and the STDP parameters

for the modifiable connections between IC and A1 (⌧p, ⌧d, ↵p and ↵d) (see Table
3.4 and Figure 3.9).

During the parameter search the relative strength of the a↵erent connections
from the three CN sub-populations (PL, CH and ON) to the IC (wBL

ij ) were varied
from 0 up to a level found to be adequate through exploratory testing, whereby the
maximum level of ON a↵erents was set to the maximum sub-threshold level, while
the maximum levels of PL and CH a↵erents were set to the level that transcribed
their firing onto the IC layer in the presence of no other input. The parameter
search, therefore, investigated both the optimal STDP parameters, and the optimal
levels of convergence of the three sub-populations of the CN on the IC.

The parameter search revealed that the full AN-CN-IC-A1 model performed
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significantly better on the two vowel recognition task than the best simple AN-A1
model described in Section 3.2, whereby a full 1 bit of information was reached
(see Fig. 3.15).

The optimal parameters for the full AN-CN-IC-A1 model are shown in Table
3.7. It can be seen that the network reaches its best performance when no within
layer inhibition is present in the IC layer (wIE

ij = 0 nA), which suggests that the
IC layer is not a competitive layer and instead it acts as an integrator of firing
from the CN sub-populations. Neurophysiological evidence suggests that within-
layer inhibition exists in the IC, and that di↵erent neuron types emerge based on
the shape of the inhibitory sidebands of their tuning curves (Egorova et al. 2001,
Gonzlez-Herndez et al. 1996, Vater et al. 1992). This literature also suggests that
some IC neuron types in the brain may be less a↵ected by inhibition than others,
and it may be that those neurons are the ones being modelled the closest by the
IC neurons of the full AN-CN-IC-A1 model.

It can be seen in Table 3.7 that all three CN sub-populations - the primary-like
(PL!IC), the chopper (CH!IC) and the onset neurons (ON!IC) - have non-
zero a↵erent connection strength magnitudes (wBL

ij ). This supports the hypothesis
that all three sub-populations of the CN are necessary to remove space and time
jitter and enable STDP-based learning . In order to verify that all of these sub-
populations are necessary to enable the network to reach full information about
the two vowel stimuli, each of the three CN sub-populations were knocked out one
by one, the network was re-optimised and the change in the maximum single cell
information within the best performing network output A1 layer was measured
(see Table 3.8). It can be seen that knocking any part of the CN out results
in a significant drop in maximum single cell information within the A1 layer,
hence supporting the hypothesis that all three sub-populations are important and
necessary for invariant auditory object learning.

It is interesting to note that information reaches the theoretical maximum of 1
bit in the IC layer but drops in the A1 layer of the full AN-CN-IC-A1 model when
either PL or PL and ON sub-populations of the CN are knocked out (rows 3-4
in Table 3.8). As mentioned in Section 3.8.1 the two vowel recognition task was
too easy for the CH layer, hence the full 1 bit of information was reached by CH
neurons. Since CH!IC a↵erent connections were strong enough to transfer the
firing pattern to the IC, a full 1 bit of information was achieved by the IC when PL
and ON sub-populations of the CN were knocked out. The reason why information
content dropped in the A1 level is because without the ON sub-population time
jitter was not removed, and therefore A1 learning from the IC input was impaired.
In the condition when only the PL sub-population was knocked out, both space
and time jitter was removed in the IC layer due to the presence of a↵erents from
both the CH and ON sub-populations of the CN. A full 1 bit of information
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Figure 3.15: Parameter search results to determine the best connectivity between the
three sub-population of the cochlear nucleus (CN) - the chopper (CH), onset (ON) and
primary-like (PL) neurons - and the inferior colliculus (IC) (wBL

ij ). The parameter search

also investigated the best level of inhibition within the IC (wIE
ij ), and the appropriate

level of LTD (↵d). The two vowel discrimination task was used, with maximum theoreti-
cally possible single cell information of 1 bit. The performance of the model was assessed
by the maximal amount of single cell information reached within the output A1 layer.
Sub-plots A-C show di↵erent sorted orders of the same data to illustrate the e↵ect of
varying the a↵erents’ strength from the CH, PL and ON layers. The rows represent
maximum single cell information content within the A1 layer when the relative strength
of a↵erents (wBL

ij ) of the three CN sub-populations were varied while keeping the magni-

tude of inhibition within the IC (wIE
ij ) and the LTD magnitude between the IC and A1

layers (↵d) fixed. A: data sorted by the magnitudes of CH-IC a↵erents (wBL
ij ); B: data

sorted by the magnitudes of PL-IC a↵erents (wBL
ij ); C: data sorted by the magnitudes

of ON-IC a↵erents (wBL
ij ). Transparent plots at the bottom of each heat plot indicate

the strength of a↵erents (wBL
ij ) from the CH, ON and PL layers for each simulation.

The maximum amount of information of 1 bits was reached for the parameters shown in
Table 3.7. Black indicates no data due to restricted sampling.
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IC-A1 LTD Magnitude, ↵d -0.015

IC I!E Connection Strength, wIE
ij (nA) 0

CH!IC Connection Strength, wBL
ij (nA) 400

ON!IC Connection Strength, wBL
ij (nA) 3

PL!IC Connection Strength, wBL
ij (nA) 400

Table 3.7: Parameters found to maximise the amount of information about the identity
of two vowel stimuli within the full AN-CN-IC-A1 model of the auditory brain shown
in Figure 3.9. The four layers are: AN - auditory nerve; CN - cochlear nucleus with
three sub-populations of cells discriminated based on their connectivity: chopper (CH),
primary-like (PL) and onset (ON); IC - inferior colliculus; A1 - primary auditory cortex.

was reached within the IC due to strong a↵erent connections from the CH layer,
which was not disturbed by noise from the PL layer. The reason why there was
a reduction in information content within the A1 layer is because without the
additional input from the PL sub-population there was nothing to provide the A1
layer with a background level of activation, and therefore the A1 neurons simply
failed to fire to certain stimulus presentations, hence resulting in reduced learning.
Stronger initialised IC!A1 a↵erents (wBL

ij ) could potentially remove the need for
the PL input. Informal tests and simple AN-A1 model parameter search (Fig.
3.7), however, showed that IC!A1 a↵erents initialised from a [30, 35] nA uniform
distribution (wBL

ij ) produced the best network performance.
It is interesting to note that the amount of information retained by the model

depended significantly on CH cells, with the average amount of information in-
creasing with the increasing CH a↵erent connection strength (CH!IC wBL

ij ) (see
Fig. 3.15 (A)). This is hypothesised to be due to the fact that CH pre-processing
results in the highest increase in information content compared to that of the AN
fibers out of all three sub-populations of the CN. Stronger CH!IC a↵erent con-
nections, therefore, transfer more of this information to the IC layer. Figure 3.15
(B) suggests that the opposite is true for the primary-like population, whereby the
stronger their a↵erents are (PL!IC wBL

ij ), the less information is retained by the
network. This could be because stronger PL!IC a↵erents re-introduce too much
noise to the IC firing. Some input from the primary-like population is nevertheless
necessary for learning. There seems to be no linear correlation between the onset
a↵erents’ strength (ON!IC wBL

ij ) and the amount of information retained by the
network (Fig. 3.15 (C)). Instead it seems like the network performance increases
as the sub-threshold level of activation from the ON sub-population grows up to
a particular level (3 nA for the ON!IC a↵erent connections (wBL

ij )), with further
increase in the strength of the ON!IC a↵erent connections resulting in reduced
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Chopper Onset Primary-Like IC Information (bit) A1 Information (bit)

0.87 1

- 0.92 0.93

- 1 0.89

- - 1 0.81

- 0.64 0.36

- - 0.18 0.18

- - 0 0

Table 3.8: Maximum single cell information within the output A1 layer of the best
performing re-optimised full AN-CN-IC-A1 model when di↵erent CN sub-populations
of neurons (chopper, onset or primary-like) are selectively knocked out. Theoretical
maximum for the single cell information measure for two stimuli is 1 bit.

information within the A1 level.
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3.9 Simple Four-Layer Model

In order to confirm that jitter removal done by chopper (CH) and onset layers
followed by the integration within the IC, rather than the pure addition of extra
layers, was the reason why the four layer AN-CN-IC-A1 network performed better
than the two layer AN-A1 network, an extra simulation study was performed. A
new simple four-layer fully connected model without the detailed CH, ON, PL
micro-structure converging on the IC was tested.

The new simple four-layer model was initialised with randomly initiated weights
(wBL

ij ) and delays (�ij) between each of the layers, and with STDP-based learning
for the Layer 3!A1 connections (see Fig. 3.16 and Table 3.9). Since parameter
searches for both the simple two-layer model and the complex four-layer model re-
vealed that similar STDP parameters result in best performance of both networks,
an average of these parameters was used for the simple four-layer model (see Table
3.10). The reason why STDP-based learning was used only between the last two
layers of the simple four-layer model is because learning was only implemented
for the IC!A1 connections (wBL

ij ) in the full AN-CN-IC-A1 network described in
Section 3.7. The magnitudes of between layer connections (wBL

ij ) were chosen to
ensure that the rate of firing in the third layer is similar to that of the IC layer
of the full AN-CN-IC-A1 model (approximately 9 Hz). Such weight adjustment
to ensure the correct firing rate within a layer was implemented in previous mod-
elling work, and was named activity dependent scaling (Evans & Stringer 2012,
van Rossum et al. 2000).
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Figure 3.16: Schematic representation of the simple four layer model of the auditory
brain. This architecture was used to test whether the mere presence of extra pre-cortical
layers, that is without necessarily having the complex CH, ON, PL micro-structure con-
verging into the IC, helped the four-layer AN-CN-IC-A1 model described in Section 3.7
learn to discriminate between two vowels /a/ and /i:/. Blue circles represent excita-
tory and red circles represent inhibitory neurons. The sparse connectivity between the
excitatory and inhibitory cells (wEI

ij ) within all layers is modelled as one-to-one feed-
forward connections from each excitatory cell to a corresponding inhibitory cell (shown
in black), and each inhibitory cell is fully connected to all of the excitatory cells within
its layer (wIE

ij ) (red connections). Each of the four layers are fully connected using

feed-forward connections with randomly initialised weights (wBL
ij ) and a distribution of

axonal conduction delays (�ij) . Feed-forward connections between the last two layers
are modifiable through spike-timing dependent plasticity learning.
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AN-A1
Model

AN-CN-IC-A1
Model

Simple
4-Layer
Model

Spike Rule nearest nearest nearest

STDP Rule mixed mixed mixed

LTP Time Constant, ⌧p (ms) 15 15 15

LTD Time Constant, ⌧d (ms) 25 25 25

LTP Magnitude, ↵p 0.005 0.005 0.005

LTD Magnitude, ↵d -0.02 -0.015 -0.017

Table 3.10: Optimal STDP parameters for the simple AN-A1 model, the full AN-CN-
IC-A1 model, and the simple 4-layer model of the auditory brain. Since the parameters
for the AN-A1 and AN-CN-IC-A1 models are very similar, the same STDP parameters
were assumed to be optimal for a simple four-layer model. The small discrepancy in the
LTD magnitude (↵d) between the AN-A1 and the AN-CN-IC-A1 models was solved by
taking the average of the two values as LTD magnitude for the simple four-layer model.

It can be seen that a simple four-layer network achieves very little information,
i.e. 0.28 bits maximum (see Fig. 3.6). This suggests that purely adding extra layers
does not help with invariant auditory object representation learning. This further
supports the hypothesis that space and time jitter reduction, as performed by the
CH and ON neurons in the cochlear nucleus, and finished through the integration
within the IC, is necessary for such learning to occur.



4
The Role of Subcortical Processing in
Auditory Category Learning: Results

4.1 Introduction

Two models of the auditory brain were described in Chapter 3: the simple AN-A1
model and the full AN-CN-IC-A1 model with extra sub-cortical pre-processing.
Both models were evaluated on the same two vowel discrimination task, and after
extensive parameter searches it was shown that the simple AN-A1 model does not
achieve more than 0.6/1 bits of information, while the full AN-CN-IC-A1 model
reaches the full 1/1 bits. It was hypothesised that this was due to the disruptive
nature of jitter present within the AN, which impedes continuous transformation
(CT) STDP-based learning in building transform invariant representations of the
two vowel stimuli in the simple AN-A1 model. It was hypothesised that the two
sub-populations of the cochlear nucleus (CN) present in the full AN-CN-IC-A1
model, the chopper (CH) and onset (ON) neurons, and the specialised integration
of their a↵erent firing input within the inferior colliculus (IC) help remove AN
jitter and therefore enable CT STDP-based learning .

This chapter investigates the role of the CN and IC in enabling transform
invariant learning of auditory objects. First, the firing patterns within the IC are
compared to those within the AN to confirm jitter reduction produced by the sub-
cortical pre-processing within the full AN-CN-IC-A1 model. Then the response
properties of the CH and ON sub-populations of the CN layer of the AN-CN-IC-

184
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/i:/ /a/

AN IC AN IC

Same Exemplar Index 0.45 0.90 0.57 1

Di↵erent Exemplars Index 0.52 0.91 0.63 1

Di↵erent Categories Index 0.42 0.67 0.42 0.67

Table 4.1: Same Exemplar, Di↵erent Exemplars and Di↵erent Category Indices mea-
suring space and time jitter within the auditory nerve (AN) and inferior colliculus (IC)
layers of the full AN-CN-IC-A1 model of the auditory brain.

A1 model of the auditory brain are analysed in more detail. This is followed by
the analysis of the performance of the simple AN-A1 and the full AN-CN-IC-A1
models to understand how information encoding changes throughout the di↵erent
layers of the models and how the di↵erent response properties in their output layers
emerge. The e↵ect of variations in certain parameters on the network performance
is also discussed.

4.2 Analysing Space and Time Jitter Removal in
the Cochlear Nucleus

In order to test whether the optimised full AN-CN-IC-A1 spiking neural network
model of the auditory brain described in Chapter 3 Section 3.7 was able to learn
transform invariant representations of two vowels, /i:/ and /a/, due to space and
time jitter removal by the chopper and onset sub-populations within the cochlear
nucleus followed by further pre-processing through the integration of the a↵erent
signals from the CN within the inferior colliculus (IC), jitter scores were compared
between the input auditory nerve (AN) and the IC layers (see Chapter 2 Section
2.10.3 for the description of jitter measurement). Table 4.1 demonstrates that the
amount of jitter is almost completely reduced in the IC layer, whereby IC rasters in
response to the di↵erent presentations of the same vowel exemplar, or in response
to di↵erent exemplars of the same vowel, contain spikes that almost always appear
in the same place and at the same time. Furthermore, it can be seen in Figure 4.1
that the overlaid spike rasters of all presentations of all exemplars for each of the
two vowel stimuli are qualitatively similar for the AN and the IC layers, however
the AN versions are more blurry than the IC versions, indicating the presence of
substantial jitter in the AN.

The synchrony index was also calculated for the di↵erent layers within the
network (see Fig. 4.2). It can be seen that synchrony is increased throughout the



4.3 Understanding the Role of Chopper Cells in Space Jitter Removal 186

Figure 4.1: Spike rasters of AN and IC layers of the full AN-CN-IC-A1 model of the
auditory brain in response to the two vowel discrimination task. Each raster shown is
the sum of rasters in response to 20 presentations of all 12 exemplars for each vowel.
The maximum number of spikes within each 1 ms time bin is therefore 240. It can be
seen that the IC rasters are less noisy compared to the AN rasters. Furthermore, some
bins in the IC rasters contain up to 240 spikes, thus providing evidence for the presence
of stable jitter free spikes within the IC layer.

hierarchy of the auditory model, suggesting time jitter removal.

4.3 Understanding the Role of Chopper Cells in
Space Jitter Removal

In order to understand the role of chopper cells better, the following analysis was
performed. Bar plots were drawn for each cell in the AN and in the CH layers,
whereby each bar indicated the cell’s rate of firing in response to each of the 12
exemplars of each of the two vowel stimuli averaged over 20 presentation epochs.
Figures 4.3 and 4.4 show that while cells in the AN layer tend to fire to both
stimuli, which is also reflected in poor information analysis scores, the behaviour
of chopper neurons is di↵erent. The responses of CH cells change from not firing to
either vowel, to selectively firing to one or the other vowel. It appears that chopper
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Figure 4.2: Graph depicting changes in three metrics throughout the hierarchy of the
full four-layer AN-CN-IC-A1 spiking neural network model of the auditory brain. The
three metrics are: the amount of maximum single cell information (green), synchroni-
sation index (blue) and average firing rate (red) in response to the twelve exemplars of
each of the two vowel stimuli. The regression lines (dashed) show that synchronisation
and the maximal amount of single cell information increase throughout layers, while
the average firing rate decreases. This is in line with neurophysiological findings (Ito &
Fukushima 1988, Kurogi 1991, Steinschneider et al. 1990). CH, ON and PL are parallel
sub-populations of the CN. ON information is 0 bits, since it does not carry any infor-
mation about the vowel class identity. Instead ON cells purely phase-lock to the vowel
F0. PL sub-population essentially transcribes the AN, hence its information content is
identical to AN.

cells amplify strong responses and dampen weak responses within the AN, thus
acting like highpass filters. This happens because chopper cells receive tonotopic
AN a↵erents, have high firing thresholds, and act like coincidence detectors. These
properties ensure that chopper cells only fire when a large number of neighbouring
AN cells discharge synchronously, which happens when AN fibers respond to vowel
formants, which have relatively high amplitudes, and thus result in high rates of
firing in the corresponding parts of the AN. Therefore, the chopper layer transforms
areas of high firing within the AN into regular spike trains of a small subset of
chopper cells.
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Figure 4.3: Average firing responses of 1000 AN fibers of the full AN-CN-IC-A1 model
of the auditory brain to twelve exemplars of each of the two vowel stimuli, /a/ and /i:/.
Each bar plot represents the response properties of one AN cell. Each bar plot contains
twelve bars above the abscissa and twelve bars below the abscissa. The magnitude of each
bar represents the average number of spikes elicited by the cell when presented with each
of the twelve corresponding exemplars of the two vowels. Red bars represent exemplars
of /a/ and blue bars represent exemplars of /i:/. It can be seen that while some cells
prefer one stimulus over the other by responding on average more to its exemplars, no
cell appears to respond to only one stimulus preferentially, i.e. by not responding to any
of the exemplars of the other stimulus.
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Figure 4.4: Average firing responses of 1000 chopper cells within the cochlear nucleus
layer of the full AN-CN-IC-A1 model of the auditory brain to twelve exemplars of each of
the two vowel stimuli, /a/ and /i:/. Each bar plot represents the response properties of
one chopper cell. Each bar plot contains twelve bars above the abscissa and twelve bars
below the abscissa. The magnitude of each bar represents the average number of spikes
elicited by the cell when presented with each of the twelve corresponding exemplars of
the two vowels. Red bars represent exemplars of /a/ and blue bars represent exemplars
of /i:/. It can be seen that while some cells do not fire at all (dotted lines), and some fire
to both stimuli, there are a number of cells that fire to only one stimulus preferentially,
whereby not responding to any of the exemplars of the other stimulus. Such cells exist
for both of the two vowel stimuli.
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4.4 Comparing AN-A1 and AN-CN-IC-A1 Mod-
els

4.4.1 Change in Information Due to Training

It has been shown that the full AN-CN-IC-A1 auditory brain model with CN and
IC layers between the input AN and the output A1 layers is able to reach the
maximum of 1 bit single cell information when presented with twelve exemplars of
each of the two vowel stimuli, /a/ and /i:/. The simple AN-A1 network was not
able to match this performance, reaching approximately 0.57 bits of information at
most. In order to verify that the performance of either of these two models was the
result of training, rather than inherent network properties, single cell information
was calculated for the un-trained models in response to the same stimuli. Figure
3.6 illustrates that training significantly increases the amount of information within
both of the networks. Furthermore, the amount of information in the A1 layer of
either network is more than that of the input AN layer, which suggests that some
useful learning is happening in the simple AN-A1 model, even if this learning is
not enough to fully di↵erentiate between the two vowels.

It is important to note the slope of the lines within Figure 3.6, since it indicates
how much information is retained within the top fifty most informative cells. The
more gradual the slope, the more informative cells the layer contains. If one cell
within a layer reaches maximal information, while the second most informative
cell has very little information (resulting in a very steep slope), such a represen-
tation would not be considered as good as a layer where no cell reaches maximal
information, but a large number of cells still have significantly large information
(resulting in a very gradual slope). This is because information encoding in the
brain needs to be very robust, and that can only be achieved if a large number
of cells learn distributed representations of the stimuli, compared to only one cell
learning everything, and other cells learning little. In the first scenario damage
to a few cells does not dramatically damage the organism’s ability to perform
recognition tasks, while in the second scenario damage to one cell can completely
disable this process.

4.4.2 Change in AN-CN-IC-A1 Model Response Proper-
ties Due to Training

Raster plots of the firing of neurons from the output layer of the full AN-CN-
IC-A1 model to the 20 exemplars of each stimulus before and after training were
plotted and are depicted in Figures 4.5-4.8. It can be seen that after training the
output layer cells from the full AN-CN-IC-A1 model that learnt transform invariant
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representations of the two vowels /i:/ and /a/ (cells 353 and 891 correspondingly)
fire to all presentations of all exemplars of their preferred stimulus and to very
few of the other stimulus exemplars (see Figs. 4.5 and 4.7). These cells also fire
primarily once during stimulus presentation and their spike times are precisely
aligned.

In contrast to the trained behaviour, before training cells 353 and 891 have
similar response properties to both vowel stimuli (Figs. 4.6 and 4.8). It can be
seen that before training both cells fire to both stimuli indiscriminately, thus pro-
viding no information about the identity of the stimulus, their firing rate is much
higher than after training and they discharge at random times throughout the
presentation of the stimuli. By contrasting the spiking behaviour of the two cells
before and after training, it can be seen that network training had a significant
e↵ect on the emergence of auditory object selectivity and invariance within the
network output layer.

The raster plots shown in Figures 4.5-4.8 demonstrate that in general before
training A1 cells fire more, they fire at random times and they fire to di↵erent ex-
emplars of both stimuli. After training, however, the cells fire typically only once
during each stimulus presentation, the time of their spike is more constant and
they are selective to one vowel, whereby they fire to most presentations of most
exemplars of one vowel, and to very few of the other. Further evidence for the
change in firing comes from calculating the average (median) rate of firing during
the di↵erent stages within the model hierarchy (see Fig. 4.2). It can be seen that
the rate of firing goes down throughout the hierarchy, supporting the neurophysio-
logical findings that neurons’ firing pattern changes from predominantly sustained
to predominantly transient in the auditory brain (Ito & Fukushima 1988, Kurogi
1991, Steinschneider et al. 1990). It is important to note here that on average the
rate of firing is reduced for all cells within each layer of the hierarchy, rather than
just the stimulus discriminating cells. This is important, because this means that
the hypothetical next readout stage of the auditory brain hierarchy will not be
overwhelmed by the high rate of firing of uninformative cells. On the contrary,
due to the nature of STDP, the rate of firing of uninformative cells falls more
than that of the informative cells due to the strong LTD (Masquelier et al. 2008).
Since uninformative cells do not take part in regularly repeating patterns of firing
by definition, their firing will essentially constitute background noise, which will
then be dampened through the strong LTD, thus enabling making the informative
spikes appear more prominent and hence easier to readout by the hypothetical
next area of the auditory brain.

In order to better understand the limitations of object selectivity and invari-
ance learning within the output layer of the simple AN-A1 model, raster plots in
response to the two vowel discrimination paradigm similar to the ones described



4.4 Comparing AN-A1 and AN-CN-IC-A1 Models 192

Figure 4.5: Response properties of cell 891 within the output A1 layer of the full AN-
CN-IC-A1 spiking neural network model of the auditory brain after training. Each plot
represents a raster of firing of the output layer cell 891 in response to twenty testing trials
of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be seen that
the cell responds to all presentations of all exemplars of /a/, while firing only once in
response to /i:/ (during the 18th epoch of the 9th exemplar of the vowel). Therefore, this
cell has learnt a transform invariant representation of the vowel /a/, which is reflected
in the 0.981/1 bits of information achieved by this cell in the two vowel discrimination
task. It can also be seen that the timing of firing of the cell is precise and exemplar
independent.
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Figure 4.6: Response properties of cell 891 within the output A1 layer of the full AN-
CN-IC-A1 spiking neural network model of the auditory brain before training. Each
plot represents a raster of firing of the output layer cell 891 in response to twenty testing
trials of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be
seen that the cell responds strongly to all exemplars of both vowels, thus providing no
information about the vowel identity. It can also be seen that the timing of firing of the
cell is random and the firing rate is high.



4.4 Comparing AN-A1 and AN-CN-IC-A1 Models 194

Figure 4.7: Response properties of cell 353 within the output A1 layer of the full AN-
CN-IC-A1 spiking neural network model of the auditory brain after training. Each plot
represents a raster of firing of the output layer cell 353 in response to twenty testing trials
of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be seen
that the cell responds to all presentations of all exemplars of /i:/, while firing only twice
in response to /a/ (during the 17th testing trial of the first exemplar and the 4th epoch
of the 11th exemplar of the vowel). Therefore, this cell has learnt a transform invariant
representation of the vowel /i:/, which is reflected in the 0.917/1 bits of information
achieved by this cell in the two vowel discrimination task. It can also be seen that the
timing of firing of the cell is precise and exemplar independent.
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Figure 4.8: Response properties of cell 353 within the output A1 layer of the full AN-
CN-IC-A1 spiking neural network model of the auditory brain before training. Each
plot represents a raster of firing of the output layer cell 353 in response to twenty testing
trials of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be
seen that the cell responds strongly to all exemplars of both vowels, thus providing no
information about the vowel identity. It can also be seen that the timing of firing of the
cell is random and the firing rate is high.
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in Section 4.4.2 were plotted. There were no cells that preferred vowel /a/ among
the top hundred output cells with most single cell information about the two vowel
stimuli. Any output cell in the simple AN-A1 model which fired to most exemplars
of vowel /a/ also fired strongly to vowel /i:/, resulting in very little information
content (see Fig. 4.9). Furthermore, output cells from the simple AN-A1 model
that had preference for vowel /i:/ also fired to many exemplars of the non-preferred
vowel /a/ (see Fig. 4.10). It can be seen that the output cells within the simple
AN-A1 model did not learn stimulus selective, transform invariant representations
of the two vowels, and their firing is randomly timed for di↵erent presentations of
the stimuli.
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Figure 4.9: Response properties of cell 198 within the output A1 layer of the simple
AN-A1 spiking neural network model of the auditory brain after training. Each plot
represents a raster of firing of the output layer cell 198 in response to twenty testing trials
of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be seen
that the cell responds similarly to both stimuli, whereby it fires to most presentations
of most exemplars of both /i:/ and /a/. This is reflected in the low 0.011/1 bits of
information achieved by this cell in the two vowel discrimination task, which is not
enough to discriminate between the two vowels. It can also be seen that the timing of
firing of the cell is not precise, with the cell firing at di↵erent times during di↵erent
presentations of the same stimulus.
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Figure 4.10: Response properties of cell 547 within the output A1 layer of the simple
AN-A1 spiking neural network model of the auditory brain after training. Each plot
represents a raster of firing of the output layer cell 547 in response to twenty testing
trials of one of the twelve exemplars of each of the two vowels, /i:/ and /a/. It can be
seen that the cell responds to all presentations of all exemplars of /i:/, however it also
fires in response to /a/. This is reflected in the 0.519/1 bits of information achieved
by this cell in the two vowel discrimination task, which is not enough to discriminate
between the two vowels. It can also be seen that the timing of firing of the cell is not
precise, with the cell firing at di↵erent times during di↵erent presentations of the same
stimulus.
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4.4.3 Preferred A↵erent Patterns for AN-A1 and AN-CN-
IC-A1 Models

It is of interest to visualise what particular auditory patterns the maximally in-
formative cells within the output A1 layers of the simple AN-A1 and full AN-
CN-IC-A1 models learnt to respond to. One instructive way in which this can be
done is by taking 50 ms worth of 1 ms binned AN or IC firing rasters (for the
simple and full model correspondingly) in response to the di↵erent stimulus trans-
form presentations that immediately precede the firing time bin of the chosen A1
cell (this is similar to spike-triggered average calculations). The AN or IC firing
rasters are transformed into a binary matrix form (Mic, where i is the index of
each spike emitted by each A1 or AN cell c in response to all exemplars of all
stimuli), whereby the dimensionality of the matrices is the same (1000 cells by 50
ms), and the matrix components corresponding to the time bins when particular
AN or IC cells fired are set to 1. These matrices are then summed (Mc =

P
i Mic)

and plotted to help visualise whether the maximally informative A1 cells within
the output layer of the simple AN-A1 and full AN-CN-IC-A1 models have learnt
to respond to stable a↵erent firing patterns (Figs. 4.11, 4.12, 4.13, and 4.14).

In order to understand which stable patterns of firing in the IC were learnt
by the A1 cells 353 (selective to vowel /i:/) and 891 (selective to vowel /a/), the
following calculations were done. First, the total number of times each of the two
output cells fired during testing was calculated (in response to the presentation
of the 20 testing trials of 12 exemplars of each of the two vowels). Then the
summed IC raster matrices, as described above, were analysed to determine how
often spikes appeared in di↵erent bins during the testing paradigm. If certain bins
contained as many spikes as the number of times their corresponding output cell
fired, then it is likely that the spikes in that bin caused the output cell to spike.
By examining IC bins with the most number of spikes, it is possible to determine
a potential stable temporal pattern of activity in the IC that a particular A1 cell
has learnt to respond to.

It was found that the A1 cell 353 fired 385 times and the A1 cell 891 fired 555
times during the presentation of the 20 testing trials of 12 exemplars of each of
the two vowels to the full AN-CN-IC-A1 model. When looking at the summed IC
raster matrix, the ten highest valued matrix components had between 84% (324)
and 100% (385) of all spikes emitted by the A1 cell 353, and between 78% (438)
and 90% (497) of all spikes emitted by the A1 cell 891, indicating that the IC
layer of the full AN-CN-IC-A1 model contains stable firing patterns during the
presentations of di↵erent exemplars of the stimuli over di↵erent epochs (see Figs.
4.11 and 4.12). This stability allows the A1 layer to learn stimulus selective and
transform invariant representations of the two vowels.

In contrast to the above, patterns of firing that cause activity within the most
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Figure 4.11: An aggregate representation of a↵erent firing received by cell 891 within
the output layer A1 of the full AN-CN-IC-A1 neural network model of the auditory brain
in response to the presentation of twelve exemplars of each of the two input vowels /i:/
and /a/. The a↵erent IC spikes were aligned on the spike time of neuron 891 in A1,
whereby neuron 891 would fire at the 51 ms time bin in the current plot. It can be seen
that while cell 891 fired 555 times during testing, the a↵erent cells fired up to 497 times,
indicating stable spiking patterns within the IC, which allow neurons in the A1 to learn
stimulus selective and transform invariant representations of vowels.

informative output layer cells from the simple AN-A1 model are less well defined
(see Figs. 4.13, and 4.14). A1 cell 547 fired 297 times and A1 cell 198 fired 482 times
during the presentation of the 20 epochs of 12 exemplars of each of the two vowels
to the simple AN-A1 model. The highest values of the AN firing raster matrix
components that cause cell 547 in A1 to discharge are between 51 (17%) and 54
(18%), and between 87 (18%) and 104 (22%) for the A1 cell 198, indicating that the
AN patterns are not stable during the presentations of di↵erent exemplars of the
stimuli over di↵erent epochs (see Figs. 4.13 and 4.14). This instability prevented
the A1 layer of the simple AN-A1 model from learning stimulus selective and
transform invariant representations of the two vowels.

Cells 891 and 353 were chosen arbitrarily as examples of informative A1 cells
within the full AN-CN-IC-A1 models, and their receptive fields (as characterised
by the matrices visualised in Figures 4.11 and 4.12) are not representative of all
informative A1 cells. Instead, a large variety of di↵erent receptive fields were learnt
in the A1.
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Figure 4.12: An aggregate representation of a↵erent firing received by cell 353 within
the output layer A1 of the full AN-CN-IC-A1 neural network model of the auditory brain
in response to the presentation of twelve exemplars of each of the two input vowels /i:/
and /a/. The a↵erent IC spikes were aligned on the spike time of neuron 353 in A1,
whereby neuron 353 would fire at the 51 ms time bin in the current plot. It can be seen
that while cell 353 fired 385 times during testing, the a↵erent cells fired up to 385 times
as well, indicating stable spiking patterns within the IC, which allow neurons in the A1
to learn stimulus selective and transform invariant representations of vowels.

Figure 4.13: An aggregate representation of a↵erent firing received by cell 547 within
the output layer A1 of the simple AN-A1 neural network model of the auditory brain in
response to the presentation of twelve exemplars of each of the two input vowels /i:/ and
/a/. The a↵erent AN spikes were aligned on the spike time of neuron 547 in A1, whereby
neuron 547 would fire at the 51 ms time bin in the current plot. It can be seen that
while cell 547 fired 297 times during testing, the a↵erent cells fired only up to 54 times,
indicating unstable spiking patterns within the AN, which prevented neurons in the A1
from learning stimulus selective and transform invariant representations of vowels.
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Figure 4.14: An aggregate representation of a↵erent firing received by cell 198 within
the output layer A1 of the simple AN-A1 neural network model of the auditory brain in
response to the presentation of twelve exemplars of each of the two input vowels /i:/ and
/a/. The a↵erent AN spikes were aligned on the spike time of neuron 198 in A1, whereby
neuron 198 would fire at the 51 ms time bin in the current plot. It can be seen that
while cell 198 fired 482 times during testing, the a↵erent cells fired only up to 104 times,
indicating unstable spiking patterns within the AN, which prevented neurons in the A1
from learning stimulus selective and transform invariant representations of vowels.

4.4.4 Changes in A↵erent Connections Strength Due to
Learning

When examining histograms and heat plots of all a↵erent connection weights (wBL
ij )

between the IC and A1 of the full AN-CN-IC-A1 model of the auditory brain be-
fore and after training (see Fig. 4.15 A-B), it can be seen that little learning
happened in the low characteristic frequency part of the layer, since most con-
nections remained within the [30, 35] nA range used for the a↵erent connection
strength initialisation. The part of the layer that corresponded to the vowel for-
mants (see Figure 3.3), however, changed significantly compared to the untrained
network. While most connections weakened due to random firing within the IC,
a large number of a↵erents strengthened up to the maximum of 60 nA (see Fig.
4.16, as these connections are hard to see in the histogram shown in Fig. 4.15 due
to the scale). These a↵erents connect the IC cells that took part in the regular
patterns of firing in response to the vowels to the A1 cells that have the right
distribution of delays to extract stable firing patterns from the a↵erent IC firing
raster (see Section 2.4). When compared to the best performing simple AN-A1
models (see Fig. 4.15 C-D), it can be seen that a di↵erent pattern of a↵erent con-
nection weights (wBL

ij ) emerges. One of the simple AN-A1 models did not get any
strengthening at all during training, while the other got too much, which resulted
in all a↵erents to certain A1 cells getting maximally strengthened. This makes
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such A1 cells non-discriminative, since any pattern of firing within the AN would
discharge these cells. In comparison, the maximally strengthened a↵erents within
the full AN-CN-IC-A1 model are randomly scattered within the upper half of the
IC-A1 connection weight matrix.
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Figure 4.15: A↵erent connection weight matrices (wBL
ij ) (left column) and histograms

(right column) for the output A1 layer. A: illustration of newly initialised a↵erent con-
nections for the output layer A1 of the simple AN-A1 and the full AN-CN-IC-A1 network
models. The numbers in parentheses indicate the maximal single cell information present
within the output layer of the two models respectively. B: illustration of the IC-A1 a↵er-
ent connections of the full AN-CN-IC-A1 model after training. C-D: illustration of the
AN-A1 a↵erent connections of the two best performing simple AN-A1 models of the au-
ditory brain after training. The number in parentheses indicates the maximal single cell
information present within the output layer of each corresponding model after training.
The maximal theoretical single cell information for a two vowel discrimination task is 1
bit. The plots illustrate how the distributions of the connection weights changed after
training. The extensive strengthening (C) or unimodal weakening (D) of the A1 connec-
tion weights results in uninformative cells within the A1 (maximum of 0.57 or 0.51 bits
respectively). A multimodal distribution of A1 connections, whereby most connections
weaken, while some get strengthened (B), results in maximally informative cells in the
A1 (full 1 bit of information).
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Figure 4.16: Histogram summarising the distribution of a↵erent connections (wBL
ij )

that were strengthened between IC and A1 layers of the full AN-CN-IC-A1 model of the
auditory brain when trained on the synthesised vowels /i:/ and /a/. Connections are
defined as strengthened if their magnitude is in the range (35, 60] nA, which is above the
upper bound of the uniform distribution used for the weight initialization (35 nA). It can
be seen that 548 a↵erents were strengthened maximally ([59, 60] nA). They correspond
to 6% of all strengthened a↵erents.
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4.4.5 Distribution of A↵erent Connection Weights for AN-
A1 and AN-CN-IC-A1 Models

When plotting the distribution of a↵erent connection weights (wBL
ij ) for the max-

imally informative cells, it can be seen that the output layer cells from the full
AN-CN-IC-A1 model that have learnt transform invariant representations of the
two vowels, /i:/ and /a/ (cells 353 and 891 correspondingly) have bimodal distribu-
tions of a↵erent connection magnitudes. Such bimodal distributions are indicative
of learning, because they could only arise if the output A1 layer was exposed to sta-
ble repeating patterns of IC firing embedded within noise during training. While
no noise was explicitly added to the auditory stimuli, not all spikes received by the
A1 were information bearing. Those other non-information bearing spikes then
essentially acted as statistically equivalent ’noise’ in which the stable repeating in-
formative patterns of firing were embedded. The interplay between such IC input
and the right STDP parameters would result in the weakening of the majority of
IC!A1 connections due to their exposure to this ’noise’ of non-informative spikes,
and the strengthening of some IC!A1 connections due to their exposure to the
information-bearing spikes making up the stable repeating patterns as described
by Masquelier et al. (2008).

It can be seen that a large number of connections from the IC layer to A1 cells
353 and 891 were weakened (wBL

ij < 30 nA), many connections remained within
the initialisation range (30  wBL

ij � 35 nA), and a number of connections from the
IC got strengthened (35 < wBL

ij nA) (see Fig. 4.17 top row). At the same time the
maximally informative output cells from the simple AN-A1 model have retained
their initial untrained unimodal shape of distribution of a↵erent connection weights
(wBL

ij ) from the AN, albeit with weakened majority of a↵erent connections from the
AN layer (see Fig. 4.17 bottom row). This is to be expected, since time and space
jitter make AN firing more random, which weakens the a↵erent connections due
to the stronger LTD compared to LTP, as necessary for CT STDP-based learning
.
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Figure 4.17: Histograms of a↵erent connection magnitudes (wBL
ij ) of four cells, 891 and

353 from the output A1 layer of the full AN-CN-IC-A1 network, and 547 and 198 from
the output A1 layer of the simple AN-A1 network. Cells from the full AN-CN-IC-A1
network have achieved almost perfect single cell information (0.981/1 bit and 0.917/1 bit
correspondingly) and have a bimodal distribution of a↵erent connection weights from the
IC, which is indicative of learning. Cells from the simple AN-A1 network have achieved
poor single cell information (0.519/1 bit and 0.011/1 bit correspondingly) and have
retained their initial untrained unimodal shape of distribution of a↵erent connection
weights from the AN, albeit most of the connections got weakened from their initial
magnitudes between 30 and 35 nA.
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4.4.6 Cell Response Properties Within the AN-A1 and
AN-CN-IC-A1 Models

Figure 4.18 illustrates how di↵erent cells within the output layers of the simple AN-
A1 model and the full AN-CN-IC-A1 model, as well as the input AN layer respond
to di↵erent exemplars of the two vowel stimuli. Each of the two vowels, /a/ and
/i:/, has twelve exemplars, and each exemplar is presented over twenty epochs,
resulting in the total of 240 presentations of each vowel. In order to visualise how
individual cells respond to these presentations, nested pie charts were created,
whereby each circle was divided into 240 segments, with each segment representing
a stimulus presentation. Filled in segments indicate that the cell fired at least once
to the particular stimulus presentation, and empty segments indicate that the cell
did not fire at all to the particular stimulus presentations. A cell with maximum
information about the two stimuli would have either the inner or the outer circle
fully filled, with the remaining circle completely empty, depending on the cell’s
stimulus preference. It can be seen that 20 most informative A1 cells of the full
AN-CN-IC-A1 network almost reach that level of performance (Fig. 4.18, C). The
network learnt selectivity for both input vowels, since cells are present that have
primarily green and primarily blue pie charts, representing invariant responses to
vowels /a/ and /i:/ correspondingly.

It can also be seen that cells from the output layer of the simple AN-A1 model,
as well as from the input AN layer, do not reach the maximum of 1 bit of infor-
mation. They have nested pie charts with both green and blue circles partially
filled, which indicates that those cells fire to some presentations of both stimuli,
and they are not able to provide enough information to detect which stimulus is
being presented (Fig. 4.18, A-B).

4.5 Understanding AN-CN-IC-A1 Model

4.5.1 Change in Information Within Layers of the AN-CN-
IC-A1 Model

The change in maximal single cell information throughout the di↵erent layers of the
full AN-CN-IC-A1 model can be seen in Figure 4.2. Overall information content
increases throughout the hierarchy of the model’s four layers, with the exception of
chopper cells, which reach full 1 bit of information. This, however, is an artefact of
the simplicity of the task and of the encoding scheme used (see Figs. 5.8 and 6.12 for
a demonstration of the increasing information throughout the hierarchy of the full
AN-CN-IC-A1 model when more complex stimuli and encoding schemes are used) .
Di↵erentiating between two vowels specifically picked because of their dissimilarity
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Figure 4.18: Schematic representation of response properties of 20 AN cells (A), A1
cells of the reduced AN-A1 network (B) and A1 cells of the full AN-CN-IC-A1 network
(C) containing the most single cell information about the identity of the two input vowels
/i:/ and /a/. The nested pie charts illustrate whether each cell fired to each of the 20
presentations of the 12 exemplars of each vowel, resulting in 240 segments. Coloured
segments represent at least one discharge in response to that stimulus presentation.
Blue pie charts represent responses to /i:/ and green pie charts represent responses to
/a/. The magnitude of single cell information for each cell is positively correlated with
the number of examples of the preferred stimulus class that the cell responds to, and
negatively correlated with the number of examples of the other (non-preferred) stimulus
class that the cell responds to. This is why the information of cell 224 (subplot C) is
lower than the information of cells 7 or 353. Even though cell 224 doesn’t respond to any
examples of the non-preferred vowel /a/, it responds to much fewer examples of vowel
/i:/ than cells 7 or 353, which results in less single cell information overall than cells 7
or 353.
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is a very simple task for the chopper layer to solve. This task, however, was
appropriate for testing the hypothesis that the sub-cortical pre-processing present
within the full AN-CN-IC-A1 model enables it to outperform the reduced AN-A1
model without such pre-processing on the auditory object transform invariance
learning task. Extensive parameter searches had to be run in order to test the
hypothesis, and the simple two vowel discrimination task chosen demonstrated
the di↵erence in the performances of the two models using the simplest (on/o↵)
encoding scheme and in the computationally cheapest way. As was mentioned in
Chapter 3 Section 3.8.1, the same chopper cells perform much worse on the harder
ten vowel discrimination task, reaching only 0.74 bits out of the maximal 3.32 bits
of information. Therefore, it is necessary to have subsequent layers learning from
chopper cell inputs in order for the network to solve tasks harder than the two
vowel test paradigm described in Chapter 3, which was chosen specifically for its
simplicity.

4.5.2 Analysing AN-CN-IC-A1 A↵erent Connections Strength
Changes Due to Training

In order to test whether the connections strengthened through learning within the
full AN-CN-IC-A1 model are indeed important for the transform invariant recog-
nition of the two vowel stimuli, the weight matrix of a↵erent connections (wBL

ij )
between the IC and A1 was shu✏ed and the performance of the network on the two
vowel recognition task was measured. It was found that the performance dropped
significantly (see Fig. 3.6). This suggests that the strengthening of connections
was indeed due to the network learning about the repeating patterns within the
IC layer in response to the presentation of the di↵erent stimuli. When the shuf-
fled network was allowed to learn again, its performance returned back to almost
perfect information (0.91 bits) (see Fig. 3.6).

4.5.3 Role of A↵erent Connections Strength Initialisation
Values for Learning

In order to check whether during training the network adapted its a↵erent weight
matrix (wBL

ij ) to represent the underlying structure of the input stimuli trans-
formed through the particular delay matrix (�ij), the IC-A1 weight matrix of the
originally trained full AN-CN-IC-A1 model was compared to that of the model re-
trained after IC-A1 weight shu✏ing. It was found that after weight shu✏ing 3.1%
of originally strengthened connections remained strengthened. This number rose
to 21.25% after re-training the network. Strengthened weights are defined as hav-
ing magnitude above 35 nA, which is the upper bound of the uniform distribution
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used for weight initialisation. Furthermore, among the top 100 most informative
cells within the originally trained A1 layer of the full AN-CN-IC-A1 model, 19%
remained within the top 100 most informative cells of the model re-trained after
weight shu✏ing (see Fig. 4.19). The reason why many of the same cells within
the output layer learn to represent the two vowel stimuli with high information
after the model is re-trained following weight shu✏ing is that the distribution of
heterogeneous axonal delays (�ij) between the IC and A1 was kept constant, thus
encouraging the same A1 cells to learn about the vowel stimuli despite the shu✏ed
a↵erent weight matrix (wBL

ij ). When examining the information content within
these cells, it can be seen that the re-trained model has more information on av-
erage, which could be due to the fact that the a↵erent weight shu✏ing preserves
the magnitude of the weights while changing their location. This could potentially
facilitate learning, meaning that the same 200 epochs of training as used during
the original training results in extra learning. It can also be seen that hardly any
information is preserved after shu✏ing the weights. Furthermore, the information
content within the two versions of the network is strongly correlated. Pearson
correlation was calculated for the data collected, whereby the two vectors used
in the calculation were the magnitudes of information content for the A1 cells in
the original AN-CN-IC-A1 network, and the AN-CN-IC-A1 network re-trained af-
ter weight shu✏ing, thus resulting in a repeated measures design. The Pearson’s
correlation was found to be 0.7346 (p < 0.001).

In another simulation, the original AN-CN-IC-A1 network was trained from a
naive randomly initialized state, whereby all the parameters, including the distri-
bution of heterogeneous axonal delays (�ij) between the IC and A1 layers, were
kept the same as in the original simulations. The only change was a di↵erent
random initialization of the a↵erent connection weights (wBL

ij ), albeit still drawn
from the same uniform distribution between 30 and 35 nA. It was found that 62%
of the top 100 cells with the most information content were the same in the out-
put A1 layer of the newly trained AN-CN-IC-A1 model and the original network
model, and the Pearson correlation between the information content vectors of
their corresponding A1 layers was 0.8385 (p < 0.001) (see Fig 4.20).

These results of the two simulations described above indicate that the initial
distribution of connection weights (wBL

ij ) has an e↵ect on the final network or-
ganisation, since other parameters between the two training conditions were kept
the same. When the two initialised weight vectors are similar (both drawn from
a narrow uniform distribution between 30 and 35 nA), the di↵erences in the final
network organisation and neurons’ stimulus selectivity profiles are little. Weight
initialisation drawn from very di↵erent distributions (uniform distribution between
30 and 35 nA, and complex distribution arising after training as seen in Fig. 4.16),
results in more profound changes in the stimulus selectivity profiles of the 100 most
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Figure 4.19: Amount of single cell information in the output layer of the full AN-
CN-IC-A1 model after original training, once its trained a↵erent connection weights
(wBL

ij ) were shu✏ed, and once the shu✏ed network was re-trained. Cells plotted are
the intersection of the top 100 most informative cells of the original and the shu✏ed re-
trained networks. Light blue shaded cells are also within the top 100 most informative
cells of the shu✏ed network before re-training. It can be seen that on average there is
more information present in the re-trained condition. Furthermore, it can be seen that
the correlation between the information magnitudes between the two networks is strong
(0.7346, p < 0.001).

informative output layer neurons (see Fig. 4.21). For example, it can be seen that
output neurons 152, 457, 558 and 578 are all among the 100 cells with the highest
amount of information within the output layer of both the original AN-CN-IC-
A1 network and the AN-CN-IC-A1 network re-trained after weight shu✏ing. The
stimulus preference of these cells, however, di↵ers dramatically between the two
networks. This change in stimulus selectivity arose due to the di↵erent distribu-
tions of initial a↵erent connection weights (wBL

ij ) between the two networks. It
has to be noted though, that the maximal single cell information magnitude in
the output layer of the AN-CN-IC-A1 network remains similar whether the net-
work was trained originally, re-trained after weight shu✏ing or trained with the
re-initialized a↵erent connection weights. The only thing that di↵ers is which cells
are among the top 100 most informative, and which stimulus these cells learn to
prefer.
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Figure 4.20: Amount of single cell information in the output layer of the full AN-
CN-IC-A1 model after original training, and after re-initialising the a↵erent connection
weights (wBL

ij ) and re-training the network. Cells plotted are the intersection of the top
100 most informative cells of the original and the re-trained networks. It can be seen
that on average information present in the two conditions is very similar. Furthermore,
it can be seen that the correlation between the information magnitudes between the two
networks is very strong (0.8385, p < 0.001).

When the response properties of the 19 common most informative cells before
shu✏ing and re-training and after are considered, it can be seen that while some
cells remain selective to the same vowel, others change (see Fig. 4.21). This could
be due to a number of reasons. First, it could be that weight shu✏ing changes
output cell a↵erents significantly, which means that the input pattern that used
to activate that cell does not do so anymore at the start of re-training. Hence, the
cell is not able to learn to respond to that pattern during re-training.

Furthermore, it may be that a cell has a combination of a↵erent weights and
delays which means that it can be selective to stable patterns within both vowel
stimuli. If nothing intervenes, such a cell would become one of the less informative
ones, since it would fire to all exemplars of both stimuli. However, it may instead
learn to be selective to only one of the stimuli if an appropriate number of other
output cells fire just before it, thus activating strong within-layer inhibition, which
in turn would prevent the original cell from firing in response to one of the two
stimuli. After such training, the cell in question would appear very informative,
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being selective to the exemplars of one vowel and not the other.
However, weight shu✏ing may disturb the configuration of a↵erent weights

(wBL
ij ) and delays (�ij) that activated the right number of other output cells just

before the cell under question would fire to a particular stimulus. During the
original training condition such activation of other output cells was preventing
the cell under question from firing to exemplars of one of the two stimuli through
strong within-layer inhibition (wIE

ij ). If this mechanism gets broken through weight
shu✏ing, the cell under question would fire to both stimuli, thus changing from a
very informative cell after original training, to an uninformative cell after weight
shu✏ing. The cell under question may also change its stimulus preference after
weight shu✏ing through the same process if the appropriate within-layer inhibition
for the originally preferred stimulus gets switched on, while within-layer inhibition
for the other stimulus gets switched o↵.

4.5.4 Weight Convergence During Training

When IC-A1 weight matrices (wBL
ij ) are compared at di↵erent snapshots spaced

20 s apart during training (lasting 95.9 seconds in total), it was found that the
matrix was becoming more stable throughout training, whereby, while the exact
weight magnitudes continued to fluctuate, the overall magnitude of weight changes
declined with time, thus suggesting weight convergence (Fig. 4.22).

4.5.5 Testing AN-CN-IC-A1 Model on Novel Stimuli

In order to test whether the full AN-CN-IC-A1 network learnt to recognise the
general class of vowels /a/ and /i:/, or whether it learnt the particular training
examples only, the network was presented with 20 epochs of 12 exemplars of each
of the new synthetic vowels /a/ and /i:/, whereby a new stimulus set was gen-
erated, which was perceptually still recognisable as vowels /a/ and /i:/, however
its constituent formants had never been heard by the network in the past. It can
be seen in Figure 3.6 (green) that when the trained AN-CN-IC-A1 network was
tested on this new set of vowels, it still achieved good information content in its
output layer (0.92 bits maximum). This suggests that the network learnt trans-
form invariant representations of vowels /a/ and /i:/ that were also generalisable
to new examples of these vowels that had never been heard by the network before.

In order to test whether the network was simply di↵erentiating between two
di↵erent classes of stimuli, rather than responding selectively to vowels /a/ and
/i:/ in particular, another set of testing stimuli was constructed. This time the new
testing set consisted of 20 epochs of 12 exemplars each of two new vowels, /3:/ and
/æ/. It can be seen in Figure 3.6 (yellow) that the network failed to di↵erentiate



4.5 Understanding AN-CN-IC-A1 Model 215

Figure 4.21: Schematic representation of response properties of 19 A1 cells common
between the top 100 most informative cells of the originally trained full AN-CN-IC-A1
network, and the re-trained model once its IC-A1 a↵erents (wBL

ij ) were shu✏ed after
original training. A: the amount of single cell information contained within A1 cells
of the originally trained full AN-CN-IC-A1 model about the identity of the two input
vowels /i:/ and /a/. B: the amount of single cell information contained within A1 cells of
the shu✏ed re-trained AN-CN-IC-A1 model about the identity of the two input vowels
/i:/ and /a/. The nested pie charts illustrate whether each cell fired to each of the 20
presentations of the 12 exemplars of each vowel, resulting in 240 segments. Coloured
segments indicate that the cell discharged at least once in response to the corresponding
stimulus presentation. Blue pie charts represent responses to /i:/ and green pie charts
represent responses to /a/.
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Figure 4.22: Measure of changes in a↵erent weight (wBL
ij ) magnitudes through STDP-

based learning between the IC and A1 layers of the full AN-CN-IC-A1 spiking neural
network model of the auditory brain during training. Twelve exemplars of each of the
two 100 ms vowel stimuli separated by 100 ms gaps were presented over 200 epochs,
taking 95.9 seconds. Euclidean distance (blue line, left scale) and average absolute
weight change magnitude (red line, right scale) were calculated between a↵erent weight
matrices taken every 20 s during training. It can be seen that both measures decrease
throughout training, suggesting weight convergence.

between these two vowels, reaching a maximum of 0.19 bits of information out of
1 bits.

4.5.6 Importance of Formant Peaks In Di↵erentiating Be-
tween Vowel Stimuli

Vowel stimuli /i:/ and /a/ were chosen as stimuli for the initial simulations due
to their dissimilarity in the space characterised by the first three formant frequen-
cies.The vowel also have stable spectra throughout their duration. Hence, the
easiest way for a model to learn to discriminate between the two vowel classes is
to learn to cue o↵ just one of the formants. Figures 4.1 and 4.11 -4.12 suggest
that this is indeed what has happened for the most informative A1 cells of the
full AN-CN-IC-A1 model. This does not, however, mean that the model is only
capable of learning to cue o↵ single spectral features without learning any feature
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combinations. This will be shown in the next two chapters, when the network
will be exposed to up to six vowel stimuli with overlapping spectral forms, and
to naturally spoken words. We will show that the model is able to learn complex
spectro-temporal patterns of firing in response to the stimuli, however the encod-
ing of the more complex information also becomes more complex, whereby precise
timing of spikes within a population of neurons becomes important.

4.6 Change in Information Encoding Within the
Auditory Brain

All information about the identity of the input stimuli is present within the AN
layer, even if its single cell information scores are low. This has to be true, be-
cause otherwise the later brain areas would never be able to reach full single cell
information, since throughout the hierarchy of the auditory brain no new infor-
mation is introduced, and information can only be lost. This is in line with the
information inequality rule, whereby any data processing can result in at most
as much information as was present in the original data (Nelken 2004). If full
information is present about the stimuli in the input AN layer, then the question
arises as to the role of the rest of the auditory brain. It is hypothesised that the
auditory hierarchy performs the following functions: 1) it links the separate AN
representations for each stimulus exemplar/identity together into stimulus class
representations, thus achieving better transform invariant representations of the
stimuli than the AN; 2) it performs information compression by representing the
stimulus class membership using a simpler encoding scheme than the AN.

An example of the first function would be the following. In the AN the twelve
exemplars of vowel /i:/ would be encoded as twelve separate stimuli, while the
same exemplars in the A1 would be linked together into a single stimulus class
representation of being vowel /i:/. Evidence for the presence of this first function
in the full AN-CN-IC-A1 model was presented in Chapters 3 and 4, whereby it
was demonstrated that the output A1 layer of the AN-CN-IC-A1 model learns
invariant representations of the two vowel stimuli. Such representations, however,
are not present in the input AN layer of the model.

The second function is similar to the principle exploited by auto-encoders in
the Machine Learning literature (Bengio 2009). Stimulus representations get com-
pressed into a more sparse and simpler code in the A1 compared to the AN, which
can only happen if the A1 learns some statistical regularities underlying the class
membership of the stimuli and uses that to perform the lossy compression. The
partial loss of information about the identity of each stimulus exemplar (vowel
/i:/ produced with a particular combination of formants) is compensated by the
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enhanced information about the stimulus class identity (the sound heard is vowel
/i:/) in the A1 compared to the AN. Evidence for this second function of the
auditory brain hierarchy is discussed in more detail below.

The AN contains more information than is necessary for auditory object recog-
nition. Some of this information is necessary for the auditory object localisation
task, and some of the information is redundant. Information within the AN is
obscured by noise and spread over a very large population of cells. Furthermore,
the information is potentially encoded simultaneously spatially, temporally and
through rate encoding. Therefore, in order for the brain to act on this data, it
needs to integrate and process di↵erent types of information from a large number
of cells. It is hypothesised that the role of the auditory hierarchy is to split the in-
formation extraction task into smaller manageable sub-tasks, which are performed
one after another. These smaller information extraction tasks would essentially
transform the complex encoding system spread over a large population of cells in
the AN, to a simpler encoding spread over a small subset of information bearing
cells in the output layer. It is more neurophysiologically plausible for a cell in the
readout brain area to receive a↵erents from a small information bearing subset of
cells at the end of auditory brain hierarchy, rather than having to receive informa-
tion from the thousands of AN fibers. Furthermore, a cell in the readout brain area
receiving a↵erents from the smaller information bearing subset of output neurons
would have to do less processing if the encoding it receives is a simple one. We
demonstrate how such a readout might happen in Chapter 6, where an additional
Belt layer is added on top of the A1.

4.6.1 Evidence for Encoding Simplification Within the Au-
ditory Brain

Changes in average firing rate from approximately 37 Hz in the input AN layer
to approximately 9 Hz in the IC layer and 2 Hz in the A1 layer of the full AN-
CN-IC-A1 model of the auditory brain in response to the two vowel discrimination
paradigm (see Fig. 4.2), provides evidence that information encoding changes from
the more complex distributed rate or temporal code in the AN to the more simple
localist on/o↵ or binary code in the A1 (as described in Section 2.10.5). Further
evidence comes from looking at rasters of firing of the most informative cells in the
output A1 layer of the full AN-CN-IC-A1 model in response to the two vowel stim-
uli after training (see Figs. 4.5 and 4.7). These figures demonstrate that the cells
fire mostly once for each stimulus presentation, suggesting on/o↵ encoding. Such
binary encoding has been described in the auditory cortex by DeWeese & Zador
(2003), and is in line with the redundancy reduction hypothesis first proposed by
Barlow (1961).
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4.6.2 Evidence for Reduction in the Information Bearing
Cell Subset Size Within the Auditory Brain

In order to test whether information encoding changes from being spread among
a large population of AN layer cells to being spread among a small population
of A1 layer cells, a multi-layer perceptron (MLP) neural network was used. The
backpropagation network was trained on input vectors that represented activity
patterns in the AN and A1 layers of the AN-A1 and AN-CN-IC-A1 models as they
responded to the two vowels /i:/ and /a/. The network included a varied number
of input cells (Nin) (depending on the size of the cell population used to create
the input vectors), Nhid = Nin ⇤ 0.1 hidden layer cells and 2 output layer cells (one
for each of the two stimulus classes) (see Fig. 4.23). The connections between the
layers of the MLP were initialised randomly to small initial values. The network
was tested on its ability to classify input vectors into those arising in response
to one of the two stimuli vowels /a/ and /i:/. The same stimulus presentation
paradigm was used as described in Section 2.2.1. The network was trained on
50% of the data, 15% of data was used for validation to avoid over-fitting, and
the performance of the network was assessed on the 35% of testing data. The
data were normalised before being presented to the network. Training stopped
when the network started over-fitting, whereby its mean squared error rate on the
validation set started to rise while the error rate on the training data continued to
drop.

The MLP was used to explicitly demonstrate the reduction in the minimal cell
subset size between the AN and the A1 of the AN-CN-IC-A1 model necessary
to correctly categorise the input vowel stimuli. It was also used to show how
the inability of STDP-based learning to produce good representations of vowel
categories in the reduced AN-A1 model also translated into the larger minimal A1
cell subset sizes necessary for vowel categorisation compared to the A1 of the full
AN-CN-IC-A1 model.

In order to test the hypothesis that the number of cells in the minimal sub-
set of cells necessary to fully discriminate between the two vowels, /a/ and /i:/,
becomes smaller throughout the auditory brain hierarchy, the backpropagation
neural network was trained on data collected from the AN layer, the A1 layer of
the simple AN-A1 model or the A1 layer of the full AN-CN-IC-A1 model in re-
sponse to the two vowel discrimination paradigm. The network input vectors were
binary, containing 1 for each cell that fired at least once during stimulus presenta-
tion, and 0 for each cell that never fired during stimulus presentation. The input
cell population sizes (Np) were varied from 120 cells down to 2. The upper bound
(120) was picked as the total number of unique neurons within the union of the
100 most informative cells for each of the two stimuli (Nt, where Np ⇢ Nt). Each
population Np was chosen by randomly sampling Nt. Such population sampling
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Figure 4.23: Schematic representation of a backpropagation neural network used to
test the encoding scheme within the simple two-layer AN-A1 and full four-layer AN-CN-
IC-A1 spiking neural network models of the auditory brain discussed in this chapter.
The input vectors to the backpropagation network were patterns of activity taken from
the AN and A1 layers of the AN-A1 and AN-CN-IC-A1 models as they responded to
either of the two vowels, /i:/ or /a/, where an on/o↵ encoding scheme was used to
represent these activity patterns. The output to be learnt was the identity of the vowel,
either /i:/ or /a/. The number of hidden layer nodes was always set to be 10% of the
number of input nodes. There were two output nodes representing the two vowels.

was repeated 50 times, and for each sample the network was trained 20 times, each
starting with di↵erent random weight initialisation, and the maximal performance
from the 100 resulting training operations was recorded. As the input layer size
changed to account for the cell population size, the number of hidden neurons also
changed. It was set to be 10% of the input layer size for all simulations.

It was found that when tested on the AN layer, the network’s performance
accuracy dropped from about 99% for a population of 120 most informative cells
to about 72% for a population of 2 most informative cells. For the A1 layer of the
simple AN-A1 model, the network’s performance accuracy dropped from about
97% for a population of 120 most informative cells to about 90% for a population
of 2 most informative cells. For the A1 layer of the full AN-CN-IC-A1 model,
the network’s performance accuracy remained at 100% for any number of input
cells between 120 and 2 (see Fig. 4.24). It can be seen that the performance of
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the backpropagation network on the smallest population of 2 cells depends on the
complexity of the spiking neural network model of the auditory brain considered,
moving from 72% for the simplest model containing just the AN layer, to 90%
for the simple AN-A1 model, and 100% for the full AN-CN-IC-A1 model. This
supports the hypothesis that information encoding changes from being contained
within a large population at the beginning of the auditory brain hierarchy, to
being contained within a small population at the end of it. Essentially, in the
full AN-CN-IC-A1 model, the encoding of the two vowels was transformed from a
distributed representation in the AN layer to a more localist representation in the
A1 layer, in which individual neurons responded selectively to only one of the two
vowels.
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Figure 4.24: Performance of a backpropagation decoder neural network on the two
vowel recognition task using data from the output A1 layer of the simple AN-A1 and
full AN-CN-IC-A1 spiking neural network models of the auditory brain described in this
chapter, as well as the input AN layer. The red line represents data from the input
AN layer, green line represents data from the output A1 layer of the simple AN-A1
model, and blue line represents data from the output A1 layer of the full AN-CN-IC-A1
model. For each presentation of each exemplar of each vowel on/o↵ encoding was used
to transform spiking neural network firing rasters into backpropagation neural network
input vectors. The size of these input vectors was diminished from the initial 120 cells
to 2 cells. A number of di↵erent combinations of cells were picked and tested for each
population size. Each combination was chosen from the hundred most informative cells
about each of the two vowel stimuli. The best vowel classification performance for each
population size was recorded. It can be seen that the decoder performance decreases with
diminishing input size for the AN and AN-A1 conditions, but not for the AN-CN-IC-A1
network.



5
Learning Transform Invariant

Representations of Six Vowels: the
Importance of Temporal Coding

5.1 Introduction

Chapter 3 outlined two models of the auditory brain: a simple AN-A1 model, in
which the primary auditory cortex (A1) receives a↵erent connections directly from
the auditory nerve (AN); and a full AN-CN-IC-A1 model, where AN activity is
pre-processed within the non-plastic sub-cortical cochlear nucleus (CN) and infe-
rior colliculus (IC) layers, before being sent up to the output layer A1. It was
shown that the simple AN-A1 model was unable to learn transform invariant rep-
resentations of auditory objects, such as vowels, because of the jitter present in
the AN spike rasters. This jitter was, however, removed through a two-stage pro-
cess beginning within the sub-populations of the CN and finishing within the IC,
which allowed the full AN-CN-IC-A1 model to learn stimulus selective transform
invariant representations of two synthesised vowels, /i:/ and /a/.

Chapter 4 looked in more detail into the mechanisms that enable the full AN-
CN-IC-A1 model to learn transform invariant representations of auditory objects,
such as vowels. The chapter discussed the changes happening throughout the
hierarchy of the model and characterised the response properties of the most in-
formative cells within the model’s output layer A1.

223
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The simulations so far, however, have looked into learning transform invariant
representations of only two synthesised vowels. Such simple stimuli were well
suited for investigating whether extra sub-cortical pre-processing is necessary to
remove AN jitter and enable transform invariance learning to take place within
the output layer A1. It is important, however, to understand whether the full
AN-CN-IC-A1 model can cope with more realistic situations where the number of
stimuli is increased. This chapter addresses this question by presenting up to six
synthesised vowels to the network.

5.2 Stimuli

In order to understand whether the full AN-CN-IC-A1 model as parametrised in
Table 3.4 is able to learn transform invariant representations of more than two
vowels, six vowel stimuli were generated using the Klatt synthesiser (Klatt 1980)
as described in Chapter 2 Section 2.2.2.

5.3 Training With the New Vowel Sets

In order to avoid the extra computations of having to test the performance of
the network with all combinations of vowels in the 3-5 set size range, we ran a
number of simulations in the fashion described next (the two- and six-vowel sets
were pre-determined, whereby the original two vowels /i:/ and /a/ were kept in
the two-vowel set, and the six-vowel set contained all synthesised vowels). For each
simulation the number of vowels presented to the full AN-CN-IC-A1 network was
increased from the initial two, /i:/ and /a/, up to the maximum of all six vowels
from the newly generated set. Each time the set size of the vowels presented to
the network was incremented using the vowel with the best network performance.
For example, four di↵erent simulations were run in order to find the optimal set of
three vowels (see Table 5.1). Each simulation contained the original two vowels,
/i:/ and /a/, combined with each of the four potential options for the third vowel:
/O:/, /u:/, /e/, or /æ/. Maximal single cell information (see Chapter 2 Section
2.10.4) within the output layer (A1) of the AN-CN-IC-A1 model was used as the
measure of network performance. Simulation results can be seen in Table 5.1. It
can be seen that the performance of the network is not significantly dissimilar for
the di↵erent sets of vowels, however we always chose the set with the best network
performance for further analysis in this chapter. Table 5.2 shows the chosen sets
of vowels for each stimulus set size. As the number of vowels in the training set
grows, the maximal theoretical amount of information carried by the cells in the
output layer of the full AN-CN-IC-A1 model also increases (see Table 5.2). The
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Single Cell Information (Bits)

/O:/ /u:/ /e/ /æ/

3 vowels /i:/ + /a/ + 0.876 0.802 0.892 0.89

4 vowels /i:/ + /a/ + /e/ + 0.762 0.891 NA 0.752

5 vowels /i:/ + /a/ + /e/ + /u:/ + 0.72 NA NA 0.828

Table 5.1: The full AN-CN-IC-A1 model was trained on di↵erent sets of vowels starting
from a set of size two that included the original vowels /i:/ and /a/ used in the simulations
described in the preceding chapters, and finishing with the set of six vowels, whereby
additional vowels /O:/, /u:/, /e/, and /æ/ were included. As the size of the vowel set
was incremented, the optimal vowel to add to the set was found through measuring the
maximal single cell information within the output layer (A1) of the full AN-CN-IC-A1
model. This table summarises the A1 maximal single cell information after the model
was trained on di↵erent vowel combinations for each set size. Values shown in bold are
maximal, and thus the corresponding vowel was found to be optimal for the particular
set size. Table 5.2 shows the finalised optimal sets of vowels for each stimulus set size.

Set Size Set Vowels Maximum Information (Bits)

Two vowels /i:/, /a/ 1

Three vowels /i:/, /a/, /e/ 1.6

Four vowels /i:/, /a/, /e/, /u:/ 2

Five vowels /i:/, /a/, /e/, /u:/, /æ/ 2.3

Six vowels /i:/, /a/, /e/, /u:/, /æ/, /O:/ 2.6

Table 5.2: Vowels used to train the full AN-CN-IC-A1 and the simple AN-A1 models of
the auditory brain as the size of the training set increased from two to six vowels. The
last column contains the maximum theoretical information for each stimulus set size,
which is computed as log2S bits, where S is the stimulus set size (number of vowels).

maximal theoretical amount of information was calculated as log2S, where S is
the size of the stimulus set with the equiprobable stimuli.

5.4 Changes in Vowel Representations With In-
creased Stimulus Set Sizes

Figure 5.1 shows the maximal single cell information within the output (A1) layer
of the full AN-CN-IC-A1 network in proportion to the theoretical maximum single
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Stimulus 1 Stimulus 2... ...Stimulus S

On #CellOn2Stim1
#Stim1⇤S

#CellOn2Stim2
#Stim2⇤S

#CellOn2StimS
#StimS⇤S

O↵ #CellOff2Stim1
#Stim1⇤S

#CellOff2Stim2
#Stim2⇤S

#CellOff2StimS
#StimS⇤S

Table 5.3: Joint probability table used to calculate single cell information for each cell
using on/o↵ encoding for more than two vowels. #CellOn2Stim1 (#CellOn2StimS)
stands for the number of presentations of stimulus 1 (S) during which the cell fired at
least once. Similarly #CellOff2Stim1 (#CellOff2StimS) stands for the number of
presentations of stimulus 1 (S) during which the cell did not fire. #Stim1 (#StimS)
stands for the total number of presentations of stimulus 1 (S). S stands for the total
number of stimuli in the training/testing set.

cell information when the network was presented with the transform invariant
vowel recognition problem, where the number of vowels presented to the network
increased from two to six. Single cell information was calculated using the simple
on/o↵ encoding similarly to the method described in Chapter 2 Section 2.10.4,
however the joint probability table was modified to accommodate the additional
vowel stimuli (Table 5.3).

It can be seen that as the number of vowels in the training set increases,
single cells in the output layer (A1) of the full AN-CN-IC-A1 model become less
informative. They are still, however, more informative than the A1 cells within
the full AN-CN-IC-A1 model before training or the output A1 cells of the simple
AN-A1 model before or after training (see Tables 3.1 and 3.2 (Model 2) for the
parametrisation of the simple AN-A1 model). This provides further support for
the main hypothesis of this thesis that extra sub-cortical pre-processing within the
CN and IC is necessary to enable transform invariant learning of auditory objects,
including vowels. It can also be seen that the intermediate CH layer reaches slightly
more information than the IC or the output A1 layers of the full AN-CN-IC-A1
model. This is an artefact of the interaction between the relatively simplistic
vowel stimuli and the on/o↵ encoding scheme. The reason why information drops
between the CH and the IC is because the inputs from the ON and PL sub-
populations of the CN reduce the information content of the CH inputs. The
reason why information content drops between the IC and the A1 is because the
simple on/o↵ encoding scheme might not be appropriate for representing the extra
vowel stimuli, as discussed next.

Figure 5.1 shows that the amount of maximal single cell information within the
A1 cells of the full AN-CN-IC-A1 model decreases rapidly from 100% to around



5.4 Changes in Vowel Representations With Increased Stimulus Set Sizes 227

Figure 5.1: Maximal single cell information in the output (A1) layer of the full AN-
CN-IC-A1 (blue) and the simple AN-A1 (red) models of the auditory brain in proportion
to the theoretical maximum information for the di↵erent stimulus set sizes (as shown in
Table 5.2). Data are shown for both models before (hatched bars) and after (solid bars)
training and in response to two to six vowel stimuli. Each data point represents the best
performing cell in the output A1 layer. Similarly data for the input AN (yellow), and
intermediate CH (CN) (magenta) and IC (green) layers are presented. Data for ON and
PL sub-populations of the CN are not presented, since ON does not carry any information
about the vowel class identity, while PL is essentially identical to AN. It can be seen that
the full AN-CN-IC-A1 model reaches more maximal single cell information in its output
layer (A1) than the simple AN-A1 model, thus supporting the hypothesis that sub-
cortical pre-processing is necessary for transform invariant auditory object recognition,
including vowels. The output A1 layer of either model results in more information
compared to the input AN layer. It can also be seen that the intermediate CH layer
reaches slightly more information than the IC or the output A1 layers of the full AN-
CN-IC-A1 model. This is an artefact of the interaction between the relatively simplistic
vowel stimuli and the on/o↵ encoding scheme.
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30% of the theoretical maximum (log2S, where S is the stimulus set size) as the
number of vowels in the training set is increased from two to six. This suggests
either the loss of transform invariance or that the type of stimulus encoding used
by the network becomes more distributed with the increased stimulus number.
Distributed encoding presumes that stimulus information is encoded within the
firing of a population of cells rather than one cell, whereby each cell in the popula-
tion responds to more than one auditory object, but enough information is present
within the population of cells to perfectly identify each individual vowel.

5.5 Quantifying Distributed Encoding

In order to test whether the distributed representation in the output layer (A1) of
the full AN-CN-IC-A1 model of the auditory brain contains enough information
to di↵erentiate between the di↵erent vowels within the training set, the following
procedure was performed. Response properties of 125 A1 cells with the most single
cell information were considered. During each stimulus presentation the most
likely stimulus identity vote was assigned to each cell based on on/o↵ encoding.
The vote was decided by randomly sampling from a multinomial distribution with
s categories, where s 2 S is the number of vowels presented to the network.
The probabilities assigned to each of the s categories were calculated by counting
the number of times the cell fired in response to the presentation of a particular
stimulus s and normalising by the total number of spikes the cell emitted during
testing:

p(s) =
spikessP
s spikess

Once the votes for all of the 125 A1 cells were assigned, the population decision
was considered. The population vote for each stimulus presentation was chosen to
be the majority vote of the 125 chosen A1 cells. This was supposed to emulate
the information received by the hypothetical next layer of the auditory brain,
which would have to decide on the vowel identity based on the majority votes
received from the A1. The stimulus identity decoding in this hypothetical next
layer would be performed in the following manner. Each neuron in this next
layer would essentially act as the output neuron in the model by Masquelier et al.
(2008). They will receive A1 spikes, some of which will be information bearing
(i.e. the ones arriving from the 125 A1 cells chosen above), and others not. The
information bearing spikes will essentially be equivalent to the spikes making up
the repeating pattern in Masquelier et al. (2008), while the others will essentially
constitute the statistically equivalent noise described in Masquelier et al. (2008).
If the majority of the 125 chosen A1 cells vote for the same stimulus identity,
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Actual

Stimulus 1... ...Stimulus S
P
re
d
ic
te
d

Stimulus 1... #Response1
#Stim1⇤S

#ResponseS
#StimS⇤S

...Stimulus S #ResponseS
#Stim1⇤S

#ResponseS
#StimS⇤S

Table 5.4: Joint probability table used to calculate cell information when more than
two cell response types were considered. #Response(s) stands for the number of presen-
tations of stimulus s 2 S during which cell response was classified as voting for stimulus
s (see Section 5.5). #Stim(s) stands for the total number of presentations of stimulus
s. S stands for the total number of stimuli.

then it will be equivalent to the hypothetical next layer cell receiving more input
belonging to one pattern, and hence the next layer cell should learn through the
same mechanisms as described in Masquelier et al. (2008) to become selective for
the particular stimulus identity. We will show in the next chapter that this is in
fact what happens in the network once we attach a Belt layer on top of the A1
layer.

Information analysis was performed on the resulting population votes as de-
scribed in Chapter 2 Section 2.10.4. The confusion matrix, however, was calculated
di↵erently due to the increased number of possible cell responses (S) compared to
the two possible cell responses for the simple on/o↵ encoding scheme described in
Chapter 2 Section 2.10.4. Table 5.4 gives an overview of the way the new confusion
matrix was calculated.

5.5.1 Multiple Cell Information

Figure 5.2 demonstrates multiple cell information for the population of 125 most
informative A1 cells of the trained and untrained versions of the AN-CN-IC-A1
and the AN-A1 models of the auditory brain in response to 2-6 synthesised vowels.
Each value is presented as a proportion of the maximal theoretical information for
the particular stimulus set size (log2S, where S is the stimulus set size).

It can be seen that the population of the 125 most informative A1 cells of the
full AN-CN-IC-A1 model after training reaches 100% accuracy when di↵erentiating
between two vowels. Its accuracy then drops dramatically to around 20%. This
is still, however, significantly more than the 1% achieved by the trained AN-A1
model and 0% achieved by the untrained models, which suggests that the original
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Figure 5.2: Multiple cell information for the population of 125 most informative cells
in the output (A1) layer of the full AN-CN-IC-A1 (blue) and the simple AN-A1 (red)
models of the auditory brain. Simple on/o↵ encoding is assumed (see Section 5.4). Data
are shown for both models before (hatched bars) and after (solid bars) training and in
response to two to six vowel stimuli. Similar data are presented for the input AN (yellow),
and intermediate CH (CN) (magenta) and IC (green) layers. Data for ON and PL sub-
populations of the CN are not presented, since ON does not carry any information about
the vowel class identity, while PL is essentially identical to AN. It can be seen that the
full AN-CN-IC-A1 model reaches higher accuracy than the simple AN-A1 model, thus
supporting the hypothesis that sub-cortical pre-processing is necessary for transform
invariant auditory object recognition, including vowels. Furthermore, the output A1
layer of either model results in more information compared to the input AN layer. It
can also be seen that the intermediate CH layer reaches significantly more information
than the IC or the output A1 layers of the full AN-CN-IC-A1 model. This is an artefact
of the interaction between the relatively simplistic vowel stimuli and the on/o↵ encoding
scheme, whereby the population of the 125 most informative CH neurons is unambiguous
in its stimulus classification voting, while the similar IC and A1 populations are more
unsure about the stimulus classification.

hypothesis for the importance of sub-cortical pre-processing still holds.
The reason why multiple cell information is lower than single cell information

shown in Figure 5.1 for more than two vowels is that the cells within the population
provide conflicting votes about the identity of the stimuli, whereby some correct
single cell votes get outnumbered by incorrect votes by other cells in the population.

The low levels of information reached by the on/o↵ population encoding sug-
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gests that a di↵erent encoding scheme might be used by the network to encode
more than two synthesised vowels. The apparent inadequacy of the on/o↵ en-
coding scheme for representing multiple vowel classes is also demonstrated by the
significantly higher amounts of multiple cell information within the CH layer of
the full AN-CN-IC-A1 model. The nature of this layer makes it highly suitable
for representing stimulus classification information using on/o↵ type encoding (see
Chapter 4 Section 4.3 for details). The convergence of the CH inputs with the ON
and PL inputs within the IC, however, results in a more complex encoding scheme.
It is important to understand which encoding scheme is likely to be used within
the output layer of the AN-CN-IC-A1 model to di↵erentiate between more than
two vowel stimuli. The network performance on the vowel recognition task was
therefore analysed in more detail.

5.6 Understanding Stimulus Preferences of the
full AN-CN-IC-A1 Model

5.6.1 Stimulus Preference Plots

Stimulus preference plots were created in order to understand how the nature
of stimulus selectivity changes within the most informative A1 cells of the full
AN-CN-IC-A1 model before and after training, and with the increase in the vowel
training set size (Figs. 5.3). Stimulus preference plots help visualise the proportion
of presentations of all exemplars of each stimulus that produced one or more spike
in a cell. Such plots help de-tangle the cell’s responsiveness to preferred stimuli
(RPS) from its non-responsiveness to non-preferred stimuli (NRNS), which are
both encoded within the single cell information measure.

RPS measures how many times a cell fires at least one spike during all the
di↵erent presentations of a particular stimulus. For example, an A1 cell would
have 75% RPS for vowel /a/ if it fires at least one spike when presented with
180/240 versions of vowel /a/ (240 corresponds to 20 epochs of each of the 12
exemplars of the vowel).

NRNS measures how well a cell is tuned to respond to its preferred vowel only.
For example, an A1 cell would have 75% NRNS for its preferred vowel /a/ if it
fires at least one spike in response to 120/480 presentations of vowels /i:/ and /e/
in a three vowel training paradigm (480 corresponds to 20 epochs of each of the
12 exemplars of each of the vowels /i:/ and /e/).

Maximum single cell information is achieved if both RPS is at 100% (the cell
responds to all presentations of all exemplars of its preferred stimulus) and NRNS
is at 100% (the cell responds to no presentations of any exemplars of the non-
preferred stimuli). Stimulus preference plots de-tangle and highlight the cell RPS
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and NRNS, thus helping visualise how much a cell has learnt about each of the
individual stimuli in the training set.

5.6.2 Changes in Stimulus Preference

It can be seen in Figure 5.3 that the nature of stimulus preferences changes in the
output layer (A1) of the full AN-CN-IC-A1 model after training. Whereas before
training cells have similar RPS for all stimuli, after training each cell becomes
tuned to a number of preferred stimuli which keeps the same high RPS for a
subset of preferred stimuli, but also increases the cell NRNS. The role of training,
therefore, is for the cells to become un-responsive to a subset of stimuli while
remaining responsive to others.

Figure 5.4 illustrates stimulus preference of the most informative cells of the
AN layer. It can be seen that due to the formant frequency compositions of the
six vowels, certain AN cells tend to fire to most presentations of vowels /a/, /u:/
and /O:/. These cells, however, also fire to a large number of presentations of the
other three vowels. Throughout the hierarchy of the full AN-CN-IC-A1 model the
network increases the cell NRNS. Cells in A1 emerge that respond to di↵erent
vowels preferentially, whereby they respond to many exemplars of their preferred
vowel(s) while remaining primarily unresponsive to the other non-preferred vowels
(Fig. 5.3).

5.6.3 Stimulus Preferences for Distributed Encoding

Figure 5.3 shows that the output layer (A1) cells of the full AN-CN-IC-A1 model
have indeed learnt distributed representations of vowels, whereby each vowel is
represented by a distinct population of A1 cells, and each A1 cell responds to a
number of vowels. In order for the next hypothetical cortical layer to accurately
discriminate between the di↵erent vowel stimuli using the distributed encoding
within the A1 layer of the full AN-CN-IC-A1 model, it is important that the dif-
ferent A1 cells have diverse response properties. For example, if all A1 cells have
the same response properties, whereby they all respond to all presentations of vow-
els /a/ and /u:/ and to no presentations of vowel /i:/ in a three vowel recognition
paradigm, then the next cortical layer will not be able to di↵erentiate between
vowels /a/ and /u:/. However, if one A1 cell (C1) responds to presentations 1-120
of vowel /a/ and presentations 121-240 of vowel /u:/, and another A1 cell (C2)
responds to presentations 1-120 of vowel /a/ and presentations 1-120 of vowel /u:/,
then a cell in the next cortical layer can learn that if both A1 cells C1 and C2
are firing, then vowel /a/ is being presented, while the firing of only one A1 cell,
either cell C1 or cell C2, suggests that vowel /u:/ is being presented.
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Figure 5.3: Stimulus preference plots for eight A1 cells of the full AN-CN-IC-A1
model of the auditory brain trained to di↵erentiate between six vowels. The top row
represents cell response properties before training, while the second row represents
response properties of the same cells after training. Each bar plot shows the proportion
of all stimulus presentations (20 epochs of 12 exemplars resulting in 240 presentations
of each vowel during testing) that the cell responded to with one or more spikes. At
the top of each graph is the cell number and single cell information carried by the cell
calculated as per Chapter 2 Section 2.10.4. It can be seen that cell response properties
change after training, whereby cells become more selective as to which vowels they
respond to, thus increasing the NRNS while keeping the RPS for their preferred stimuli
high. It can also be seen that distributed representations are used in the output layer
of the network, whereby each cell responds to a number of vowels and di↵erent cells
have varied stimulus preference profiles (middle row). For example, cells 441, 769, 542,
253, 167 and 828 are all responsive to /a/, albeit with a varying degree of selectivity
and invariance. The di↵erences in the preference profiles for other stimuli of these cells
allow the hypothetical next layer of the brain as modelled by the backpropagating neural
network to learn a complete transform invariant and stimulus selective representation of
vowel /a/. A population of 300 most informative A1 cells provides enough information
to achieve 98% vowel recognition accuracy by the backpropagating neural network. Last
two rows demonstrate which of the 240 presentations of vowel /a/ each cell responds
to before (row three) and after (bottom row) training. Each subplot is a matrix of 12
vowel exemplars (abscissa) presented over 20 epochs (ordinate). Red signifies that the
cell fired one or more times during the stimulus presentation, while blue signifies that
the cell did not fire. It can be seen that before training all cells have high levels of
transform invariance for vowel /a/ (high RPS). This changes for cells 924 and 964 after
training, as these cells learn to be selective to other stimuli instead. Training results in
cells like 253 and 828 forgetting about certain exemplars of vowel /a/ during training,
as evidenced by vertical blue lines in their sub-plots.
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Figure 5.4: Stimulus preference plots for eight most informative (calculated as per
Chapter 2 Section 2.10.4) AN cells when presented with six vowels. Each bar in the
top row shows the proportion of all stimulus presentations (20 epochs of 12 exemplars
resulting in 240 presentations of each vowel during testing) that the cell responded
to with one or more spikes. At the top of each graph is the cell number and single
cell information carried by the cell. The bottom row demonstrates which of the 240
presentations of vowel /a/ each cell responds to. Each subplot is a matrix of 12 vowel
exemplars (abscissa) presented over 20 epochs (ordinate). Red signifies that the cell fired
one or more times during the stimulus presentation, while blue signifies that the cell did
not fire. It can be seen that the AN cells have a natural preference for some vowels (/a/,
/u:/ and /O:/) than others (/i:/, /e/ and /ae/) due to the formant distributions of the
vowels. Each of the presented AN cells naturally fires to all presentations of vowel /a/.
The role of the hierarchy of the auditory brain as simulated by the full AN-CN-IC-A1
model is to reduce the cells’ responses to the non-preferred stimuli (/i:/, /e/ and /ae/),
while maintaining their stable response properties to the preferred stimuli (/a/, /u:/ and
/O:/). Furthermore, some diversity in the cells’ response properties has to be introduced
to ensure that a population of output A1 cells can di↵erentiate between all six vowels.

The diversity in the A1 cells’ response properties of the full AN-CN-IC-A1
model trained on six vowels can be seen in Fig. 5.3 (second row). The figure shows
some of the A1 layer cells that have high selectivity for vowel /a/ (cells 441, 769,
542, 253, 167 and 828). These cells also respond to a combination of other vowels,
whereby each cell has a di↵erent stimulus preference profile. For example, cell 441
responds to vowels /a/, /u:/ and /O:/, while cell 253 mostly responds to vowels
/a/ and /æ/.

Each of the plotted A1 cells also has a di↵erent response profile for the exem-
plars of its preferred vowel /a/. The bottom row of Figure 5.3 shows that during
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training of the full AN-CN-IC-A1 model as the NRNS is improved, the RNS of
some A1 cells that are selective to /a/ drops (cells 769, 542, 253 and 167). These
cells develop a number of exemplars of /a/ that they do not respond to during
many presentation epochs of that exemplar, thus forming vertical blue lines. The
A1 cells have therefore lost some transform invariance in order to gain better stim-
ulus selectivity. The non-preferred exemplars of /a/, however, are di↵erent for the
di↵erent A1 cells, thus allowing the whole population of A1 cells to respond to all
exemplars of vowel /a/.

5.7 Understanding Cell Firing Patterns

This section examines whether extra information is present within the precise firing
times of A1 cells in response to the di↵erent vowels to introduce enough diversity in
cell responses to de-tangle linked vowel representations and enable the hypothetical
next layer of the auditory brain to di↵erentiate between the synthesised vowel
stimuli. Figure 5.5 shows firing rasters of five A1 cells of the full AN-CN-IC-A1
model in response to four vowels, /a/, /i:/, /e/ and /u:/. Stimulus preference plots
for each cell are also shown at the top of each firing raster.

Stimulus preference plots for cells 255, 422 and 340 indicate that they fire to
a large number of exemplars of around three vowels, which makes them have low
single cell information based on on/o↵ encoding. When the cells’ firing rasters are
examined, however, it can be seen that the cells fire at di↵erent times for di↵erent
stimuli. For example, cell 255 has a lot more information about the identity of the
four vowels if the cell spike time information is taken into account than if on/o↵
encoding is used. If the cell fires a single spike around 20 ms after the beginning
of the stimulus, then it is likely that vowel /u:/ is being presented; if the cell fires
a single spike around 60 ms after the beginning of the stimulus, then it is likely
that vowel /e/ is being presented; if the cell fires both at 20 ms and at 60 ms after
the beginning of the stimulus, then it is likely that vowel /i:/ is being presented;
finally if the cell does not fire, then it is likely that vowel /a/ is being presented.

It is also interesting to note the response properties of cells 150 and 991. It can
be seen that both cells have a strong preference for vowels /i:/ and /e/, however
the two cells fire at di↵erent times with respect to stimulus start (around 40 ms
and 20 ms correspondingly). The cells tend to fire at the same time for most of
the presentations of their preferred two stimuli, thus forming a stable temporal
firing pattern constituting a part of a polychronous chain (Izhikevich 2006). Such
a stable temporal firing pattern can then be learnt through STDP-based learning
by the cells in the hypothetical next layer of the auditory cortex (Masquelier et al.
2008).

Figure 5.5 suggests that as the full AN-CN-IC-A1 model of the auditory brain
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Figure 5.5: Firing rasters of five cells within the A1 layer of the full AN-CN-IC-
A1 model of the auditory brain in response to four vowels: /a/, /i:/, /e/ and /u:/.
The abscissa is the time (ms) from stimulus start. The ordinate represents stimulus
presentation number, whereby each vowel was presented 240 times (20 epochs of each of
the 12 exemplars for each vowel). Each dot within a raster represents a spike produced
by the cell. Cell index as well as its single cell information using on/o↵ information
encoding is provided at the top of each firing raster. Cell stimulus preference plots
(calculated as per Chapter 2 Section 2.10.4) are also shown at the top of each firing
raster. It can be seen that while all of the cells respond to many of the presentations of
vowels /i:/ and /e/, the cells fire at di↵erent times after the stimulus presentation start.
The precise stable firing patterns produced by populations of such cells in response to
di↵erent vowels serve as part of polychronous chains (Izhikevich 2006), which increase
the network learning capacity and provide more information about the identity of the
learnt vowels compared to the on/o↵ encoding.

is exposed to more vowels, its transform invariant representations become more
distributed and the nature of vowel representations learnt by output layer (A1)
of the model are no longer su�ciently represented by the simple grandmother-
like on/o↵ encoding (see Chapter 2 Section 2.10.5). Instead a temporal encoding
scheme looks more likely, whereby the exact timing of spikes produced by each
cell within a population starts to matter. When temporal information about the
precise timing of a cell’s spikes are taken into account, a lot more information
becomes available to the next layer of the cortex about the identity of the stimulus
being presented. All of the five cells shown in Figure 5.5 respond to vowels /i:/ and
/e/, however they fire with di↵erent stable temporal patterns to the two stimuli.
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5.8 Using Temporal Patterns of Firing of Single
Cells

5.8.1 Bayesian Single Cell Information

In order to test whether more information was present about the identity of the
Klatt generated vowels within the precise timing of spikes of A1 cells, maximal
single cell information was calculated using the approach described in Chapter 2
Section 2.10.5.2 and shown in proportion to the theoretical maximum information
(log2S) for each stimulus set size S in Figure 5.6.

It can be seen that more information about the synthesised vowel stimuli is
present in the A1 cells of the models when the precise firing times of individual
cell spikes are considered compared to on/o↵ encoding (Fig. 5.1). On average
there is around 9% more single cell information about the identity of the vowel
stimuli in the spiking responses of A1 cells of the AN-CN-IC-A1 and AN-A1 models
compared to on/o↵ encoding. This number, however, is significantly higher (48%)
for the untrained AN-CN-IC-A1 model. It can be seen that single cell information
of the untrained AN-CN-IC-A1 model reaches the level of the trained model. This
suggests that if precise spike times of individual cells are taken into account, then
IC!A1 plasticity is not as important for the particular simple task of developing
transform invariant representations of synthesised vowel stimuli as the sub-cortical
pre-processing within the CN and IC. It will be shown in the next chapter, however,
that learning does play a significant role in the development of representations of
naturally spoken words.

The examples of firing rasters of typical A1 cells in response to four vowels of
the untrained AN-CN-IC-A1 model and both trained and untrained AN-A1 model
can be seen in Figure 5.7. This figure shows that a typical A1 cell of the untrained
AN-CN-IC-A1 model does develop similar diverse firing response properties in
response to four synthesised vowels as does a trained AN-CN-IC-A1 model. This
is not the case for the typical A1 cells of the trained or untrained AN-A1 model,
which respond in a similar way to all four vowels.

Figure 5.6 demonstrates that the amount of information increases throughout
the hierarchy of the trained AN-CN-IC-A1 model apart from the slight drop in
information between the CH and IC layers. This drop is due to the convergence of
the less informative ON and PL inputs on the IC in addition to the CH inputs. The
overall information increase trend throughout the hierarchy of the AN-CN-IC-A1
model, however, suggests that the Bayesian temporal information encoding scheme
described in Chapter 2 Section 2.10.5.2 is more appropriate for di↵erentiating
between the vowel stimuli than the simple on/o↵ encoding scheme.
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Figure 5.6: Maximal single cell information in the output (A1) layer of the full AN-
CN-IC-A1 (blue) and the simple AN-A1 (red) models of the auditory brain in proportion
to the theoretical maximum information for the di↵erent stimulus set sizes (as shown in
Table 5.2). Data are shown for both models before (hatched bars) and after (solid bars)
training and in response to two to six vowel stimuli. It can be seen that the full AN-
CN-IC-A1 model reaches more maximal single cell information in its output layer (A1)
than the simple AN-A1 model, thus supporting the hypothesis that sub-cortical pre-
processing is necessary for transform invariant auditory object recognition, including
vowels. The proportion of single cell information, however, drops as the number of
vowels within the training set is increased from two to six, suggesting the emergence
of distributed encoding. This figure demonstrates that single cell information encoding
using the precise spike timing of A1 cells with respect to stimulus onset carries more
information than the simple on/o↵ encoding as plotted in Figure 5.1. Similar data
are presented for the input AN (yellow), and intermediate CH (CN) (magenta) and IC
(green) layers. Data for ON and PL sub-populations of the CN are not presented, since
ON does not carry any information about the vowel class identity, while PL is essentially
identical to AN. The output A1 layer of the trained full AN-CN-IC-A1 model results in
more information compared to the input AN, or the intermediate CH or IC layers (apart
from the two vowel recognition task due to its simplicity).



5.8 Using Temporal Patterns of Firing of Single Cells 239

Figure 5.7: Firing rasters of three typical cells of the untrained AN-CN-IC-A1 model
(cell 177) and the trained and untrained AN-A1 model (cells 19 and 522 correspondingly)
in response to four vowels: /a/, /i:/, /e/ and /u:/. The abscissa is the time (ms) from
stimulus start. The ordinate represents stimulus presentation number, whereby each
vowel was presented 240 times (20 epochs of each of the 12 exemplars for each vowel).
Each dot within a raster represents a spike produced by the cell. Cell index is provided
at the top of each firing raster. It can be seen that cell 177 of the untrained AN-CN-IC-
A1 model displays similar response properties to the trained AN-CN-IC-A1 model (Fig.
5.5), whereby di↵erent stable patterns of firing are produced in response to the di↵erent
vowels. The same is not true for the AN-A1 model before or after training (cells 522 and
19 correspondingly), which have similar patterns of firing in response to the four vowels.
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5.8.2 Bayesian Multiple Cell Information

In order to test whether more information is present about the identity of the
synthesised vowel stimuli within the firing of a population of cells in the output A1
layer of the AN-CN-IC-A1 and the AN-A1 models of the auditory brain, a similar
procedure was performed to the one described in Section 5.5. Information analysis
was performed on the majority votes of a population of 125 most informative A1
cells as determined by the calculations described in Section 5.8.1. Figure 5.8 shows
the resulting figures in proportion to the maximal theoretical information for the
given stimulus set size (log2S, where S denotes stimulus set size).

It can be seen that population information encoding based on the spiking pat-
terns of A1 cells of the trained AN-CN-IC-A1 model results in high amounts of
information about the identity of up to six synthesised vowel stimuli. The same
is not true for the trained and untrained versions of the simple AN-A1 model,
which reach significantly lower levels of multiple cell information. The di↵erence
in multiple cell information between the AN-CN-IC-A1 and the AN-A1 models
provides further support for the importance of sub-cortical pre-processing within
the CN and IC layers for auditory stimuli transform invariance learning.

The amount of information carried by the populations of A1 cells of the trained
AN-CN-IC-A1 model based on their precise spiking times is significantly more than
the amount of information carried by the populations of A1 cells using simple
on/o↵ encoding as described in Section 5.5. This suggests that the AN-CN-IC-A1
model is capable of learning about the identity of up to six simple synthesised
vowel stimuli as long as the precise firing patterns of individual A1 cells are taken
into account. The amount of information is increased throughout the hierarchy of
the AN-CN-IC-A1 model, which further suggests that the temporal probabilistic
information encoding is more appropriate than the simple rate on/o↵ encoding
scheme for representing multiple vowel classes.

Similar amounts of information are reached by the populations of A1 cells
of the trained and untrained AN-CN-IC-A1 model. This was also the case for
single A1 cells using the precise firing timing information encoding as discussed in
Section 5.8.1, but not when simple on/o↵ encoding was considered (Figs. 5.1 and
5.2). Such results are to be expected, however. Cell spike rasters show that A1
cells of the full AN-CN-IC-A1 model before (Fig. 5.7) and after (Fig 5.5) training
show qualitatively similar patterns of firing in response to four vowels, whereby
additional clues about stimulus identity are present within the precise firing timing
of these cells. Simple on/o↵ encoding only considers whether a cell fired at all
during stimulus presentation or not. Figure 5.3 demonstrates that before training
A1 cells fire to most presentations of most stimuli, which results in low single and
multiple cell on/o↵ information. The same is not the case after training using
on/o↵ encoding, since the firing rate of A1 cells drops due to the weakening of
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Figure 5.8: Vowel recognition accuracy for population responses of the 125 most in-
formative cells in the output (A1) layer of the full AN-CN-IC-A1 (blue) and the simple
AN-A1 (red) models of the auditory brain. It is assumed that information is encoded
within the unique precise firing patterns of A1 cells in response to the di↵erent vowel
stimuli. Data are shown for both models before (hatched bars) and after (solid bars)
training and in response to two to six vowel stimuli. It can be seen that the full AN-CN-
IC-A1 model reaches higher accuracy than the simple AN-A1 model, thus supporting
the hypothesis that sub-cortical pre-processing is necessary for transform invariant au-
ditory object recognition, including vowels. The high vowel recognition accuracy of the
untrained AN-CN-IC-A1 model (hatched blue bars) suggests that plasticity within the
IC!A1 connections might not be necessary for di↵erentiating between the simple syn-
thesised vowel stimuli. This figure demonstrates that multiple cell information encoding
using the precise spike timing of A1 cells with respect to stimulus onset carries sig-
nificantly more information than the simple on/o↵ encoding as plotted in Figure 5.2.
Similar data are presented for the input AN (yellow), and intermediate CH (CN) (ma-
genta) and IC (green) layers. Data for ON and PL sub-populations of the CN are not
presented, since ON does not carry any information about the vowel class identity, while
PL is essentially identical to AN. The output A1 layer of the trained full AN-CN-IC-A1
model results in more information compared to the input AN, or the intermediate CH
or IC layers (apart from the two vowel recognition task due to its simplicity).
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many IC!A1 synapses. This results in less responsiveness of A1 cells to their
un-preferred stimuli after training, and therefore higher on/o↵ information.

The similar levels of multiple cell information within the trained and untrained
versions of the AN-CN-IC-A1 model suggest that plasticity within the IC!A1
connections is not important for the development of transform invariant repre-
sentations of simple synthesised vowel stimuli. IC!A1 plasticity, however, might
be necessary for learning more complex naturally spoken word stimuli, which are
discussed in the next chapter.



6
Towards Learning Transform Invariant
Representations of Naturally Spoken

Words

6.1 Introduction

This thesis has so far compared the performance of two models of the auditory
brain, the full AN-CN-IC-A1 and the simple AN-A1 models, using synthesised
vowels. It was shown that the full AN-CN-IC-A1 model is capable of develop-
ing transform invariant representations of up to six vowel stimuli. The encoding
scheme used by the model A1 cells for representing the vowel identities, however,
changed as the number of stimuli was increased from two to six. It was shown that
simple on/o↵ encoding was su�cient to provide full information about the identity
of two vowels, whereby the only thing considered was whether an A1 cell fired at
least once during a stimulus presentation or not. Such a simple encoding scheme
was shown to fail to provide enough information about the stimuli as the number
of vowels was increased. A more complex encoding scheme which took into account
the precise firing times of individual cells was shown to be a more adequate way
to di↵erentiate between more vowels. Furthermore, while single cell information
was shown to be enough to di↵erentiate between two vowels, multiple cell informa-
tion was necessary to di↵erentiate between three and more vowels. This suggested
that information encoding changed from ’grandmother-like’ to distributed as the
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number of synthesised vowel stimuli was increased from two to six.
This chapter explores whether the full AN-CN-IC-A1 model is capable of learn-

ing transform invariant representations of naturally spoken words rather than syn-
thesised vowels. The complexity of naturally spoken words is much higher than
that of synthesised vowels, which makes the transform invariance learning task a
lot more challenging for the network. This chapter discusses how the full AN-
CN-IC-A1 and the simple AN-A1 models of the auditory brain cope with learn-
ing transform invariant representations of naturally spoken digits ’one’ and ’two’
taken from the TIDIGITS database (Leonard & Doddington 1993). Furthermore,
this chapter shows that due to the complexity of naturally spoken word stimuli
a more elaborate encoding scheme based on the idea of polychronous chains as
described by Izhikevich (2006) is required to encode transform invariant represen-
tations emerging in the output layer of the network.

6.1.1 Polychronous Chains

In order to form speaker independent representations of di↵erent words, the au-
ditory brain has to be able to respond in a manner that di↵erentiates between
di↵erent words but not between di↵erent exemplars of the same word. This is a
challenging task, given the great variability in the auditory inputs due to di↵er-
ences in pronunciation both within and between speakers. This input variability is
further compounded by the stochasticity present in the firing patterns generated
at the first neural stage of auditory processing, the AN. How can the brain dis-
cover the statistical regularities di↵erentiating various words in such noisy inputs?
We believe an answer to this question can be partially provided by the indepen-
dent yet overlapping theories described in the previous chapters (Evans & Stringer
2012, Masquelier et al. 2008). However, in order to account for the complexity of
naturally spoken words, a new concept of ’polychronous groups’ (PGs) also has to
be introduced.

A PG is a group of neurons that ’exhibit reproducible time-locked but not
synchronous firing patterns with millisecond precision’ (Izhikevich 2006). When a
cell is a part of a polychronous group/chain, it can fire to a number of stimuli, with
its di↵erent spikes helping encode di↵erent stimuli as part of di↵erent polychronous
chains. Polychronous temporal representations of objects have been shown to
dramatically increase the capacity of the learning system, since each cell can take
part in a number of polychronous chains by producing a number of spikes, where
each spike belongs to a di↵erent polychronous chain without disturbing any of the
other chains.

The idea of a polychronous chain is similar to that of a synfire chain (Abeles
1982a, 1991, Diesmann et al. 1999, Herrmann et al. 1995). Synfire chains are
response patterns within a feedforward neural network that are made of a number



6.1 Introduction 245

Figure 6.1: A: an illustration of two polychronous chains: b, c, d, a and b, c, d, e. The
axonal delays from neurons b, c and d to neurons a and e are di↵erent, thus enabling
the existence of the two polychronous chains. B: synchronous firing of neurons b, c and
d is not a part of a polychronous chain, since it does not activate neurons a or e. Each
spike is denoted by a vertical black line, and the arrows point at the spike arrival times
to the corresponding cells after the appropriate axonal delays. C: due to the particular
distribution of axonal delays, the depicted pattern of firing of neurons b, c and d results
in the activation of neuron a. This, therefore, constitutes a polychronous chain b, c, d,
a. D: due to the particular distribution of axonal delays, the depicted pattern of firing
of neurons b, c and d results in the activation of neuron e. This, therefore, constitutes
a polychronous chain b, c, d, e. Adapted from Izhikevich (2006).
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of pools of neurons, whereby each neuron in pool i contacts a number of neurons
in pool i + 1, and each neuron in pool i + 1 receives excitatory connections from
a number of neurons in pool i. Such an architecture results in two patterns of
activity, whereby activity either quickly dies down, or the initial activity is built
up into a wave that propagates along a chain of neurons in a particular repeatable
way, whereby the same initial activity will result in the same propagation path of
the wave (Abeles 1982a, 1991, Diesmann et al. 1999, Herrmann et al. 1995). A
synfire chain assumes synchronous firing of its constituent neurons, and the axonal
delays between the di↵erent pools of neurons are assumed to be equal. This means
that a particular population of cells can represent only one stimulus, since they
can either fire synchronously or not. Polychronous chains are essentially synfire
chains that allow for asynchronous firing of neurons. Polychronous groups have
higher representational capacity, because di↵erent precise patterns of firing of one
population of cells can encode di↵erent stimuli. This becomes possible because
of the heterogeneous distribution of axonal delays in the network, which allows
di↵erent temporal spike patterns to arrive simultaneously to di↵erent receiving
neurons, thus providing them with super-threshold activation, if the appropriate
matching distributions of axonal delays is in place (Fig. 6.1). An example of
a polychronous chain arising within a recurrent network of spiking neurons as
described by Izhikevich (2006) is shown in Figure 6.2.

PGs are shaped by the interplay between delay lines, STDP-based learning
and stimulus structure. A random distribution of conduction delays sets up a
repertoire of PGs in a network. When a stimulus is presented to the network,
it may activate a subset of PGs, whose output propagates through a further set
of connections with random delays. If that set of connections is large then it
may contain subsets of delays which happen to match the characteristic spatio-
temporal firing pattern of a PG in a manner that allows the PG output to converge
synchronously on a receiving neuron. This receiving neuron thereby receives super-
threshold activation, and its connections to the PG are strengthened by STDP-
based learning .

In this manner, di↵erent output layer neurons become sensitized to the charac-
teristic activity of di↵erent input layer PGs. The temporal structure of the input
stimuli may cause the output layer neurons themselves to generate reproducible
spatio-temporal firing patterns, giving rise to ’higher order’ PGs, which may in
turn be learned by the next layer in the network. Such a feedforward hierarchy
could take advantage of cumulative delays over several layers of connectivity, en-
abling PGs to discover regularities in the temporal structure of input stimuli over
an ever wider temporal scale. In addition, such networks should be able to cope
with variable or degraded inputs while maintaining stable, informative output rep-
resentations. For example, it may learn to cope with the presence of temporal jitter
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in the order of a few milliseconds, spontaneous firing at up to 10 Hz, or loss of up
to half of the neurons participating in an input PG (Masquelier et al. 2008).

In this chapter we will show that stable spatio-temporal patterns of firing (PGs)
spontaneously emerge within the plastic cortical stage of the full AN-CN-IC-A1
model due to CT learning mediated by STDP (Evans & Stringer 2012). It is use-
ful to think of CT learning as a mechanism which ’expands PGs’ to respond to
increasing numbers of similar exemplars from a given stimulus class. Networks
using CT learning should thus be able to discover similarities in similar pronun-
ciations of the same word and map these onto responses of PGs. In essence the
network should operate much like an autoencoder network, and be able to exploit
reproducible spatio-temporal input patterns and overlap among inputs represent-
ing members of each stimulus class, to develop an e�cient, robust and compact
temporal encoding of the stimulus set.

6.2 Stimuli

Digits ’one’ and ’two’ naturally pronounced twice each by 94 speakers were used
as stimuli in this chapter. A more thorough description of the stimuli can be found
in Chapter 2 Section 2.2.3.

6.2.1 Analysing the Complexity of Naturally Spoken Stim-
uli

The task of learning transform invariant representations of naturally spoken digits
’one’ and ’two’ is in a way similar to the task of learning transform invariant
representations of synthesised vowels /i:/ and /a/. In the case of synthesised
vowels, the network has to learn to respond similarly to 240 (20 epochs of each
of the 12 exemplars) presentations of each vowel, while keeping the responses to
the two vowels di↵erent. In the case of naturally spoken digits, the network has
to learn to respond similarly to 376 (4 epochs of 94 pronunciations by di↵erent
speakers) presentations of each digit, while keeping the responses to the two digits
di↵erent. The two tasks, however, are very di↵erent in their complexity due to the
nature of transform invariance that the network has to learn in the two conditions.

The only changes between the di↵erent exemplars of the synthesised vowels are
the exact frequencies of their three constituent formants. This roughly corresponds
to the di↵erent pronunciations of the vowels by the same speaker. The di↵erent
exemplars of the naturally spoken digits ’one’ and ’two’ taken from the TIDIGITS
database (Leonard & Doddington 1993) also vary in their constituent formants
(both within and between speakers), however they also di↵er in their fundamental
frequency (for di↵erent speakers), duration, rate of speech and envelope (due to
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Figure 6.2: An example of a polychronous chain learnt by a recurrent spiking neural
network with STDP-based learning and a distribution of axonal delays between 1000
randomly connected excitatory (80%, red) and inhibitory (20%, black) cells as described
by Izhikevich (2006). The activity of the entire network is shown in the top plot. While
the presence of any polychronous chains is not obvious from the raster of firing shown
in the top plot, a polychronous chain shown in the middle plot appears more often than
would be expected by chance. The chain is learnt because of the matching distribution
of axonal delays shown in the bottom plot. Dots denote the actual firing of cells in the
model, while circles represent the potential firing times based on the connectivity shown
in the bottom plot. Adapted from Izhikevich (2006).
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the di↵erent accents). Furthermore, while individual vowels are periodic yet tem-
porally static stimuli, since their constituent formants do not change over time,
words (such as ’one’ and ’two’) contain a number of phonemes, and are therefore
temporally dynamic and contain additional data for the network to learn, such as
phoneme co-articulation.

6.3 Analysing Network Responses to Naturally
Spoken Stimuli

6.3.1 On/O↵ Encoding

Di↵erent types of information encoding have been assumed throughout this thesis
to analyse the response properties of the output layer A1 of the full AN-CN-IC-A1
and the simple AN-A1 auditory brain models. For the two vowel recognition task
described in Chapters 3-4 a simple on/o↵ encoding was assumed, whereby each
A1 cell was hypothesised to encode the vowel /a/ or /i:/ by firing at least once
or not firing at all while being presented with the stimuli (see Chapter 2 Section
2.10.5 for details). Full 1 bit of information for the two synthesised vowel stimuli
was reached if a single A1 cell fired at least once during every presentation of all
exemplars of one vowel, but never fired to any presentations of any exemplars of
the other vowel.

6.3.1.1 Information About Naturally Spoken Digits Using On/O↵ En-
coding

Spike rasters of A1 cells of the full AN-CN-IC-A1 model after training (Fig. 6.3)
suggest that simple on/o↵ encoding used in previous chapters is not su�cient to
provide enough information to di↵erentiate between two naturally spoken digits
’one’ and ’two’. On/o↵ encoding assumes that stimulus information is represented
according to whether a particular A1 cell fires at least one spike during stimulus
presentation or not. Figure 6.3 suggests no di↵erences in such binary cell responses
between the depicted typical A1 cell responses to the two naturally spoken digits
after training.

Figure 6.4 verifies that simple on/o↵ encoding used in previous chapters is
not su�cient to represent the two naturally spoken stimuli. It can be seen that
the maximum multiple cell information reached by the 201 A1 layer cells of the
full AN-CN-IC-A1 model after training is very low (0.012/1 bits) (see Chapter 5
Section 5.5 for methods).

It can be seen, however, that the A1 layer of the full AN-CN-IC-A1 model
after training still contains more single and multiple cell information than the A1
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Figure 6.3: Firing rasters of four cells within the A1 layer of the full AN-CN-IC-A1
model of the auditory brain in response to two naturally spoken digits ’one’ and ’two’
after training. The abscissa is the time (ms) from stimulus start. The ordinate represents
stimulus presentation number, whereby each digit was presented 188 times (4 epochs of
each of the 94 exemplars for each digits). Each dot within a raster represents a spike
produced by the cell. Cell index is provided at the top of each firing raster.
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Figure 6.4: Box-and-whisker plots showing the distribution of information over twenty
di↵erent subsamples of cells within various layers of the full AN-CN-IC-A1-Belt and
reduced AN-A1-Belt models based on on/o↵ rate encoding scheme in response to two
digits ’one’ and ’two’ naturally spoken by 94 di↵erent speakers and presented over four
epochs. Maximum theoretical entropy for the task is 1 bit. It can be seen that simple
on/o↵ encoding scheme is not su�cient to represent the two naturally spoken stimuli
and a more elaborate temporal encoding scheme using precise spike times might be
necessary. Nevertheless it can be seen that the full AN-CN-IC-A1 model reaches higher
information than the simple AN-A1 model, thus confirming the hypothesis that sub-
cortical pre-processing is helpful for transform invariant auditory object recognition,
including naturally spoken words. PL and ON layers are not shown. The ON layer
conveys 0 bits of information, and PL is equivalent to AN.

layer of the trained AN-A1 model, or the A1 layers of either of the two models
before training. This provides further evidence for the importance of sub-cortical
pre-processing for transform invariance learning of auditory objects.

6.3.2 Single Cell Temporal Encoding

Chapter 5 demonstrated that as the number of vowels presented to the network
increases from two to six, the simple on/o↵ encoding becomes insu�cient to rep-
resent enough information to di↵erentiate between the vowels in a transform in-
variant manner. It was shown that the precise timing of spikes emitted by a cell
is useful to consider, as it carries more information about the stimulus identity.
Evidence for such encoding was present in the single cell spike rasters (Fig. 5.5),
which highlighted the di↵erent stable temporal patterns of firing of individual A1
cells in response to the di↵erent vowels.

Figure 6.3 plots spike rasters of a number of A1 cells within the AN-CN-IC-A1
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model of the auditory brain in response to the naturally spoken digits ’one’ and
’two’ after training. It can be seen that no obvious structure of firing is present
within the firing rasters of these cells to di↵erentiate between the two digits. This
is due to the increased stimulus complexity of naturally spoken digits compared
to synthesised vowels as discussed in Section 6.2.1.

The single cell temporal information encoding scheme based on the precise
spike times of individual A1 cells with respect to the stimulus start described in
Chapter 5 and used to di↵erentiate between three to six synthesised vowels relies on
the regularity of precise spike times of individual cells with respect to the stimulus
onset, which is achievable in response to the highly controlled synthesised vowel
stimuli. This regularity breaks when the extra complexity and transform variance
of the naturally spoken digits as discussed in Section 6.2.1 is added. Such an
encoding scheme, therefore, is not appropriate any more to represent information
about the identity of naturally spoken digits.

It is therefore hypothesised that the identity of the naturally spoken digit
stimuli is encoded within the precise temporal patterns of firing of a number of A1
cells within polychronous chains. Such patterns of firing are expected to appear
regularly, whereby the spikes that make up a pattern happen at the same time �s
with respect to each other rather than the stimulus onset.

6.3.3 Choosing the Right Information Encoding Scheme

The temporal information encoding scheme based on the precise spike times of
individual A1 cells with respect to the stimulus start described in Chapter 5 is
a simpler scheme than the one based on polychronous chains suggested above.
The former is based on the spiking information of single A1 cells, while the latter
requires spiking information of a population of A1 cells. Furthermore, the former
is easier to intuitively interpret, since the di↵erences in A1 cell firing patterns in
response to di↵erent vowel stimuli are obvious in the cell raster plots (Figs. 5.5 and
5.7), while polychronous chains are virtually impossible to spot with the naked eye
(Fig. 6.3).

While polychronous chains were likely to be present in the A1 layer of the full
AN-CN-IC-A1 model when trained on two to six synthesised vowels, they have
not been discussed so far, because each chapter assumed the simplest su�cient
encoding scheme for the task. This was done because one of the roles of the audi-
tory brain hierarchy is assumed to be the transformation of stimulus information
encoding from the more complex one within the input AN layer, to the simplest
possible one within the output A1 layer (see Chapter 4 Section 4.6 for further dis-
cussion of this). This is why simple on/o↵ encoding was used to analyse the model
performance when learning transform invariant representations of two vowels, but
the more complex single cell temporal encoding scheme was used when three to
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six vowels were presented to the network. On/o↵ encoding was shown to be not
su�cient any more to fully di↵erentiate between three to six vowels, and therefore
the next simplest encoding scheme was used. The single cell temporal informa-
tion encoding scheme based on the precise spike times of individual A1 cells with
respect to the stimulus start used to represent three to six synthesised vowels is
not su�cient any more to represent naturally spoken digits ’one’ and ’two’ used in
this chapter. This is why the next simplest encoding scheme based on the precise
firing times of A1 cells within polychronous chains is discussed is this chapter.

6.3.4 Analysing A1 Firing

The continuous transformation (CT) learning mechanism based on STDP (de-
scribed in Chapter 2 Section 2.5) relies on stable temporal patterns of firing within
the pre-synaptic layer. In order to understand whether such stable firing patterns
emerge within the A1 layer of the full AN-CN-IC-A1 model in response to natu-
rally spoken words, such as digits ’one’ and ’two’, a Local Firing Stability (LFS)
measure was used. The LFS is similar to the Same Exemplar (SE), Di↵erent Ex-
emplars (DE) and Di↵erent Stimuli (DS) indices (Chapter 2 Section 2.10.3) used
to measure the firing pattern stability within the AN and IC layers of the full
AN-CN-IC-A1 model in response to synthesised vowels /i:/ and /a/. The SE, DE
and DS indices, however, are not suitable to analyse the firing pattern stability
within the A1 layer of the full AN-CN-IC-A1 model in response to the naturally
spoken digits ’one’ and ’two’. This is due to the fact that the indices described
above measure global pattern stability within the whole layer. These measures
look for repeating patterns of firing that happen for exactly the same A1 cells at
exactly the same time � with respect to the stimulus start (±0.5 ms due to the 1
ms binning of the firing rasters). These measures, therefore, rely on the identical
duration, fundamental frequency and rate of speech of the stimuli, which is true for
the synthesised vowels /i:/ and /a/, but false for the naturally spoken digits ’one’
and ’two’. This is why a di↵erent approach based on the local firing stability of
individual A1 cells was used to assess the firing stability in the output layer of the
full AN-CN-IC-A1 model in response to the naturally spoken digits ’one’ and ’two’.
LFS index is somewhat similar to the spike-triggered average technique (Simon-
celli et al. 2004) - a standard tool used in neuroscience to characterise the response
properties of neurons. While spike-triggered average calculates the average stim-
ulus preceding the chosen neuron’s spikes, LFS index calculates average spiking
activity of neurons within the same neural area as the chosen neuron and within
a time delta both before and after the chosen neuron’s spikes. The mathematical
formulation of the LFS index is described in more detail next.
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6.3.4.1 Local Firing Stability Measure

The new LFS measure for the A1 layer of the full AN-CN-IC-A1 model relies on the
following principle. It is assumed that if an individual A1 cell learns to respond
to a particular pattern of activity in the preceding layer (IC), and it responds
to that pattern in a persistent manner at a fixed time � after the end of the
pattern (±0.5 ms), then the cell is likely to be a part of a stable firing pattern
within a polychronous chain (Izhikevich 2006). This is because it is assumed that
the di↵erent exemplars of the naturally spoken stimuli will consist of particular
combinations of these micro-patterns of activity in the IC, which will drive the
stable patterns of activity within the polychronous chains in the A1, which can then
be learnt by the next cortical layers. In other words, if an A1 cell consistently fires
to a particular pattern of activity in the preceding layer IC, then this cell carries
information about the presence of that particular micropattern in the stimulus,
and therefore is useful for the next cortical layer in learning transform invariant
representations of natural auditory objects, such as naturally spoken digits ’one’
and ’two’. On the other hand, if A1 cells fire to undistinguishable random patterns
in the preceding IC layer, then the relative timing of such cells would be random,
and thus they would not form stable patterns of firing constituting a polychronous
chain within the A1, which in turn means that they would not provide the stable
firing patterns necessary for the next cortical layers to learn anything.
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Figure 6.5: (Figure legend on next page)
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(Figure 6.5 legend) Visualisation of the IC firing patterns that A1 cells 475, 921, 928
and 321 of the full AN-CN-IC-A1 model trained on two naturally spoken digits (’one’
and ’two’) learnt to respond to. Each plot represents the sum of the binary matrices
representing the IC firing over 50 ms preceding each of the spikes of the corresponding
A1 cell (see Chapter 4 Section 4.4.3). The A1 cells fire at the 51 ms time bin. 1 ms
bins are used for the plots. The colour of each plot component represents the number
of spikes occurring for that IC cell (ordinate) at that time bin (abscissa) preceding the
A1 cell spikes. The total number of spikes emitted by each of the four A1 cells during
testing corresponds to the maximum value of the colour bar shown to the right of each
plot. Higher values of plot components indicate more stable patterns of a↵erent IC firing
that the A1 cells have learnt to respond to. The red rectangles indicate the areas of the
plot that contain the 10 components with the highest magnitudes which serve as the
firing patterns that drive the corresponding A1 cells. The title of each plot shows the
cell number followed by the local firing stability (LFS) measure score - the maximum
magnitude of the plot components in proportion to the total number of spikes emitted
by the A1 cell during testing. The higher the LFS measure score, the more stable is
the coupling between the particular patterns of firing within the IC and the firing of the
particular A1 cell. It is important to remember that the delays in the model might be
axonal, dendritic, synaptic or due to indirect connections. Furthermore, the model A1
is an approximation of MGN and A1 in the real brain.

In order to calculate this new LFS measure score the following calculations were
made. First, preferred pattern plots (Chapter 4 Section 4.4.3) were constructed
for the 100 most informative cells of the full AN-CN-IC-A1 model in response to
the naturally spoken digits ’one’ and ’two’ (Fig. 6.5). Each plot is a visualisation
of a matrix Mc =

P
i Mic, where i is the index of each spike emitted by each

A1 cell c in response to all exemplars of all stimuli, and Mic is a binary matrix
representing an IC firing raster for the 50 ms preceding the ith spike of an A1 cell
c. Each component of the matrix Mc is therefore the number of spikes that were
emitted by a particular IC cell at a particular time � (±0.5 ms) before the A1
cell c emitted a spike in response to any of the stimuli. The top ten components
(mj, where j 2 {1, ..., 10}) with the highest magnitude for each matrix Mc were
taken, and their magnitude in proportion to the number of times A1 cell c fired in
total in response to any stimulus presentation was calculated (pc =

[m1,m2,...,m10]
n
c

,
where nc is the number of times A1 cell c fired in total in response to any stimulus
presentation). The components of vectors pc for each A1 cell c indicate how likely
it is that the A1 cell c was driven by the presence of a spike corresponding to the
component mj of matrix Mc, and therefore whether the A1 cell c has learnt to
respond to a particular stable firing pattern within the IC which includes mj.
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6.3.4.2 A1 Local Firing Stability in Response to Naturally Spoken Dig-
its

The average of all components within vectors pc for the 100 most informative A1
cells of the full AN-CN-IC-A1 and the simple AN-A1 models in response to the
naturally spoken digits ’one’ and ’two’ before and after training was calculated. It
was found that the LFS measure score was the highest for the full AN-CN-IC-A1
model after training at 0.44, compared to 0.17 before training. These were both
higher than the LFS measure scores for the simple AN-A1 model before (0.08) and
after (0.09) training. This suggests that the A1 cells of the trained full AN-CN-
IC-A1 model of the auditory brain learn to respond to particular stable a↵erent
patterns of activity within the IC and therefore are likely to form stable patterns of
activity themselves as part of polychronous chains (Izhikevich 2006). This should
enable the next cortical layers to continue building stimulus specific transform
invariant representations of naturally spoken auditory objects, such as naturally
spoken digits ’one’ and ’two’, using the firing with the A1 layer as input.

6.3.4.3 Preferred Firing Patterns of A1 Cells

When examining the preferred pattern plots of A1 cells of the full AN-CN-IC-A1
model in response to the naturally spoken digits ’one’ and ’two’ it can be seen
that some A1 cells learnt to respond to particular IC firing patterns which only
happens after a period of little activity within the IC (either at stimulus onset,
since it is preceded by 100 ms of silence, or at a particular part of the stimulus
which is preceded by at least around 50 ms of very low IC firing rate) (Fig. 6.5,
cell 475). These cells have very high LFS measure scores (0.95 for cell 475), which
indicate good learning.

Other A1 cells have lower LFS measure scores (which are still higher than those
of the untrained AN-CN-IC-A1 or either trained or untrained AN-A1 models)
(0.36, 0.27 and 0.23 for cells 921, 928 and 321 respectively in Fig. 6.5). This
indicates that these A1 cells learnt to respond to particular a↵erent IC firing
patterns that can appear at di↵erent points within the stimulus and can thus
drive the A1 cells to fire quicker or slower depending on the A1 cells’ state of
activation at the time. The state of activation of each of the A1 cells depends on
the particular IC firing preceding the onset of the preferred pattern. Due to the
variability in the A1 cells’ state of activation, the same preferred firing pattern
can result in di↵erent time delta before the particular A1 cell fires. This in turn
misaligns the IC firing binary matrices (Mic), which in turn results in lower LFS
measure scores.
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Figure 6.6: (Figure legend on next page)
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(Figure 6.6 legend) Visualisation of the preferred IC firing pattern for the A1 cell 92
of the trained full AN-CN-IC-A1 model with low local firing stability (LFS) measure
score; the A1 cell 30 of the untrained full AN-CN-IC-A1 model of the auditory brain;
and the preferred AN firing patterns for the A1 cells 737 and 998 of the simple AN-
A1 model of the auditory brain before and after training, respectively. The firing data
were collected by presenting the models with four epochs of two digits ’one’ and ’two’
naturally spoken by 94 speakers. Each plot represents 50 ms of IC/AN firing binned
within 1 ms bins preceding each of the spikes of the corresponding A1 cell. The A1 cells
fire at the 51 ms time bin. The colour of each plot component represents the number
of spikes occurring for that IC/AN cell (ordinate) at that time bin (abscissa) preceding
the A1 cell spikes. The total number of spikes emitted by each of the three A1 cells
during testing corresponds to the maximum value of the colour bar shown to the right
of each plot. Higher values of plot components indicate more stable patterns of a↵erent
IC/AN firing that the A1 cells have learnt to respond to. The red rectangle indicates
the area of the plot that contains the 10 components with the highest magnitudes which
serve as the firing pattern that drives the A1 cell 30. Such a rectangle is not present for
the A1 cells 92, 998 and 737, since there was no single area of the plot that contained
the components with the higher magnitude, thus suggesting that the A1 cells of the
simple AN-A1 model did not respond to particular stable a↵erent firing patterns either
before or after training. The title of each plot shows the cell number, followed by the
LFS measure score - the maximum magnitude of the plot components in proportion to
the total number of spikes emitted by the A1 cell during testing. The higher the LFS
measure score, the more stable is the coupling between the particular patterns of firing
within the IC/AN and the firing of the particular A1 cell. The lack of yellow areas within
the plots and the low LFS scores indicate that none of the cells presented in this plot
learnt to respond to any particular a↵erent firing patterns from their respective input
layers.

Figure 6.6 shows preferred pattern plots for the most informative A1 cell of the
full AN-CN-IC-A1 model before training (cell 30) and for the most informative
cells of the simple AN-A1 model before and after training (cells 737 and 998
respectively). It can be seen that these cells do not learn to respond to any
particular a↵erent firing patterns from the IC or AN respectively, as indicated by
the low LFS measure scores and the blurred preferred pattern plots. Figure 6.6
also shows the preferred pattern plot of A1 cell 92 within the full AN-CN-IC-A1
model after training, which has a low LFS measure score. Not all A1 cells learn to
become a part of polychronous chains after training, and cell 92 is an example of
such cells. It can be seen that its preferred pattern plot looks similar to that of cell
30 of the untrained AN-CN-IC-A1 model. This is di↵erent to the plots indicative
of cells that do become a part of polychronous chains after training (Fig. 6.5).
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6.3.5 Changes in Distributions of IC!A1 A↵erent Con-
nection Weights

When the distributions of a↵erent connection weights (wBL
ij ) for the cells described

in Section 6.3.4.3 are examined (Fig. 6.7), it can be seen that cells 475, 921, 928 and
321 of the AN-CN-IC-A1 model (Fig. 6.5) and cell 998 of the AN-A1 model (Fig.
6.6) after training have significantly di↵erent distributions of a↵erent connection
weights compared to cells 30 and 998 of the corresponding models before training.

It can be seen that cells 475, 921, 928 and 321 of the trained AN-CN-IC-A1
model have both weakened (< 30 nA) and strengthened (> 35 nA) connections
(the a↵erent IC!A1 connections (wBL

ij ) were initialised randomly from a uniform
[30, 35] nA distribution, see Table 3.4). Cells 475 and 921 developed the strongest
a↵erent connections. These strong a↵erent connections correspond to the higher
LFS measure scores of 0.95 and 0.36 correspondingly (Fig. 6.5). This suggests that
these cells have indeed learnt to respond to a particular stable repeating pattern
within the IC, since such a stable repeating a↵erent firing pattern is necessary to en-
able LTP to strengthen the cell’s a↵erent connection weights even when the model
LTP magnitude (↵p) is lower than LTD magnitude (↵d) (Table 3.4) (Masquelier
et al. 2008). The less stable IC firing patterns for cells 928 and 321 as evidenced by
their lower LFS measure scores (0.27 and 0.23 correspondingly) (Fig. 6.5) resulted
in the lower maximal a↵erent connection strength magnitude developed through
STDP-based learning for these cells.

Figure 6.7 shows that cell 998 of the trained AN-A1 model has only weakened
a↵erent connection weights (< 30 nA). This cell also has a very low LFS measure
score of 0.09 (Figs. 6.6 and 6.7). This further suggests that this cell did not
receive stable a↵erent firing patterns from the AN layer, which resulted in the
global depression of its a↵erent connection weights (wBL

ij ) due to the lower LTP
magnitude (↵p) compared to the LTD magnitude (↵d) within the AN-A1 model
(Table 3.2, Model 2) (Masquelier et al. 2008).

6.3.6 Changes in IC!A1 A↵erent ConnectionWeights Due
to Learning

Histograms and heat plots of all a↵erent connection weights (wBL
ij ) between the

IC/AN and A1 layers of the full AN-CN-IC-A1 and simple AN-A1 models of the
auditory brain were plotted before and after training (Fig. 6.8). When examining
the changes in a↵erent connection weights (wBL

ij ) between the IC and A1 layers
of the full AN-CN-IC-A1 model of the auditory brain before and after training,
it can be seen that little learning happened in the low characteristic frequency
part of the layer, since most connections remained within the [30, 35] nA range
used for the a↵erent connection strength initialisation (see Fig. 6.8 A). The part
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Figure 6.7: Histograms of a↵erent IC!A1 connection magnitudes (wBL
ij ) of seven

cells: cells 475, 921, 928 and 321 of the trained AN-CN-IC-A1 model; cell 998 of the
trained AN-A1 model; and cells 30 and 737 of the untrained AN-CN-IC-A1 and AN-A1
models respectively. The title of each plot shows the cell number, followed by the local
firing stability (LFS) measure score (see Section 6.3.4.1). The higher the LFS measure
score, the more stable is the coupling between the particular patterns of firing within
the IC/AN and the firing of the particular A1 cell. Cells from the trained AN-CN-
IC-A1 network have achieved higher single cell information and LFS measure scores,
and have strengthened a↵erent connection weights from the IC, which is indicative of
learning. Cell 998 from the trained simple AN-A1 network has achieved poor single cell
information and a low LFS measure score, and has only weakened a↵erent connection
weights from the AN, which indicates that no stable firing patterns were learnt. Cells
30/737 are example A1 cells within the untrained AN-CN-IC-A1 and AN-A1 models
correspondingly. Since the a↵erent connections received by A1 were randomly initialised
from the same [30, 35] nA uniform distribution for both the AN-CN-IC-A1 and the AN-
A1 models, the histograms of a↵erent IC!A1 connection magnitudes for every untrained
A1 cell of either of the two models look identical. An example of such a histogram is
depicted in the bottom right sub-plot.
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of the layer that received more input from the naturally spoken digits ’one’ and
’two’, however, changed significantly compared to the untrained network. While
most connections weakened due to noisy firing within the IC and the lower LTP
magnitude (↵p) compared to the LTD magnitude (↵d) (Table 3.4) (Masquelier
et al. 2008), a large number of a↵erents strengthened up to the maximum of 60
nA. These a↵erents connect the IC cells that took part in the regular patterns of
firing in response to the naturally spoken digits to the A1 cells that have the right
distribution of delays to extract stable firing patterns from the a↵erent IC firing
raster (see Section 2.4).

Figure 6.8: (Figure legend on next page)
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(Figure 6.8 legend) A↵erent connection weight matrices (wBL
ij ) (left column) and dis-

tributions of synaptic connection weights before (pink) and after (blue) training (right
column) for the full AN-CN-IC-A1 model (A) and reduced AN-A1 model (B). The or-
dinate of the subplots in the right column is log scaled. It can be seen that STDP-based
learning resulted in a multi-modal distribution of a↵erent IC ! A1 connections of the
full AN-CN-IC-A1 model, whereby some connections got strengthened, some remained
unchanged from the initialisation values in the [30, 35] nA range (these connections
correspond primarily to the a↵erents received from the low frequency tuned region of
the IC), and some got weakened. This is di↵erent from the unimodal distribution of
AN ! A1 connections of the simple AN-A1 model after training, whereby all connec-
tions got weakened.

It can be seen that all of the a↵erent connection weights (wBL
ij ) of the simple

AN-A1 model got weakened during training (see Fig. 6.8 B). This suggests that
none of the A1 cells of the AN-A1 model received stable patterns of firing from the
AN during training (Masquelier et al. 2008). This further supports the hypothesis
that sub-cortical pre-processing within the CN and IC is necessary to remove AN
noise and enable a↵erent connection strengthening through STDP-based learning
.

6.3.7 Measuring Polychronization Index in A1

As outlined earlier in this chapter, we envisage that the full AN-CN-IC-A1 network
will exhibit unsupervised learning by forming a hierarchy of PGs, where each PG
is a group of neurons which ’exhibit reproducible time-locked but not synchronous
firing patterns with millisecond precision’ (Izhikevich 2006). An exhaustive search
for PGs through the network would be prohibitive (Paugam-Moisy et al. 2008), so
we developed a numerical score, the ’polychronization index’ (PI) to quantify the
prevalence of reproducible patterns across the population of neurons in one layer
(see Chapter 2 Section 2.10.3.4).

Figure 6.9 shows the calculated PI scores. It can be seen that subcortical
preprocessing in the CN and IC led to more stable spatio-temporal discharge pat-
terns, as evidenced by higher PI scores in the IC compared to AN. These more
reproducible firing patterns also carried through to A1 and Belt. The AN-A1-Belt
model, which lacked subcortical preprocessing layers CN and IC, did not achieve
the same stability of firing patterns seen in IC, A1 and Belt of the full AN-CN-
IC-A1-Belt model even after training.



6.3 Analysing Network Responses to Naturally Spoken Stimuli 264

6.3.8 Expanding the Models

Sections 6.3.4-6.3.7 have examined evidence that the output A1 layer cells of the
full AN-CN-IC-A1 model have learnt about the naturally spoken digits ’one’ and
’two’ and thus have become parts of polychronous chains of stable repeating pat-
terns of activity in response to the di↵erent exemplars of the two stimuli. This
evidence included the following di↵erences between the AN-CN-IC-A1 and AN-
A1 models: higher LFS measure scores (see Section 6.3.4.1); strengthening of the
a↵erent IC!A1 connections during training; and higher within layer synchrony
scores for the A1 cells of the trained AN-CN-IC-A1 model.

Higher local LFS measure scores found for the full AN-CN-IC-A1 model com-
pared to the AN-A1 model suggest that the activity of A1 cells of the AN-CN-IC-
A1 model was driven by stable patterns of firing within the IC. These stable pat-
terns resulted in the strengthening of the a↵erent connections between the IC and
A1 cells of the full AN-CN-IC-A1 model during training. The two factors described

Figure 6.9: Box-and-whisker plot showing the distribution of polychronization indices
(PI) over all the cells within the relevant layers of the full AN-CN-IC-A1-Belt and reduced
AN-A1-Belt models. The ordinate is log scaled. A higher score indicates that the cells
within the layer are more likely to form stable information bearing polychronous chains.
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above would also give rise to stable firing within the A1 through the strengthened
IC!A1 a↵erents, as evidenced by the corresponding higher LFS measure score
for the A1 layer of the AN-CN-IC-A1 model. This, therefore, suggests that infor-
mative polychronous chains emerge in the A1 layer which could encode transform
invariant representations of the naturally spoken digits ’one’ and ’two’.

In order to provide additional evidence as to whether stable patterns of activ-
ity emerge in the output layer A1 of the full AN-CN-IC-A1 model of the auditory
brain, an extra cortical layer loosely corresponding to the Belt area of the audi-
tory cortex was added after the A1. The Belt layer was initialised in the same way
as the A1 layer (see Table 3.4). It comprised 1000 excitatory neurons with plas-
tic feed-forward A1!Belt a↵erent connections initialised with random connection
weights (wBL

ij ) drawn from a uniform distribution of [30, 35] nA and with a ran-
dom distribution of axonal delays (�ij) drawn from a uniform distribution of [0,
50] ms. The layer included inhibitory inter-neurons identical to the A1 layer. An
additional Belt area was also attached to the end of the simple AN-A1 model in
a similar manner. The two models were trained on the exemplars of the naturally
spoken digits ’one’ and ’two’ according to the same paradigm as was described in
Section 6.2.1. The LTP/LTD time constants (⌧p/⌧d) and magnitudes (↵p/↵d) were
kept the same as in the original AN-CN-IC-A1 model simulations at 15/25 ms and
0.005/-0.015 correspondingly.

6.3.8.1 Changes in A1!Belt A↵erent ConnectionWeights Due to Learn-
ing

It was hypothesised that the A1!Belt a↵erent connections (wBL
ij ) would get strength-

ened if stable repeating firing patterns corresponding to polychronous chains were
present within the A1 layer. If stable firing patterns of polychronous chains were
not present, then the A1!Belt a↵erent connections were expected to weaken dur-
ing training. The former was found to be the case for the AN-CN-IC-A1-Belt
model (Fig. 6.10, A), while the latter was found to be the case for the A1!Belt
a↵erents of the simple AN-A1 model (Fig. 6.10, B).

6.3.8.2 Changes in Distributions of A1!Belt A↵erent ConnectionWeights

Section 6.3.4.3 suggested that A1 cells 475, 921, 928 and 321 of the full AN-CN-
IC-A1 model took part in stable polychronous chains of firing in response to the
naturally spoken digits ’one’ and ’two’ based on the evidence of these cells having
higher LFS scores. If these A1 cells were indeed a part of stable polychronous
chains, then some of their connections (wBL

ij ) to certain Belt neurons with the
right axonal delays (�ij) to capture the repeating polychronous patterns would
get strengthened during training. This was indeed found to be the case (see Fig.
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6.11, cells 475, 921, 928 and 321).
The A1 cells of the full AN-CN-IC-A1 model after training which had low

LFS measure scores did not exhibit any strengthening of their a↵erent connections
(wBL

ij ) to the Belt area (Fig. 6.11, cells 92 and 1000), thus supporting the claim
made in Section 6.3.4.3 that lower A1 LFS measure scores indicated that these A1
cells did not learn much information about the stimuli and thus were not a part
of any informative polychronous chains.

Figure 6.10: A↵erent connection weight matrices (wBL
ij ) (left column) and distributions

of synaptic connection weights before (pink) and after (blue) training (right column)
for the full AN-CN-IC-A1-Belt model (A) and reduced AN-A1-Belt model (B). The
ordinate of the subplots in the right column is log scaled. It can be seen that STDP-
based learning resulted in strengthening of some a↵erent A1!Belt connections of the
full AN-CN-IC-A1-Belt model, while all A1!Belt connections of the simple AN-A1-
Belt model got weakened after training. This suggests that the A1 layer developed
stable firing patterns in response to the naturally spoken digits ’one’ and ’two’ in the
first instance but not in the second one.
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Figure 6.11: Histograms of A1!Belt connection magnitudes (wBL
ij ) of six A1 cells

of the trained AN-CN-IC-A1-Belt model. The title of each plot shows the cell number,
followed by the local firing stability (LFS) measure score (see Section 6.3.4.1). The higher
the LFS measure score, the more stable is the coupling between the particular patterns
of firing within the IC/AN and the firing of the particular A1 cell. Cells 475, 921,
928 and 321 have developed some strengthened A1!Belt a↵erents during training (the
connections were randomly initialised from a [30, 35] nA uniform distribution). These
cells also have higher LFS measure scores. Both of these pieces of evidence are consistent
and suggest that A1 cells 475, 921, 928 and 321 might be parts of information carrying
polychronous chains. A1 cells 92 and 1000 do not have any strengthened A1!Belt
connections after training, which suggests that they are not part of information carrying
polychronous chains. These cells also have lower LFS measure scores.
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6.3.9 Analysing Population Encoding Information

The strengthening of the A1!Belt a↵erent connections (wBL
ij ) within the full AN-

CN-IC-A1-Belt model of the auditory brain discussed in Section 6.3.8.1 and the
higher A1 synchrony scores discussed in Section 6.3.7 indicate that stable pat-
terns of firing emerge in the A1 layer of the model in response to the naturally
spoken digits ’one’ and ’two’ during training. It does not, however, provide any
information whether these stable firing patterns are discriminative between the
two stimuli. If the same firing pattern is produced within the A1 in response to
every presentation of every exemplar of both stimuli, then such a pattern would
carry no information about the identity of the stimuli while resulting in maximal
strengthening of the a↵erent A1!Belt connections (wBL

ij ) with the appropriate
axonal delays (�ij).

In order to test whether discriminative patterns of firing were present in the A1,
the following calculations were made. First, it was assumed that A1 cells which
take part in non-discriminative but still stable firing patterns (ie stable repeating
patterns of firing that are common to the both stimulus classes) would have max-
imally strengthened a↵erent connections to Belt neurons. This was hypothesised
to happen because such cells would not have a preference between the naturally
spoken digits ’one’ and ’two’, and would therefore fire to most presentations of
either stimulus. Since Belt neurons would be presented with these repeated firing
patterns often during training, the corresponding a↵erent A1 connection weights
(wBL

ij ) would be strengthened much more often than they would be weakened
through STDP-based learning (Masquelier et al. 2008), and thus the maximum
(wmax) connection strengthening would be achieved.

On the other hand, A1 cells that take part in discriminative stimulus selective
stable firing patterns (patterns that are more likely to happen in response to ex-
emplars of one stimulus rather than the other) are hypothesised to have medium
rather than maximally (wmax) strengthened A1!Belt connections (wBL

ij ). This
is because the Belt cells with the right distribution of axonal delays (�ij) to be
activated by the discriminative stimulus selective repeating patterns in the A1
would be exposed to these repeating patterns during half of all stimuli presenta-
tions at most during training. Their a↵erent connections from A1 would therefore
be pulled into an equilibrium around a certain non-maximal connection strength
weight value by STDP-based learning (Masquelier et al. 2008). The range of such
non-maximal connection strength equilibrium was hypothesised to be between 45-
55 nA for a↵erent connections initialised between 30-35 nA with the maximal
strength (wmax) of 60 nA. This was found to be the case for the maximally infor-
mative cells within the A1 layer of the full AN-CN-IC-A1 model trained on the
synthesised vowels /i:/ and /a/ (see Fig. 4.17).

For the reasons described above, a set of 109 A1 cells with a↵erent connections
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to the Belt layer in the 45-55 nA range were selected, whereby the strengthened
connections synapsed on Belt cells that had at least four A1 a↵erents with mag-
nitude within the 45-55 nA range and no A1 a↵erents with magnitude above 55
nA. These cells were hypothesised to take part in discriminative stable firing pat-
terns within the A1 in response to the two naturally spoken digit stimuli, because
they synpased on Belt cells which received enough strengthened a↵erents to have
learnt about the stimuli, while not being a↵ected by the activity of maximally
strengthened non-discriminative a↵erents from the A1.

It was hypothesised that each of the 109 A1 cells could take part in a number of
stable firing patterns comprised by a number of A1 cells. An individual A1 neuron
was assumed to fire to exemplars of both digits, however the exact patterns of
firing over a population of A1 cells were assumed to be di↵erent for digit ’one’ and
digit ’two’.

6.3.9.1 Finding the Stable Repeating Discriminative A1 Firing Pat-
terns

Using MLP decoders to evaluate network performance: Decoder multi-
layer perceptrons (MLPs) were used to evaluate the ability of the spiking neural
network (SNN) autoencoders to represent stimulus identity using either rate or
temporal encoding schemes. The MLPs were presented with 201⇥ 752 input data
matrices X = [x1,x2, ...,x752], consisting of 201 element column vectors xi 2 R201

each representing features of the neural population response to one of the 752
sound stimuli in the stimulus set, and each column vector needed to be classified
as belonging to one of the two stimulus classes, ’one’ or ’two’. The response feature
vectors were constructed as follows:

Temporal code: Temporal encoding assumes that information about stim-
ulus class is provided by stable spatio-temporal firing patterns. In order to be
informative, particular firing patterns must appear more frequently in response
to the exemplars of one stimulus class than the other. The column vectors xi of
the MLP input data matrix X should, therefore, capture these spatio-temporal
firing patterns within an SNN layer. We quantified reproducible spatio-temporal
patterns using methods which were entirely analogous to those used to calculate
the polychronization index (see above) except that, to reduce computational load,
we based calculations on a random sample of J = 100 cells from a given layer
rather than all cells in the layer. Separate MLPj decoders were trained for each
cell j 2 J . For each MLPj a separate input data matrix (Xj)201⇥752 was created.
First, we computed a 100 neuron by 101 ms matrix M j

e
k

(s) for the given cell j and
for each stimulus ek(s). Then we computed a 100 element vector of row sums and
a 101 element vector of column sums of matrix M j

e
k

(s) and concatenated the two to

form the 201 element column vectors xi 2 R201 of the MLP input data matrix Xj.
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Summing and concatenating reduces the dimension of the input feature vectors
from 10,100 to 201, while still capturing key features of the pattern of firing across
the sample population of 100 cells in response to a single presentation of stimulus
ek(s). Each of the decoders MLPj was then trained as described above and then
used to classify response vectors xi as responses to an exemplar of word one or word
two. The majority classification votes among the 100 trained MLPj in response to
the column vectors of their corresponding matrices Xj made up the final vector of
stimulus classifications c = [c1, ..., c752] for the layer. The confusion matrix used
in the information analysis calculations described above was constructed based on
these final layer classifications contained in c.

Estimating information content using MLP decoders: Our MLP de-
coders had a small, single hidden layer of 20 units (10% of the input layer size)
to ensure that their performance would depend heavily on good preprocessing by
the SNN autoencoder, making the relative merits of the di↵erent SNN models
and encoding schemes under investigation readily apparent in the MLP’s classi-
fication performance (Bengio 2009). The MLPs had hidden layer neurons with
tan-sigmoid transfer functions. They were trained to categorize the columns of
their input matrices as belonging to one of the two stimulus classes using scaled
conjugate gradient descent (Moller 1993) and a cross-entropy loss function. Once
the MLPs were trained, their classification outputs were used to fill the confusion
matrices (see Table 6.1) used in the information analysis calculations described in
Chapter 2 Section 2.10.4. The process was repeated 20 times, each time with a
di↵erent random subsample of J cells, to obtain a distribution of stimulus infor-
mation estimates for each cell population.

6.3.9.2 Temporal Encoding Results

Figure 6.12 shows that the A1 cells with A1!Belt a↵erent connections (wBL
ij )

strengthened up to within the 45-55 nA range have the most multiple cell infor-
mation compared to the other three ranges tested, including the population of A1
cells with the maximally strengthened A1!Belt connections. This supports the
hypothesis outlined above that stable patterns of firing within the A1 that are
discriminative of the two naturally spoken digit stimuli result in moderate, rather
than maximal, strengthening of the A1!Belt a↵erent connections. Furthermore,
it can be seen that there is significantly more information about the naturally spo-
ken digits when the precise spike times of A1 cells are considered compared to the
simple on/o↵ encoding shown in Figure 6.4. This provides evidence for temporal
rather than rate encoding of complex auditory objects, such as naturally spoken
words, in the auditory cortex.

Due to the complexity of the naturally spoken digits, the stimulus selective
transform invariant learning is not finished within the A1 layer of the AN-CN-IC-
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Actual

Stimulus 1 Stimulus 2
P
re
d
ic
te
d

Stimulus 1 #PredictStim1
#Stim1⇤N

#PredictStim1
#Stim2⇤N

Stimulus 2 #PredictStim2
#Stim1⇤N

#PredictStim2
#Stim2⇤N

Table 6.1: Joint probability table used to calculate multiple cell information using
classifier generated encoding. #PredictStim1 (#PredictStim2) stands for the number
of presentations of stimulus 1 (2) during which a pre-trained backpropagation network
classified the input matrix as Stimulus 1 (2). #Stim1 (#Stim2) stands for the total
number of presentations of stimulus 1 (2). N stands for the total number of stimuli,
which is two for the two naturally spoken digit discrimination paradigm.

A1 model. This could be due to the fact that the duration of naturally spoken
digits (702 ms on average) is significantly longer than the maximum axonal con-
duction delay present within a single cortical layer (50 ms). The addition of more
hierarchical feed-forward cortical layers with [0, 50] ms distributions of axonal
delays would result in output layer cells that are exposed to and are capable of
learning longer stimulus segments. Alternatively, the addition of plastic recurrent
connections within the cortical layers can help, however this is beyond the scope of
this thesis. The A1 layer, therefore, serves as the initial stage for the development
of stimulus selective transform invariant representations of the auditory objects,
whereby extra plastic cortical layers following the A1 layer may continue develop-
ing stimulus specific transform invariant representations of the complex naturally
spoken words, such as digits ’one’ and ’two’. This is supported by the increased
multiple cell information within the Belt area of the full AN-CN-IC-A1-Belt model.
Multiple cell information for the Belt layer (as well as all other layers which do
not have strengthened a↵erent connections to the next layer in the hierarchy) was
calculated using random samples of 100 cells. When the trained model was tested
on additional data of the same words ’one’ and ’two’ being spoken by twenty novel
speakers (ten male and ten female speakers pronouncing each word twice), the
network reached a similar level of performance as described above (0.27 vs 0.28
bits in the A1, and 0.48 vs 0.43 bits in Belt).

It was found that less information was present within the A1 of the trained
or untrained simple AN-A1-Belt model, or the corresponding Belt layer. This
suggests that the simple AN-A1 model without sub-cortical pre-processing is un-
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able to learn transform invariant representations of naturally spoken digits, even
if extra cortical layers are added to the hierarchy.

The lower level of multiple cell information in the A1 layer of the untrained AN-

Figure 6.12: Box-and-whisker plots showing the distribution of multiple cell infor-
mation over twenty di↵erent subsamples of cells within various layers of the full AN-
CN-IC-A1-Belt and reduced AN-A1-Belt models based on an encoding scheme using
polychronous chain firing patterns (see text for the description of the method). For the
A1 layer of the trained AN-CN-IC-A1 model di↵erent sub-populations were used for the
calculations depending on the strength of their connections to the Belt layer. It was
hypothesised that the most stimulus discriminative stable polychronous chain firing pat-
terns would come from A1 cells which have bounded stregthened A1!Belt connections
within the [45, 55] nA range. Indeed, it can be seen that these cells result in the higher
amount of multiple cell information among the four di↵erent sub-groups (first four left-
most bars of the plot). Due to the complexity of the naturally spoken stimuli, extra
cortical layers are necessary following the A1 in order to continue learning transform
invariant representations of auditory objects. Indeed, it can be seen that the Belt layer
of the full AN-CN-IC-A1-Belt model has more information than the A1 layer. It can
also be seen that the amount of information rises from the CH layer within the CN, to
the IC, to A1 and then Belt within the AN-CN-IC-A1-Belt model. No layer within the
reduced AN-A1-Belt model is able to reach the same amount of multiple cell information
as the A1 or Belt layers of the full AN-CN-IC-A1-Belt model. PL and ON layers are not
shown. The ON layer conveys 0 bits of information, and PL is equivalent to AN.
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CN-IC-A1-Belt model compared to the trained AN-CN-IC-A1-Belt model suggests
that plasticity within the IC!A1 a↵erent connections is necessary to allow the
model to start learning transform invariant representations of naturally spoken
digits, even though this was not shown to be the case when learning transform
invariant representations of synthesised vowels (see Chapter 5 Section 5.8.2).

An additional control simulation was run to test the ability of an untrained AN-
CN-IC-A1-Belt model with the same distribution of IC-A1 and A1-Belt a↵erent
connection weights as the trained model to discriminate between the two stimulus
classes. This was done by randomly shu✏ing the corresponding connection weights
of the trained AN-CN-IC-A1-Belt model before presenting it with the two naturally
spoken word stimuli. It was found that such a model performed at the same level
as the untrained model with a↵erent connection weights initialised from the [30,
35] nA uniform distribution (0.05 vs 0.08 bits in the A1, and 0.04 vs 0.03 bits in
Belt).

6.3.10 Examining Polychronous Chains

An example of polychronous chains emerging in the A1 layer of the trained AN-
CN-IC-A1 model when presented with naturally spoken digits ’one’ and ’two’ can
be seen in Figure 6.13. The figure consists of two sub-plots, each one representing
a potential polychronous chain that has learnt to be stimulus selective with a
preference either for the exemplars of digit ’one’ or ’two’. The red dots represent
spike time locations for A1 cells that are more likely to have a spike in response
to the chain’s preferred stimulus. They were found when calculating the within
layer firing synchrony as described in Section 6.3.7, whereby they correspond to
the unique matrix components for each stimulus that have the highest scores.
These red dots correspond to the cell firing times that are likely to be a part of a
polychronous chain if the right distribution of axonal delays between these A1 cells
and a Belt cell exist, which would result in the A1 spikes arriving simultaneously
to a Belt cell, thus exciting it.

Randomly initialised combinations of axonal delays to all Belt cells from the A1
cells pinpointed by the red dots within Figure 6.13 were examined to find whether
a combination exists that results in the spikes from at least four A1 cells within
the potential polychronous chains to arrive to a single Belt cell simultaneously.
If such a combination of axonal delays exists, then the A1 cells would provide
super-threshold activation to the corresponding Belt cell. The co-activity of the
A1 cells within the polychronous chain and their corresponding Belt cell would
allow STDP-based learning to reinforce the polychronous chain and make it more
informative about its preferred stimulus.

When the randomly initialised combinations of axonal delays to all Belt cells
from the A1 cells within the potential polychronous chains for the two naturally
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spoken digits were considered, it was found that two good combinations exist for
stimulus ’one’, and one good combination exists for stimulus ’two’. The red dots
of the potential polychronous chains are projected through these matching axonal
delays and the resulting rasters are plotted in green and yellow in Figure 6.13.

It can be seen that the red dots within the left subplot of Figure 6.13 which were
assumed to be potentially a part of a single polychronous chain selective for ’one’
are in fact two polychronous chains. A1 cells 958, 921, 573, 540, 187 and 65 have
the right combination of axonal delays to arrive to the Belt cell 971 simultaneously.
Whereas A1 cells 573, 374, 42 and 2 have the right combinations of axonal delays
to arrive to the Belt cell 412 simultaneously. It can also be seen that A1 cell 573
takes part in both polychronous chains, whereas A1 cell 318 appears to take part
in none. Similarly, all A1 cells highlighted to be a likely part of the polychronous
chain selective for stimulus ’two’ (Fig. 6.13, right sub-plot) apart from cells 772
and 811 were found to have the right combination of axonal delays to arrive to the
Belt cell 642 simultaneously.

This chapter has demonstrated for the first time how a biologically plausible

Figure 6.13: Evidence for PGs responding selectively to word ’one’ or ’two’ in the
A1 layer of the trained AN-CN-IC-A1-Belt model. Red dots show the ten elements of
the firing pattern matrix M j

s with the largest mean spike counts (mj
s)n (see Chapter

2 Section 2.10.3.4). They can be thought of as representative subsets of distributed
firing patterns often observed in the neural responses to the respective stimuli. When
projected through the A1!Belt connections, these patterns produce near-synchronous
input from several A1 neurons onto a subset of Belt neurons. The green and yellow dots
show such inputs for two Belt neurons which in this manner respond selectively for a
number of di↵erent pronunciations of the word ’one’, the white dots show inputs for a
neuron that responded selectively to exemplars of the word ’two’.
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spiking neural network of the auditory brain is able to start learning transform in-
variant representations of naturally spoken words. It further strengthens the claim
of this thesis that two stage sub-cortical pre-processing within the sub-populations
of the CN followed by convergence within the IC is important for auditory ob-
ject learning and recognition, since otherwise CT STDP-based learning is unable
to cope with the high degree of jitter present in the AN. This chapter has also
demonstrated the importance of learning within a number of cortical layers using
the reduced jitter inputs from the IC. Such learning results in increased amounts
of multiple cell information throughout the hierarchy of plastic cortical layers with
axonal delays. The information about the naturally spoken digits is encoded within
the precise spike times of populations of cortical cells forming polychronous chains
(Izhikevich 2006), since rate on/o↵ encoding is shown to carry significantly less
information about the naturally spoken digits. Examples of such stimulus selective
polychronous chains are shown in Figure 6.13. This chapter, therefore, provides
evidence for the necessity of temporal rather than rate population encoding in
the auditory brain when learning transform invariant representations of naturally
spoken words.



7
Conclusion

7.1 Introduction

How does the auditory brain learn to robustly recognise auditory objects, such as
naturally spoken words, in a transform invariant manner even despite the huge
variability within the raw auditory wave inputs? What are the areas within the
extensive auditory brain hierarchy that are important for this task? What is the
simplest neural code su�cient to represent the learnt auditory objects within the
output layers of the auditory brain hierarchy? Does the brain use rate or temporal
encoding to represent auditory objects? These are some of the questions that
have been addressed within this thesis. This chapter discusses the strengths and
limitations of the work described in this thesis, as well as suggesting some avenues
for future research.

7.2 The Role of Sub-Cortical Pre-Processing

This first major result of this thesis is that a simple AN-A1 biologically plausible
spiking neural network model of the auditory brain is unable to learn transform
invariant representations of auditory objects, such as synthesised vowels or natu-
rally spoken words, through unsupervised spike-time dependent plasticity (STDP)
learning (Bi & Poo 1998) if it has to learn straight from the input auditory nerve
(AN) firing rasters. This is due to space and time jitter present in the AN primarily
due to its phase-locking property and the volley principle (Wever & Bray 1930).

276



7.2 The Role of Sub-Cortical Pre-Processing 277

This jitter breaks stable AN firing patterns that are necessary for STDP-based
learning to operate.

This thesis has shown that non-plastic sub-cortical pre-processing is necessary
to remove AN jitter and thus enable transform invariance STDP-based learning
to take place. This pre-processing was shown to happen in the sub-populations of
the ventral cochlear nucleus (CN) followed by the inferior colliculus (IC), which
serves as a whiteboard for the CN sub-populations to converge on. In particular,
it has been suggested that chopper and onset CN sub-populations have the right
connectivity and response properties to remove space and time jitter respectively.
It has also been demonstrated that primary-like CN cells are important for auditory
object learning by providing background activation to the IC, even though they
do not play a direct role in jitter removal.

The role of sub-cortical pre-processing for transform invariance learning of au-
ditory objects is in line with the neurophysiological data, which suggests that early
sub-cortical auditory areas (AN, CN and TB) prepare sensory input for process-
ing in the higher order, highly plastic auditory brain areas (IC, MGN and the
cortex) (Covey & Casseday 1999, Nelken et al. 2003, Sanes & Constantine-Paton
1985, Weinberger & Diamond 1987, Weinberger et al. 1990). While the neuro-
physiologists have been able to speculate about the role of sub-cortical auditory
brain areas, no precise hypothesis for their exact role in learning auditory object
representations has been agreed on (Bizley & Cohen 2014). This thesis hopes to
provide a neurophysiologically testable hypothesis for the role of the chopper, on-
set and primary-like sub-populations of the CN and their convergence on the IC
for learning transform invariant representations of auditory objects.

7.2.1 Future Work: Testing Neurophysiological Predictions

The first major result of this thesis outlined above provides a neurophysiologically
testable hypothesis for the role of the CN and IC layers in learning transform
invariant representations of auditory objects. It is suggested that these areas act
as the jitter removal stage of the auditory brain. While neurophysiological studies
have provided good characterisations of response properties of neurons in the sub-
cortical areas of the auditory brain (Delgutte 1982, Ferragamo et al. 1998, Godfrey
et al. 1975, Liberman 1993, Rhode et al. 2010, Winslow et al. 1987), their exact
computational role in auditory object learning and recognition tasks has so far
been a mystery. This thesis suggests the mechanisms through which the chopper
and onset sub-populations of the CN remove jitter from the AN spike rasters,
before converging together with the primary-like CN sub-population on the IC to
create stable spike rasters suitable for STDP transform invariance learning.

One avenue of future research, therefore, would be to obtain neurophysiolog-
ical evidence to verify the jitter-removal role of the CN. This could be done by
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measuring the levels of jitter in the AN, CN and IC responses to auditory stimuli.
Furthermore, this thesis suggests the potential minimal subset of auditory brain

areas su�cient for learning transform invariant representations of auditory ob-
jects. It is suggested that such a minimal subset consists of the auditory nerve,
followed by the chopper, onset and primary-like sub-populations of the cochlear
nucleus, which in turn converge on the inferior colliculus. The inferior colliculus
then provides input to the auditory cortex. This prediction could be tested using
neurophysiological techniques by selectively knocking out the auditory brain ar-
eas within the proposed minimal subset and investigating whether it significantly
disrupts transform invariant learning of auditory objects.

7.3 New View on the Volley Principle in the Au-
ditory Nerve

This thesis proposes a novel view on stochasticity and noise within the AN firing
by categorising it into space and time jitter and highlighting the role of this jitter
in obstructing transform invariance learning of auditory objects, including speech.
While the volley principle is a well studied phenomenon within the AN, its role
in auditory processing has primarily been seen as allowing AN fibers to represent
high frequency sounds through temporal encoding despite their 200 Hz maximum
firing rate threshold.

This thesis suggests that there is a flip side to the beneficial role of the volley
principle, whereby it introduces additional jitter to the AN firing, which breaks
STDP-based learning and creates the necessity for the sub-cortical pre-processing
within the CN and IC. This also explains why the sub-cortical architecture of
the auditory brain is more complex than that of the visual brain, since jitter is
not present in the inputs to the visual cortex to the same extent as it is present
in the AN. Thus no jitter reducing equivalent of the sub-cortical pre-processing
suggested for the auditory brain is necessary for the visual cortex to learn transform
invariant representations of visual objects (Higgins & Stringer 2011, Stringer et al.
2006, Tromans et al. 2012).

7.4 Continuous Transformation Learning

The auditory brain has to learn to associate together di↵erent versions of the same
speech object in order to solve the invariant speech recognition problem. A simi-
lar problem has been solved in vision using both rate and spiking neural network
models of the ventral visual stream using the biologically plausible, unsupervised,
continuous transformation (CT) learning mechanism (Evans & Stringer 2012, Hig-
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gins & Stringer 2011, Stringer et al. 2006, Tromans et al. 2012). CT learning is
essentially an emergent property of Hebbian learning (Hebb 1949) that requires
high overlap between examples of the same stimulus class.

This thesis has demonstrated that a version of CT learning adjusted to cope
with the temporal dimension of auditory objects by introducing a distribution of
axonal conduction delays to the a↵erent plastic connections can enable the auditory
brain to solve the auditory object invariance problem using the pre-processed jitter-
free IC input. This, therefore, suggests that CT learning is a general mechanism
utilised by the cortex to learn statistical regularities of stimuli regardless of the
sensory domain.

7.5 Spiking Neuron Model by Izhikevich (2003)

One of the limitations of the work discussed in this thesis is the choice of the
spiking neuron model by Izhikevich (2003). While this choice has allowed the
computationally expensive simulations described in this thesis to run by limiting
their computational cost, the parameters of the model have no direct biophysical
meaning. This makes it hard to make certain neurophysiological predictions and to
tune the model parameters to represent certain exact values found in the auditory
brain.

7.6 Training Data

This thesis was a first step towards finding the minimal taxonomy of brain areas
and computations important for speech recognition. For this reason, the stimuli
selected for training the models in this thesis, as well as the training paradigm
are rather simplistic. This was necessary to allow for controlled and systematic
investigation of how the auditory brain may learn to extract important information
about auditory class identity from the stochastic auditory nerve input, whereby the
information encoding is simplified and redundancy is reduced (Barlow 1961). The
stimuli and the training paradigm, however, were a simplification of the richness of
the natural auditory world, where sounds of interest almost never occur in isolation
and have to be disentangled from other auditory signals, they are presented in
random order and as part of continuous speech rather than in isolation. Hence,
future work should investigate the nature of representations learnt by the model
suggested in this thesis when exposed to the more realistic training paradigms.



7.7 Increasing the Capacity of the AN-CN-IC-A1 Model 280

7.7 Increasing the Capacity of the AN-CN-IC-
A1 Model

This thesis has demonstrated that the full AN-CN-IC-A1 model of the auditory
brain is able to learn transform invariant representations of up to six synthesised
vowels. It is also capable of learning significantly better transform invariant rep-
resentations of two naturally spoken digits ’one’ and ’two’ than the simple AN-A1
model. The output A1 layer of the full AN-CN-IC-A1 model, however, is unable
to reach the theoretical maximum of 1 bit of information for the two naturally
spoken digit recognition task. This is due to the increased complexity of the nat-
urally spoken stimuli. Future work, therefore, could investigate how the learning
capacity of the network can be increased through either changes to its architecture,
or through the changes in the network parameters.

7.7.1 Future Work: Adding Extra Feed-Forward Cortical
Layers

It has been shown that the addition of an extra cortical layer following the A1
results in a significant increase in the amount of information learnt about the two
naturally spoken words. Future work, therefore, could investigate how the learning
capacity of the network can be increased when more plastic cortical layers with
randomly initialised axonal delays are added. Such an extension to the network
architecture would allow the new output layer neurons to receive convergent in-
formation from longer temporal patterns of the input stimuli. If each additional
cortical layer is initialised with axonal delays drawn from the uniform distribution
of [0, 50] ms, then neurons in the fourth cortical layer would be able to learn
temporal patterns of up to 200 ms long. The addition of too many extra layers,
however, can quickly become infeasible due to the computational constraints.

7.7.2 Future Work: Increasing the Average Connection
Weight Magnitudes

Another approach to increasing the network capacity would be to increase the
average connection weight magnitudes of the plastic cortical a↵erent connections.
This would a↵ect the average number of pre-synaptic neurons necessary to activate
a post-synaptic neuron. Higher average connection weight magnitudes would result
in fewer concurrently arriving inputs from pre-synaptic cells being necessary to
activate a post-synaptic cell. There would, therefore, be a higher probability
that the right distribution of axonal conduction delays is present within the post-
synaptic layer to receive concurrent inputs from the smaller sets of pre-synaptic
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neurons needed to activate the post-synaptic cells. This, in turn, would mean
that there will be a larger vocabulary of temporal spike patterns that the network
could potentially learn. Such a larger vocabulary would make it more likely that
the input stimuli would match some patterns from this vocabulary, which would
then activate the post-synaptic cells corresponding to these matching patterns,
and thus enable STDP-based learning . Increasing the average connection weight
magnitudes within a cortical layer would, therefore, be analogous to increasing the
number of neurons within the layer.

7.7.3 Future Work: Adding Recurrent Connections

Another approach to increasing the network capacity would be to add recurrent
lateral plastic connections with a distribution of axonal delays within the A1.
While networks with recurrent plastic connections are notoriously hard to optimise
to ensure that the activity within the recurrent layer does not explode (Izhikevich
2004), such a change would serve three important purposes: 1) it would increase
the temporal tuning of A1 neurons, whereby each cell would be able to learn longer
segments of the input stimuli; 2) it would increase the capacity of the network,
since the learnt polychronous chains would not be strictly feed-forward any more,
and therefore more polychronous chains would be able to co-exist within the same
population of neurons (Izhikevich 2004); 3) it would make the model more robust
when being presented with degraded or noisy inputs. Furthermore, the addition of
plastic recurrent connections to the A1 stage of the model will essentially transform
A1 into a ’liquid’ of a Liquid State Machine (LSM) (see Chapter 1 Section 1.6.2.5).
It will, therefore, be interesting to compare the performance of the AN-CN-IC-A1
model with such recurrent connections to the performance of LSMs on similar
auditory tasks (Maass et al. 2004) in order to investigate the e↵ects of STDP-
based learning and the CN-IC sub-cortical preprocessing present in our model but
lacking in traditional LSMs. Additionally, it would be interesting to investigate
the di↵erences in learnt polychronous chains in the recurrent A1 layer when the
STDP mode is switched from the ’nearest only’ paradigm, whereby only the closest
pre-synaptic spikes participate in STDP, to the ’all pairings’ paradigm, whereby all
pre-synaptic spikes for each cell take part in STDP (Kempter et al. 1999, Song et al.
2000). Humble et al. (2012) have demonstrated that the two di↵erent paradigms
result in qualitatively di↵erent polychronous chain profiles in a recurrent spiking
neural network.
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7.7.3.1 Future Work: Testing Noise Robustness in the Recurrent AN-
CN-IC-A1 Model

The noise robustness property of the recurrent A1 layer of the AN-CN-IC-A1
model as suggested for future research could be tested in a simulation described
next. The proposed recurrent architecture is expected to preserve higher levels of
information about the identity of speech stimuli in lower signal to noise ratio (SNR)
conditions. This would happen because at each point in time the A1 neurons
representing the part of the auditory signal that is most likely to come next would
be primed through the strengthened recurrent connections. In high levels of noise
these primed connections can help the network activate the right stimulus selective
neurons in the A1 layer, and hence the auditory object will be more likely to be
recognised. This priming is expected to happen because the particular pattern of
statistical regularity within the stimulus set will be represented in the strengthened
network connections acquired through STDP-based learning during training. The
network is expected to fail to recognise input stimuli that do not follow the learnt
statistical regularity rules in low SNR levels.

Future research may test the hypothesis outlined above by using an artificial
simplified speech-like stimulus set created using statistical transitional probability
rules. A control stimulus set can also be created using the same sounds as the test
set, but with reversed transitional probability distributions. The network responses
can then be compared to the neurophysiological data that can be obtained by
raising and testing animals using the same experimental paradigm as the one used
in the proposed simulation study.

7.8 Neural Code

The hierarchy of the auditory brain is very complex, with numerous inter-connected
predominantly non-plastic sub-cortical and plastic cortical areas. It is unknown
how sensory features of auditory objects, such as naturally spoken words, are
transformed into higher-order representations of object identities in the auditory
brain (Russ et al. 2008). Even the nature of auditory object representations them-
selves is yet to be confirmed (Eggermont 2001, Mesgarani & Chang 2012, Russ
et al. 2008). Apart from the question of whether auditory objects are encoded by
single cells or populations of neurons, another ongoing debate is whether they are
encoded within the temporal structure in the timings of spikes, or are e↵ectively
rate-coded, whereby the precise timing of spikes emitted by the cells would not
convey additional information about the auditory stimulus (Cariani 1999, Egger-
mont 2001, Huetz et al. 2011).

Due to the information inequality rule (Nelken 2004), AN rasters have to con-
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tain all available information about auditory objects. This has to be true, because
throughout the hierarchy of the auditory brain no new information is introduced,
and information can only be lost. If full information is present about the auditory
objects in the input AN layer, then the question arises as to the role of the rest of
the auditory brain. This thesis argues that one of the roles of the auditory brain hi-
erarchy is to transform the information about the identity of auditory objects from
the more complex form in the AN, to the simplest su�cient form at the end of the
hierarchy. The nature of this simplest su�cient neural code is discussed through-
out the thesis. The simplification of the neural code should happen consequently
with the acquisition of better stimulus selectivity and transform invariance.

One of the main restrictions for understanding the nature of the auditory neural
code in the real brain is lack of simultaneous firing information from a su�ciently
large number of individual neurons necessary to detect potentially temporal codes
in a distributed population of neurons (Schnupp et al. 2011). Numerous researchers
have suggested that this problem can be circumvented by analysing the response
properties to natural auditory stimuli of a su�ciently realistic model of the au-
ditory brain (Arbib et al. 1995, Corchs & Deco 2002, Horwitz & Tagamets 1999,
Husain et al. 2004, Salem et al. 2007). This is exactly what has been done us-
ing the full AN-CN-IC-A1 model trained on two to six synthesised vowels or two
naturally spoken words.

It was found that as the complexity of the task was increased, the simplest
type of encoding in the output layer of the full AN-CN-IC-A1 model su�cient for
representing the full stimulus set in a transform invariant manner changed. For
the simplest two synthesised vowel recognition task a simple ’grandmother’-like
on/o↵ rate information encoding scheme was found to be su�cient. This scheme
presumed that the information about the vowel identity was encoded in whether
a single output layer neuron fired at least once during stimulus presentation or
not. Once the number of vowels in the training set was increased from two up
to six, the ’grandmother’-like rate on/o↵ encoding was not su�cient any more.
Instead a simple temporal encoding scheme which took into account the precise
timing of spikes of individual output layer cells with respect to stimulus onset was
considered. It was found that population encoding like this was able to provide
enough information to di↵erentiate between up to six synthesised vowels.

When the full AN-CN-IC-A1 model was presented with the most complex set
of stimuli, the two naturally spoken digits ’one’ and ’two’, the nature of neural
code for natural speech encoding could be investigated. It was found that precise
temporal patterns of firing of polychronous chains (Izhikevich 2004) spread over
populations of output layer cells could encode the stimuli well. This is in line
with the neurophysiological evidence that found that individual neurons at the
end of the auditory processing hierarchy (areas pSTG and vPFC) respond to a
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large number of species specific vocalisations (SSVs), suggesting that SSVs are
encoded by overlapping populations of neurons instead of single cell call detectors
(Russ et al. 2008, Schnupp et al. 2006).

7.9 Unique Attributes of the AN-CN-IC-A1 Model

The full AN-CN-IC-A1 model described in this thesis possesses a unique combina-
tion of components necessary to simulate the emergent neurodynamics of natural
speech processing and recognition in the brain, such as biologically accurate spik-
ing dynamics of individual neurons, STDP-based learning, neurophysiologically
guided architecture and exposure to natural speech input. Due to its biological
plausibility, the model can be used to make neurophysiologically testable predic-
tions, and its responses can be used to provide insights into the nature of the
neural code used by the auditory brain to represent auditory objects.
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