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Abstract 

For speech recognition applications the ultimate goal is to achieve human-like 

performance. State of the art signal processing algorithms for speech recognition 

fall considerably short of this goal. I have attempted to reverse engineer peripheral 

regions of the mammalian auditory system to gain some insight into how our brains 

might process speech. I constructed a biologically based temporal signal 

processing model of the auditory periphery consisting of the following sub-models 

(a) generic spiking neuron; (b) middle ear; (c) cochlea; (d) inner hair cell; (e) spiral 

ganglion cell; (f) bushy cell; (g) stellate cell; (h) octopus cell; (1) medial superior 

olive multipolar cell. Individually, the models produced behaviours similar to their 

biological counterparts. As a whole, the model was able to demonstrate how the 

missing fundamental of a complex Signal could be perceived, despite its absence 

from the spectrum. My work has led me to conclude that (a) the peripheral auditory 

system appears to operate primarily as a wideband temporal processor; (b) the 

dorsal cochlear nucleus appears to be involved in compensating for pinna position; 

(c) the connectivity of octopus cells is entirely consistent with their suspected role 

as onset detectors; (d) the ventral cochlear nucleus appears to have specialised 

time, intensity, and startle output pathways; (e) the laminar architecture of auditory 

nuclei is likely to play an important functional role; (f) the spatial cross correlation 

theory of pitch perception [Loeb, White and Merzenich, BioI. Cyber. 47, 149-163 

(1983)] may need further extension to account for the phase independence of 

pitch. 
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INTRODUCTION 1 

h pter 1 

In this chapter, I outline my motives for developing biologically based auditory models. 
The necessary background information is presented on theories of hearing, the 
mammalian auditory pathway, population-based signal processing, and the simulation 
environment. An overview of the auditory model developed in this thesis provides a 
road map for subsequent chapters. 

1. Introduction 

1.1 Motivation 

State of the art speaker-independent continuous speech recognition systems based on statistical 

models, such as the Hidden Markov Model (HMM), currently achieve a 96% word recognition accuracy 

with a 1000 word vocabulary (Makhoul et aI., 1995). The performance degrades significantly in the 

presence of noise (or distortion) and for conversational speech, where words are not fully isolated but 

instead flow into one another. Commercial products are available with vocabularies of up to several 

thousand words, but they require the speaker to insert unnatural pauses between words (Atal 1995). 

Speech recognition systems approaching the performance of humans are still a long way off. Humans 

have large vocabularies and can cope with free-form speech, speaker differences, noise, 

mispronunciation, and grammatical errors. To build machines which approach this kind of 

performance, I believe that we must first understand how our brains process speech. 

As a first step, it seems sensible to study the anatomy and physiology of the auditory periphery in 

mammals, and work up towards the cortex. By closely adhering to the neurobiological data, it should 

be possible to construct neural network models that demonstrate similar properties to those seen in 

animals. The underlying principle of operation can then be deduced from a working model. I believe 

that by reverse engineering the human auditory periphery in this manner, it will be possible to 

construct advanced speech recognition devices capable of outperforming any of those currently 

available. This is the approach I have adopted in this thesis. 

My original inspiration for this philosophy came from Gerald Edelman's work in synthetic neural 

modeling of the brain (Reeke et aI., 1990). Like Edelman, I have chosen a level of abstraction midway 

between a detailed biological model and a system model. I call them biologically based signal 

processing models. They provide a useful balance between biological reality and engineering 
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practicality. The key to this approach lies in deciding which aspects are important enough to warrant 

inclusion in the model, and which can be left out. This requires careful consideration, and often only 

becomes apparent through trial and error. Unfortunately there are no shortcuts to this process. 

Having established that I would begin modeling at the auditory periphery and work my way up towards 

the cortex, , did not anticipate the difficulties I would encounter so early on. For over 150 years, there 

has been vigorous debate on exactly how the cochlea (inner ear) works. A brief historical background 

of this lengthy debate is presented in the next section. Today there are still huge gaps in our 

knowledge. For example, it was only recently that a phenomenon known as otoacoustic emission was 

discovered; the ear can transmit sound as well as receive it! The function of the cochlea is critical to 

any model of the auditory system because it largely dictates the structures and roles of all subsequent 

processing stages. 

1.2 Theories of Hearing 

Around 1841, August Seebeck was experimenting with periodic pulsing sounds generated by 

mechanical sirens, when he discovered a peculiar psychophysical effect. In essence, he noted that we 

hear the fundamental frequency (or pitch) of a complex sound even when it is not physically present in 

the spectrum. For example, if we listen to a complex 600Hz tone with its lower harmonics filtered out, 

we still hear the "missing fundamental" at 200Hz. He concluded that the pitch heard is based on the 

repetition period of the overall pattern of the waveform. Seebeck believed that temporal mechanisms 

were involved in the determination of pitch, and that they must be central to the way we hear sound. 

In 1843, Ohm stated that Seebeck's temporal view was wrong, and proposed instead that Fourier 

analysis of the periodic signal into its harmonic components took place. He dismissed Seebeck's 

missing fundamental observations as merely an auditory illusion. In 1877 the German scientist 

Hermann von Helmholtz, backing Ohm's frequency based theory, proposed a resonance theory of 

hearing in which frequencies are discriminated between as a result of transverse tuned fibres along 

the basilar membrane of the cochlea. He suggested that the missing fundamental was' the result of 

distortions and nonlinearities within the ear itself. 

In the 1960's, von Bekesy, in a series of difficult experiments for which he received the Nobel prize, 

discovered that travelling waves swept along the basilar membrane of the cochlea from base to apex, 

reaching a maximum at a particular place corresponding to the frequency of the stimulus. There were 

no transverse tuned fibres as proposed by Helmholtz, but a broad resonance at a specific place along 

the cochlea corresponding to the stimulus frequency did occur. As a consequence of this work, 

Helmholtz's Fourier-like theory of hearing predominates today. The ear is viewed as an auditory filter 

bank in which the various frequency components are resolved at specific places along the cochlea. 

However, there are still a number of outstanding problems with current frequency based hearing 

theories, and I will briefly mention some of them below. 
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1. Nobody has been able to pinpoint the location in the ear where the supposed missing fundamental 

nonlinear distortion products are generated (Warren, 1982, p64). 

2. The missing fundamental is heard at levels as low as 20dB SPL (Gelfand, 1981, p287). At this 

level, generation of nonlinear distortion products due to saturation of the cochlea's basilar 

membrane is unlikely. 

3. The missing fundamental is perceived when two harmonics of a complex sound are presented 

separately to each ear, indicating that centrally located mechanisms are involved. If the missing 

fundamental was the result of difference tones created in the cochlea due to nonlinear distortion, 

then it should not have been heard (Gelfand, 1981, p287). 

4. The missing fundamental cannot be masked by nearby tones, indicating that it is not generated 

within the ear itself (Gelfand, 1981, p287). 

5. Just noticeable differences in frequency appear to be too small to be accounted for by spectral 

resolution along the cochlea (Warren, 1982, p68). 

6. Frequency based theories fail to explain how tones are discriminated between at normal 

physiological sound levels, when up to 55% of the cochlea can be active (Young et aI., 1979). 

7. Directly stimulating auditory nerve fibres results in the sensation of loud buzzes and clangs, whose 

pitch is roughly related to the place of stimulation. If the cochlea functions as a mechanical 

frequency analyser, then we would expect a fairly pure tonal sensation (Loeb et aI., 1983). 

In the 1930's, Wever noted during experiments with auditory nerve fibres of the cat, that spikes were 

often phase locked to a sinusoidal stimulus (not on every cycle) at frequencies below 5kHz. This 

discovery was important, because it indicated that temporal processing as proposed by Seebeck, was 

biologically plausible at lower frequencies. Wever, in his volley theory, suggested that ensembles of 

fibres could be used to cope with the loss of phase locking at higher frequencies. 

Today, most researchers seem to have adopted a compromise position. They will tell you that both 

time and frequency cues are important for hearing. I don't disagree with this statement, but based on 

neurobiological arguments, I will suggest that temporal mechanisms predominate. An overview of the 

mammalian auditory pathway is presented next. 
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1.3 The Mammalian Auditory Pathway 

The gross neuroanatomy of the human auditory system follows the symmetrical archetypal 

mammalian pattern, as shown in Figure 1 (Nieuwenhuys et aI., 1988). Only left ear connections are 

shown, and major pathways are drawn in bold. The neuroanatomy is characterised by many cross

connected nuclei, making it one of the more complicated sub-systems in the brain. Much of our 

knowledge comes from studies of cats, mice, and other small mammals. To date, more is known about 

peripheral nuclei than those higher up. 

Figure 1. Simplified view of the mammalian auditory pathway. 

Spikes from a population of spiral ganglion neurons close to the cochlea (not shown) are transmitted 

along the eighth nerve to the ventral cochlear nucleus (VCN), and the dorsal cochlear nucleus (DCN), 

in a cochleotopic fashion. This ordering is maintained throughout the auditory system. Axons from the 

dorsal cochlear nucleus form the dorsal acoustic stria, which connects to the contralateral central 

,nucleus of the inferior colliculus (CNIC). Predominantly low frequency fibres (below 1.2kHz in the cat) 

from the ventral cochlear nucleus are connected bilaterally to the medial superior olive (MSO). 
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Predominantly high frequency fibres from the ventral cochlear nucleus are connected ipsilaterally to 

the lateral superior olive (LSO). The medial superior olive and the lateral superior olive, in conjunction 

with the medial nucleus of the trapezoid body (MNTB), are thought to compute the interaural time and 

intensity differences respectively, for locating sounds in space. The periolivary nuclei (PN) surrounding 

the main olivary nuclei are mainly associated with the descending auditory pathways back to the 

cochlea. The majority of auditory brain stem nuclei converge onto the central nucleus of the inferior 

colliculus, where it is thought that a three-dimensional map of auditory space is constructed. The 

lateral lemniscus (LL) projects bilaterally to the central nucleus of the inferior colliculus. Its function is 

unknown. The medial geniculate nucleus (MGN) relays input from the inferior colliculus to the cortex, 

and receives massively reciprocal cortical input. Its exact function is also unknown. A number of 

tonotopic and non-tonotopic maps are found in the cortex. Some of these are likely to be involved in 

speech processing, but the details are sketchy at this stage. Given the uniqueness of human speech, 

the layout of the human auditory cortex will probably differ substantially from other mammals. 

In humans, around 30,000 auditory nerve fibres terminate in the cochlear nucleus. Multiple parallel 

pathways are established and subsequent nuclei contain thousands of neurons. For this reason, it's 

useful to introduce the Darwinian notion. of popu'lation thinking into auditory signal processing. 

1.4 Population-Based Signal Processing 

In the real world, animals must be able to cope with unforseen events otherwise they will not survive. 

The theory of neuronal group selection (TNGS) proposed by Edelman, 1987 (see appendix 1), 

suggests that nature has solved this dilemma by using diverse populations of neurons to represent a 

range of possibilities topographically, in peripheral regions at least, in an overlapping fashion. This 

representation is maintained dynamically by neurons that compete for input through the mechanisms 

of inhibition and changing synaptic strength. From our present knowledge of auditory neurobiology, it 

is clear that many regions of the mammalian auditory system are organised in this topographic 

manner. 

Population-based systems are robust because the outcome of a computation depends on a large 

proportion of the popUlation, rather than just one element. In speech recognition applications, 

popUlation-based signal processing will enable us to build systems that can more easily cope with 

speaker and environmental differences. 

Building systems with populations of simple but adaptable specialised processors goes against the 

current mainstream engineering trend of building monolithic single processor systems. I believe this 

trend should be re-examined. Population-based systems have important manufacturing and 

performance advantages. For now, the most practical method of constructing them is to simulate them 

on a conventional computer, albeit at a fraction of the speed of real biological systems. The simulator I 

designed for this purpose is described next. 
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1.5 Selective Network Simulator 

The selective network simulator program provides an experimental platform for testing the ideas 

presented in this thesis. It was designed to support the simulation of large populations of artificial 

spiking neurons, or other such elements, arranged in two-dimensional maps. The simulator has a 

simple graphical user interface that displays the current simulation state as shown in Figure 2. 

Figure 2. The selective network simulator program. 

Display updates can be turned off to provide a useful increase in simulation speed. Tt:Je simulation 

engine, which forms the core of the program, was designed to be portable so that it can be recompiled 

and run on a supercomputer should the opportunity arise. 

Different types of spiking neuron can coexist in the same map. The connections between maps, and 

between neurons within a map, can have arbitrary termination patterns as specified by a compiled 

simulation script. One important feature of the simulator is that it fully supports the temporal dimension 

often found lacking in other neural network simulators. Connections between neurons can have 

arbitrary time delays and time constants. For efficiency. the simulation engine utilises a dual sampling 

rate scheme. The need for temporal precision is much greater at the auditory periphery, than at higher 

levels of the brain. 
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The asynchronous operation of populations of spiking neurons can be difficult to visualise, so a 

histogram view is provided to measure spike count profiles. The simulator and its source code can be 

obtained on the Internet at, http://www.southern.co.nz/-markj/contents.htm. A comprehensive model 

of the mammalian auditory periphery was designed to run on the simulator, and this is described next. 

1.6 Overview of the Auditory Model 

A high level view of the auditory model in its present state is shown in Figure 3. It adheres as closely 

as possible to the known anatomy and physiology of the mammalian auditory pathway. It started out 

as a conventional frequency based model with sharply tuned input filters. However, as I conducted 

experiments incorporating more and more neurobiological data, it was eventually transformed into a 

temporal model with broadband input filters. I will have more to say about this later. I chose to 

concentrate on developing a monaural version of the model to keep simulation times to a minimum. 

Most \;\uditory nuclei above the cochlear nucleus receive extensive input from both ears, so if the 

model were extended, binaural stages would be necessary to maintain a faithful representation of the 

mammalian auditory pathway. 

Referring to Figure 3, sound passes through a middle ear high pass filter (Section 3.2) before being 

presented to a bank of 3rd order gammatone bandpass filters (Lyon, 1996), each of which represents 

a small section of the cochlea. The gammatone filters have a broad frequency response (c.f. Section 

3.3.4). Higher order filters rang excessively in tone burst tests, contrary to the available data (Popper 

et aI., 1991, pp98-100). The output of each gammatone filter feeds into an inner hair cell, where the 

waveform is imperfectly half-wave rectified and compressed ready for transmission to the spiral 

ganglion. Inner hair cells can also receive inhibitory feedback from higher centres (Section 3.4). 

There are thre:e populations of spiral ganglion neurons with high, medium, and low spontaneous rates, 

which begin to fire at sound pressure levels of 10, 40, and 70dB respectively. Every neuron has a 

dynamic range of 30dB. The firing thresholds were chosen to cover most of the 91 dB dynamic range 

afforded by the use of i6-bit sound samples (Section 3.5). 

All spiral ganglion neurons in the model are extremely fast, and have special characteristics that 

enable them to phase lock to the stimulus, even under conditions of sustained saturation. They also 

exhibit adaptation, which means that they respond vigorously to transients, but maintain a much lower 

firing rate for persistent inputs. The probability of a spiral ganglion neuron firing is dependent on the 

amplitude of the input signal, and the amount of spike generator neurotransmitter remaining. The 

neurotransmitter is depleted rapidly on firing and is gradually replenished over time. 
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A row of spiral ganglion neurons converges onto a primary-like neuron in the cochlear nucleus. As a 

result of this convergence, primary-like neurons exhibit improved phase locking and a wide dynamic 

range. They also preserve timing information by way of secure synaptic connections without dendritic 

filtering. One input spike is enough to cause a primary-like neuron to fire. Primary-like neurons form 

the origin of the model's time pathway, which continues on to the medial superior olive (Section 4.6). 

As already mentioned, this model is a temporal one. It assumes that the cochlea primarily operates as 

a delay line, and that its secondary function is a bank of broadband differentiators, currently 

approximated using gammatone filters. The periodicity of an incoming sound wave is sampled by inner 

hair cells at two pOints along the cochlea spaced one wavelength's delay apart, in the manner 

proposed by Loeb et al. 1983. The output of each primary-like neuron is fed via two paths to the 

medial superior olive, one direct, and the other delayed by 1/f, where f is the channel centre frequency. 

The 1 If delay represents a one-wavelength delay along a section of the cochlea, and is placed here for 

convenience. 

In the model, the pitch of a sound is determined by coincidence detecting neurons in the medial 

superior olive, as suggested by Loeb et aL, 1983. Only inputs with periodicities which are integer 

multiples of the 1/f delay will coincide and therefore cause the medial superior olive neuron to fire. 

Using this mechanism, spikes with random or unrelated intervals are ignored. As an added bonus, 

relatively sharp frequency tuning is obtained without resorting to large amounts of lateral inhibition 

(Chapter 5). 

A row of spiral ganglion neurons also converges onto a chopper neuron in the cochlear nucleus. As a 

result of extensive dendritic filtering, these neurons fire at a constant rate for the duration of a stimulus. 

The firing rate is intensity dependent, and at lower frequencies, chopper neurons also phase lock to 

the stimulus. Chopper neurons form the origin of the model's intensity pathway, which continues on to 

the inferior colliculus (Section 4.7). 

Unlike the primary-like and chopper maps which receive input over the model's complete frequency 

range from 50Hz to 6kHz, the onset map only receives input from high spontaneous rate spiral 

ganglion neurons above 2kHz. Each onset neuron receives broadband input from 5 columns of the 

spiral ganglion either side of its centre frequency. When an acoustic transient occurs, most spiral 

ganglion neurons above 2kHz fire with low latency in near synchrony. This coincident firing is detected 

by the onset neuron, which fires for a brief period in response. Onset neurons form the origin of the 

model's startle pathway, which continues on to the ventral nucleus of the lateral lemniscus (Section 

4.8). 

Spiking neurons are present in large numbers throughout the mammalian auditory system. Spiral 

ganglion neurons are part of the ear, and their axons form the auditory nerve. A spiking neuron model, 

to be described next, was used as the basis for all neurons in the auditory model. 



SPIKING NEURON MODEL 10 

h pter 2 

In this chapter, I outline my motivation for developing a new spiking neuron model. 
Some background neurobiology on real neurons is covered. The neuron model has two 
main components, a connection, and a cell body, both of which are described in depth. 
Finally, simulation results are presented and some suggestions for future 
improvements are made. 

2. Spiking Neuron Model 

2.1 Motivation 

Why did I develop yet another neuron model? There were two reasons. Firstly, to model auditory 

areas of the brain, temporal aspects of neuronal operation must be taken into account. (t is common 

knowledge that the detection of interaural time differences is required for sound localisation, and that 

spiking neurons can be used to detect these differences (Yost et aI., 1987). Secondly, neuron models 

seem to come in two varieties. They are either overly simplistic purely computational models, or 

extremely complex biological models that are unsuitable for large-scale simulations. 

My aim was to develop a neuron model somewhere in between; a compromise between biological 

realism and computational efficiency. As a consequence, this model is not capable of exactly 

replicating the behaviour of biological neurons. To do this would require compartmental models and 

the time consuming solution of differential equations as described in Arbib 1995, p282-,288. Despite 

the present model's simplicity, with a suitable choice of parameters, many traits of real biological 

neurons such as bursting and adaptation can be approximated. Some of these traits are discussed 

next. 

2.2 Neurobiology 

Neurons are specialised biological cells that communicate with one another using both electrical and 

chemical signals. The cell body (soma), at rest, has an internal somatic potential with respect to the 

surrounding ionic soup of approximately -70mV. A long insulated fibre (axon) (see Figure 4) extends 

away from the soma, usually branching out towards its end into a series of synaptic terminals. 100mV 

spikes (action potentials) are actively transmitted down the axon using a mechanism similar to a 

'cascade of dominoes. In this case however, the dominoes are voltage dependent conductances 
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distributed along the axon's length. When a neuron fires, its somatic potential reverses to 

approximately +45mV, before being forced back to its resting potential by voltage activated ion 

channels in the cell membrane. Tree-like appendages (dendrites) attached to the soma conduct 

dendritic potentials from synapses towards the soma, filtering, attenuating, and delaying them along 

the way. When the dendritic potential exceeds a threshold, the neuron will fire. Action potentials from 

the soma can also back propagate up the dendritic tree (Magee et aI., 1997), affecting the amount of 

calcium influx at a synapse. Calcium is thought to regulate the amount of neurotransmitter release and 

therefore influence the weight (efficacy) of a synapse. 

~ 
Axon 

Figure 4. A selection of vertebrate neurons stained by the Goigi method. From: An introduction 
to molecular neurobiology. Hall Z.W. Editor. 1992. Sinauer Associates, Inc. 

After firing however, a neuron cannot fire again for a short period of 1-2ms (absolute refractory period) 

until its neurotransmitter store is replenished. A neuron's firing rate adapts over time from a high peak 

value initially, to a much lower steady state value. When an action potential reaches a synaptic 

terminal at the end of an axon, molecules of a chemical substance (neurotransmitter) are released into 

a small insulating gap known as a synaptic cleft. The nearby synapse on a dendrite of a postsynaptic 

neuron senses this and generates a small dendritic potential in response. 

Depending on the type of neurotransmitter released, the dendritic potential can be excitory (eg. 

glutamate) or inhibitory (eg. y-aminobutyric acid, GABA) (Levitan et aI., 1997, p218-219). Some 

specialised neurons have electrical synapses that are much faster than the chemical variety described 

here. The first part of the spiking neuron model, a connection, is presented next. 
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2.3 Connection Model 

The connection model shown in Figure 5 models a neuron's axon, dendrite and synapse as one unit. 

Axonal, synaptic, and ion channel activation delays are lumped into the bit queue as Tqueue. Synaptic 

time constants of 260us to 1.3ms can occur in real neurons (Bruns et aI., 1995), and ion channel 

activation delays can have time courses ranging from milliseconds to hours (Levitan et aI., 1997, p77, 

p272). Action potentials received from neuron i at sampling instant n, AP,(n) 1, enter the bit queue 

where they are delayed, and then converted from an analogue value of +100mV, to a binary value of 0 

or 1. The bit queue can be bypassed for a zero delay analogue connection. 

ALi(n) 

From presynaptic 
neuron i 

APi(n) _Jl_-1HII~ 

Activity 
Threshold 

1-oaIIf.-----ATj 

Adjust Weight 

To postsynaptic 
neuron j 

'------------- RP, 

Figure 5. Connection model block diagram. 

Once the bits come out of the queue, they are converted back to +1 OOm V if 1, or Om V if 0, and then 

fed into a dendritic lowpass filter. Dendrites are often modelled as a cascade of RC networks (Arbib 

1995, p285). The dendritic filter can be bypassed to allow for the situation where axons terminate 
, 

directly on the soma. The filtered analogue output is multiplied by a weight wk(n), the synaptic efficacy, 

and becomes the kth dendritic potential input to neuron j, DPkj(n), Mathematically, the dendritic 

potential can be expressed as 

( 1 ) 

1 For notational convenience, the sampling interval T was set to 1 second. Thus X(nT) is denoted X(n). In the models, a 

sampling rate of 48kHz was used. 



SPIKING NEURON MODEL 13 

LPFk is a first order low pass digital filter given by the difference equation 

where xk(n) is the filter input sample, ak1 is the filter coefficient and K is a gain constant. Derivation and 

design details for this filter can be found in appendix 4. Normally the modeller specifies the cutoff 

frequency indirectly as a connection time constant. On firing, the resting potential from the jth neuron, 

RP1 ' resets the filter's internal state variables, and its output, to a prespecified value (typically zero 

volts). 

2.3.1 Potentiation and Depression 

The terms potentiation and depression refer to the adjustment of the synaptic efficacy wk(n). There has 

been strong experimental evidence over the last 50 years to support Donald Hebb's 1949 postulate, 

that repeated conjunction of presynaptic activity, and the firing of the cell on to which this activity was 

afferent, would lead to an enhanced synaptic efficacy between the pre and post synaptic cells (Arbib 

1995, pp455-464). For this. reason, I chose it as. the learning mechanism for the connection model. 

Most modern implementations of Hebb's postulate extend it by including a depression, or forgetting 

term, to avoid continual saturation. Neuron j's activity threshold AT] (in spikes/s) ensures that 

potentiation only occurs for strong or tetanic inputs, as found in studies of long-term potentiation (L TP) 

in hippocampal neurons (Hall 1992, p486). A negative value for wk(n) denotes an inhibitory input, while 

a positive value denotes an excitory input. The synaptic efficacy of dendrite k at firing instant n is given 

by 

{

sat[Wk(n-1)±Op ·A4(n)] 

sat[wk(n -1) += 0d)] 

if A4(n);::: A1j 

if ALj (n) < A1j 
(3) 

where op and Od are the potentiation and depression rates respectively. The amount of potentiation is 

dependent on the activity level of dendrite i, ALi(n), in spikes/s at the time of firing, whereas the 

amount of depression remains constant, representing a gradual loss of synaptic efficacy. The dual 

signs indicate excitory and inhibitory synapses respectively. The weight is arbitrarily saturated such 

that -1.0:::; Wk:::; +1.0, and care should be taken not to lose the sign of the weight as it approaches 

zero. Presynaptic neuron i maintains an output spike count which is updated every 10ms, and this is 

the value used for ALj(n). By adjusting the dendritic time constants and connection delays, the neuron 

model as a whole is capable of acting as either a coincidence detector, or a temporal integrator (Konig 

et al,. 1996). In the next section, I describe the second part of the spiking neuron model, its soma. 
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2.4 Soma Model 

The complete soma model is shown in Figure 6. The total somatic potential of neuron j, SPj(n), is the 

instantaneous weighted sum of its K dendritic potentials DPjj(n). This is in accordance with the fact that 

the somatic time constant of real neurons is usually negligible in comparison to that of its dendritic 

inputs (Holt 1998, p66). 

K-I 

SPj(n) = LD~j(n) (4) 
i=O 

The firing threshold is subtracted from the somatic potential, and the remainder is fed into a peak hold 

stage, where it is normalised to a value between 0 and 1.0 using the dynamic range parameter. A 

peak value is stored whenever the slope of the somatic potential reaches zero. It's one of the two 

values used to set the spike generator's firing rate, and provides a frequency independent measure of 

the input signal amplitude. 

Neurotransmitter 
Factory Store 

DPoJ(n) 

Refractory 
Period 

Spike 
Counter 

AL(n) 
Probe 

I--__ -llrl-__ -_fl ........ APj(n) 

III 
iii 
III' 

Firing Dynamic 
Threshold Range 

Backpropagator 

A~ __ --------------------r-~ 
~~----------------~ 

APj ----------------------L-~ 

Figure 6. Soma model block diagram. 

Spike 
Generator 

A probe is used to make measurements of the somatic potential. I found it much easier to set various 

dendrite parameters by monitoring the voltage at this point. The neuron's firing threshold is more 

easily set this wayas,well. 



SPIKING NEURON MODEL 15 

2.4.1 Action Potential Generation 

The probability of an action potential, APi(n), being generated by neuron j, depends on the level of 

peak somatic potential above threshold, the amount of neurotransmitter available, and whether the 

absolute refractory period has expired. The width of an action potential is user definable. The neuron 

is prevented from firing during its absolute refractory period. Each time the neuron fires, 25% of its 

neurotransmitter reserves are consumed. Continual replenishment by the neurotransmitter factory 

occurs at a much lower rate. The neurotransmitter level, which has a maximum value of 1.0, is used to 

regulate the absolute refractory period. providing firing rate adaptation. The activity level ALj(n), or 

spike count of the neuron. is continually updated every 10ms. Pseudocode Listing 1 provides a 

simplified view of how the neuron model functionality is implemented. 

APO 

if( SpikeDuration 0) 
{ 

else 
{ 

ActionPotential OV; 

SpikeDuration = spikeDuration - Ii 

Neurotransmitter Neurotransmitter + Replenishment; 
SomaticPotential SumDendriticPotentials(li 
if( Slope(SomaticPotential) == 0 ) 

PeakSomaticPotential = Normalise( SomaticPotential, DynamicRange )i 

iff (AbsoluteRefractoryPeriod=O) and (SomaticPotential>Thresholdl 
{ 

else 
{ 

if( PeakSornaticPotential+Neurotransmitter > RandOmNumber() 
{ 

SpikeCount SpikeCount + 1; 
ActionPotential 100mV; 
SpikeDuration 100us; 
AbsoluteRefractoryPeriod Minimum * 1/Neurotransmitter; 
Neurotransmitter = Neurotransmitter I 4; 
BackPropagate{ RestingPotential, ActivityThreshold )i 

AbsoluteRefractoryPeriod = AbsoluteRefractoryPeriod - 1; 

return ActionPotential; 

Listing 1. Pseudocode for neuron action potential generation. 

The listing does not show the code used to ensure action potentials are phase locked to the input 

stimulus. or the additional tests required to saturate various parameters. The reader is referred to the 

source code accompanying this thesis for further details (see Section 1.5). 
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2.4.2 Backpropagation 

When real neurons fire, they reset their somatic potential to a resting value. However, in this neuron 

model, the somatic potential is not part of the soma, but instead is distributed amongst the dendritic 

filters. To bring the somatic potential back to a resting value, the state variables for each dendritic filter 

must be reset. In the model, this is achieved using backpropagation. By backpropagation, I mean the 

local propagation of spikes back up a dendritic tree, rather than Rumelhart's layered backpropagation 

algorithm (Churchland et aI., 1992, pp109-112). When neuron j fires, it backpropagates the resting 

potential RPj back up the dendritic tree to each filter which resets itself appropriately. 

Backpropagation is also used by neuron j to adjust the synaptic efficacy of its k dendrites in a similar 

manner to real neurons. Synaptic efficacy adjustments are input specific. Assuming each dendrite 

makes synaptic contact with a different neuron, then there will be exactly k different dendritic activity 

levels AL(n). The synaptic efficacy of dendrite n will only be increased if its activity level exceeds 

neuron j's activity threshold ATj• Therefore, dendrites which receive large numbers of action potentials 

will have greater connection strengths than those which receive random noise or remain idle. 

2.5 Simulation Results 

2.5.1 Sinusoidal Response 

The aim of this experiment, was to see how well the biological traits of adaptation and phase locking 

could be emulated by the spiking neuron model. A 1 kHz, 60dB sinusoidal tone was applied to a single

input spiking neuron. The model parameters are listed in Table 1. 

Parameter 
Firing threshold 
Dynamic range 
Probability of firing (max) 
Absolute refractory period (min) 
Spike width 
Resting potential 
Connection weight 
Connection delay 
Connection time constant 

Value 
55dB 
30dB 
0.3 
300us 
65us 
OV 
1.0 
Oms 
Oms 

Table 1. Neuron model parameters used in the sinusoid example. 

The firing threshold was chosen so that only the sine wave peaks cause the neuron to fire. The results 

of the simulation are shown in Figure 7. Notice that each action potential is precisely phase locked to 

the sinusoid. Firing rate adaptation occurs as the neurotransmitter store is depleted. The neuron 

model doesn't fire on every positive half cycle due to the probabilistic nature of action potential 

generation. 
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_ Figure 7. Sinusoidal response of the neuron model: Input and output waveforms. 

2.5.2 Coincidence Detection 

The ability to detect coincidences is important in the peripheral auditory system. The aim of this 

experiment, was to ensure that the spiking neuron model could perform coincidence detection 

successfully. Two neurons were setup as coincidence detectors. The first received a pair of identically 

timed input spikes every 5ms. The second received a pair of spikes, separated by 1 ms every 5ms. In 

both cases, the dendritic filters had 1ms time constants. The model parameters are listed in Table 2. 

Parameter 
Firing threshold 
Dynamic range 
Probability of firing {max} 
Absolute refractory period (min) 
Spike width 
Resting potential 
Connection weight 
Connection delay 
Connection time constant 

Value 
22mV 
10mV 
0.85 
200us 
65us 
OV 
1.0 
1ms 
1ms 

Table 2. Neuron model parameters used in the coincidence detection example. 

The resulting waveforms are shown in Figure 8. The top graph shows the first neuron's firing threshold 

(dashed horizontal line), somatic potential (short dashes), and action potentials (solid vertical lines). 

The somatic potential exceeds the firing threshold only when coincident inputs are received. 

Sometimes, even when the firing threshold is exceeded, the neuron will not fire due to the probabilistic 

nature of action potential generation. Each action potential signals that a coincidence was detected. 

Notice that the sor:natic potential is reset every time the neuron fires. This indicates that 

backpropagation of the resting potential (0 Volts) is working correctly. 
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The bottom graph shows the second neuron's behaviour. No action potentials are generated because 

without a coincidence, the somatic potential can never exceed the firing threshold. The dendritic time 

constants can be altered to change the time window over which a coincidence is detected. 
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Figure 8. Neuron model operating as a coincidence detector. 

2.6 Discussion 

The spiking neuron model successfully demonstrated that it could adapt its firing rate, generate action 

potentials precisely phase locked to the incoming stimulus, and act as a coincidence detector. The 

Hebbian learning aspects of the spiking neuron model were tested briefly, but since they aren't used in 

the auditory model, I haven't pursued them any further at this stage. 

For real-time operation, some of the functionality of the spiking neuron model could be stripped out 

without drastically altering its behaviour. For example. a useful increase in speed could be obtained by 

omitting the firing rate adaptation. Specialised versions of the model could also be developed to 

emulate particular types of neuron in the brain more accurately. As an added bonus. the number of 

parameters would be'reduced, and further speed increases could be achieved. Next we examine the 

first stage of the mammalian auditory pathway. the ear itself. 
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hapter 3 

In this chapter, I present a series of biologically based signal processing models that in 
aggregate, model the ear. Each model begins with some background neurobiology, 
and then the implementation details are described. Simulation results are provided and 
future improvements are discussed. I will point out some inconsistencies with the 
conventional view of the ear as a sharply tuned bandpass filter bank, and present an 
alternative interpretation that better fits the facts. I will argue that the cochlea's primary 

_ function Is to provide a delay and that its secondary function may be wldeband 
differentiation. 

Ear Model 

3.1 Outer Ear Model 

3.1.1 Neurobiology 

The human ear, as shown in Figure 9, is classified into three distinct regions; the outer ear, the middle 

ear, and the inner ear. The outer ear consists of the pinna and the external auditory canal (meatus). 

The pinna's characteristic shape helps to discriminate between sound sources arriving from different 

directions 

Figure 9. The gross anatomy of the human ear. From: Internet. 
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and azimuths. Recently however, it has been shown that the amount of spectral shaping provided by 

the outer ear is not as critical for sound localisation as was once thought. Its frequency response can 

be smoothed considerably without affecting the perceived location of a sound (Kulkarni et aI., 1998). 

The extemal ear canal forms a resonant cavity, which provides a frequency dependent sound 

pressure gain at the tympanic membrane. A peak gain of around 17dB SPL is achieved at a frequency 

of 2.SkHz. There is an additional resonance between 2 and SkHz which is produced by the cavum of 

the auricle (inner region of the pinna, not labelled). These two regions of resonance complement each 

other, resulting in a broad sound pressure gain between 1.3 and 8kHz (Greger et aI., 1996, pp714-

71S), (Moller 1982, p9). 

3.1.2 Reasons for Omission 

I have chosen not to model the effects of directional filtering by the outer ear for several reasons. 

Firstly, the current auditory model is monaural, so directional cues provided by the outer ear are not 

required. Secondly, the current auditory model is designed to operate in the speech band extending 

from 100Hz to 6kHz. At 6kHz, the high frequency rolloff provided by the outer ear is not very large 

when compared to the peak response. In addition, the middle ear model to follow provides some low 

frequency rolloff. 

3.1.3 Discussion 

If the auditory model's frequency response was extended beyond the speech band, or sound 

localisation was incorporated, then an outer ear filter really ought to be included. A suitable frequency 

response curve which includes the effects of the head, pinna, and external auditory canal can be 

found in Moller 1982, p9. The middle ear plays an important role in transmitting sound from the outer 

ear to the inner ear, and this is examined next. 

3.2 Middle Ear Model 

3.2.1 Neurobiology 

The middle ear consists of the tympanic membrane (ear drum), and a group of small bones known 

collectively as ossicles. The ossicles transmit sound vibrations to the cochlea's oval window. Direct 

transmission of sound from the air to the fluid-filled cochlea is extremely inefficient because of the 

difference in mobility of the two media. The middle ear ossicles enhance the transformation of sound 

into vibrations of cochlear fluid. They act as a mechano-acoustic transformer with a transformation 

ratio of around 1 :4000 (Moller 1982, p12). They are a vital link in the hearing chain; malfunctioning 

ossicles usually result in a hearing loss of around 30dB at all frequencies (Duncan 1993, p79). 

A loud sound in the region of 9SdB SPL, or your own speech, activates the acoustic middle ear reflex. 

Two small muscles attached to the malleus and stapes contract, reducing the sound intensity reaching 
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the cochlea's oval window at frequencies below 1.5kHz (Moller 1982, p40, p44). The middle ear also 

introduces a low frequency rolloff due to the stiffness of the tympanic membrane and other middle ear 

structures, as well as the compressibility of air (Hawkins et aI., 1995, p8). 

3.2.2 Middle Ear Filter 

The effect of low frequency rolloff due to middle ear structures is often modelled as a 'I kHz highpass 

filter with a 20dB/decade rolloff (Ghitza 1994), and this is the approach I have adopted. 

Acoustic ---____ "'"i 
Input 

1000Hz 

High Pass Filter 

Figure 10. The middle ear filter. 

To 
Cochlea 

A simple first order highpass digital filter was designed (see appendix 4) using the bilinear 

transformation technique. The resulting. digital transfer function H(z) is given by 

H(z) = 0.9103·(1- Z-l) 

1 + 0.8207 Z-l 
(5) 

The current output sample y(n), is generated from a weighted combination of past and present input 

and output samples, using the finite difference equation 

yen) = 0.9103· [x(n) - x(n -1)]- 0.8207· yen 1) (6) 

3.2.3 Simulation Results 

The middle ear filter was simulated and gain measurements were taken at twenty different 

frequencies. The resulting frequency response (dashed line) is shown in Figure 11. Real data taken 

from the cat (solid line) is used for comparison. Obviously there is some discrepancy at higher 

frequencies, but the underlying trend is followed reasonably well. Ideally this comparison should be 

made for human data, because the frequency response of cat ears is likely to be more directionally 

dependent. Unfortunately though, I have not located a source of this data for humans yet. 
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Figure 11. Fit of the middle ear filter model to experimental data taken from the cat. Data was 
obtained from the graph given in Moller, 1982, p14 and shifted down to OdS. 

3.2.4 Discussion 

The middle ear model successfully demonstrated that its frequency response is in rough agreement 

with data taken from the cat. One feature omitted from the model was the middle ear reflex. It protects 

the ear from damage at high sound levels. The dynamic range of the ear model is limited by the 16-bit 

input word length to 91 dB SPL, corresponding to a full-scale input of 1 V peak. Since I have complete 

control over the simulation environment, and I cannot damage the ear model, I decided to omit this for 

now. If the model is extended to include some form of vocalisation, then this decision would need to be 

re-examined. As already mentioned, in addition to protection, the middle ear reflex also reduces the 

sound level presented to the inner ear while we speak. The middle ear transmits sound to the inner 

ear, and this is modelled next. 

3.3 Cochlea Model 

3.3.1 Neurobiology 

The mammalian cochlea is the most complex mechano-sensory organ devised by nature. It is a snail

shaped, fluid-filled tapered tube roughly 35mm in length (see Figure 9), which forms part of the inner 

ear or vestibule. In a series of extremely difficult experiments on cadaver ears, the Hungarian scientist 

Von Bekesy discovered that vibration of the stapes footplate against the oval window produces a 

travelling wave inside the cochlea, which moves from the base to the apex. After a certain distance the 

amplitude reaches a maximum and then rapidly decays as shown in Figure 12. The place of maximum 

amplitude depends on the frequency of the stimulus. 
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Figure 12. Travelling wave patterns in the cochlea. From: Auditory physiology. Moller, 1982. 
p125. Academic Press. 

An arr.ay of approximately 3500 inner hair cells on the organ of corti (see Figure 13) on the basilar 

membrane inside the cochlea, sense these travelling waves and perform mechanical to neural 

transduction. They generate an electrical potential proportional to the amount of mechanical bending. 

Teo:torial Membrane 

Cochlear He"le 

Figure 13. Cross section of the organ of corti inside the cochlea. From: Internet. 

After over 150 years of investigation, we still cannot explain exactly how the cochlea works. Recently, 

two important discoveries were made. Firstly, tones have been measured coming from normal ears 

without any acoustic stimulation whatsoever (Popper et ai., 1992, p348). These spontaneous 

otoacoustic emissions indicate that the ear can produce sound as well as receive it. Diagnosis of 

hearing problems in infants has been revolutionised because of this discovery. Secondly, outer hair 

cells have an electromotile response. They can alter their length by up to 3-5% under the control of the 

central nervous system. This motility is thought to influence cochlear mechanics and therefore alter the 

tuning and sensitivity of inner hair cells (Dallos et ai., 1996, pi8). The classical view of the cochlea as 
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a passive hydromechanical transducer, is being replaced by one in which the cochlea is part of an 

active system, with multiple levels of feedback and control. 

3.3.2 Is the Cochlea a Frequency Analyser? 

The prevailing notion of the cochlea as frequency analyser can be traced back to Ohm and Helmholtz 

in the 1840's. However, I would like to point out a number of inconsistencies with this view, which 

when taken together with the relevant neuroanatomy and physiology, suggest that it may be incorrect. 

Before I begin, I would like to say a few words about the measurement techniques used to obtain 

frequency response plots of the cochlea. All techniques used to physically measure the vibrations on 

the basilar membrane are invasive. They require the cochlea to be removed or opened. It is well 

known that the cochlea is exquisitely delicate, and dependent on normal physiological conditions for 

its functioning. Rapid deterioration of mechanical tuning occurs after death and with exposure to air 

(Edelman et aI., 1988, p160). It is also likely that the cochlea is under active control by the nervous 

system. Considering these facts, it is easy to see why any invasive measurements are likely to be 

invalid. To obtain accurate tuning curves, it would be best to derive them from auditory nerve fibres, or 

cochlear nucleus cells of· unanesthetised subjects. For these reasons, I place considerably more 

weight on data obtained from these sources than I do from cochlea measurements. 

As mentioned in Section 1.2, frequency oriented theories of cochlear function have been unable to 

satisfactorily explain how we hear the missing fundamental (Gelfand, 1981, p287), (Bates, 1995, 

pp393-400), (Warren, 1982, p64). The missing fundamental is still heard at low sound pressure levels 

where the generation of nonlinear distortion products is unlikely. It can be heard when the harmonics 

of a two-harmonic complex sound are presented separately to each ear. It is not subject to auditory 

masking (Gelfand, 1981, p287). All of these facts indicate that the missing fundamental is generated 

centrally within the auditory system, rather than by nonlinear mechanisms within the ear. 

Experiments with cochlear implant patients in which auditory nerves are stimulated directly have 

yielded unexpected results. If the cochlea functions as a mechanical frequency analyser, then by 

stimulating a particular auditory nerve we would expect a fairly pure tonal sensation. Instead, cochlea 

implant patients report complex sensations such as loud buzzes and clangs whose pitch is roughly 

related to the place of stimulation (Loeb et all' 1983). 

In the absence of sound, a large proportion of auditory nerve fibres generate spontaneous action 

potentials, whose firing rates range from 1/sec to 140/sec (Popper et al., 1991, p38). If the cochlea 

functions as a mechanical frequency analyser, then we should hear a large number of continuous 

background tones. This of course is not the case. 
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Typical threshold vs frequency curves of cochlear nucleus cells in the cat, upon which auditory nerve 

fibres converge, are shown in Figure 14. They are very similar to raw nerve fibre responses in that 

they have broad asymmetric tails that extend over much of the low frequency region. At normal 

physiological levels for speech, these cells exhibit a broadband response. 

Figure 14. Typical frequency threshold curves from single nerve cells in the cochlear nucleus. 
Adapteq from: Auditory Physiology. Moller, 1982. p125. Academic Press. 

Single tone experiments by Pfeiffer et ai., 1975, on the response of cat auditory nerve fibres along the 

cochlea, showed that as the sound pressure level was increased, the place of maximum amplitude 

broadens considerably. At levels of 70dB or more, fibres along 55% of the cochlea are active. This is 

fairly poor tuning for a frequency analyser. Keep in mind that typical levels of human speech are 

around 60dB, and that 65% of auditory nerve fibres have high spontaneous rates, indicating that they 

have very low thresholds. Steady state vowel experiments by Young et aI., 1979, on the response of 

cat auditory nerve fibres along the cochlea confirmed Pfeiffer's findings, but also noted that the growth 

in cochlear activation is accompanied by an increase in local synchrony among nerve fibres around 

the formant frequencies and their harmonics. This suggests that temporal mechanisms are likely to 

play an important role. 
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3.3.3 A Temporal View of Cochlear Function 

The inconsistencies discussed in the previous section can be reconciled by adopting an alternative 

view of cochlear function based on temporal analysis. From a temporal viewpoint, the cochlea's 

primary function is not to operate as a filter bank, but rather, to operate as a compressive analogue 

delay line (Loeb et aI., 1983). The inner hair cells along the length of the basilar membrane, sample 

the wave in a parallel fashion as it travels from the base towards the apex, before it terminates 

abruptly due to cochlear mechanics. The inner hair cells in conjunction with their spiral ganglion 

neurons, detect regions of the wave which have zero slope. Any periodicity in the waveform is 

discovered by comparing the coincident output of two points spaced some distance apart along the 

cochlea as shown in Figure 15. 

Cochlea 

Spiral ganglion neurons 

Figure 15. A temporal view of the cochlea; hypothetical principle of operation. 

The neuroanatomy of the cochlear nucleus, superior olive, and inferior colliculus support this 

connectivity. Sheets of neurons, corresponding to adjacent sections of the cochlea, are stacked on top 

of one another in a laminar fashion (Webster et aI., 1991, p71, p127, p175). This arrangement enables 

very short connections to be made between spatially separated points along the cochlea, and this is 

exactly what is required for the coincidence detecting scheme shown in Figure 15. 

This might also explain why directly stimulating a single auditory nerve fibre sound~ completely 

unnatural. Furthermore, a broad response across a significant section of the cochlea is actually 

required for this mechanism to work. Spontaneous noise is rejected because a coincidence is needed 

to trigger any output. 

Experiments by many authors have concluded that the measurement of interspike intervals does 

reasonably well at predicting pitch perception (Rhode 1995, pp2426-2427), (Lagner, 1992). Temporal 

models (Bates, 1995, pp393-400), (Lagner, 1992), including the model in this thesis, can reproduce 

the missing fundamental phenomenon without resorting to handwaving explanations of nonlinearities 

in the cochlea. The mechanism is simple (wide band coincidence detection), and can be directly 

mapped onto the neuroanatomy of the peripheral auditory system. 
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From my experience in designing optimal digital FIR filters, I noticed that the frequency responses 

shown in Figure 14 look more like those belonging to wide band differentiators than those of traditional 

bandpass filters. Optimal differentiators have a sawtooth-like frequency response. If the cochlea's 

secondary function is differentiation, then it might explain why there is a significant amount of 

asymmetry in the measured responses. It makes perfect sense from a neuroethological viewpoint as 

well. The auditory system in mammals would have evolved to maximise the survival of the species. 

Any ability to enhance acoustic transients, as a differentiator does, is likely to be extremely beneficial. 

Sharply tuned narrowband filters, while great for spectral analysis, are extremely slow to respond to 

transients, and ring for a considerable period of time afterwards. In humans, it seems likely that 

survival would have come before the development of speech. 

The temporal view of the cochlea as a bank of wideband differentiators, is also supported by 

measurements taken from auditory nerve fibres in response to sinusoidal acoustic stimuli. The 

probaBility of generating an action potential is greatest during the sine wave peaks as shown in Figure 

16. 

Figure 16. Phase locking of auditory nerve fibres in response to a low frequency sine wave. 
From: Auditory physiology. Moller, 1982. p152. Academic Press. 

Considering the fact that 65% of auditory nerve fibres have a high spontaneous rate, and therefore a 

very low firing threshold, it seems strange that spikes should occur at the peaks of the sine wave 

rather than close to the zero crossings. If the sine wave was effectively differentiated, by cochlear 

action first thoUgh, then this could explain the output waveform as illustrated in Figure 17. 

External sine wave. 

Differentiated wave inside cochlea. 

Inverted output of inner hair cell due to mechanics, 
the low firing threshold is shown superimposed. 

Resulting auditory nerve action potentials and their 
phase relationship to the external sine wave. 

Figure 17. Hypothetical generation of auditory nerve action potentials using differentiation. 
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The missing action potentials in Figure 17 are due to the probabilistic nature of spiral ganglion neuron 

spike generation. Although I now believe that the cochlea acts more like a bank of variable bandwidth 

wideband differentiators than a bank of bandpass filters, unfortunately I have run out of time to 

implement them. For now, I have chosen to make do with an approximation using traditional 

gammatone filters. 

3.3.4 Cochlea Gammatone Filter Bank 

The cochlea is modelled as a bank of broadband overlapping gammatone filters as shown in Figure 

18. Each channel represents a small section of cochlea. Gammatone filters were originally developed 

by Flanagan in the 1960's at Bell labs to approximate basilar membrane motion (Lyon 1996). Since 

then they have been refined, and with the advent of efficient digital implementations (Slaney 1993), 

are now commonly used to construct cochlea filter banks. 

From 
Middle Ear 

--I!iIro-- Channel 2 

l1li 
III 
III 

Channel N 

To Inner 
Hair Cells 

Figure 18. The cochlea gammatone filter bank. 

The impulse response of a gammatone filter is given by 

(7) 
gamma envelope tone 

where N is the integer filter order, b is the -3dB bandwidth in rad/s, OJ r is the resonant centre 

frequency in rads/s, and $ is the starting phase in rads/s. The gain factor A is normally chosen such 

that the peak magnitude response is unity. The mathematically inclined will recognise that the first 

term in the gammatone impulse response appears as the integrand in the definition of the gamma 

function r(x). The impulse response for an N=3 gammatone filter, with a centre frequency of 306Hz, 

and a bandwidth of 59Hz is illustrated in Figure 19. 
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Figure 19. The impulse response of a gammatone filter. 

It should be recognised that gammatone filters have a few limitations. Namely, that their frequency 

response is nearly symmetric, whereas real measurements show a significant asymmetry. The 

impulse· response of a real auditory nerve fibre does not have a constant oscillation frequency, but 

instead changes along the time axis (Moller 1982, p220). Recently, two related filters known as the 

gammachirp filter (Irina et aI., 1997), and the all-pole gammatone filter (Lyon 1996) have been 

proposed to overcome these limitations. 

3.3.5 Gammatone Filter Bank Parameters 

The average long-term speech spectrum extends from 50Hz-10kHz, but the energy is greatest in the 

100-600Hz region. Unvoiced sounds such as "s" or "sh" occur predominantly in the 4-6 kHz region. 

The first three formant frequencies for English vowels normally occur between 200Hz and 4000Hz 

(Denes et aL, 1993, pp141-145). For these reasons, I have adopted a 50Hz to 6kHz frequency range 

for the cochlea model. The frequency-position relation developed by Greenwood, 1990 for the human 

cochlea is used to set the channel centre frequencies. 

f = 165.4(10o
.
o6x 0.88) ( 8 ) 

Here, x is the distance along the cochlea in millimetres. From Greenwood's equation, a frequency 

range of 50Hz to 6kHz corresponds to a distance of 24.96mm along the cochlea. The number of 

channels is dictated by computational constraints, and in this case 71 channels were chosen. The 

centre frequency of each channel is determined from Greenwood's equation at equally spaced points 

along the cochlea. 

Auditory masking experiments with humans and animals, indicate that there are critical bandwidths 

outside which masking no longer occurs. The bandwidths of these perceptual filters, increases with 
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increasing frequency in a species dependent fashion (Edelman et aI., 1990, p364). For humans, the 

equivalent rectangular bandwidths (ERBs) are approximated by (Yost et al., 1993, p68) 

ERB(f) = 24.7· (4.37 x 10-3 f + 1) (9) 

It has been recommended by Slaney, 1993 that the bandwidth of each gammatone filter be set to 

1.019 times the equivalent rectangular bandwidth, and this advice was taken in the model. 

Bandwidth(f) = 1.019· ERB(f) (10 ) 

3.3.6 Simulation Results 

The gammatone filter implementation was simulated, and gain measurements were taken at twenty 

different frequencies. The resulting frequency response is shown in Figure 20. The gammatone filter 

parameters were set as follows. Centre frequency f=1kHz, Bandwidth(f}=132Hz, and filter order N=3. 

The lower half of the frequency response looks reasonable when compared to the real frequency 

threshold curves shown in Figure 14, but obviously, the rolloff rate of the high frequency region needs 

to be considerably steeper than it is at present. 
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Figure 20. Measured gammatone filter frequency response. 

3.3.7 Discussion 

10000 

In future versions of the cochlea model, I may replace the gammatone filters with variable bandwidth 

differentiators. Each differentiator will have a precise time delay. Human cochlea travelling wave 

delays, measured using the non-invasive Distortion Product Emission (OPE) phase response method, 

are frequency dependent and increase in a logarithmic fashion (Kimberley et aI., 1993). 
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( 11 ) 

Delays introduced by the gammatone filters are not this long. Ideally they should be followed by a 

delay equalisation stage to provide a reasonable match to the data. 

Cochlear mechanics gives rise to a phenomenon known as two tone suppression. An auditory nerve 

fibre's response to a tone is reduced by the presence of a nearby tone (Popper et aI., 1991, p60). This 

effect was not modelled, but could be included by reducing the gain of a gammatone filter whenever 

neighbouring channels are active. 

Travelting waves in the cochlea are sensed by inner hair cells. They convert an acoustic stimulus into 

an electrical potential, and this is examined next. 

3.4 Inner Hair Cell Model 

3.4.1 Neurobiology 

In the human, a single longitudinal row of approximately 3500 free standing inner hair cells is located 

on the organ of corti (Krstic 1991, p556). In the cat, about 90%-95% of all auditory nerve fibres make 

contact with inner hair cells rather than outer hair cells. Based on their microscopic appearance and 

recordings from auditory nerve fibres, it has been concluded that inner hair cells are almost exclusively 

afferent. (Webster et aI., 1991, pp24-25). Sound waves cause a mechanical deflection of the hairs 

due to the shearing force between the flexible basilar membrane and the immobile tectorial membrane 

(see Figure 13). Mechanical deflection in one direction causes depolarisation of the inner hair cell's 

intracellular potential, while deflection in the opposite direction hyperpolarises the cell as shown in 

Figure 21 (Moller 1982, p85). 

Depoart;:alion 
Receptor ___ -'I I 
PJlenU aI '------,1 I 

~petpolerizalion 

Figure 21. Inner hair cells; principle of operation. From: Internet. 
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Figure 22 shows that the magnitude of depolarisation is a monotonically increasing function of sound 

intensity. Inner hair cells have a wide dynamic range; the peak response is still increasing at levels of 

14 

-1 -0.5 

-4 

Peak Pressure (Pa) 

Figure 22. Inner hair cell. transfer. function. Data from: Dallos et al., 1996. 

91dB, or 1 Pascal. This is large in comparison to an individual auditory nerve fibre, whose dynamic 

range is typically only about 30-40dB. Measurements on inner hair cells indicate that they have a 

membrane conductance of 23-43nS, and a capacitance of approximately 10pF. This introduces a time 

constant which has been estimated to be 170-330l1s, corresponding to a first order low pass filter with 

a -3dB cutoff frequency of 480-940Hz (Dallas et ai., 1996, p364). Descending influences from the 

superior olivary complex can modulate the output of inner hair cells, by making synaptic contact with 

the dendrites attached to them (Webster et aI., 1991, p3). 

3.4.2 The Meddis Inner Hair Cell 

Rather than construct my own inner hair cell model, I decided at first to use the Meddis inner hair cell 

model described in (Meddis 1986, 1988, 1990). Although not mentioned, the Meddis inner hair cell 

implicitly incorporates a spiral ganglion neuron because it outputs an action potential rather than a DC 

receptor potential. During the implementation of this model, I found two bugs in Meddis's code and 

one erroneous parameter listed in table II of Meddis et ai, 1990. The reader is referred to the Meddis 

references in Section 8 for further details. 

Although the Meddis inner hair cell model worked as advertised, I found that it had one major 

drawback that made it unsuitable for the present application. Namely, that it was extremely difficult to 

set the eight interrelated parameters to obtain the desired behaviour. 
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Meddis himself freely admits this problem and says 

"No simple way has been found to generate individual parameters that will produce a required set of 

characteristics of the system; the originally published set of parameters were found largely by trial and 

error using guided random walks. II 

I had two other minor criticisms of the model. Firstly, it was difficult to test because of the variety and 

obscurity of the test stimuli used in Meddis's papers. Secondly, the adoption of an arbitrary 

30dB=1 Vrms input level for the model made it more difficult to compare with the majority of existing 

data, which use the standard dB SPL scale. 

The Meddis inner hair cell model implementation has been kept, and can be used in the existing 

simulation environment if desired. I have developed a simpler inner hair cell model to replace it, and 

this is described next. 

3.4.3 Description 

Inspection of Figure 22 reveals that an inner hair cell essentially acts as an asymmetric nonlinear 

compressor, which leads to the simple model shown below. 

From 
Filter Bank 

From Superior 
Olivary Complex 

To Spiral 
Ganglion 

Figure 23. Inner hair cell model with nonlinear asymmetric compression. 

A simple power function of the form 

k 
1 1

0.37 
U= • x ( 12 ) 

is used to approximate the hair cell transfer function in both quadrants, where x is the input sample 

value, and k is a scale factor selected to give the best fit. Descending influences can reduce the output 

potential generated by the inner hair cell. 
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3.4.4 Simulation Results 

A comparison of the model with real data from Dallos et aL, 1996, p349 is shown in Figure 24. In the 

figure, it is helpful to know that 1 Pascal corresponds roughly to 91 dB SPL. To provide reasonable 

agreement with the data, the first quadrant scale factor was chosen as k=13.36, and the third quadrant 

scale factor was chosen as k=3,42. 
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Figure 24. Fit of model to experimental data of Dallas et aI., 1996. 

3.4.5 Discussion 

The inner hair cell model successfully reproduced the transfer function of a real inner hair cell. 

Provision was made for its output to be modulated by higher level auditory nuclei. I have not seen any 

literature indicating how important the inner hair cell's third quadrant output is for speech perception, 

but many signal processing models omit it (Bates 1995). I chose to include it because it effectively 

hyperpolarises the connecting spiral ganglion neuron on negative half cycles. Any noise'occurring on 

negative half cycles has to overcome the negative offset, as well as the neuron's firing threshold. This 

may provide better noise immunity, assuming that we are only interested in the output on positive half 

cycles. 

The dendrites of spiral ganglion neurons make synaptic contact with inner hair cells. They convert the 

inner hair cell's DC receptor potential to spikes that are transmitted down the auditory nerve to the 

cochlear nucleus. These spiral ganglion neurons are considered next. 
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3.5 Spiral Ganglion Neuron Model 

3.5.1 Neurobiology 

Type I spiral ganglion neurons form 88% of the spiral ganglion in humans (Webster et aI., 1991, p3). 

They are large bipolar cells that synapse exclusively on inner hair cells. Their axons carry action 

potentials to the brain, and form the majority of the auditory nerve fibres. Around ten spiral ganglion 

neurons are connected to each inner hair cell (Krstic 1991, p558). 

Action potentials are generated more frequently as the sound pressure level increases, but also occur 

randomly without any acoustic stimulation. The spontaneous discharge rate can vary from near zero, 

to greater than 140 spikes/so Fibres having different spontaneous rates show systematic differences in 

their firing threshold and dynamic range (Webster et aI., 1991, p35). 

Auditoiy nerve fibres ha~e been divided into three classes based on their spontaneous rate (Edelman 

et aI., 1991, pp233-234), as shown in Table 3. Low spontaneous rate fibres generally have a higher 

firing threshold than high spontaneous rate fibres. 

spontaneous Rate 
High 

Medium 

Spikes/s 
>15 
3.8 

Proportion of Fibres 
65% 
21% 

Table 3. Auditory nerve fibre populations based on spontaneous rate. 

At low frequencies, auditory nerve fibres exhibit a phase locking behaviour (see Figure 16) in which 

the probability of firing is increased at a certain portion of the cycle. In the guinea pig, phase locking 

begins to attenuate at 600Hz, and in most species vanishes completely at 4-6kHz. Progressive loss of 

phase locking at higher frequencies is thought to be due in part to the low pass filtering effects of inner 

hair cells (Dallos et aI., 1996, p364). 

Auditory nerve impulses are generated at a greater rate in the first few milliseconds of a tone burst, 

than later during the steady state part of the tone. This decay in firing rate is known as adaptation, and 

is usually exponential in shape (Moller 1982, p159). This firing pattern is often called primary-like, 

because it is the raw unprocessed cochlear output from which all other firing patterns are derived. 

3.5.2 Description 

Spiral ganglion neurons were implemented using the spiking neuron model developed in chapter 2. 

This turned out to be a good test for the spiking neuron model, and several significant changes were 

made to it as a consequence. In particular, dynamic range constraints, phase locking, dendritic 

potential reset, and the probabilistic action potential generation features were added. 
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Originally I used a dendritic filter for each spiral ganglion neuron, and set the connection weight and 

time constant to obtain a good sound pressure level vs firing rate curve. However, it took me about a 

week to obtain the necessary 3x71 sets of frequency dependent parameters! After a bit of 

experimentation, I found that it was necessary to change the filter bank frequencies, and so this 

became a major problem. 

Noting that these neurons are extremely fast and capable of precise phase locking, I decided to omit 

the dendritic filtering altogether, and I modified my spiking neuron model to exhibit a user definable 

dynamic range. I also changed the model so that its firing rate could be modulated over that dynamic 

range by the average peak amplitude of the input signal. This removed any frequency dependencies. 

From 
Inner Hair Cell 

x10 Spiking 
Neurons 

To Cochlear 
Nucleus 

Figure 25. Spiral ganglion neuron model; a single channel. 

Each channel is connected to ten spiral ganglion neurons whose firing thresholds are distributed 

according to the spontaneous rate categories given in Table 3. 

3.5.3 Simulation Results 

A bank of sine wave generators and spiking neurons were used to obtain a plot of the spiral ganglion 

neuron's sound pressure level vs firing rate characteristics. Phase locking and firing rate adaptation 

were enabled. The parameters used for the spiral ganglion neuron, shown in Table 4, were adjusted to 

match real data from the cat (Sachs et al., 1974) at a characteristic frequency of 1.3kHz. 

Neuron Parameter 
Firing threshold 
Dynamic range 
Absolute refractory period 
Spike width 
Probability of firing 
Connection weight 
Connection Delay 

Value 
25dB 
31dB 
480us 
65us 
0.2 
1.0 
Ous 

Table 4. Spiral ganglion neuron model parameters. 

A comparison of the cat and model data is shown in Figure 26. Although the slope is not quite the 

same, there is a reasonable approximation to the data. The slope and dynamic range of real spiral 

ganglion neurons tends to vary slightly from unit to unit anyway. 
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Figure 26. Comparison of the model with data from the auditory nerve fibre of a cat. 

The parameters were also adjusted to ensure that adequate phase locking and firing rate adaptation 

were maintained at all signal levels. They are also frequency independent, which means that the 

cochlea filter bank parameters can be altered without affecting the operation of the spiral ganglion 

neurons. 

3.5.4 Discussion 

The spiking neuron model presented in chapter 2 was used to implement the spiral ganglion neuron 

model in this chapter. With a suitable choice of parameters, it successfully emulates the firing rate vs 

sound pressure level characteristics of a real cat auditory nerve fibre. In future, the performance of the 

spiral ganglioh neuron could be improved by developing specialised versions for each of the 

spontaneous rate categories. Random noise could be added for an even more realistic simulation. 

Well, that completes the ear model. Next we will move on to the cochlear nucleus to investigate what 

kinds of signal processing operations might be occurring there. As you will see, not very much is 

known about this at all. I have relied heavily on comparative data from a number of different sources to 

try and determine functional roles for the various types of neuron in the cochlear nucleus. 
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h pte 4 

This chapter begins with an oveNiew of cochlear nucleus neurobiology. Evidence for 
my moving ear hypothesis is presented, which suggests a functional role for the dorsal 
cochlear nucleus as a directional compensator. A large body of neurobiological data is 
interpreted and brought together into a coherent whole. A simple model of the cochlear 
nucleus is constructed from a parallel array of primitive feature maps. Models of 
primary-like, chopper, and onset neurons are developed. Simulation results are 
presented. 

4. Cochlear Nucleus Model 

4.1 Introduction 

Without knowledge of signal processing in the auditory periphery, our ability to construct speech 

recognition devices with human-like perlormance will be severely limited. I believe it's much easier to 

reverse engineer the human auditory system, than to design such a device from scratch. What's more, 

we know that the human auditory system works. By following this path, we will always be making 

significant progress towards our ultimate goal. If on the other hand, a traditional engineering approach 

is adopted, we are likely to hit perlormance barriers and run into a number of dead ends. In effect, by 

reverse engineering a working system, we impose constraints that narrow down the search space 

towards a successful solution. Once we have the necessary understanding, then we can go ahead 

and build more efficient engineering solutions. In this chapter, I begin an attempt to reverse engineer 

the cochlear nucleus, the first auditory nucleus in the brainstem. 

Auditory nerve fibres from the ear bifurcate and terminate in all three major subdivisions of the 

cochlear nucleus. Each subdivision contains a variety of cells having different morphologies and 

physiological response types. The response types have been ciassified into various groups, but it is 

not known with absolute certainty what functions they perlorm. For this reason, cochlear nucleus 

neurobiology has been described as being in a stamp collecting phase. We are gathering more and 

more information, but as yet there is no coherent overall picture (Edelman et aI., 1988, p307). 

To obtain such a picture, the cochlear nucleus should not be studied in isolation. Given the scarcity of 

our knowledge, it makes sense to try and use as much comparative and contextual information as 

·possible. To illustrate just what kind of a challenge we are facing in this regard, Figure 27 summarises 

the huge gaps in our knowledge at present. 
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localisation + ? 

VNLL: startle + ? 
DNLL: ? 

Figure 27. Unknown functionality in mammalian auditory pathway up to auditory midbrain. 

Question marks denote the unknown functionality. In fact, the only pathways we are certain about are 

the ones involving sound localisation. Primary-like neurons (see Section 4.3) in the ventral cochlear 

nucleus supply precisely timed spikes to the MSO and LSO+MNTB for the purpose of computing 

interaural phase and intensity differences respectively (Greger et aI., 1996, pp734-737). Phase 

differences are used for computing azimuth at low frequencies, while intensity differences are used for 

computing aZimuth at high frequencies. The outputs of these nuclei combine, forming a map of 

auditory space in the central nucleus of the inferior colliculus (Edelman et aI., 1988, pp741-743). 

In the barn owl, there is strong evidence for separate time and intensity pathways originating from the 

cochlear nucleus. Neurons in the owl's time pathway are bushy cells and they exhibit a primary-like 

discharge pattern. Neurons in the owl's intensity pathway are stellate/multipolar cells and they exhibit 

a chopper discharge pattern (see Section 4.3). These morphological and physiological differences 

seen in the owl's cochlear nucleus, are very similar to the distinction between bushy cells of the 

AVCN, and stellate cells of the VCN in mammals (Edelman et aI., 1988, pp724-729). 

Assuming this analogy holds for mammals, then this information can be used as a basis for identifying 

some of the unknown functional pathways in Figure 27. In the following sections, I will point out what I 

consider to be the most important cochlear nucleus neurobiological traits, and use them as a basis for 

,models of neurons and pathways in the cochlear nucleus. 
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4.2 . Anatomy 

Incoming auditory neIVe fibres bifurcate before terminating in all three major subdivisions of the 

cochlear nucleus (see Figure 28). Even at this early stage, auditory processing is split into three 

parallel pathways. Each major subdivision contains one or more laminated cochleotopic feature maps. 

This is consistent with the theory of neuronal group selection (see appendix 1), which requires that as 

a first step towards perceptual categorisation, the low level properties of events and objects are 

sampled in a parallel fashion, leading to the formation of topographic feature maps. The three major 

subdivisions of the cochlear nucleus are: the anterior ventral cochlear nucleus (AVCN), the posterior 

ventral cochlear nucleus (PVCN), and the dorsal cochlear nucleus (DCN). Figure 28 shows a 

parasagittal section, or vertical slice, of the cochlear nucleus in which the laminar nature of its 

construction is clearly visible. 

PVCN 

Figure 28. Parasagittal section of the cochlear nucleus of a cat. From: Handbook of physiology. 
Section 1, Volume III, Sensory processes, Part 2. p678, 1984. 

It should be recognised, that this division into three sub-nuclei presents a highly simplistic view. In 

some studies, researchers have divided the cochlear nucleus into 18 regions containing 20 different 

types of cell (Geiger et aI., 1984, p678). Within each cochlear nuclear subdivision, a small section of 

the cochlea is represented as a sheet of cells. They have similar characteristic frequencies and extend 

from one side of the nucleus to the other. 

Auditory neIVe (AN) fibres fork to yield an ascending branch to the AVCN, and a descending branch to 

the PVCN and DCN .. Fibres responding best at low frequencies fork most ventrally, and fibres most 

'responsive at high frequencies fork most dorsally. In most mammals, the DCN is a complex laminated 

structure, with each layer containing different types of neuron. In humans, the DCI\! is large but 
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appears degenerate and disorganised (Webster et aI., 1992, p8). The exact function of the DCN 

remains uncertain, but there is evidence to suggest it acts as a directional compensator (see Section 

4.4). The PVCN differs from the AVCN and DCN, in that it appears to have extensive intranuclear 

projections extending throughout the nucleus, while those in the DCN, and perhaps those in the AVCN 

as well, appear to be restricted to local nearest neighbour projections (Snyder et aI., 1988, p224). 

An excellent summary of our knowledge of connectivity in the cochlear nucleus is shown in Figure 29. 

Unfortunately, it doesn't show the three-dimensional connectivity between laminae, or the 

convergence of auditory nerve fibres onto a cell. I plan to do further research to construct a more 

comprehensive three-dimensional picture. Very little is known about the connectivity of intranuclear 

association fibres (Synder et aI., 1988). The reader is referred to Webster et aI., 1991 for a more 

comprehensive review of cochlear nucleus anatomy. The physiological characteristics of the cells in 

the ventral cochlear nucleus are discussed next. 
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Figure 29. Schematic summary of the anatomy of the cochlear nucleus. From: Auditory 
function: neurobiological bases of hearing. Edelman et al., 1988. John Wiley. p279. (a.n) 

auditory nerve, (a.b) ascending branch, (d.b) descending branch, (56) spherical bushy cell, (St) 
stellate cell, (G6) globular bushy cell, (M) multipolar cell, (0) octopus cell, (G) giant cell, (F) 

fusiform cell, (T6) trapezoid body, (lAS) intermediate acoustic stria, (DAS) dorsal acoustic stria, 
(eff) efferent fibres from higher auditory centres, (i.f) intranuclear association fibres. 
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4.3 Cellular Physiology 

The principal output cells of each subdivision often have responses to sound differing considerably 

from those of auditory nerve fibres. At this low level, the neurons may not act as feature detectors per 

se, but may serve to enhance changes, or highlight particular characteristics of the incoming sound 

wave (Moller 1982, p291). 

A popular method of describing the temporal behaviour of cochlear nucleus neurons, is to construct a 

peristimulus time histogram (PSTH). A sinusoidal signal of typically 30ms in duration is presented at 

the cell's most sensitive frequency, and the number of output spikes are counted. The data is plotted 

as a histogram, and the shapes of the histograms are used to classify the neurons (see Table 5). A 

PSTH can be thought of as the average response of a single neuron to repeated stimuli, or the 

summed response of a population of like neurons to the same stimulus presented only once. 

Sphertcal bushy cells are predominantly located in the anterior division of the AVeN (see Figure 29). 

They exhibit a primary-like response, with a rapid decline in discharge rate after the initial stimulus. 

Spherical bushy cells project to the medial and lateral superior olives (MSO/LSO). Globular bushy 

cells are predominantly located in the posterior-division of the AVeN. They exhibit a "primary-like with 

notch" response. A short pause occurs after the initial spike, followed by a much lower level of activity. 

Globular bushy cells project to the medial nucleus of the trapezoid body (MNTB). (Popper et aI., 1991, 

p125). 

Octopus cells are predominantly located in the posterior division of the pVeN. They exhibit an onset 

response, with a high discharge at the start of a tone, followed by little or no activity. Octopus cells 

project to the inferior colliculus (Ie) via the ventral nucleus of the lateral lemniscus (VNLL), with 

collaterals branching off to the periolivary nuclei (Webster et al., 1991, p19). 

Significant numbers of stellate and multipolar cells are scattered throughout the ventral cochlear 

nucleus. The terms stellate and multipolar are often used interchangeably. Stellate c~lIs exhibit a 

chopper response, with discharges occurring at regular intervals for the duration of the stimulus. Some 

larger stellate cells also exhibit an onset response. Stellate cells project directly to the contralateral 

inferior colliculus, with collaterals to the lateral lemniscus (Webster et aI., 1991, p7, pp19-20) 

Using the barn owl analogy presented in Section 4.1, it appears that in mammals, a major intensity 

pathway exists. It originates from chopper cells in the VCN and projects directly to the inferior 

colliculus. Having ascribed this VCN ~ CNIC pathway as an intensity pathway, we still left with a 

major unknown pathway through the dorsal cochlear nucleus to the inferior colliculus. In the next 

section, further neurobiological detective work is conducted in an attempt to determine a functional 

role for the DeN. 
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Notes 

• Firing pattern resembles that of an 
auditory nerve fibre. 

• End bulbs of Held preserve timing 

'" Rapid adaptation of firina rate. 

'" Immediately after initial spike a 
pause of O.5-2ms occurs followed 
by a low level of activity. 

" Large proportion exhibit firing rates 
higher than auditory nerve fibres 
suggesting convergent input. 

• Fire at the onset of stimulation 
followed by little or no activity. 

" Primary input is from auditory nerve 
fibres> 1.5-2kHz. 

.. Receives input from a band of 
adjacent frequencies. 

" Fires at regular intervals 
independently of stimulus at HF. 

.. Makes dendritic contact with many 
auditory nerve fibres. 

• Firing rate is intensity dependent 
until saturation occurs. 

Table 5. Summary of the principal cell types in the AVCN and PVCN subdivisions of the cochlear nucleus. (PL) primary-like, (PlN) primary
like with notCh, (Ol) onset locker, (Cs) chopper sustained. 
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4.4 The Moving Ear Hypothesis 

In developing a model of the cochlear nucleus, it is necessary to try and determine a functional role for 

the dorsal cochlear nucleus. As a result of my research, I have come to the conclusion that the dorsal 

cochlear nucleus acts as part of a control system for the ear. Its auditory output is modulated by pinna 

position, and therefore acts as a directional compensator for sound. 

In humans, the dorsal cochlear nucleus appears degenerate and disorganised. It lacks the laminar 

structure and many of the cell types found in other mammals (Webster et ai., 1991, p8). I propose that 

this is because we have largely lost the ability to move our ears independently of our heads. There is 

no longer any need to compensate for pinna pOSition, because we just turn our head without 

reorienting our ears. I call this my moving ear hypothesis. Supporting neurobiological evidence for this 

view is presented next. 

By gathering information from various sources (Webster et al., 1991, p70, 81). (Young et aI., 1996), 

(Kanold et aI., 1996), I have managed to piece together a picture of dorsal cochlear nucleus 

neuroanatomy (Figure 30). In cats and most other mammals, the dorsal cochlear nucleus is a 3 layer 

structure. 

Unmylineated granule cell axons (excitory parallel fibres) 

Molecular 
Layer 

Fusiform 
Layer 

Auditory 
Nerve 

Excilory 
Input 

Deep 
Layer 

Slow 
apical 
fibres 

Fast 
basal 
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Fusiform 
Cells 

To Contralateral 
Inferior Colliculus 

Cartwheel 
Cells 

From 
LSONCN 
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To Reticular 
Formation 

Mossy fibres 

Pinna, somatosensory 
proprioceptive input 

. Figure 30. Anatomy of the dorsal cochlear nucleus. 
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The molecular (or superficial) layer, primarily contains a cerebellum-like neuropil, whose main excitory 

input is from granule cell parallel fibres. The fusiform cell (or granular) layer, is primarily made up of a 

single row of fusiform cells, but also contains inhibitory cartwheel cells. The polymorphic (or deep) 

layer. primarily contains giant cells. 

The main auditory pathway through the dorsal cochlear nucleus, shown in bold. is from the auditory 

nerve to the fusiform cells, and from the fusiform cells to the contralateral inferior colliculus. All the 

other circuitry appears to be used to slowly modulate the auditory signal passing through the fusiform 

cells in accordance with pinna orientation and position. Electrical stimulation of the dorsal column 

nuclei, or physical rotation of the pinna, inhibits the activity of the fusiform cells (Kanold et aI., 1996). 

A recent experiment by May et ai, 1998 using three cats, provides some additional evidence to support 

the idea that the dorsal cochlear nucleus acts as a directional compensator. They presented a frontal

field s.ound source which changed location randomly. Normal cats accurately oriented themselves 

towards the moving sound source. However, after lesions of the dorsal acoustic stria, the main output 

pathway of the dorsal cochlear nucleus. all subjects showed increased errors in both azimuth and 

elevation of their orientation. Head movements, to the same sound source location were often highly 

variable. This might occur if the cat was unable to compensate for pinna position. 

Assuming my moving ear hypothesis is largely correct, then because I am developing a monaural 

human model, there is no need to develop a sub-model for the dorsal cochlear nucleus. In a binaural 

auditory model. if there's a need to accurately locate sounds in space, then inclusion of a simplified 

dorsal cochlear nucleus sub-model would be recommended. 

Although I have not seen much evidence to suggest that the dorsal cochlear nucleus actually controls 

the position 0.1 the ear, it remains a distinct possibility. The neuroanatomy of the dorsal cochlear 

nucleus bears a striking resemblance to the cerebellum, which is known to be involved in motor 

control. Giant cells in the deep layer could provide output to the ear muscles indirectly via the reticular 

formation. There is also evidence to suggest that auditory information from the cochlear nucleus 

reaches the cerebellum itself (Nieuwenhuys et ai, 1988, pp177-178). 

Incidentally, because the modulator-like architecture of the cerebellum seems to be a recurring 

pattern, it would be worth investigation in its own right. A model of the cerebellum could be constructed 

using the selective network simulator. For many areas in the brain, nature seems to have adopted this 

conservative "retrofit by modulating it" strategy. The output of a lower level nucleus is often modulated 

by a higher level nucleus. 

Having tentatively resolved the issue of what to do about the dorsal cochlear nucleus, we are now in a 

position to design an ~rchitecture for our cochlear nucleus model. 



COCHLEAR NUCLEUS MODEL 46 

4.5 Model Overview 

The cochlear nucleus model is a parallel array of cochleotopic feature maps, as shown in Figure 31. 

Although all real maps in the cochlear nucleus have a laminated structure, I have chosen to combine 

them into single maps for ease of simulation. Selection of features at this level is extremely important, 

because it sets the basis for all subsequent auditory processing in the brain. The main difficulty here, 

is that often there is insufficient biological data available to determine the features being detected with 

any certainty. I have used information on the anatomy and physiology of avian and mammalian 

auditory systems to help make good choices. 

, 
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(primary-like) 

! 
To superior 

olivary complex 

From Spiral 
Ganglion 

" 

Intensity 
(chopper) 

! 
To inferior 
colliculus 

1 

Startle 
(onset) 

! 
To ventral nucleus 
of lateral lemniscus 

Figure 31. The cochlear nucleus model: a parallel array of cochleotopic feature maps. 

The time map is the origin of the time pathway from AVCN -7 LSO/MSO/MNTB -7 IC (Section 4.6). It 

preserves and enhances the phase locked acoustic information supplied by auditory nerve fibres. This 

pathway is known to be involved in processing interaural phase and intensity differences used for 

sound localisation (Yost et ai., 1987), but it could also be involved in any acoustic proc'essing which 

makes use of coincidence detection. For example, pitch; see Chapter 5. The diversity of binaural and 

monaural responses found in the superior olivary complex (Geiger et aI., 1984, p695), suggests that 

this pathway is involved in more than just sound localisation. This is why ( have labelled it a time 

pathway, rather than just a sound localisation pathway. Its neurons exhibit primary-like characteristics, 

suggesting that sound processing is likely to occur quickly at the onset of a sound. 

The intensity map is the origin of the intensity pathway from the VCN -7 IC (Section 4.7), It faithfully 

preserves amplitude information used for detecting the envelopes of amplitude modulated sounds. 

These neurons have extensive dendritic filtering, and therefore show poor phase locking (Edelman et 

ai., 1988, p296). Neurons in the intenSity pathway exhibit chopper characteristics; the firing rate is 
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largely independent of frequency but directly dependent on sound amplitude. The intensity pathway 

may also be used as a basis for encoding stimulus duration. 

The startle map is the origin of the startle reflex pathway from PVCN -t VNLL -t IC (Section 4.8). It 

provides a low latency discharge used for reorienting the head and eyes when a sudden acoustic 

event occurs (Nieuwenhuys et ai, 1988, p179), (Yeomans J.S et aI., 1996). Its neurons exhibit an 

onset response. 

In the next three sections, the time, intensity, and startle pathways will be examined in more detail. A 

model is constructed for each pathway and simulations are run on the selective network simulator. 

4.6 Time Pathway 

4.6.1 -Bushy Cells 

Bushy cells in the AVCN receive large auditory nerve terminals on their somata, known as the end 

bulbs of Held. An end bulb contains many synaptic contacts; up to 14 in one thin section. They are 

excited by auditory nerve stimulation with a short latency of around 0.7ms (Edelman et ai., 1988, 

p278). Direct somatic contact makes them fast because there is no dendritic filtering. It is thought that 

the discharge of a single auditory nerve fibre may be sufficient to depolarise these cells (Edelman et 

aI., 1988, p291). Synaptic contact is also made with inhibitory intemeurons. It has been suggested that 

these could mediate sideband inhibition (Edelman et al .. 1988, p326, p333). 

The end bulbs of Held ensure timing information is preserved. As a result of convergence of auditory 

nerve fibres onto a single bushy cell, the precision of timing is likely to be better in bushy cells than in 

auditory nerve fibres. As the strength of stimulation of the auditory nerve is increased, the size of the 

excitory posts'ynaptic potential in bushy cells increases in several discrete steps. These increases 

probably reflect the successive recruitment of aUditory nerve fibre inputs, confirming that several nerve 

fibres converge onto a single bushy cell (Edelman et aI., 1988, pp332-333). 

As mentioned in a previous section, bushy cells exhibit a primary-like firing pattern which typically 

consists of an initial rapid adaptation of the discharge, declining to a maximum rate of approximately 

250 spikes/so Some of these units can fire at rates up to 600 spikes/s, and this is thought to be due to 

auditory nerve fibre convergence upon single cells (Popper et aI., 1991, pp1 02-1 04). They have an 

auditory click latency that is approximately 1 ms longer than those of auditory nerve fibres, and 

saturate at 20-30d8 above threshold. Significant phase locking occurs up to frequencies of about 

5kHz. (Geiger et aI., 1984, pp684-687). 

Although bushy cells accurately encode the temporal parameters of a sound, they also show 

sensitivity to intensity through their firing rate. The two codes are not incompatible. In the superior 

olivary complex, this fact is used to further split the time pathway into interaural phase and intensity 
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sub-pathways. It is well known that both of these cues are used for locating sounds in space over a 

broad range of frequencies (Edelman et aI., 1988, p742). 

4.6.2 Primary-Like Map 

The primary-like map and connection layout used for the auditory model is shown in Figure 32. The 

spiking neuron model was used to implement the spiral ganglion neuron and the primary-like neuron. 

For simplicity, only one row of primary-like neurons was implemented, but more could be added if 

desired. High, medium, and low spontaneous rate spiral ganglion neurons converge onto a single 

primary-like neuron. As a result, the primary-like neuron exhibits better phase locking, and a wider 

dynamic range than a spiral ganglion neuron. Full frequency coverage from 50Hz to 6kHz is provided. 

o • 

Sprial ganglion map 

... 
6kHz 

Primary-like map 

Figure 32. Convergent connections between the spiral ganglion and primary-like map. 

All connections are direct analogue connections without any dendritic filtering and a weight of 1.0. The 

primary-like neuron parameters were set as follows. 

Parameter 
Firing threshold 
Dynamic range 
Probability of firing (max) 
Absolute refractory period (min) 
Spike width 
Resting potential 

Value 
50mV 
200mV 
0.95 
200us 
65us 
OV 

Table 6. Primary-like neuron parameters used in the auditory model. 

Although the neurobiology indicates that some sideband inhibition is present, I have found that unless 

large numbers of connections are used it is not very effective. To keep simulation times to a minimum, 

and the model as simple as possible, I have decided to omit this for now. 
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4.6.3 Simulation Results 

The aim of this experiment was to find suitable parameters for the primary-like neurons, and to 

examine their phase locking behaviour when receiving convergent input from the spiral ganglion. A 

60dB SPL, 1006Hz sinusoid, corresponding to the centre frequency of one channel, was applied to the 

auditory model. Figure 33 shows the waveforms for the channel under test. The upper graph shows 

the asymmetrically compressed inner hair cell output (dashed lines), and the resulting action potentials 

from one spiral ganglion neuron (solid lines). The spiral ganglion neuron precisely phase locks to the 

sine wave, but due to its probabilistic firing behaviour, action potentials are not generated on every 

cycle. 
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Figure 33. The enhanced phase locking of a primary-like neuron. 

The lower graph shows the same inner hair cell output (for reference), and the output of one primary

like neuron. Convergence of input onto the primary-like neuron has resulted in an improved ability to 

phase lock to the sinusoid for a couple of reasons. Firstly, a logical OR effect occurs as a result of the 

converging inputs, which fills in the missing spikes. Action potential generation of the input neurons 

must be probabilistic to ensure that no two inputs are the same. The firing threshold of the primary-like 

neuron is low, so normally a single input spike is enough to cause it to fire. Secondly, the summation 

of coincident spikes causes the rise time of the somatic potential to be increased. As the number of 

inputs increases, the time at which firing occurs gets closer and closer to the rising edge of the first 

,coincident spike. 
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A histogram, showing the spread of firing rates of all primary-like neurons resulting from the test 

stimulus, is shown in Figure 34. It demonstrates the effect of the cochlea filter bank, and also shows 

that the primary-like neurons are firing at a rate that is proportional to the intensity of their input. 

891 

OHz Channel 6kHz 

Figure 34. Firing rate histogram of primary-like neuron map for the test sinusoid. 

4.6.4 Discussion 

The neurons in the primary-like map showed an improved phase locking ability as a result of the 

convergence of spiral ganglion input. The output waveform is ideal for further temporal processing of 

interspike intervals, and could also be used as input to subsequent sound localisation stages. If ideal 

signal processing elements were used, then it may be possible to simplify the model by eliminating 

some of the spiral ganglion cells with identical firing thresholds. However, this will alter the primary-like 

neuron firing rates, so care should be taken to ensure that an appropriate range is maintained. 

4.7 intensity Pathway 

4.7.1 Stellate/Multipolar Cells 

Stellate cells in the VCN receive input from many auditory nerve fibres on their large dendritic trees. 

The postsynaptic effect of an individual auditory nerve input to a stellate cell is a small, slowly rising 

potential at the soma, which is not sufficient to cause it to fire. Rather, the total input from many fibres 

is required. It appears that the membrane potential of a stellate cell is not reset to its resting value after 

spike generation (Edelman et aI., 1988, pp291-292). The excitory postsynaptic potential increases in 

discrete steps as the strength of stimulation of the auditory nerve is increased, confirming that stellate 

cells receive inputs through several auditory nerve fibres (Edelman et aI., 1988, p333). 

The great majority of stellate cells exhibit a chopper response pattern; they fire regularly for the 

duration of the stimulus. At low frequencies below 200Hz, phase locking occurs. As the frequency is 

increased, phase locking gradually declines until it vanishes completely at 2kHz. At high frequencies, 

the firing rate is independent of the stimulus frequency, and increases with the intensity of the sound 
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stimulus (Edelman et aI., 1988, p296, p333). Most choppers are capable of firing at sustained rates of 

200-500 spikes/so Their frequency selectivity is comparable to that of auditory nerve fibres, and they 

have a dynamic range of roughly 30dB (Popper et aI., 1991, p106). 

The most striking difference between the response properties of the primary-like and chopper units, is 

the regularity of their discharge. Figure 35 illustrates this point by showing typical spike trains from 

each type of neuron, in response to a tone burst. 

Primary-Like 

Chopper 

Tone Burst 4'I11III4'111 ..... ---

Figure 35. Comparison of primary-like and chopper spike trains. From: Auditory function: 
neurobiological bases of hearing. Edelman et al., 1988. John Wiley. p287. 

As mentioned previously, strong evidence from the barn owl indicates that these units are most likely 

to be involved in encoding the intensity of a sound. This intensity pathway bypasses the superior 

olivary complex, and terminates directly in the inferior colliculus, making it one of the shortest 

pathways from the auditory periphery to the forebrain (Webster et aI., 1991, p106). 

Intensity is an important variable in human speech. Normal speech has an average intensity of 60dB 

SPL, and typically varies by 28dB during a normal conversation. Vowel sounds have the strongest 

intensity, with most of the energy located at the formant frequencies. Intensity is also used to place 

stress on syllables or words (Denes et aI., 1993, p140). 

It is worth mentioning that chopper cells may also have an important secondary function. They fire 

regularly for the duration of a stimulus, which makes them ideal candidates for measuring duration. 

One possible implementation would be to cascade a chopper neuron with an integrate-and-fire 

neuron. Each spike would charge up the integrate-and-fire neuron like a capacitor. By setting the firing 

threshold appropriately, its duration selectivity could be altered. 

In human speech, final words in a sentence or phrase are spoken with a longer duration than words in 

the middle of a phras,e. Prominence (or stress) can be given to different syllables by extending their 

'duration. The duration of fricative consonants (hissy sounds) is also important for speech perception. 

For example, if the duration of the fricative consonant in the word "see" is shortened by a factor of ten, 
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we hear the word "tee" (Denes et aI., 1993, p17S). Stimulus duration has also been shown to be an 

important parameter for the discrimination of calls in frogs (Feng et aI., 1990, pp318-320), and 

echolocation in bats (Galazyuk et aI., 1997, p302). 

4.7.2 Chopper Map 

The chopper map has the same connection layout and frequency range as the primary-like map of the 

auditory model shown in Figure 32. However, there are several important differences. Firstly, all 

connections to the chopper neurons include dendritic filters. Each filter has a 2ms time constant, which 

helps to smooth out the incoming spikes. Secondly, the chopper neuron itself is a simplified and 

specialised version of the spiking neuron model, as shown in Figure 36. 

The facilities for backpropagation and firing rate adaptation have been removed because they are not 

required. An additional stage of filtering has been added after the first summer to represent the trunk 

of a long dendrite. All this smoothing helps to keep the somatic potential steady, and this has a direct 

bearing on the spike generator's interspike interval variance. In effect, the spike generator acts like a 

voltage controlled oscillator. The interspike interval depends on the level of the somatic potential, and 

this is updated every time a peak is detected.' The reader is referred to the source code for further 

implementation details. 
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Spike 
Generator 

Figure 36. Spiking neuron model simplified and specialised for a chopper response. 

The chopper neuron parameters were set as follows. 

Parameter 
Firing threshold 
Dynamic range 
Maximum firing rate 
Spike width 
Trunk filter time constant 
Connection time constant 
Connection weight 
Connection delay 

Value 
4mV 
40mV 
SOO spikes/s 
6Sus 
1.S9ms 
2ms 
1.0 
Ous 

Table 7. Chopper neuron parameters used in the auditory model. 
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4.7.3 Simulation Results 

The aim of this experiment was to find suitable parameters for the chopper neuron, and to try and 

reproduce the constant firing rate behaviour of chopper neurons with convergent primary-like input 

from the spiral ganglion. A 25ms, 60dB SPL, 2039Hz tone burst, corresponding to the centre 

frequency of one channel, was applied to the auditory model. Figure 37 shows the waveforms for a 

chopper neuron in the channel under test. The upper graph shows the 25ms tone burst (dashed line), 

after it has passed through the gammatone filter and inner hair cell. Regular action potentials are 

generated by the chopper neuron in response to the tone burst, in a similar manner to Figure 35. 
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Figure 37. The regular firing of the chopper neuron model at high frequencies. 

The lower graph shows the chopper neuron's filtered somatic potential (solid line). The firing threshold 

(dashed horizontal line) is shown superimposed. Notice that the rise time of the somatic potential is 

slowed considerably, which is consistent with the neurobiology. Without the second dendritic filter, you 

would see sharp rises in the potential as each input spike arrived. 

The chopper neuron was also tested at low frequencies to ensure that it phase locked to the incoming 

stimuli. The results for a 25ms, 60dB SPL, 104Hz tone burst are shown in Figure 38. They indicate 

that a "mode switch" from constant firing at high frequencies, to phase locked operation at low 

frequencies was successful. 
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Figure 38. Phase locking of the chopper neuron model at low frequencies. 

4.7.4 Discussion 

The neurons in the chopper map showed the ability to fire regularly for the duration of the stimulus, 

despite' receiving a primary-like input. I found it necessary to add an additional dendritic filter 

representing the trunk of a dendrite to obtain an output with low variance. To reduce the variance 

further, a higher order dendritic filter could be used to smooth out the somatic potential. However, if 

this is done, care must be taken to ensure that the latency of the response remains within the 5-6ms 

observed in real chopper neurons (Popper et aL, 1991, pp98-99, p106). At low stimulus frequencies 

phase locking was maintained successfully. 

Further tests need to be done on this model using amplitude modulated stimuli so that it's performance 

can be compared to data from real chopper neurons (Popper et aI., 1991, p132). It would also be a 

good idea to measure the intensity vs firing rate curve of the chopper neuron. Unfortunately I have run 

out of time, so I will have to postpone these tests until a later date. 

4.8 Startle Pathway 

4.8.1 Octopus Cells 

Octopus cells in the PVCN have long sturdy dendrites that extend for some distance from one side of 

the soma, before branching out into a small tuft of appendages. (Webster et aI., 1991, p76). Around 

50% of the somatic surface, and 70% of the proximal dendritic surface is covered by large round 

auditory nerve fibre endings (Webster et aI., 1991, p91). The distal dendrites receive a much sparser 

afferent input (Geiger et aI., 1984, p680). The dendrites tend to be oriented across the isofrequency 

laminae of the PVCN, and auditory nerve fibres which make contact with octopus cells tend to have 

high spontaneous rates. Octopus cells are fast, and typically have a membrane time constant of 0.5ms 

(Levy et al., 1997). 
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As mentioned previously, octopus cells exhibit an onset (OL ) response to a sinusoidal tone burst, with 

one or two precisely timed spikes, followed by little or no sustained activity (Geiger et al., 1984, p684). 

It is thought that a large excitory response from an auditory nerve fibre is abruptly terminated by 

inhibition from auditory nerve endings arising from thin collaterals. This suggests that the two 

synapses have different vesicles, one excitory and the other inhibitory (Geiger et aL, 1984, p691). 

Octopus cells do not receive any auditory nerve fibres below 1-2kHz, unlike bushy and stellate cells. 

They have a broad frequency tuning curve when measured 20dB above threshold (Webster et aL, 

1991, p47-48). 

The majority of octopus cell axons terminate in the contralateral ventral nucleus of the lateral 

lemniscus, with collaterals extending into the periolivary nuclei (Webster et aI., 1991, p147). The VNLL 

is part of a circuit from the octopus cells to the reticular formation, which mediates the short latency 

(around 3-8ms) acoustic startle response (Webster et aI., 1991, p145) (Yeomans et aI., 1996, p305, 

p312).-ln mammals, a loud sound can trigger the acoustic startle reflex causing, the animal to stiffen 

its limbs and turn its head, thus protecting it from blows or predatory attacks. 

4.8.2 Onset Map 

The onset map and connection layout used for the auditory model is shown in Figure 39. The spiking 

neuron model was used to implement the onset neuron. Only high spontaneous rate neurons with 

characteristic frequencies above 2kHz are connected to the onset map. Each onset neuron receives 

input from 10 columns over the range N±5, giving a broadband response. The row is randomly 

selected from the high spontaneous rate area of the spiral ganglion map. There are twenty two 

channels in the spiral ganglion map from 2kHz to 6kHz, and twelve channels in the onset map. No one 

input by itself is sufficient to depolarise an onset neuron. Instead, a high proportion of the inputs must 

be coincident for it to fire. 

N-5 N N+5 

Sprial ganglion map ·m··~ • •• 

8 · .. 
· .. 

6kHz 

Onset map • •• 

Figure 39. Broadband input connections between the spiral ganglion and onset map. 
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Each connection shown in Figure 39 is actually two connections. The first is excitory, with zero delay 

and a short 1 ms time constant. The second is inhibitory, with a 2ms delay and a longer 5ms time 

constant. This arrangement is detailed in Figure 40. 

Spiral ganglion neuron Onset neuron 

____ 4~~~~~T=C==lms=,da=laY==om=s==~--~~~ 
TC=5ms, delay=2ms 

Figure 40. The dual synaptic arrangement of connections to the onset neuron model. 

Onset neuron parameters were set as follows. 

Parameter 
Firing threshold 
Dynamic range 
Probability of firing (max) 
Absolute refractory period (min) 
Spike width 
Resting potential 
Connection weights 
Excitory connection delay 
Inhibitory connection delay 
Excitory connection time constant 
Inhibitory connection time constant 

Value 
30mV 
40mV 
1.0 
200us 
65us 
OV 
±1 
Oms 
2ms 
1ms 
5ms 

Table 8. Onset neuron parameters used in the auditory model. 

4.8.3 Simulation Results 

To test the onset neuron I decided to use a realistic stimulus. I recorded the sound of a snapping twig, 

and this was applied to the input of the auditory model. The upper graph in Figure 4.1 shows the 

snapping twig's waveform. It has an extremely fast rise time, causing many of the high frequency 

spiral ganglion neurons to fire in near synchrony. This is evident in the lower graph. It shows the 

somatic potential of the onset neuron under test, along with the single action potential it generated. 

Just after the twig snaps, all incoming action potentials are in phase, and their sum exceeds the firing 

threshold. 

A short time later, the delayed inhibitory inputs arrive and the somatic potential dips sharply before the 

next burst of synchronous input arrives. The neuron doesn't fire again because the somatic potential 

that caused it to fire only just exceeded the firing threshold. When this happens, the probability of firing 

is low and the absolute refractory period is long. By the time the neuron becomes enabled again, the 

somatic potential has dropped below the firing threshold. 
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Figure 41. Onset neuron simulation results for a snapping twig stimulus. 

As the incoming spikes become dispersed in time, they are unable to accumulate and overcome the 

firing threshold. This is facilitated by the onset neuron's short somatic time constant. The delayed 

inhibitory inputs, of equal strength to the excitory inputs, also take their toll on the somatic potential. 

Other onset neurons in the map displayed similar behaviour, with between one and four spikes being 

generated. 

It is interesting to compare the activity of the spiral ganglion neurons with the somatic potential. The 

histogram shown in Figure 42, was taken over a 10ms window, 10ms after the twig snapped. The 

skew towards high frequencies is apparent This continues for a considerable period afterwards, 

because there are still high frequency components remaining in the signal. 

Despite the fact that spiral ganglion neurons are firing at a high rate, there is no output from the onset 

neuron because there is not enough synchrony amongst the majority of its 10 inputs. In effect, the 

onset neuron is acting as an N-way coincidence detector, where N is the number of in-phase inputs 

necessary to exceed the firing threshold. This indicates how robust the scheme is for detecting 

acoustic transients. 
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Figure 42. Histogram of firing rates for spiral ganglion neurons after the twig snapped. 

4.8.4 -Discussion 

Neurons in the onset map successfully demonstrated the ability to detect acoustic transients in a 

robust manner. This behaviour was found to be primarily due to the excitory/delayed-inhibitory 

dendrites, and the wideband coincidence detection of multiple high frequency inputs. These results 

provide evidence to support the conclusion that the connectivity of octopus cells is entirely consistent 

with their suspected role as acoustic onset detectors. 

The outputs of these cells can be used as the basis for an acoustic startle reflex in a more advanced 

auditory model. They may also be useful in auditory signal processing as gating signals for the 

purpose of suppressing echoes, and perhaps resetting signal processing operations· involving 

integration. For example, duration measuring neurons might need to be reset every time a new 

acoustic transient is detected. 

In the next chapter, we follow the output of the time pathway from the cochlear nucleus to the superior 

olivary complex. There we investigate the possibility that the principal cells of the medial superior olive 

are involved in pitch perception. 
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Recent research indicates that temporal processing is likely to be used for pitch 
perception in mammals (Lagner 1995). The neurobiological plausibility of one such 
theory, the spatial cross-correlation theory, is examined and its basic tenets are 
incorporated into the present auditory model. Simulation results show that wideband 
interaction among channels enables the model to reproduce the missing fundamental 
phenomenon. Future improvements are discussed. 

5. Pitch Perception 

5.1 Introduction 

rS 

An important test for any auditory model, is that it must be able to explain how we perceive the missing 

fundamental (or pitch) of a complex signal when it is not physically present in the spectrum. This often 

manifests itself as a pitch-constancy phenomenon, which is apparent during telephone conversations. 

Any bandlimited device, such as a telephone, which attenuates the lower harmonics of a persons 

voice, does not alter its perceived pitch (Rhode, 1995). 

As mentioned previously, Helmholtz's Fourier-based theory assumes that the missing fundamental is 

the result of npnlinear distortion products generated by inner ear. However, this explanation has been 

proven wrong, and various experiments have indicated that the mechanism causing us to perceive the 

missing fundamental must be operating centrally within the auditory system (Gelfand, 1981, p287). 

Recent research provides strong evidence to support the idea that temporal information, namely 

interspike intervals, is used for pitch extraction in the mammalian auditory system (Rhode 1995), 

(Bates 1995), (Lagner 1992). However, biologically plausible explanations for how many of these 

schemes might work are often less than convincing. 

One theory which seems to stand out from the crowd in terms of biological plausibility, is the spatial 

cross-correlation theory of pitch perception proposed by Loeb et aI., 1983. In this chapter I will take a 

closer look at this theory, and incorporate some of its fundamental principles into my auditory model. 
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5.2 Spatial Cross~Correlation Theory 

A pictorial summary of the spatial cross-correlation theory of pitch perception proposed by Loeb et ai., 

1983 is shown in Figure 43. The cochlea is primarily viewed as a compressive delay line. Inner hair 

cells one wavelength apart, detect periodiCities by sampling the waveform along the basilar membrane 

in a parallel fashion. Notice that there is considerable activity along large portions of the basilar 

membrane, and so this is a wideband theory of pitch perception. Coincident spikes generated by the 

spiral ganglion (SG) neurons, are relayed via the anteroventral cochlear nucleus (AVCN), to a 
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Figure 43. Temporal model of pitch perception using MSO neurons as coincidence detectors. 
From: Loeb et al., 1983. p155. 

hypothetical coincidence detector in the medial superior olive (MSO). When an identical stimulus is 

presented in both ears, a four way coincidence occurs giving maximal output from ~he detector. 

Separate coincidence detectors are used for each wavelength, so that the frequency of a sound is 

converted into an anatomical location (ie. a place code). Two inputs from each cochlea ensure that the 

detector will function for monaural as well as binaural stimuli. The model relies on the phase locking 

properties of auditory nerve fibres, and is intended to cover the speech band up to a maximum 

frequency of 5kHz. 

In this model of pitch perception, as in many others (Rhode, 1995), delay lines and coincidence 

detectors fonn the basis for interspike interval measurement. By taking into account cochlear delay, 

this model avoids the need for long, and biologically implausible axonal delay lines. In the next 

section, the neurobiology of the MSO is examined to determine if there is a biological substrate for the 

.hypothetical coincidence detectors. 
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5.3 Medial Superior Olive Neurobiology 

There are two types of principal cell in the medial superior olive, namely, bipolar cells and multipolar 

cells (Webster et aI., 1991, p125). Bipolar cells have dendrites that are oriented perpendicularly to the 

curving plane of the nucleus as shown in Figure 44. They are arranged in parallel layers, and their 

dendrites often span the whole width of the nucleus (Yost et aI., 1987, pp114-115). 

R 

M1--I--~ L 
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Figure 44. Transverse section of medial superior olive. Adapted from: Directional hearing. Yost 
et al., 1987. p114. Springer-Verlag. 

Bipolar cells are more numerous than multipolar cells. Both types of principal cell receive input from 

the two ears on oppositely directed dendrites. Axons from bushy cells in the contralateral AVCN 

terminate on the medially oriented dendrites, and those from the ipsilateral AVCN ter~inate on the 

laterally oriented dendrites. Long finger-like terminals make synaptic contact on the somata and 

proximal dendrites. These high security synapses preserve the timing information from the bushy cells 

in the AVCN (Webster et aI., 1991, pp126-128). The dendrites of bipolar cells appear to stay in the 

same layer, while multipolar cells have dendrites that extend in all directions, and are in contact with 

several layers covering a range of frequencies. (Webster et aI., 1991, p129). 

The MSO is tonotopically organised, with the majority of its area being used to represent lower 

frequencies as shown in Figure 45. The tonotopic axis is orthogonal to the orientation of the laminae. 

Most neurons in the MSO respond to both monaural and binaural tone bursts with a primary-like 

response (Geiger et aI., 1984, pp694-695). 



PITCH PERCEPTION 62 

D 

M+--+-+ 

v 

Figure 45. Tonotopic organisation of the medial superior olive in kHz. Adapted from: The 
mammalian auditory pathway: neuroanatomy. Webster et al., 1991. p129. Springer-Verlag. 

5.4 Do the Hypothetical Coincidence Detectors Exist? 

Strong evidence from studies of the barn owl suggests that the bipolar cells in the medial superior 

olive are used for sound localisation at low frequencies. They compute interaural phase differences 

between the two ears (Edelman et aI., 1988, pp721 "745). A biological substrate for computing 

interaural phase differences was proposed by Jeffress in 1948. Time delays between the two ears are 

converted into an anatomical location in the medial superior olive using a complementary range of 

axonal delays. The bipolar cells act as coincidence detectors as illustrated in Figure 46. The interaural 

delays represented in the medial superior olive have been estimated to be 350-400us for the cat and 

700"800us for the human (Popper et aI., p 170). 

Figure 46. Jeffress' 1948 scheme for detecting interaural tUne differences using the MSO 
principal cells as coincidence detectors. From: Directional hearing. Yost et a!., 1987. p120. 
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Jeffress' model appears to be substantially correct based on detailed studies of the barn owl. Bipolar 

cell dendrites extend across the nucleus in the mediolateral direction, but do not appear to cross 

frequency laminae in the dorsoventral direction. Unless such dorsoventral connections are found, 

bipolar cells appear to be unlikely candidates for the pitch extractors proposed by Loeb and his 

colleagues. 

Medial superior olive multipolar cells also receive secure bilateral input, and what's more, their 

dendrites do extend across multiple frequency laminae. Assuming that there are sufficient numbers of 

these cells available, then they would seem to have the connectivity necessary to operate as 

coincidence detectors for pitch extraction. By adding the axonal delays proposed by Jeffress, we arrive 

at the three-dimensional arrangement shown in Figure 47. 

Left Ear 

Right Ear 

ilt 

Figure 47. A three-dimensional view of MSO multipolar cell connectivity. 

The large cochlear delays of one wavelength are shown as ilT, while the fine grained interaural delays 

are denoted ilt. The multipolar cells in each layer receive input from adjacent layers (shown in middle 

layer of Figure 47), as we" as from their own layer. The presence of fine axonal delays means that 

each multipolar cell represents a different point in space, in the same manner as the bipolar cells used 

for sound localisation. 

There is considerable disagreement in the literature as to whether the phase of a complex tone affects 

its pitch, but it probably does not (Gelfand, 1981, p286). This poses a problem for the scheme outlined 

in Figure 47, because it is phase dependent, and means that another stage is necessary to combine 

the outputs from one layer into a single pitch percept. Widespread convergence and divergence within 

an isofrequency domain appears to be commonplace in the auditory system (Popper et aI., 1991, 

pp153-154), (Gregor et aI., 1996, p739), and so this remains a biologically plausible scheme. 

To summarise, the answer to the question posed at the beginning of this section appears to be a 

tentative yes. More detailed knowledge about the medial superior olive will be necessary to reach any 

firm conclusions though. 
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5.5 Pitch Map 

Implementing the pitch extraction scheme proposed in Figure 47 presents some obvious problems for 

a monaural auditory model. However, it should still work even if only one ear is available. In a 

monaural model, the fine grained delays are not meaningful because there is no interaural phase 

difference. As a consequence, I have chosen to implement a simplified pitch map as shown in Figure 

48, in which the fundamental principles of cochlear delay and coincidence detection are used. The 

laminae are combined into a single map, and the delayed input connection serves as a one 

wavelength cochlear delay. 

Primary-like map 

6kHz 

Pitch map 

Figure 48. Connection arrangement between neurons in the primary-like map and pitch map. 

The spiking neuron model was used to implement the coincidence detecting neurons in the pitch map. 

For simplicity, only a single row of neurons was used. Full frequency coverage from 50Hz to 6kHz is 

provided. The parameters for the coincidence detecting pitch neurons and their connections are given 

in Table 9. A wide output spike width is used, so that subsequent maps operating at the low sampling 

rate, can see ~he spikes generated by the pitch map neurons. 

Parameter 
Firing threshold 
Dynamic range 
Probability of firing (max) 
Absolute refractory period (min) 
Spike width 
Resting potential 
Connection weights 
Connection delay (direct) 
Connection delay (indirect) 

Value 
150mV 
50mV 
1.0 
200us 
333us 
OV 
1.0 
Os 
1/f s 

Table 9. Pitch map neuron parameters used in the auditory model. 
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5.6 Simulation Results 

To see whether the model could reproduce the missing fundamental, I used an 80dS SPL amplitude 

modulated sine wave, with a carrier frequency of 1 kHz, and a modulation frequency of 200Hz as 

shown in Figure 49. The modulation depth was set to 100%. The spectrum has a carrier component at 

"I kHz, and two sidebands at 800Hz and 1200Hz. The missing fundamental frequency (or pitch) is 

located at 200Hz, but there is no such component physically present in the spectrum. 
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Figure 49. lIIIissing fundamental AIIII test signal. 

16 18 20 

The AM wave was fed into the model, and I monitored the firing rate of pitch map neurons across 46 

channels from 50Hz to 1650Hz. The results are shown in Figure 50. 
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Figure 50. Firing rates of pitch map neurons for AIIII test wave. 

The three large peaks on the right are the lower sideband, carrier and upper sideband respectively of 

.the AM test Signal. Th'e missing fundamental can be seen at 200Hz, and a clue as to how it got there 



PITCH PERCEPTION 66 

can be seen at 400Hz. Due to the broad frequency response of the gammatone filters, a small amount 

of the 800Hz lower sideband component appears at the input of the 400Hz channel. Since the majority 

of spiral ganglion neurons have low thresholds, the 400Hz channel units will phase lock to the 800Hz 

input. Normally, the pitch map coincidence detectors reject unwanted frequencies because their 

interspike intervals do not match those of the channel, but in this case, the impinging signal has an 

interspike interval that is exactly half of what the channel expects. This means that a coincidence will 

be detected on every alternate spike as shown in Figure 51. 

1 

~ 
~4 ,.~. .~'------,----J~,------,L 
Jl~ 5ms ~ ~L-____ _ 

800Hz sine wave, T =1.25ms 

Primary-like phase locked spike train input to 800Hz, 
400Hz and 200Hz channel pitch map neurons 

Spikes triggering a coincidence in 800Hz channel 

Spikes triggering a coincidence in 400Hz channel 

Spikes triggering a coincidence in 200Hz channel 

Figure 51. Intersplke interval detection by 800Hz, 400Hz and 200Hz pitch neurons. 

A similar pattern occurs in the 200Hz channel,. with coincidences being detected on every fourth spike, 

resulting in the appearance of the missing fundamental. As can be seen in Figure 51, this effect is not 

limited to just the lower sideband. The carrier results in virtual components at 500Hz and 250Hz. The 

upper sideband should also result in virtual components at 600Hz and 300Hz. 

The spike count is much lower for the missing fundamental and the other virtual components for a 

number of reasons. Firstly, the probabilistic nature of neuron spike generation means th~re will often 

be miSSing spikes, and so coincidences will not occur all the time. Secondly, the gammatone filter 

significantly attenuates the 800Hz input to the 200Hz channel, which means that the spiral ganglion 

neurons will be operating at the low end of their firing rate vs intenSity curves. Thirdly, the frequency 

resolution is limited with only 71 channels, and so some components are rejected or attenuated 

because they are not exactly on the channels centre frequency. 

5.7 Discussion 

Despite the limitations of this model, it successfully exhibited the miSSing fundamental phenomenon. 

The key ingredients are apparent; there must be wide band input to a population of interspike interval 

tuned coincidence de.tectors. Exactly how this wideband input is derived is an important question. I 

suspect it is a combination of broad coupled filtering in the cochlea, as well as neural circuitry 

connecting across isofrequency laminae. For example, in Figure 47, the connections across the 
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laminae could be extended to cover a broader frequency range. Given these considerations, it seems 

likely that the laminar arrangement of auditory nuclei will be found to be vital to their function. 

However, more neurobiological data is needed on the precise wiring contained in these nuclei to 

confirm this. 

The experiment conducted in this chapter has highlighted the need for several improvements. Firstly, 

the number of cochlear channels needs to be increased so that the virtual pitch components are 

resolved properly. Secondly, to fully evaluate the pitch scheme shown in Figure 47, binaural inputs will 

be required. The temporal resolution of the model will need to be increased to cope with interaural 

delay increments ilt, which can be as low as 10us (Loeb et aL, 1983). This translates into a minimum 

sampling rate of 100kHz, which is an order of magnitude above the 8kHz typically used for speech 

today. Thirdly, to obtain phase independence of pitch, another stage must be added which combines 

the outputs of all coincidence detectors with the same characteristic frequency. 

At present, the selective network simulator is not designed to handle three-dimensional maps 

constructed from two-dimensional laminae. To model the auditory system properly, this capability is 

highly desirable. To save· time, additional support could be provided for automatically generating 

connections between the layers. Further investigation is also required to determine the bandwidth of 

any interlaminar connectivity. 

Well, that completes my brief exploration into the neural correlates of pitch perception. In the next 

chapter, I will summarise what I have achieved and present my conclusions. I will identify areas where 

future improvements could be made, and discuss some avenues for future exploration. 
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apter 

In this chapter I present a summary of the work done. Conclusions are drawn and the 
possible implications are discussed. Some suggestions for further work are made. 

6. Summary and Conclusions 

6.1 Summary 

I have attempted to reverse engineer peripheral regions of the mammalian auditory pathway for the 

purposes of (a) learning more about how ol:lr brains might process speech, and (b) using this 

knowledge to construct better speech recognition devices. A simulation program was created as an 

experimental platform for developing and evaluating various biological signal processing models. I 

spent a lot of time examining material on hearing, auditory neurObiology, and neuroscience. Salient 

facts were identified and used as a basis on which to develop signal processing models. Some 

inconsistencies with the prevailing notion of the ear as a frequency analyser were discovered. By 

adhering closely to the neurobiological data, I developed a comprehensive signal processing model of 

the mammalian auditory periphery (Table 10) which operates primarily as a temporal analyser. 

Auditory Model Components 
Entire Auditory Model 
Spiking Neuron 
Ear 

Middle ear 
Cochlea 
Inner Hair Cell 
Spiral Ganglion Neuron 

Ventral Cochlear Nucleus 
Primary-like Neuron 
Chopper Neuron 
Onset Neuron 

Medial Superior Olive 
Multipolar Neuron 

Location 
Chapter 1 
Chapter 2 
Chapter 3 
3.2 
3.3 
3.4 
3.5 
Chapter 4 
4.6 
4.7 
4.8 
Chapter 5 
5.4 

Table 10. Biologically based signal processing models developed in this thesis. 

At present, there is a considerable degree of uncertainty about, (a) what the functional role of the 

cochlea is (Nobili et aI., 1998), (b) what signal processing functions are implemented within the 
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cochlear nucleus (Popper et aI., 1991, p125), and (c) how we perceive pitch (Gelfand, 1981, p275), 

(Rhode 1995). I have used the present auditory model, in conjunction with evidence from other 

studies, to begin to answer some of these questions. 

6.2 Conclusions 

The main conclusions I have drawn from my work are: 

(1) The peripheral auditory system appears to operate primarily as a wideband temporal 

analyser. Spectral analysis theories of hearing have difficulty in explaining the following 

phenomena. (i) Cochlear implant patients report strange buzzing and clanging sensations when 

auditory nerve fibres are stimulated directly. If the ear operated as a frequency analyser, a fairly 

pure tonal sensation would be expected (Section 3.3.2). (ii) At normal physiological sound levels 

(eg 70dB) a tone can cause up to 55% of the cochlea to become active. If the ear operated as a 

frequency analyser, this would provide extremely poor frequency resolution (Section 3.3.2). (iii) 

The majority of auditory nerve fibres fire spontaneously even when no sound is present. If the ear 

operated as a frequency analyser, we would expect to hear a large number of continuous 

background tones (Section 3.3.2). (iv) We perceive the missing fundamental (or pitch) of a 

complex sound even when it is not physically present in the spectrum. It has been proven, that 

the missing fundamental is not generated within the ear by nonlinearities, as the spectral theories 

claim. (Section 1.2). (v) Tuning curves of principal cochlear nucleus neurons are extremely broad 

and look more like the frequency responses of wideband differentiators than narrow bandpass 

filters. This is not what I would expect from a frequency analyser. (Section 3.3.2). There are 

temporal explanations for all of these phenomenon that rely on three simple biologically plausible 

principles: Wideband input filtering/connectivity, cochlea delay (Section 3.3.2) and coincidence 

detection (Section 3.3.3), (Section 5.2). In the present auditory model, I have successfully used 

all three of these principles to reproduce the missing fundamental phenomenon (Section 5.6). 

(2) The dorsal cochlear nucleus appears to be involved in compensating for ear position. The 

dorsal cochlear nucleus has a complex three . layer structure in cats, but appears to be 

degenerate in humans. I hypothesise that this has occurred because humans have largely lost 

the ability to orient their ears independently of their heads. This suggests that the dorsal cochlear 

nucleus acts as an pinna position compensator for the purpose of sound localisation. 

Experiments with cats, and my own study of dorsal cochlear nucleus anatomy seem to confirm 

this conclusion (Section 4.4). 

(3) The connectivity of octopus cells is entirely consistent with their suspected role as onset 

detectors. Octopus cells receive wideband input from auditory nerve fibres with characteristic 

frequencies above 2kHz. In my model, I noted that an auditory transient applied to the input of a 

filter bank will cause the low latency high frequency channels above 2kHz to respond almost 
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simultaneously, while output from lower frequency channels is dispersed in time. I developed an 

onset neuron model acting as a multiple input coincidence detector. It received wideband input 

from channels above 2kHz. Tests with auditory transients indicate that it reliably detects the 

onset of any sudden sounds (Section 4.8). 

(4) The laminar architecture of auditory nuclei is likely to play an important functional role. 

The cochlear nucleus, superior olivary complex, and the inferior colliculus have a laminar 

architecture, in which small segments of the cochlea are represented as sheets of neurons. 

Some neurons vertically interconnect the laminae. The present auditory model provides two 

interpretations (i) That this provides the shortest possible connections between adjacent sections 

of the cochlea necessary to measure the wavelength of travelling waves in the cochlea (Section 

3.3.3), and (ii) that it enhances the wideband interaction necessary for temporal pitch processing 

(Section 5.6). Additionally, simple geometric considerations indicate that by breaking one large 

map up into a stack of small maps, the number of neurons required is dramatically reduced. 

(5) The ventral cochlear nucleus appears to have separate time, intensity and startle 

pathways. There is strong evidence from.the barn owl to indicate that primary-like neurons are 

used for processing timing information, and chopper neurons are used for processing intensity 

information (Section 4.3). If this analogy holds in mammals, then the pathway from the 

AVCN~SOC is likely to be involved in proceSSing timing information (for sound localisation) 

(Section 4.6). The pathway from the PVCN~IC is likely to be involved in processing intensity 

information (Section 4.7). There is also strong evidence indicating that onset neurons form a 

startle pathway from PVCN~VNLl. (Section 4.8). 

(6) The spatial-cross correlation theory of pitch perception may need further extension. The 

spatial cross-correlation theory of pitch perception proposes that a spatial map of coincidence 

detectors are used to represent pitch. However, current knowledge suggests that the perceived 

pitch of a sound is likely to be independent of its phase. To obtain phase independence, another 

processing stage would be necessary to combine the outputs of all coincidence detectors having 

the same pitch, but differing spatial locations. (Section 5.4). 

It should be emphasised that many of the conclusions reached here are preliminary, and will need 

further confirmation. Some of this work is biological in nature and so will be extremely difficult for me to 

do personally. On the other hand, I believe a significant amount can be learned by constructing system 

level models that adhere closely to neurobiological data. 
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6.3 Implications 

If the conclusions reached in this thesis prove to be correct, then they will have some significant 

implications for auditory signal processing as well as auditory neurobiology. Some of these are listed 

below. 

(1) To achieve human-like performance in speech recognition devices, engineers will find it 

necessary to abandon Fourier based front-ends in favour of front-ends optimised for wideband 

temporal processing. Sharply tuned cochlear filter banks will become a thing of the past. The 

delay and phase locking characteristics of cochlear models will be optimised. The enhancement 

and processing of acoustic transients will become paramount. 

(2) The sampling rates necessary for the temporal processing of speech will need to be an order of 

magnitude greater than we use at present. I would consider a figure of 100kHz to be the 

minimum necessary for adequately processing transients, and localising sounds in space. A new 

generation of biologically inspired multirate analogue to digital converters will appear, which have 

high peak sampling rates for processing transients, but maintain low average sampling rates 

otherwise. 

(3) If real-time performance is desired using biological architectures, then we will need to design and 

build small signal processing elements which can be connected together to implement two and 

three-dimensional neuronal maps. A fabrication technology will be required to wire maps together 

and stack them on top of one another in various configurations. 

(4) Scientists investigating the function of the dorsal cochlear nucleus should focus on the behaviour 

of its neurons with respect to ear movement. It would also be worthwhile tracing the output 

pathways to determine if any reach motor systems controlling ear position. 

{5} For people with cochlear implants, the electrodes which make contact with auditolY. nerve fibres 

will need to be carefully spaced, and configured in pairs for normal hearing. Ideally many such 

channel pairs will be required. A pulse will need to be presented simultaneously to both 

electrodes, and should be phase locked to the stimulus. If the spatial cross-correlation model of 

pitch perception is correct, then a fairly pure tonal sensation should result. 

6.4 Final Remarks 

The model presented in this thesis is a synthesis of many old, and some new ideas in hearing, 

assembled into a biologically consistent framework. It is still in its infancy, and much work remains to 

be done. Having got this far, I feel like I have barely scratched the surface. There are many more 

nuclei higher up in the mammalian auditory system that I haven't even had a chance to look at. 

'However, before looking at them, I believe it is important to get the basics right at lower levels. 



SUMMARY AND CONCLUSIONS 72 

One area that needs more attention, is the cochlea model. Due to time limitations, I have used a bank 

of gammatone filters, but this is not ideal. A bank of wideband differentiators would seem to be more 

appropriate. Ideally, the bandwidths should be level dependent. If the cochlear is viewed as a delay 

line, then a transmission line model might be more appropriate. Filters along its length would 

progressively shunt high frequencies to ground. In either case, it will be necessary to ensure the 

delays can be accurately specified. 

I also need to do some more work on establishing the exact three-dimensional anatomy of various 

regions in the ventral cochlear nucleus. The information is hard to find, and may even be nonexistent, 

but an intensive effort in this area should payoff handsomely. I would be particularly interested to see 

what kinds of interlaminar connections there are, and how far they extend. I would also like to know 

the frequency range, quantity, and distribution of auditory nerve fibre terminations on principal celis. 

As a next step I would get hold of a dummy head and use it as a basis for a binaural model. This 

would impose a considerable burden on the simulation environment, having to simulate twice as many 

elements, but it would mean that the sound localisation pathways could be modelled accurately. The 

spatial-cross correlation model for pitch perception could be investigated in more depth. 

At higher levels, integration of auditory information with other modalities (eg. vision) will become 

important. It appears as though this first occurs in the colliculus (Webster et aI., 1991, p168), and that 

the common representation is a spatial one. A good auditory model should be consistent with higher 

brain function. One biological theory of higher brain function is Gerald Edelman's theory of neuronal 

group selection discussed in Appendix 1. Another important consideration is that there are extensive 

descending pathways from higher levels in the brain interacting with the ascending pathways. Walter 

Freeman has suggested, based on his studies of olfaction, that these two systems interact chaotically 

(Freeman 1991). If this is the case, it would complicate the picture considerably. 

One criticism of auditory models based on temporal processing is that they require optimal signal 

processing (Rhode 1995, p2415). However, the fact that we can detect relative time differences as low 

as 1 Dus (Loeb et aI., 1983, p154) indicates that we are capable of it, at least on a transient basis. First 

spike latency and jitter can be lowered significantly by the convergence of auditory nerve fibres onto a 

neuron (Gregor et aI., 1996, p734). This suggests that it's likely the timing of transients can be 

encoded extremely accurately. 



THE THEORY OF NEURONAL GROUP SELECTION 73 

ppe dix 

In this appendix, I present a critical summary of a biologically based brain theory 
known as the theory of neuronal group selection. The concepts of selection and 
perceptual categorisation are discussed first. Then I endeavour to explain the key 
tenets of the theory using simple terminology. Some suggestions for future 
improvements are made. 

7. Appendices 

7.1 Theory of Neuronal Group Selection 

7.1.1 Introduction 

The theory of neuronal group selection (TNGS) was developed by Gerald Edelman, 1987 to explain 

how mammalian brains may develop and function. It is a complex, wide ranging, biologically-based 

theory which has a reputation for being difficult to understand (Calvin, 1996, p82). 

Many theories of brain function are based on information processing models that draw heavily on the 

notion that the brain acts like a conventional computer. It has been pointed out by Gerald Edelman 

1988b, that t~ere are a number of inconsistencies with this view which, when taken in aggregate, 

make this hypothesis unlikely. 

For instance, in a conventional computer, there is a clear distinction between the· program or 

instructions that a computer executes, and the data which the program operates on. This program had 

to be written priorto its encounter with the data by someone who knew how to interpret the data in the 

first place. If our brains operate in this manner, then who did the programming? Obviously, this 

argument can continue indefinitely by postulating that another specialised computer or homunculus 

(little man) wrote the program for the first, and so on. Accepting this view opens a formidable can of 

worms. How could such a program be created to cope with unforseen events or data? How could such 

a necessarily complex program be transmitted genetically through many generations, without 

accumulating so many errors, as to render it completely useless? 

Real brains must de~1 with situations that are not foreseeable, and could not be preprogrammed in 

advance. Real brains are intimately coupled with their physical form, and must adapt with it when 

physical changes occur due to growth or injury. It is unwise to consider one in isolation from the other. 
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Nobody yet, has demonstrated that a brain can exist without its surrounding body. By exploring the 

physical environment, real brains can successfully classify objects and events in a world where 

everything is unknown, without the need for language or labels, and in the absence of any meaning. 

Real brains must be fast; slow brains become dinner for fast brains. This requirement alone rules out 

many exotic computational algorithms and architectures. Real brains are a product of evolution, not 

engineering design. Evolutionary modifications are always made within the context of an existing 

architecture, and therefore may not be optimal in any engineering sense. These considerations, 

coupled with the firm belief that any explanation of brain function must be biologically based, led to the 

development of the theory of neuronal group selection. 

7.1.2 Selective Systems 

In order to understand what is meant by selection as it is used in TNGS, it is helpful to compare it with 

the mc:>re prevalent notion of instruction. Consider the hypothetical situation where two artificial 

machines are designed to boil an egg. One is instruction oriented, the other selection oriented. Each 

machine has an input camera at which a variety of objects may be presented. A single output triggers 

the "boiL egg" action. Objects that are not eggs '"!lust not be boiled. This situation is depicted below. 

Input data 
Camera 

Egg boiling machine Timer -c-' / 
Boil egg EID Pot 

I----=~--II>I C9 f---"-- Heating element 

Figure 52. A hypothetical egg boiling system. 

The architectu're of the instruction oriented egg boiling machine might contain a sequence of prewritten 

instructions for egg recognition, which are interpreted and evaluated sequentially as shown in Figure 

53. 

Input data 

Instructions 

I~egin Instruction 
1. if(xxx) ----

Interpreter 
i2, if(xxx) 

Boil egg 

3. if(xxx) 
4. boil egg 
end 

. 

Figure 53. The architecture of an instruction oriented egg boiling machine. 
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The architecture of the selection oriented egg boiling machine might contain an array of shape and 

colour detectors, which are statistically combined to yield an output as shown in Figure 54. 

Input data --4-l J 1-+-....... Boil egg 

Figure 54. The architecture of a selection oriented egg boiling machine. 

Note tAat the shape population is diverse, but biased in favour of egg-like shapes. Similarly, the colour 

population is diverse, but biased in favour of white or cream egg-like colours. Therefore, an egg will 

have a higher probability of exceeding the threshold and triggering the "boil egg" action than any other 

type of object. This example highlights the importance of population thinking when considering the 

operation of a selective system. Some of the differences between the two systems are listed below. 

§election Oriented Machine Instruction Oriented Machine 
Input driven Driven by the instruction interpreter 
Parallel operation Sequential operation 
A single fault is unlikely to halt the machine A single fault may halt the machine 
Is biased towards egg recognition Is programmed specifically to recognise eQQs 
Keeps all its options open for future events and Has a narrow focus on one task, and there are 
therefore some elements tie dormant no hidden capabilities 
The capabilities of the machine can be The existing egg boiling program must be 
extended without disturbing the existing blocks modified in order to extend the machines 

capability 

Table 11. Comparison between the selective and Instructive egg boiling mac~ines. 

The architecture of the selective egg boiling machine has a lot of desirable characteristics, many of 

which derive from the fact that selective systems are parallel systems. A parallel system of this kind 

may not necessarily be more complex than its sequential equivalent, depending on the technology 

used for its implementation. For example, a recognition element may be equivalent in complexity to 

one or two transistors. Compare this with the thousands of transistors that may be necessary to build 

an instruction interpreter. 

The example presented here was deliberately kept simple to convey the basic ideas. You should be 

able to see, that by altering the composition of either the shape, or colour detector populations after 

each encounter with an object, we could influence the future behaviour of the selective egg boiling 
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machine towards subsequent objects. This might occur on a time scale ranging anywhere from 

milliseconds to weeks. 

7.1.3 The Immune System 

We now know that the immune system is in fact a selective system. The theory that describes its 

operation is known as the clonal selection theory of acquired immunity, and was first proposed by 

Frank MacFarlane Burnet in 1959 (Edelman 1992, p77, p257). It's obvious from the literature that this 

system served as a useful model on which TNGS is based, so it may be helpful to briefly describe its 

operation. 

The immune system distinguishes its own molecules from invading molecules by virtue of their shape. 

Before any foreign molecule invades, special cells called lymphocytes generate a large population of 

antibody molecules, each with a differently shaped binding site. When a foreign molecule enters the 

immune system, it binds to any antibody molecule that just happens to have shape complementary to 

its own. This causes the accompanying lymphocyte to divide repeatedly, making clones of itself and its 

antibodies. Next time the same foreign molecule invades, there will be more antibodies available to 

help destroy it. Thus, the composition of the population has changed as a result of experience over a 

fairly short time scale. 

It is easy to see the similarities between the operation of the immune system, and the evolution of 

species by natural selection as discovered by Charles Darwin. In the latter case, a diverse population 

of individuals with differing DNA exist. The composition of the population changes as a result of DNA 

mutation, and the success or failure of each individual to survive and reproduce. There may be 

differences in the mechanisms and time scales involved, but the underlying principle of selection 

remains the same. 

7.1.4 Perceptual Categorisation 

The theory of neuronal group selection rests on the premise that perceptual categorisation underpins 

learning. Here, perception is defined as the ability to discriminate between objects or events. 

Categorisation is defined as the process by which an individual may treat non-identical objects or 

events as equivalent. 

The theory proposes that as a first step towards perceptual categorisation, the low level properties of 

objects and events are sampled in a parallel fashion. Each property is processed in a separate 

channel. This is more commonly known as feature detection and its parallel nature leads to the 

formation of feature maps as shown in Figure 55. 
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y---,( V Eye @Ear Hand 

Colour Lines Motion Frequency Touch 

Figure 55. Feature maps comprise the first stage of perceptual categorisation. 

According to the theory, categories are not formed in the conventional way where features 8, b, c and 

d must be present before an object can be placed into a particular category. Instead, an object may be 

categorised successfully even if only some features are present. Therefore categorisation in this sense 

is probabilistic and can occur with incomplete and/or disjoint information. This is an example of a 

polymorphous set, in which the presence of n properties out of m, where m is greater than n, permits 

membership in the set. Two members of the same set need not have any of the same properties in 

common. 

Category X Category X 

Figure 56. Polymorphous category X is perceived in both cases despite disjoint properties. 

Categories as defined by the theory are not constant, but vary depending on context and the internal 

state of the individual. Each individual develops their own personal set of perceptual categories that 

are modified and extended with experience. This could also be thought of as the empirical construction 

of an internal taxonomy, which mayor may not be valid in any scientific sense. Categorisation is a 

form of generalisation, and therefore it offers important advantages in terms of information storage. It 

is interesting to note that damage to the brain in some cases results in loss of knowledge about 

specific categories of objects (Martin et aI., 1996, p649). 
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7.1.5 Overview 

The theory of neuronal group selection proposes that the brain operates as a selective system. The 

basic functional unit is the neuronal group; a population of closely coupled neurons that compete for 

input with other groups. It claims that there are three fundamental mechanisms that govern the 

formation, adaptation, and dynamic interaction of neuronal groups (see Figure 57). Namely 

1. Developmental selection 
2. Experiential selection 
3. Reentrant mapping 

During development, the macroscopic anatomical layout of the nervous system that is characteristic 

for each species is generated. However, microscopically there is a considerable variation in the axonal 

and dendritic wiring of the nervous system. Selective regulatory processes involving cell adhesion, 

growth, movement, differentiation, division, and death lead to the formation of neuronal groups in a 

given anatomical region. Postnatally, after much of the meshwork of anatomical connections has been 

laid down, the anatomical structure tends to become more or less fixed. 

After development, synaptic mechanisms become the main agents of plasticity and adaptation. The 

selective strengthening or weakening of populations of synapses as a result of behaviour, leads to the 

enhancement of responses which have beneficial value to the individual. Populations of such 

synapses are biased in a modulatory fashion by specialised values systems, which reflect the 

individuals global evaluation of its recent behaviour. 

Massively parallel reciprocal connections between maps of neuronal groups in functionally segregated 

brain regions, serve to integrate separate spatio-temporal response patterns. This is known as 

reentrant mapping, and two maps connected in this manner are called a classification couple. By 

means of synaptic change and reentrant signalling, particular response patterns in one map can 

become associated with response patterns in another. Reentry can occur between areas at the same 

hierarchical level, as well as between higher and lower levels of the system. 

7.1.6 Neuronal Groups 

A neuronal group is the basic functional unit specified by the theory. It is defined as a collection of 

neurons ranging in number from hundreds to thousands, that are closely connected in their intrinsic 

circuitry, and whose mutual interaction may be altered by changes in synaptic efficacy. , tend to think 

of them as spatio-temporal pattern recognition units. 

Limitations on the properties of real neurons led to the choice of a neuronal group as the basic 

functional unit, rather than a single neuron. If any neuron in a group should die, the overall operation 

of the group will not be compromised. 
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Figure 57. The three phases of neuronal group selection. From: Bright air, brilliant fire. On the 
matter of the mind. Gerald Edelman. Basic Books. 1992. p84. 

The intrinsic circuitry of a neuronal group is not precisely wired, but varies at the level of fine axonal 

and dendritic ramifications. No two neuronal groups are exactly alike. The dendritic trees and axonal 

arbors of a group spread over relatively wide areas with a significant degree of overlap. As a result, 

neuronal groups are forced to compete with each other for input. 

The discovery of columns of orientation-selective neurons in the primary visual cortex (Gray et ai., 

1989), has often been cited by Edelman as direct evidence for the existence of neuronal groups. 

7.1.7 Developmental Selection 

The theory of neuronal group selection, attempts to answer the question of how a one-dimensional 

genetic code can specify the shape and structure of a three-dimensional brain. It proposes that the 

neuroanatomy of the brain is formed through dynamic cellular processes, which are genetically 

regulated to yield primary repertoires of neuronal groups. A primary repertoire is defined as a diverse 

collection of neuronal groups, whose extrinsic connectivity and functionality in a given brain region, are 

prespecified to some extent during development and growth. The diversification is such that no two 

individuals of the same species are likely to have identical connectivity in corresponding brain regions. 

The neuronal types, and the gross connectivity of the primary repertoires are determined by evolution. 
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The theory proposes that the billions of neuronal connections in the brain are not genetically or 

chemically prespecified, but instead are the result of dynamic selective processes which regulate cell 

division, movement, adhesion, differentiation, and death. This is known as the regulator hypothesis. 

Special proteins on the cell membrane. known as celi adhesion molecules (CAMs). and substrate 

adhesion molecules (SAMs) regulate cell movement and adhesion. These molecules, commonly 

known as "brain glue", determine whether a cell sticks to its neighbour or is free to move. By turning 

genes on and off, the number, distribution. polarity, and chemical composition of CAMs on the surface 

of a cell (cell surface modulation) can regulate movement. Cells with CAMs of a different specificity 

form borders, linking celis into groups at particular places in a developing network. 

Many interactions between cells leading to gross shape formation are place dependent. They occur 

only when a cell finds itself surrounded by other cells in a particular place. Cell movement and 

adhesion places groups of cells in proximity. allowing them to exchange molecular signals called 

morphogens. The groups then link to form new groups or sheets, and the process repeats culminating 

in the creation of form. Particular genes control the formation of particular CAMs and SAMs, and 

therefore allows the shape forming mechanism for a particular species to be inherited. 

According to the regulator hypothesis, an extraordinarily large number of neural patterns can result 

from the functions of a relatively small number of CAMs of different types, under the influence of five or 

six surface modulation mechanisms. Because this process is dynamic, and not genetically specified, it 

provides the basis for the diversity of neuronal groups as required by the theory. 

7.1.8 Experiential Selection 

Neuronal groups which are confined to a finite area. and have an orderly overlapping sensory input, 

will be forced 'to compete with one another for stimulation. Due to the variant external and internal 

connectivity of each neuronal group, some will respond more effectively than others to a given 

stimulus. Different levels of neuronal activity cause corresponding differential changes in synaptic 

strength. This eventually leads to the selection of the more active connections from the primary 

repertoire, over those that lie dormant. The resulting functional networks "carved out" from primary 

repertoires are known as secondary repertoires (see Figure 57). Sensory input from motor networks 

arising from behaviour, serve to shape secondary repertoires in an ongoing fashion. 

This may be compared with a Darwinian selective system, in which the normal selective mechanism of 

changes in the constitution of a population through reproduction, have been supplanted by changes in 

synaptic efficacy through differential amplification. A reproductive mechanism would not be fast 

enough for behavioural learning to ensure survival. 

One problem with mahy traditional neural network learning rules, is that they fail to account for the 

experimental observation that the efficacy of entire populations of synapses can change as a result of 
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activity at one of them. The theory of neuronal group selection proposes that there are two 

independent pre and post synaptic learning mechanisms operating at different time scales. See Figure 

58. 

Presynaptic 
neuron 

Long term 

_IUL 
Sj 

Spike rate 

Short term 

Dendrite 

Postsynaptic 
neuron 

Figure 58. Independent pre and post synaptic learning rules. 

Before examining the presynaptic rule, it is necessary to explain the concept of facilitation and 

depression of neurotransmitter release. Facilitation of neurotransmitter release, is defined as a 

progressive increase in the amount of neurotransmitter released by successive action potentials, 

during a brief stimulus train lasting up to a few seconds. Recovery from facilitation is rapid, occurring 

within a few h~ndred milliseconds after the end of stimulation. It is thought to be caused by the gradual 

accumulation of calcium near the release site. 

Depression of neurotransmitter release, is defined as a progressive decrease in the amount of 

transmitter released during a train of action potentials. This phenomenon is often encountered when a 

synapse is stimulated at a high rate. It is thought to be caused by the gradual depletion of 

neurotransmitter at the release site. Both facilitation and depression occur simultaneously. 

The presynaptic rule effects a long term change in the baseline level of transmitter release, ~;, at all 

presynaptic terminals of neuron i. The instantaneous level of neurotransmitter release at a presynaptic 

terminal is given by 

(13) 
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where, Flt) is the degree of presynaptic facilitation at that terminal, ranging from 0 to an arbitrary 

maximum value, and Vlt) is the amount of presynaptic depression ranging from 0 to 1. The 

presynaptic rule states that if the long-term average of ~i (t) (over times of the order of 1 sec) exceeds 

a threshold, then the baseline presynaptic efficacy, ~7 ' is reset by the neuron to a new value. The 

rates of change of facilitation and depression are given by 

dF 1 
-' =e·S.(t)-/l,·F(t) dt I I 

dD; 

dt 

(14 ) 

( 15 ) 

where, Sift) is the firing rate of neuron i at time t, E is the increase in facilitation per spike, A and fj are 

decay time constants, and k is the constant of proportionality between release and depression. These 

two equations indicate that changes in facilitation and depression are proportional to the neuron's 

firing rate, and that these changes become smaller as the amount of facilitation and depression 

increases. This implies that strong synapses will become harder to strengthen and easier to weaken. 

The postsynaptic rule states that coactivated inputs to neuron j produce a modifying substance m, (a 

second messenger) which alters the susceptibility of nearby ion channels to subsequent inputs in a 

state dependent fashion (see Figure 58). The ion channel states directly affect the amount of 

intracellular postsynaptic potential produced, and therefore determine whether neuron j will fire. This 

rule applies to relatively short term changes at individual synapses. Postsynaptic modifications will 

depend on the number and timing of inputs activated during the modification window, the types of 

neurotransmitter and ion channel receptor, and the spatial distribution of synapses on the postsynaptic 

cell. In effect, the properties of the ion channels are modulated over time. 

Although the pre and postsynaptic rules are independent and have different mechanisms of operation, 

they both contribute to the net change in efficacy of a synapse. The majority of computer models 

developed by Edelman and his colleagues used either the presynaptic rule alone, the postsynaptic 

rule alone, or a modified Hebbian rule. They claim that this does not alter the basic character of the 

overall response. 

Both the presynaptic and postsynaptic rules seem rather vague to me. For instance, in the presynaptic 

rule, how much should the baseline efficacy ~r be altered by? What should the threshold for this 

modification be? I also take issue with the statement that the postsynaptic rule applies to short term 

changes in synaptic etficacy. Second messenger modulated ion channel properties, do not 

immediately revert to their normal resting state when the transmitter disassociates from the receptor. 
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Instead they remain in their modified state until the actions of the second messenger are reversed. 

This may involve a sequence of molecular events requiring seconds, minutes, or even hours. Second 

messenger coupling is often delayed in onset, and can long outlast the initial stimulus that caused it 

(Levitan et ai, 1997, p272). 

7.1.9 Reentrant Mapping 

One of the key problems in neuroscience today is known as the binding problem. The central question 

is this. How do we manage to perceive objects and events in the world as coherent wholes, despite 

their distributed representation within our brains? 

The theory of neuronal group selection proposes that the binding problem is solved by means of 

reentry. It states that reentry is brought about by means of reciprocal excitory connections between 

neuronal groups. A reentrant mapping is defined as the ongoing, and often recursive exchange of 

signals between different repertoires of neuronal groups along parallel anatomical connections. When 

two maps are connected in this fashion, such a system is termed a classification couple. See Figure 

59. Using normal neural network terminology, a reentrant network would be classified as a recurrent 

neural network. 
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Figure 59. An example of a classification couple utiliSing reentrant mapping. 

The low level feature maps are generally topographic and contain an orderly representation of a given 

sensory field. Higher order maps combine non-local features of low level maps, and are not usually 

topographic. Simultaneous presentation of two features in each of the feature maps, may strengthen a 

connection between two neuronal groups in the higher order maps, leading to an association being 

formed between them. Associations formed between groups of low level properties in this manner can 
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lead to the emergence of new associative functions, not originally present in either feature set 

individually. Subsequent presentation of only one of the features may lead to the "recall" of the other. 

Reentry can also be thought of as correlation. The linking of independently activated neuronal groups 

correlates simultaneously occurring features of the object or stimulus. Reentry can take many forms, 

including connections backwards from a repertoire to earlier repertoires in the same pathway, as well 

as horizontally between repertoires in different pathways. Reentry has a statistical nature in that not all 

connections are used at all times. It is easy to see that a classification couple can represent 

polymorphous sets of features, and is therefore capable of perceptual categorisation as defined by the 

theory. 

The characteristics of various reentrantly mapped models as described by Edelman and colleagues 

(Tononi et aI., 1992), (Reeke et aI., 1990), are not surprisingly identical to those generally claimed for 

recurrent neural networks. In particular, the ability to (a) incorporate mUltiple time scales into the 

processing units, (b) process temporally extended sequences of inputs, (c) to generate oscillations 

and modifiable rhythms of varying durations, and (d) to resolve ambiguities such as figure-ground 

ambiguities and segmentation ambiguities (Churchland et al., 1992, p117). 

Although reentrant mapping is a fundamental tenet of the theory, there is no explanation of the 

conditions necessary to ensure network stability. What stops such a reentrant network oscillating 

indefinitely after an input has been presented and removed? The theory states that the connectivity 

within a neuronal group is stronger than between groups (Edelman 1987, p198). This would imply that 

neuronal groups are weakly coupled, and would go some of the way towards explaining how such a 

network might remain stable (Crick et aI., 1998). 

As yet there is, no conclusive proof that reentry actually occurs in the brain, but there is a large amount 

of evidence to suggest that cortical columns in the brain oscillate, and are sometimes tightly 

synchronised over wide areas (Gray et aI., 1989, p334). If reentry is shown not to occur, then TNGS is 

likely to be invalid (Edelman 1987., p64). 

7.1.10 Global Mapping 

According to the theory. the minimal unit capable of higher-order perceptual categorisation is known 

as a global mapping. A global mapping is simply a high-level sensory-motor feedback loop (See 

Figure 60). The sensory subsystem is comprised of classification couples from different input 

modalities. The motor subsystem comprises functional complexes for primitive gestures and postures. 

Reentrant maps and other brain structures serve to link the two SUbsystems forming a global mapping. 

Classification then becomes a behavioural act, which depends on the current state and past history of 

the network. 
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Figure 60. A global mapping. From: Bright air, brilliant fire. On the matter of the mind. Gerald 
Edelman. Basic Books. 1992. p91. 

Output to motor systems is essential for two tasks: (1) to aid in selecting appropriate inputs by altering 

the relationship of sensory systems to the environment by movement, and (2) to verify and corroborate 

through action the responses that result from groups in both primary and secondary repertoires. Both 

of these tasks serve to update the responses in these repertoires. According to this view, motor 

activity serves to continually resolve any ambiguities that may arise. 

Global mappings introduce additional complexities to the system. Consider the problem of translation 

in variance. In the visual system, we would like to be able to place an object into the same category 

regardless of which angle we view it from. Choosing invariant features, or the coupling of explicit 

representations of features in particular positions or orientations may solve this problem. It has been 

suggested by Almassy et al., 1998 that translation invariant responses arise at higher hierarchical 

levels as a result of convergent/divergent feedforward connectivity. Their experiments suggest that 

smooth self-generated movement is necessary to obtain this invariance. 

7.1.11 Values Systems 

The theory of neuronal group selection proposes that mammalian brains contain values sub-systems, 

which bias cortical and subcortical areas in a manner which reflects the animal's global evaluation of 

its recent behaviour. See Figure 61. Values systems define broad behavioural goals, which have been 

found by natural selection to be beneficial to the species. Without these values systems, convergence 



THE THEORY OF NEURONAL GROUP SELECTION 86 

to definite behaviours will not occur. Something as simple as a change in connection density may 

represent an innate value, which could bias an animal towards a particular set of behaviours, 

Values System 

Diffuse Modulatory 
Bias 

Sensory System 
Intermediary Molor System ---+ Brain Systems 

Figure 61. A sensory-motor system influenced by a values system. 

There ~re five nuclei with widespread ascending connections to the cerebral cortex, each of which is 

associated with a different neurotransmitter. They are: the locus coeruleus in the brain stem 

(norepinephrine), the raphe nucleus in the midbrain (serotonin), the substantia nigra in the midbrain 

(dopamine), the nucleus basalis in the basal fqrebrain (acetylcholine), and special groups of cells in 

the mamillary region of the hypothalamus (GABA) (Churchland et ai., 1992, p57-8). Because of their 

widespread connectivity, such nuclei are likely to act as modulators of cortical activity. 

Activation of these values systems can lead to an enhanced or depressed release of neurotransmitter. 

This in turn translates into changes in cellular excitability and firing patterns, which may eventually 

lead to changes in synaptic strength. Experiments by Verschure et ai., 1995 with values systems in a 

synthetic neural model, suggest that learning is most effective if the periods in which synaptic 

modification can take place, are limited to those which surround salient events in interaction with the 

environment. .In models of this nature, an additional modulatory term representing value is 

incorporated into the learning rule. 

In artificial intelligence and engineering circles, these ideas come under the general heading of 

reinforcement learning (Arbib, 1995, p804-812). The simplest reinforcement learning methods are 

based on the common-sense idea that if an action is followed by a satisfactory state of affairs, or in 

improvement in the state of affairs, then the tendency to produce that action again is strengthened, ie., 

reinforced. The method is unsupervised in that an internal critic provides a measure of "goodness" of 

the current behaviour that is used to alter synaptic strength. 

Reinforcement learning systems suffer from the credit assignment problem. Which of the many action 

components were responsible for the beneficial behaviour? One approach is to assign credit equally to 

all components, so that through a process of averaging over many variations of the behaviour, the 

components which are key in producing laudable behaviour are most strongly reinforced, while 

inappropriate components are weakened. The main drawback with this approach is that learning in 
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complex systems can be very slow. This appears to be the approach taken in the theory of neuronal 

group selection. 

7.1.12 Memory 

Memory is defined by the theory as the ability to repeat a performance. It states that memory is not 

replicative, but is in fact the enhanced ability to categorise or generalise associatively. The minimal 

unit capable of carrying out such "recategorical memory" is a global mapping, which implies that 

memory is distributed amongst many brain structures. Its mechanism is the alteration of synaptic 

strength. It suggests that events categorised by the cortex are ordered in time by other brain structures 

such as the hippocampus, cerebellum, and basal ganglia. The hippocampus effects synaptic change 

in the cortex to enable long term memory. 

7.1.13. Conclusions 

In my opinion, the theory of neuronal group selection represents a great start towards a 

comprehensive theory of the brain. I particularly like the biologically based bottom-up approach, which 

avoids the more speculative aspects of cognitiv~ science, and allows various parts of the theory to be 

tested in the laboratory. 

My main criticism of the theory lies in one of its fundamental mechanisms, reentry. For a system that 

relies so heavily on massively parallel positive feedback, I was surprised to find that there is absolutely 

no mention of any criteria to ensure system stability. For this reason, it seems unlikely that strongly 

directed reentrant loops would be so prevalent. If we accept this view, and propose that neuronal 

groups are only weakly coupled, then it is difficult to see how associations are formed between them in 

the manner proposed by the theory. 

Olaf Sporns (personal communication) has suggested there may be three biological mechanisms that 

prevent runaway reentry. 

1. Firstly, neurons usually have a self limiting component to their activation. If too much firing occurs, 

they just become refractory and unresponsive. 

2. Secondly, local inhibitory circuits are usually very effective in limiting the foci of excitation from 

spreading out too much, and can shut activity off completely. 

3. Finally and most importantly, the presence of voltage dependent reentrant inputs. If a driving input 

is activated, then through membrane depolarisation, the voltage dependent reentrant inputs 

become enabled. If the driving input is removed, then the voltage dependent reentrant inputs 

become disabled and reentrant activity ceases. 
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Whether these mechanisms actually occur or not remains to be seen. They are not mentioned in any 

of Gerald Edelman's books on the theory of neuronal group selection, and until this issue is properly 

addressed, I maintain that the reentrant components of the theory are in need of substantial revision. 

Other aspects of the theory remain vague or unspecified. The presynaptic rule is incomplete, in that it 

does not specify how the baseline efficacy should be altered. Exactly what constitutes a global 

mapping is not clearly defined, and the dynamics of their operation is left to the reader's imagination. 

I would also like to see the software and models used by Edelman and his colleagues made available 

to other researchers so that they can confirm some of the findings. 
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p ndix 2 

The selective network simulator was used to implement all the models presented in this 
thesis. In this appendix, a brief overview of the simulator's functionality is provided. The 
software requirements are discussed. The simulator's software architecture and design 
are explained. A short introduction on how to use the simulator is given, along with 
details on how to make your own additions to the simulation library. Some suggestions 
for future improvement are made. 

7.2 Selective Network Simulator 

The selective network simulator as shown in Figure 62 is a general purpose simulation program that 

presently runs in a Windows2 95/9B/NT environment. 

!ill! Sel""tiYe Nel_.1( !jimglat01 - d.\p!ol.~t\ma 

Figure 62. A screen shot of the selective network simulator. 

2 Windows Is a trademark of Microsoft Corporation. 
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A selective network, is one in which large populations or maps of simulation objects (often neurons) 

are simulated in parallel. This ability is necessary to construct selective recognition automata as 

described in Edelman's 1987 theory of neuronal group selection. Unfortunately, due to the size and 

complexity of most neural network models, simulation in real-time is not possible unless a 

supercomputer is used. The selective network simulator has a simple graphical user interface that 

displays the model's architecture and current simulation state, as shown in Figure 62. Each square in 

the labelled maps represents a simulation object. 

7.2.1 Requirements 

The selective network simulator was designed to satisfy the following broad requirements. 

• Flexibility 

• Portability 
., Efficiency 

• Large scale parallel simulation 
., Ease of measurement & visualisation 

Large scale simulations of neural networks require a significant amount of computing power, and this 

is why portability is desirable. A portable program can easily be recompiled and run on a more 

powerful computer for operation in real-time. Efficiency is required because of the sheer numbers of 

elements involved. For example, to accurately simulate the human auditory periphery would require a 

30,000 channel auditory filter bank, and hundreds of thousands of spiking neurons. Factor in the 

auditory midbrain, as well as small regions of the auditory cortex, and we are beginning to talk about 

millions of neurons. 

Time critical operations in peripheral regions of the mammalian auditory system require high sampling 

rates. However, as we ascend up the auditory pathway, a rate-to-place transformation occurs. 

Temporal parameters are transformed into spatial locations, and therefore the need for high sampling 

rates is reduced considerably. These facts have been used to improve the efficiency of the simulator. 

The sampling rate of a map or connection can be set high (48kHz), or low (4kHz), in the simulation 

script. 

Flexibility is extremely important because of the diversity of connections and neurons found in real 

brains. Many different types of neuron coexist in the same topographic map. Connections between 

maps, and between neurons within a map. can have arbitrary termination patterns. To obtain this level 

of flexibility, compilable simulation scripts based on the C++ language were used. 

A graphical user interface is highly desirable for large scale parallel simulations because of the huge 

quantities of information involved. A graphical view can provide an extremely compact representation 

of the current simulation state. Connections between maps are much easier to visualise graphically. 

For detailed performance analysis and testing, it is necessary to make multi-channel measurements of 
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simUlation object parameters. In the simulator, this requirement is met by using "electrode" simulation 

objects and a data viewer. Updating graphical displays is a time consuming task, so for the sake of 

efficiency, a prOVision is provided to tum off display updates when they are not required. 

7.2.2 Architecture 

The main requirement goveming the simulators software architecture was the need for portability. 

Graphical user interfaces are generally not portable, so the simulator was split into four main 
I 

components, as shown in Figure 63. The user interface component was written using the Borland 

Object Windows Library (OWL 5.0). The dual-rate simulation engine was written in ANSI C++, and is 

portable to any operating system where a C++ compiler is available. The simulation object library is 

also written in C++ and is portable. A graphical user interface abstraction layer isolates the simulation 

engine from the OWL library, and the operating system. 

Paint Request 

User Commands File I/O 
OWL Graphical Simulation 

User Interface Engine 

(GUL''') (SNS_SIMU.*) 

OWL & Windows SimUlator 
Paint Primitives GUI Abstraction Paint Primitives 

Layer 
(GULVDU.*) 

t 
Simulation 

Object Library 
(OBJ_*'*) 

Figure 63. Selective network simulator software architecture. 

All modern graphical user interfaces are event driven. Events generated by the user, or the operating 

system, are sent to the application asynchronously. This creates a problem for the simulation engine 

because it must be ready to display the simulation state at any time. Simulation of massively parallel 

systems on a single processor system, dictates that each simulation object must be simulated 

sequentially. The simulation state will not be valid until all elements of a map have been updated at a 

particular time step. Thus, we have a classic case of the tail (operating system) wagging the dog 

(simulator). The operating system will send paint events to the simulator whenever the user resizes 

the simulation window, or another overlapping window is moved. It is extremely unlikely that the 

simUlation state will be valid at that particular time, and therefore it should not be displayed. Only the 

simulation engine knows when the state is valid. 
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To get around this problem, all asynchronous paint events from the operating system are converted 

into simulation engine paint requests. The simulation engine only acts on those requests when it has 

completed simulating all elements in a map. As a consequence, all asynchronous paint events are 

properly synchronised with the simulation engine, and the simulation engine is back in charge. 

To port the simulator to another platform with a different windowing system, only the graphical user 

interface components, and the GUI abstraction layer will need to be modified. Multiple threads of 

execution have been deliberately avoided to make the simulator easier to port. In Figure 63, the C++ 

source files corresponding to the architectural components are shown in brackets. 

7.2.3 Design 

7.2.3.1 Data Structures 

The siOlulation engine explicitly recognises two kinds of simulation object. The first is a map, and the 

second is a connection. Maps are two-dimensional containers for other simulation objects, and are 

implemented as 2D arrays of simulation object pointers. Maps and connections may be simulated at 

either the high or low sampling rate. 

Individual maps and connections are stored in pairs of lists as shown in Figure 64, one list for each 

sampling rate. The lists are encapsulated and controlled by an object store manager. The object store 

manager provides an interface for C++ simulation scripts to add simulation objects as a script is 

loaded. All lists are traversed by the simulation engine in a sequential fashion during a simulation. 

To Simulation 
Engine Object Store 

Manager 
(OBJ_STOR*.*) 

Map Lists 

Connection Lists 

Figure 64. Simulation engine object store data structures. 

7.2.3.2 Simulation Objects 

All simulation objects have a common interface. This allows the simulation engine to simulate any kind 

of object, without requ'iring any prior knowledge of that object apart from its interface. I have developed 

an extensive library of simulation objects for auditory modeling, and this library is fully documented in 
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Appendix 3. In principle, the simulator could be used to simulate anything, for example, electrical 

circuits, provided the correct simulation object implementations were supplied. The key parts of this 

interface are documented below. 

II simulation Object Interface 

virtual double 
virtual void 
virtual double 
virtual void 

Result () i 

Simulate(); 
Probe ( int Statistic )i 
AddInput( SimulationObject* Pointer ) i 

To connect one simulation object to another, the AddlnputO method is called. To examine a simulation 

object's internal parameter, the ProbeO method is called with an appropriate argument. To simulate 

the object over a one sample period, call SimulateO. After simulation, the output may be read back by 

calling- ResultO. If you want to create a new simulation object, you must derive your class from 

SimulationObject (in file OBJ_SIMU.*), and implement the virtual methods shown above. A portion of 

the class hierarchy for the simulation object library is shown in Figure 65. 

Simulation 
Object 

, , 

Map Connection Neuron 

, 

Inner Hair 
Cell 

'1----., 
1111 II 

Gammatone 
Filter 

Figure 65. Inheritance diagram for part of the simulation object library. 

7.2.3.3 Simulation Engine 

In any single-threaded event driven application, you cannot spend large amounts of time doing one 

computational task without affecting the user interface. Messages will accumulate in the application's 

message queue until the program becomes unresponsive. To avoid this problem, the simulation 

engine is designed as a finite state machine. Each state exits after doing a small amount work so that 

we have a chance to retrieve user input, and let paint messages be dispatched for regular display 

updates. In the simulator, a state was designed to complete the simUlation of either: 

1 . a map of simulation elements. 
2. a maximum of 1000 connections. 
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In this way, large simulations are split into manageable portions, and the program is responsive to the 

user. The simulation engine is invoked from the application's idle function, so it only runs when there is 

no other message processing to be done. A simplified view of the simulation state machine is shown in 

Figure 66. 

Entry 

Work done 

Nothing to paint. 

Goto current state 

Exit 

~ 
Work done 

Work done 
High count expired All low rate objects done 

Figure 66. Simplified view of the simulation engine finite state machine .. 

If the display is out of date, then the relevant maps or views are repainted. If there is nothing to paint, 

then we go to the current state. Each state performs a single task, such as simulating a map, or 

simulating a block of 1000 connections before exiting. When all high rate objects have been simulated, 

the simulation time is updated. A counter is used to ensure the high rate states are entered 12x more 

often than the low rate states. Further implementation details can be found in the file SNS_SIMU.CPP. 

7.2.3.4 Error Handling 

Error handling is an important part of any application that is often neglected. In the past, it was difficult 

to implement properly, because error codes from deep inside the program had to be propagated back 

to higher levels, where a suitable error message could be displayed. With the advent of C++ exception 

handling, and smart pointers that automatically deallocate memory, all this has changed. Now it's 
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incredibly easy to implement robust error handling in a platform independent manner. In the selective 

network simulator, error handling is implemented as follows: 

1. A try-catch block is placed around the applications IdleActionO function. 
2. If an error occurs a character string exception is thrown from the point of the error. 
3. The error message is displayed in a message box from within the catch statement. 

This arrangement catches all simulator errors in one hit. To clarify this, a pseudo code snippet from 

the simulator is shown in Listing 2. For actual implementation details see the file GULSNS.CPP. 

bool SNSApplication::ldleAction( long idleCount 
( 

TApplication::ldleAction( idleCount ); 
try 
( 

II Run a simulation 
Simulator->Simulate(); 

catch( const char* sErrorMessage 
( 

II Catch and display any errors 
GetMainWindow() ->MessageBox( sErrorMessage, "Simulator Error" ); 

return true; 

Listing 2. Error handling in the selective network simulator. 

If a hypothetical "file open" error occurs somewhere inside the SimulateO function, then at the point of 

the error, we can write the following error throwing code. 

if( file_open_error_occurred ) 
throw "Unable to open the simulation file"; 

This will be c~ught in the IdleActionO catch block, and displayed in a message box. Note that the file 

open error throwing code is not coupled in any way to the graphical user interface, so this technique is 

portable. It will work on any platform with an ANSI C++ compiler. In a normal application where the 

IdleActionO function is not used, the try-catch block would be placed around the main message loop 

instead. 
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7.2.4 Using the Simulator 

The selective network simulator user interface is extremely simple. There are only a few commands 

for starting a simulation, stopping a simulation, and loading simulation files. For this reason, I will 

describe the process you must follow to develop and run a model on the simulator, rather than 

describe every menu item in intricate detail. 

The first thing you must do is develop a C++ simulation script, which specifies the model to be 

simulated. A large number of examples can be found in the \models directory of the software. All 

scripts make use of the simulation object library in sns.dll, as described in Appendix 3. Scripts must 

include the header file <sns.h>, and be linked with the import library sns.lib to make use of the 

available services. Borland C++ version 5.01 was used to compile and link scripts into dynamically 

linked libraries with a ".sns" extension~ The process is illustrated in Figure 67. 

#include 
<sns.h> 

t 
Create ! 

C++ simulation 
script ( •. cpp) j 

Import library 
(sns.lib) 

Borland C++ Simulation file 
v5.0x compile 
and link DLL 

(·.sns) 

File open 

Figure 67. The simulation file development process. 

Selective 
network 

simulator 

After you have successfully created a simulation file with a ".sns" extension, it can be opened and run 

normally using the selective network simulator. 

If you want to create new parts for the simulation object library, the process is a little more involved 

(see Figure 68). First you must derive a new class from SimulationObject, and implement all the 

necessary virtual methods. Then you will need to add the C++ source file to the sns.ide project file, 

and recompile the simulation object library. If the interface of any simulation object class has changed, 

then the selective network simulator will also need to be relinked to include the new import library. 

You will also need to add your new simulation object header file to sns.h, so that it is visible to the 

simulation scripts. After altering the simulation object library you should also recompile and link your 

model again, as shown in Figure 67. 
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Create Add to simulation Borland C++ Simulation 
C++ simulation r--+ object library v5.0x compile object library 

object (*.cpp) project (snsJde) and link DLL (sns.dll) 

Selective network Borland C++ Selective network 
simulator project v5.0x compile simulator 

(guLsns.ide) and link EXE (sns.exe) 

Figure 68. The simulation object library development process. 

7.2.5 Future Improvements 

In future, it would be nice not to have to recompile a script manually every time it changed. Ideally it 

would be best to develop a small simulation scripting language and a suitable compiler. The compiler 

could be executed at load time, avoiding the need for a separate manual compilation stage. 

Another approach might be to make the program more graphical. Simulation objects could be inserted 

onto a page in a similar manner to a simple drawing program. Then by double clicking on the object its 

parameters could be setup. 

Both of these improvements relate to the ease of use of the simulator. They don't improve its 

performance or flexibility, and would be a considerable amount of work to Implement. That's why I've 

chosen not to pursue them any further at this stage. 
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Appendix 3 

This appendix documents the simulation object library variables, macros, functions, 
and objects. It is intended to be used as a reference manual for developing simulation 
scripts. 

7.3 Simulation Library Reference 

The selective network simulator simulation library, sns.dll, is an important part of the simulator. It 

contains a large number of fully interconnectable C++ simulation objects, which are "wired" together to 

form the system to be simulated. Some examples of simulation objects are: filters, neurons, and two

dimensional maps. 

The connections and parameter values for all simulation objects are specified using a C++ simulation 

script. The simulation script is compiled into a dynamically linked library (DLL) with a ".sns" extension 

and loaded by the simulator. This arrangement provides a high degree of flexibility in the way 

simulation objects are created and connected. 

A number of classes and macros have been designed to simplify the creation of simulation scripts. If a 

particular configuration cannot be achieved using the standard facilities, then it is possible to revert 

back to pure C++ to implement it. Another important feature which simplifies the creation of simulation 

scripts, is the extensive use of default parameter lists. In many cases, only one or two parameters out 

of many need to be specified explicitly. 

To get a feel for simulation scripts, a simple example is illustrated in Listing 3. 

#include <sns.h> 

simulation 
{ 

sampling_rate 
map_t cortex 
all_elements (cortex) 

= high; 
map ( "Area 34", 10, 10, 50, 50, 5 ); 

= chopper_neuron; 

Listing 3. A minimal simulation script. 
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All simulation scripts must #include <sns.h> and be enclosed in the "simulation { }" 

construct. The first line sets the sampling rate for all subsequent statements to the high rate of 48kHz. 

A 1 Ox1 ° map labelled "Area 34" is created at screen position x=50, y=50, and completely filled with 

neuron simulation objects. The chopper_neuron has no parameters, indicating that the default 

values specified as arguments in its constructor are used. 

The simulation library can be customised and extended if desired. An overview of this process is 

provided in Appendix 2. 

THE LIBRARY 
ur~IVERSITY OF CANTERBURY 

CHRISTCHURCH, N.Z. 
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7.3.1 Global Variables 

7.3.1.1 Sampling Rate 

Sets the default sampling rate for all subsequent simulation script statements. 

Syntax 

sampling_rate 

Parameters 

Remarks 

<rate> 

'" The. high sampling rate is normally used only for lower level signal processing stages. At higher 

levels where rate-to-place transformation has occurred, such high sampling rates aren't required. 

Example 

Map 1 contains 100 primary-like neurons that are simulated at 48kHz. Map 2 contains 100 chopper 

neurons that are simulated at 4kHz. 

sampling_rate = high; 
map_t mapl 
all_elements (mapl) = 

map ( "Map 1/1, 10, la, 50, 50, 5 ) i 
primarylike_neuron; 

sampling_rate 
map_t map2 
all_elements (map2) 

= low; 
map ( "Map 2", 10, 
chopper_neuron; 

10, 50, 200, 5 }; 
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7.3.2 Simulation Macros 

7.3.2.1 Row 

Iterates through columns in the specified map, assigning simulation objects to all cells in the specified 

row. 

Syntax 

rowe int row_no, map_t name ) 

Parameters 

row no 
name 

Remarks 

.. This macro is used to avoid the need to manually create c++ "for" loops for row assignments. 

e Each cell is checked before assignment to ensure it does not already contain an object. 

.. The row number is checked to ensure it lies within the map's bounds. 

Example 

Map 1 contains two rows and ten columns of empty cells. The cells of row 0 are populated with 

primary-like neurons, and the cells of row 1 are populated with chopper neurons. 

sampling_rate 
map_t map1 
rowe 0, map1 
rowe 1, mapl 

high; 
map ( "Map 1", 2, 10, 50, 50, 5 ) i 

= primarylike_neuroni 
= chopper_neuron; 
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7.3.2.2 Column 

Iterates through rows in the specified map, assigning simulation objects to all cells in the specified 

column. 

Syntax 

column ( int col_no, map_t name) 

Parameters 

Remarks 

'" This macro is used to avoid the need to manually create C++ "for" loops for column assignments. 

'" Each cell is checked before assignment to ensure it does not already contain an object. 

• The column number is checked to ensure it lies within the map's bounds. 

Example 

Map 1 contains ten rows and two columns of empty cells. The cells of column 0 are populated with 

primary-like neurons, and the cells of column 1 are populated with chopper neurons. 

sampling_rate 
map_t map1 
column ( 0, map1 
column ( 1, map1 

= high; 
= map( "Map 1", la, 2, 50, 50, 5 ) i 
= primarylike_neuron; 

chopper_neuron; 
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7.3.2.3 Element 

Assigns a simulation object to a map cell with index bounds checking. 

Syntax 

element ( int row_no, int col_no, map_t name) 

Parameters 

row no Specifies the row number. 
col no Specifies the column number. 
name Specifies the target map. 

Remarks 

• Each cell is checked before assignment to ensure it does not already contain an object. 

,. The row and column numbers are checked to ensure they lie within the map's bounds. 

Example 

A cell at row 5, column 8 iA Map 1 is populated with a chopper neuron. 

sampling_rate 
map_t map1 
element ( 5, 8, map1 ) = 

high; 
map ( "Map 1", 10, 10, 50, 50, 5 ) i 

chopper_neuron; 

This could also be done without any checking as follows 

sampling_rate = high; 
map_t map1 map ( "Map 1", 10, 10, 50, 50, 5 ); 
map1[5] [8]' = chopper_neuron; 
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7.3.2.4 All Elements 

Iterates through every element in the specified map assigning simulation objects to all cells. 

Syntax 

all_elements ( map_t name) 

Parameters 

Remarks 

III This macro is used to avoid the need to manually create C++ "for" loops for assignments. 

• Each cell is checked before assignment to ensure it does not already contain an object 

III The row and column number is checked to ensure it lies within the map's bounds. 

Example 

All cells in Map 1 are populated with primary-like neurons. 

sampling_rate 
map_t map1 
all_elements( map1 

high; 
map ( "Map 1", 10, 10, 50, 50, 5 ); 

= primarylike_neuron; 
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7.3.3 Simulation Functions 

7.3.3.1 Rand 

Generates a random floating point number from a uniform distribution over the interval 0, .. ,1.0. The 

endpoints of this interval are not returned. 

Syntax 

double rand ( ) 

Parameters 

Remarks 

III Used by the neuron model to determine whether it should fire. 

III The seed may be set from the Simulation menu in the selective network simulator as a specific 

value or the current time. 

Example 

An array of 10 uniform random floating point numbers is created. 

double randoffi_floats[lO]; 
for( int i=Oi i<lO; i++ ) 

randoffi_floats(i] rand(); 
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7.3.3.2 Randi 

Generates a random integer from a uniform distribution over the specified interval. The endpoints of 

the interval are returned. ie. They are inclusive. 

Syntax 

long randi( long low, long high) 

Parameters 

enerated. 

Remarks 

co This function is useful for confining random connections to within the bounds of a map. 

EI The seed may be set from the Simulation menu in the selective network simulator as a specific 

value or the current time. 

Example 

Map 1 (5x5) is connected to Map 2 (1 Ox1 0) by 100 random connections. The connection source and 

destination cells are always within the bounds of each map. 

sampling_rate ~ lOWi 
map_t mapl ~ map("Map 1", 5, 5, 50, 50, 5 )i 

map_t map2 map("Map 2", 10, 10, 50, 200, 5 ) i 

all_elements( mapl ) ~ primarylike_neuroni 
all_elements( map2) primarylike_neuroni 
for( int i=Oi i<100i i++ ) 

connect ( mapl[randi(O,4)] [randi(O,4)], map2[randi(O,9)] [randi(O,9)] )i 
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7.3.3.3 Randg 

Generates a single random deviate from a gaussian (normal) distribution with the specified mean and 

standard deviation. 

Syntax 

double randg( double mean, double sd ) 

Parameters 

mean 
sd 

Remarks 

" Useful for setting connection weights and other parameters to some initial value. 

" The seed may be set from the Simulation menu in the selective network simulator as a specific 

value or the current time. 

Example 

An array of 100 normally distributed floating point numbers with a mean of 10 and a standard deviation 

of 0.05 is created. 

double randoffi_gaussian[lOO]i 
fort int i=Oi i<lOOi i++ ) 

randoffi_gaussian[i] = randg( 10, 0.05 ); 



SIMULATION LIBRARY REFERENCE 108 

7.3.3.4 Spl 

Converts the sound pressure level specified in decibels, to a peak amplitude in volts. 

Syntax 

double spl( double dB ) 

Parameters 

Remarks 

It The conversion is made using the following formula: 

Vp = .J2 . 20 X 10-6 .1O(dB'20) 

Example 

The firing threshold and dynamic range of all primary-like neurons in Map 1 are set to 10dS and 30dS 

respectively. 

sampling_rate 
map_t map1 
all_elements( map1 ) 

== high; 
== map("Map 1", 1, 10, 50, 50, 5 ) i 
== primarylike_neuron( spl(10), spl(30) ); 



7.3.4 Simulation Objects 

7.3.4.1 Adder 

Adds two or more input values together. 

Syntax 

adder () 

Parameters 

Remarks 

• Used by the neuron models to sum dendritic potentials. 
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III Used on the output of inner hair cells to implement automatic gain control. 

Example 

An empty 1 x1 0 map is created and populated with adder simulation objects. 

map_t mapl map ( "Map 11/, 1, 10, 50, 50, 5 ) i 
all_elements (mapl) = adder; 
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7.3.4.2 Chopper Neuron 

Creates and initialises a chopper neuron simulation object. 

Syntax 

chopper_neuron(double fFiringThreshold=4E-3, double fDynamicRange=40E-3, 
long nMaxFiringRate=500, long nLearningThreshold=1000, 
double fSpikeWidth=65E~6, double fSpikeCountlnterval=10E-3 

Parameters 

fFiringThreshold Firing threshold in volts. The neuron will not fire unless the 
somatic potential exceeds this value. 

fDynamicRange Dynamic range in volts. Used to set the range over which 
the probability of firing is adjusted between 0 and 1. 

nMaxFiringRate Maximum firing rate in spikes/so This sets an upper limit on 
the maximum firinQ rate of the cell. 

nLeamingThreshold Learning threshold in spikes/so This value is 
backpropagated to all dendrites and represents the 
maximum firing rate that must be input to any dendrite 
before the connection weight will be adjusted using 
Hebbian learning. By default it is set to a high value so that 
learning is disabled. 

fSpikeWidth Action potential width in seconds. 
fSpikeCountinterval Spike counter measurement interval in seconds. Every 

neuron maintains a count of the number of spikes it 
generated over a particular time interval. This parameter 
adjusts that interval. Normally it will not need to be 
changed. 

Remarks 

• Chopper n~urons are intended to be used for modeling intensity pathways in the brain. 

Example 

A map of chopper neurons is created. The first row is populated with cells with a firing threshold of 

10dB and a high maximum firing rate of 600 spikes/so The second row is populated with cells with a 

firing threshold of 70dB and a maximum firing rate of 200 spikes/so Both neurons have a 30dB 

dynamic range. 

sampling_rate 
map_t avcn 
row( 0, avcn 
row ( 1, avcn 

= high: 
map ( "AVCN" , 2, 100, 50, 50, 5 ): 

= chopper_neuron ( spl(10), spl(30), 600 ): 
chopper_neuron ( spl(70), spl(30), 200 ); 
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7.3.4.3 Connection 

Creates and initialises an analog or digital connection between two simulation objects. 

Syntax 

connect { SimulationObject* pSource, SimulationObject* pDestination, 
double fWeight=l.O, double fDelay=O.O, double fTimeConstant~lOOO, 
double PotentiationRate=O.O, double fDepressionRate=O.O ); 

Parameters 

pSource Pointer to a simulation object to receive input from. 
pDestination Pointer to a simulation object to send output to. 
fWeight Initial connection strength in the range -1.0 ~ x <1.0. 
fDelay Time delay in seconds between connection input and 

output. At the low sampling rate the delay must be in the 
range 0 ~ x ~ 240ms. At the high sampling rate the delay 

- must be between 0 ~ x ~ 20ms. 
fTimeConstant Connection time constant in seconds. Connection potential 

decays to 36.8% of its instantaneous value in this time. 
fPotentiationRate Factor specifying rate of connection weight increase during 

Hebbian learning in the range 0 ~ x ~ 1.0. 
fDepressionRate Factor specifying rate of connection weight decrease during 

Hebbian learning in the range 0 ~ x S 1.0. 

Remarks 

.. Only specifying the first two parameters creates a direct analog connection between two simulation 

objects with zero delay and a connection weight of 1.0. 

• Specifying a delay of zero with a normal decay time constant «1 OOOs) creates a zero delay analog 

leaky integrator connection between two simulation objects. 

.. Specifying.a normal delay creates a digital connection between to simulation objects. That is, it 

uses a bit queue to transfer the 1 OOmV action potentials. Analog values will be destroyed. 

.. Connections with positive weights are excitory, connections with negative weights are inhibitory. 

.. Setting the potentiation rate to zero prevents any weight changes. 

Example 

The first statement creates a direct, zero delay analog connection between two simulation objects in 

different maps. The second statement creates a digital connection from the output of a simulation 

object in one map to the input of a simulation object in another map. The connection has a weight of 

0.5, a delay of 1 ms and a time constant of 5ms. 

connect ( mapl [5] (3], map2 [9] (6] ); 
connect ( map2[4][1], map3[2][7], 0.5, lE-3, 5E-3 )i 
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7.3.4.4 Delay 

Creates and initialises an analog delay simulation object. 

Syntax 

delay( double fTime ); 

Parameters 

ITime Time in seconds input should be delayed. The minimum 
value is governed by the sampling rate. At the high rate of 
48kHz it is 20.83us and at the low rate of 4kHz it is 250us. 

Remarks 

• A cochlea-like delay line may be constructed by cascading a map of delay elements together. 

Example 

The following statements create a two segment analog delay line 2ms long in a map called cochlea. 

The output of the first delay element is connected to the input of the second. 

sampling_rate high; 
map_t cochlea ::: map ( "Cochlea", 1, 2, 50, 50, 5 ); 
element ( 0, 0, cochlea) ::: delay( 1E-3 )i 

element { 0, 1, cochlea) ::: delay( 1E-3 ); 
connect ( cochlea [0] [0], cochlea [0] [1] ); 
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7.3.4.5 Electrode 

Creates and initialises an electrode simulation object and its corresponding output file. 

Syntax 

electrode ( const char* pFileName, oSimulationObject* pSource=O, 
int nStatistic=OUTPUT_POTENTIAL ); 

Parameters 

pFileName The ASCII path and filename of the electrode's output file. 
Remember to use double slashes if a path is specified. 

pSource Pointer to a simulation object to receive input from. 
nStatistic Statistic to monitor with the electrode. The meanings of the 

statistics vary somewhat with the simulation object being 
monitored. One of: 

- INPUT_RATE 
INPUT_POTENTIAL 
INPUT_THRESHOLD 
INPUT_WEIGHT 
OUTPUT_RATE 
OUTPUT POTENTIAL 

Remarks 

III If a simulation object is not specified (set to 0) then the electrode must be connected manually 

using analogue connections. 

III Electrode maps should be created last so that they are simulated last. 

.. Output files are overwritten at the start of each new simulation. 

Example 

The following statements create a 1 x2 channel electrode bank called probe. They monitor the output 

and input potential of a cell in Map 1 respectively. The output files test point 1 "tp.001" and test point 2 

Htp.002" are created and filled with data during the simulation. 

map_t probe 
element ( 0, 0, probe 
element ( 0, 1, probe 

= map( "Probes", 1, 2, 50, 50, 5 ) i 

= electrode ( "tp.001", Mapl[4] [5] ) i 
electrode ( "tp. 002", Map2 [4] [5], INPUT_POTENTIAL ) i 
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7.3.4.6 First Order Highpass Filter 

Creates and initialises a first order highpass digital filter simulation object. 

Syntax 

first_order_highpass_filter( double fTimeConstant=lE-3 ); 

Parameters 

ITimeConstant 

Remarks 

Filter time constant. Time constant TC and the filter cutoff 
frequency fc are related by 

TC= __ I_ 
2·1[· Ie 

" The gain is normalised to unity. 

II The cutoff frequency should be kept below half the sampling rate. 

• The first order highpass filter implements the 1 st order difference equation 

y(n)=K·[x(n) x(n-I)] aI·y(n 1) 

corresponding to the highpass transfer function 

Example 

H(z) = K· (1- Z-l 

I+a1 ' 

The following statement creates and initialises a first order middle ear filter with a slope of 

20db/decade and a cutoff frequency of 1000Hz in a map named ear. 

#include <math.h> II For definition of pi 

sampling_rate high: 
map_t ear = map ( "Ear", 1, I, 50, 50,S); 
ear[O] [0] = first_order_highpass_filter( 1.0/(2.0*M_PI*1000.0} }; 
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7.3.4.7 First Order Lowpass Filter 

Creates and initialises a first order lowpass digital filter simulation object. 

Syntax 

first_order_lowpass_filter( double fTimeConstant=lE-3 ); 

Parameters 

fTimeConstant 

Remarks 

Filter time constant. Time constant TC and the filter cutoff 
frequency fc are related by 

TC= __ l_ 
2 .Jr. Ie 

• The gain is normalised to unity. 

• The cutoff frequency should be kept below I"\alf the sampling rate. 

• The first order lowpass filter implements the 1 st order difference equation 

yen) = K . [x(n) + x(n -1)] + aI· yen -1) 

corresponding to the lowpass transfer function 

H(z) = K'(l+ ) 
I-at' 

Example 

The following statement creates and initialises a first order high frequency roUoff filter with a slope of 

20db/decade and a cutoff frequency of 5000Hz in a map named ear. 

#include <math.h> II For definition of pi 

sampling_rate = high; 
rnap_t ear 
ear [0] [0] 

= map ( \\Ear" I 1, 1, 50, 50, 5 ) i 
first_order_lowpass_filter( 1.0/(2.0*M_PI*5000.0) ); 
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7.3.4.8 Gammatone Filter 

Creates and initialises a gammatone bandpass filter simulation object. 

Syntax 

gammatone_filter( double fCentreFrequency, double fEW, int nOrder~4 )i 

Parameters 

fCentreFrequency Filter centre frequency in Hertz. 
fBW Filter -3dB bandwidth in Hertz. 
nOrder Filter order; the number of identical 2-pole sections to 

cascade. 

Remarks 

" A tl:lird or fourth order gammatone filter is usually sufficient for cochlea filter banks. 

.. The gain is normalised to unity at the centre frequency. 

Example 

The following statement creates a 4th order gammatone filter with a centre frequency of 1 kHz and a 

bandwidth of 100Hz. 

sampling_rate = high; 
map_t gamma map ( "Garnmatone", 1, 1, 50, 50, 5 ) i 

gamma [0] [0] = gammatone_fi1ter( IE3, 100 ); 
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7.3.4.9 Inner Hair Cell 

Creates and initialises an asymmetric compressive inner hair cell simulation object. It must be 

cascaded with a neuron to transform its analog output into a digital spike train. 

Syntax 

inner_hair_cell( double fPower=0.37 ) i 

Parameters 

fPower 

Remarks 

Compressive exponent y in XV where x=input sample. 
Normall this will not need an ad'ustment. 

.. This unit assumes that an input level of 0.7071 Vrms = 91 dB SPL. 

• The inner hair cell is an asymmetric compressor which implements the power law 

{
13.36XlO~3 . x(n) 0.37 

yen) = .. 
-3,42 x 10-3 'lx(nt

37 

Example 

X(ll) ;;:: 0 

x(n) < 0 

The following statement creates and initialises a row of inner hair cells with a power of 0.37 in a map 

named cochlea. 

sampling_rate 
map_t cochlea 
row ( 1, cochlea 

= high; 
= map( "Cochlea", 3, 100, 50, 50, 5 ) i 

= inner_hair_cell; 
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7.3.4.10 Map 

Creates and initialises an empty two-dimensional simulation object map. 

Syntax 

map_t <name> map ( canst char* pLabel, int nRows, int nCols, 
int nScreenX, int nScreenY, int nCellSize )i 

Parameters 

map_t <name> Name of the map variable. Has a type map_t and it can 
have any map name. 

pLabel Visible map label. Can be u~ to 255 characters in length. 
nRows Number of rows in map. 
nCo Is Number of columns in map. 
nScreenX Top left screen x coordinate in pixels. 
nScreenY Top left screen y coordinate in pixels. 
nCeliSize Map cell width and height in pixels. Must be an odd number 

Qreater than or equal to 5. 

Remarks 

.. Top left hand corner of a map has indices (0,0). 

" Map names are case sensitive. 

.. High sampling rate maps are simulated first in the order of creation, followed by low sampling rate 

maps in the order of creation. 

.. Map elements may be accessed with the matrix syntax, name[row][col]. 

Example 

The following' statement creates a 1 OOx1 00 map of primary-like neurons named cortex. Its top left 

hand corner is positioned at (50,50) on the screen. Each map cell is 5 pixels square. 

sampling_rate low; 
map_t cortex = map ( "Cortex" I 100, 100, 50 I 50, 5 ) i 
all_elements (cortex) = primarylike_neuron; 
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7.3.4.11 Meddis Inner Hair Cell 

Creates and initialises a Meddis 1990 inner hair cell simulation object (Meddis, 1986, 1988, 1990). 

Syntax 

meddis_inner_hair_cell{ double fA=S, double fB=300, double 000, 

Parameters 

fA 
fB 
fg 
fy 
fI 
fr 
fx 

-

fSpikeWidth 

Recommended Settings 

double fy=S.OS, double fl=2S00, double fr=6S80, 
double fx=66.31, double fSpikeWidth=0.SE-3 ): 

Permeability factor A. 
Permeability factor B. 
Permeability factor g. 
Replenishment rate. 
Rate of loss from cleft. 
Rate of return from cleft. 
Rate of release from reprocessing to free transmitter. 
Width of generated spikes in seconds. 

Parameter High Spontaneous Rate Fibre Medium Spontaneous Rate Fibre 
fA 5 10 
fB 300 3000 
fg 2000 1000 
fy 5.05 5.05 
fI 2500 2500 
fr 6580 6580 
fx 66.31 66.31 

Remarks 

.. The input level has been normalised such that the correct output is obtained when the input is in 

units of dB sound pressure level, unlike the original model. 

Example 

The following statement creates and initialises a row of high spontaneous rate Meddis inner hair cells 

in a map named cochlea. 

sampling_rate high: 
map_t cochlea = map{ "Cochlea", 3, 100, SO, SO, S ): 
row{ 1, cochlea = meddis_inner_hair_cell: 
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7.3.4.12 Primary-like Neuron 

Creates and initialises a primary-like neuron simulation object. 

Syntax 

primarylike_neuron( double fFiringThreshold=100E-3, 
double fDynamicRange=100E-3, double fMaxFiringProbability=0.25, 
double fMinAbsoluteRefractoryPeriod:200E-6, 
long nLearningThreshold=lOOO, double fSpikeWidth=65E-6, 
double fRestingPotential=O.O, double fSpikeCountlnterval=10E-3 

Parameters 

fFiringThreshold Firing threshold in volts. The neuron will not fire unless the 
somatic potential exceeds this value. 

fDynamicRange Dynamic range in volts. Used to set the range over which 
the probability of firing is adjusted between 0 and 1. 

fMaxFiringProbability Maximum firing rate probability. This sets an upper limit on 
the maximum firing rate of the cell. 

fMinAbsoluteRefractoryPeriod Minimum absolute refractory period in seconds. Sets the 
minimum time the cell can be in a refractory period. 

nLearningThreshold Learning thr~shold in spikes/so This value is 
bacKpropagated to all dendrites and represents the 
maximum firing rate that must be input to any dendrite 
before the connection weight will be adjusted using 
Hebbian learning. By default it is set to a high value so that 
learning is disabled. 

fSpikeWidth ! Action potential width in seconds. 
fRestingPotential Resting potential in volts. This value is backpropagated to 

all dendrites and is used to reset their built-in integrators. 
fSplkeCou ntl nterval Spike counter measurement interval in seconds. Every 

neuron maintains a count of the number of spikes it 
generated over a particular time interval. This parameter 
adjusts that interval. Normally it will not need to be 
changed. 

Remarks 

It Primary-like neurons are intended to be used for modeling time pathways in the brain. 

Example 

A map of primary-like neurons is created. The first row is populated with cells with a firing threshold of 

10dB and a maximum firing probability of 0.25. The second row is populated with cells with a firing 

threshold of 70dB and a maximum firing probability of 0.95. Both neurons have a 30dB dynamic 

range. 

sampling_rate 
map_t avcn 
row ( 0, avcn 
row ( 1, avcn 

high; 
= map( "AVCN", 2, 100, 50, 50, 5 ); 
~ primarylike_neuron( spl(10), spl(30) ); 
= primarylike_neuron( spl(70), spl(30), 0.95 ); 
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7.3.4.13 Sine Wave Generator 

Creates and initialises a sine wave generator simulation object. 

Syntax 

sinewave_generator( double fFrequency, double fAmplitude=1.0, 
double fDuration=10.0, double fStartTime=O.O ); 

Parameters 

fFrequency Generator's output frequency in Hertz. 
fAmplitude Generator's peak output amplitude in volts. 
fDuration Generator's burst duration in seconds. 
fStartTime Generator's start time in seconds. 

Remarks· 

ID Analog sine wave values are generated at the current sampling rate. 

e During silent periods output samples are zero. 

" For accurate timing use the high sampling rate. 

Example 

The following statement creates a sine wave generator that will produce a 100ms tone burst at a 

frequency of 1 kHz. The output amplitude is 1 V RMS and the burst begins at simulation time t=5ms. 

sampling_rate 
map_t wavegen 
element ( 0, 0, wavegen ) 

= high; 
= map ( "Wave Generator", 1, 1, 50, 50, 5 ); 
= sinewave_generator( 1.414, 1E3, 100E-3, 5E-3 ); 
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7.3.4.14 Sound Wave 

Initialises a sound simulation object from a wave format file. 

Syntax 

sound_wav( const char* pFileName, int nChannel=mono, 
double fScaleFactor=1.0 ); 

Parameters 

pFileName Path and filename of the .wav file. 
nChannel Sound wave channel selection for multi-channel files. 

mono Monaural channel 
left Left channel 
right :::: Right channel 

fScaleFactor The sound wave is multiplied by this scale factor before 
being output. 

Remarks 

'I The .wav file must have been sampled at 48 kHz. 

.. The .wav file must contain 8/16 bit mono/stereo PCM data. 

It The .wav format is the Microsoft Windows 95/98 audio file format. 

Example 

The following statements create and initialise two incoming sound waves, from a file named chirp.wav, 

located at path c:\sounds. The map named ear is populated with two sound waves. The left channel 

samples are output from ear[O][O]. The right channel samples are output from ear[O][1 J. The scale 

factors are left at unity so the input level is unchanged. 

sampling_rate 
map_t ear 
element ( 0, 0, ear) 
element ( 0, I, ear) 

== high; 
map ( "Ear 1/, I, 2, 50, 50 , 5 ) i 

:::: sound_wav( "e:\\sounds\\chirp.wav", left );. 
sound_wav( "e: \ \sounds\ \chirp.wav", right); 
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7.3.4.15 Spike Generator 

Creates and initialises a spike generator simulation object. 

Syntax 

spike_generator ( double fSpikeInterval, double fSpikePhase=O.O, 
double fSpikeWidth=0.5E-3 I; 

Parameters 

fSpikelnterval Generator's inters pike interval in seconds. 
fSpikePhase Generator's first spike time offset in seconds. 
fSpikeWidth Generator's spike width in seconds. 

Remarks 

• Th~ spike phase must be less than the spike rate. 

Example 

The following statements create and initialise two spike generators in a map named spikegen. They 

generate a O.5ms spike every 10ms. The first spike generator has a 3ms phase offset with respect to 

the other. 

sampling_rate = high; 
map_t spikegen = map ( "Spike Generator", 1, 2, 50, 50, 5 Ii 
element ( 0, 0, spikegen = spike_generator ( 10E-3, 3E-3 I; 
element ( 0, 1, spikegen I = spike_generator ( 10E-3 I; 
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ppendix 4 

First order digital filters have been used extensively in the auditory model. In this 
appendix the transfer functions and difference equations for lowpass and highpass 
digital filters are derived. 

7.4 Digital Filter Design 

7.4.1 lowpass Filter 

The circuit diagram for a first order analogue lowpass filter is shown in Figure 69. 

R 
Vin 0---1 I 

o Vout 

Z1 

Z2 Ie 
Figure 69. First order lowpass filter schematic. 

The -3dB cutoff frequency We is found by noting that at this frequency the capacitive reactance is equal 
to the resistance. 

Rearranging for We 

(j) c 1/ RC ( 17 ) 

The transfer function H(s) is found using the voltage divider theorem 

V 1/ sC 1 
H(s)=~= = = (18) 
. 11;" ZI + Z2 R + 1/ sC sRC + 1 
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Multiplying through by the cutoff frequency We and simplifying 

H(s) (19 ) 

Converting the analogue transfer function into the digital domain using bilinear transformation 

Pefining the digital cutoff frequency as {J) d = {J) c T and simplifying 

H(z) = (1 + Z-I • 

(2 + {J) d) - (2 - OJ d) . 

where 

(22 ) and 

Rearranging and expanding H(z) 

Taking the inverse Z transform gives the difference equation 

2 -0) 
a = d 

1 2+{J) 
d 

yen) K· [x(n) + x(n 1)] + al ' yen -1) 

(20 ) 

(21 ) 

(23 ) 

(25 ) 
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7.4.2 Highpass Filter 

The circuit diagram for a first order analogue highpass filter is shown in Figure 69. 

Voul 

Figure 70. First order highpass filter schematic. 

The -3dB cutoff frequency (Oc is found by noting that at this frequency the capacitive reactance is equal 
to the fesistance. 

Rearranging for (Oc 

OJ c =:. 11 RC ( 27 ) 

The transfer function H(s) is found using the voltage divider theorem 

R sRC 
=:. (28 ) 

11 sC + R 1 + sRC 

Multiplying through by the cutoff frequency (Oc and simplifying 

s 
H(s) =:. (29) 

s+OJc 

Converting the analogue transfer function into the digital domain using bilinear transformation 

H(z) =:. H(s)ls=~{I-Z-1) 
T l+z-1 

2 (1 Z-l J 
T 1 + Z+l 

=:. -"'---:'--;--'--- =:. ------'----

2(1-Z-IJ - +OJ 
T l+z+l c 

(30 ) 
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Defining the digital cutoff frequency as (jJ d = (jJ c T and simplifying 

(31 ) 

where 

(32 ) and 
(jJ -2 

a = d (33) 
I (jJ +2 

d 

Rearranging and expanding H(z) 

Taking the inverse Z transform gives the difference equation 

y(n) ::::: K· [x(n) - x(n -1)] - a j • y(n -1) ( 35 ) 
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ppendix 

Sound pressure level is used throughout this thesis as a measure of sound intensity. In 
this appendix, sound pressure level is defined and related to some everyday sounds. 

7.5 Sound Pressure level 

7.5.1 Definition 

Sound pressure level (SPL) is a logarithmic quantity measured relative to a OdB reference pressure of 

Po = 20x10'6 Nm2
, Po approximates the weakest audible sound at 2kHz. Sound pressure level is 

defined as (Fink et aI., 1989, pp19.2-19.3) 

where Px is the measured sound pressure in Nm2
• 

7.5.2 Physiological Levels 

Table 12 giv~s some idea of the sound pressure levels found in normal and extreme physiological 

situations (Gregor et aI., 1996, p713). 

Factor Type of Sound SPL (dB) 

1 Reference sound pressure 0 
..fi Mean hearing threshold at 1 kHz 3 

10 Countryside 20 
100 Quiet conversation 40 
1000 Normal conversation 60 
10,000 Loud street noise 80 
100,000 Loud industrial noise 100 
1,000,000 Gunshot, thunder 120 
10,000,000 Jet engine 140 

Table 12. The range of sound pressure levels. 
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lected ren 

8. Selected References 

I have put together the following selected references for those readers who want to obtain additional 

background or follow up an idea. The comments below some references may be useful. They reflect 

my own personal opinions so caution is advised. A three star ratings system is used to indicate which 

references I found the most helpful. It is organised as follows: 

* = Helpful 

** = Very Helpful 

*** = Highly Recommended 

* Almassy N, Edelman G.M, Sporns O. 1998. Behavioural constraints in the development of 
neuronal properties: A cortical model embedded in a real world device. Cerebral Cortex. In 
press. 

A variable learning rate is included in the synthetic neural model for the first time. They claim that 
smooth continuous movement is necessary to obtain translation in variance in higher order visual 
maps. This would be difficult to verify given the experimental setup. 

*** Arbib M.A. Ed. 1995. The Handbook of Brain Theory and Neural Networks. MIT Press. 

The majority of the articles are 2-4 large pages long and provide a brief introduction to each topic. This 
book has enabled me to identify common themes among many seemingly diverse research topics in 
neural networks and artificial intelligence. 

* Atal B.S. 1995. Speech technology in 2001: New research directions. Proc. Natl. Acad. Sci. 
USA. Vol 92. pp1 0046-10051. 

Part of a special issue on speech related topiCS. 

*** Bates J.K. 1995. A model of auditory perception. Control and Dynamic Systems. Vol 69. 
Multidimensional Systems: Signal Processing and Modeling Techniques. Ed. Leondes C.T. 
pp299-435. Academic Press. 

Describes a temporal theory of acoustic perception based on half-wave shapes. Disputes the 
conventional frequency-oriented explanation of cochlea function and suggests that it's the travelling 
wave delay, not the frequency that's important. Provides convincin.q evidence to support many of his 
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claims, but I remain sceptical about his suggested Implementation in neural circuitry. For example, 
there doesn't appear to be much neurobiological evidence to support his claims for the use of outer 
hair cells in waveform sampling in the manner he describes. 

* Bates J.K. 1996. A selectionist approach to auditory perception. IEEE International 
conference on neural networks. Volume 2. pp782-787. 

Adds selectionist ideas taken from Edelman (population thinking) to his theory above. 

* Bruns D, Reinhard J. 1995. Real-time measurement of transmitter release from single 
synaptic vesicles. Nature. VoI3?? Pp62-65. 

* 

** 

Provides some useful timing data taken from leeches on neurotransmitter release times. 

Calvin W.H. 1996. The cerebral code: thinking a thought in the mosaics of the mind. MIT 
Press. 

Presents a far-fetched Darwinian brain theory based on populations of cortical columnslHebblan cell 
assemblies. The author, a neuroscientist, spent a significant amount of time reviewing Edelman's 
theory of neuronal group selection, and found it extremely difficult to comprehend. 

Churchland P.S, Sejnowski T.J. 1992. The computational brain. MIT Press. 

Excellent Introduction to computational neuroscience. Explains things very well, and is written in a 
manner that non-neuroscientists can understand. Goes into considerable depth on topics that are of 
special interest to the authors. 

* Crick F, Koch C. 1998. Constraints on cortical and thalamic projections: the no-strong-Ioops 
hypothesis. Nature. Vol 391. 15th January. pp245-250. 

The connectivity of the macaque monkey's visual system is discussed. They hypothesise that there 
are two classes of connection, the drivers and modulators, which never form strong directed loops. If 
they did, the brain would go into uncontrolled oscillations. This flies in the face of Edelman's theory of 
neuronal group selection, which is reliant on these directed loops. I tend to agree with Crick & Koch's 
hypothesis. The stability issue remains my biggest concern about the theory of neuronal group 
selection. 

* Dallos P, Popper A.N, Fay R.R. Eds. 1996. The cochlea. Springer handbook of auditory 
research. Vol 8. Springer-Verlag. 

An up to date presentation of our current state of know/edge of cochlear anatomy and physiology. It's 
a pity there's no detailed table of contents in this series of books. 

*** Denes P.B, Pinson E.N. 1993. The speech chain: the physics and biology of spoken 
language. 2nd Edition. W.H. Freeman and Company. 

This is by far the best book I have seen on the topic of human speech. It somehow manages to lucidly 
convey a large amount of advanced technical information in a childlike manner. This makes the book 
suitable for both novices and experts alike. I found the tables and graphs scattered throughout its 
pages to be very helpful. The book originated from Bell Telephone Laboratories over thirty years ago 
and is still in print. 

* DUncan R. L. 1993. Sound & hearing: a conceptual introduction. Lawrence Erlbaum 
Associates. 

Good diagrams and plenty of worked examples. 

** Edelman G.M. 1987. Neural Darwinism. Basic Books. 
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An in-depth treatment of the theory of neuronal group selection. Heavy going for non-neuroscientists. 
Serious readers will need to set aside at least 2-3 weeks to complete it. The language used makes it 
difficult to comprehend In places, keep your dictionary handy. Contains many original/deas. One of 
the better brain theories I have seen. 

*** Edelman G.M, Gall W.E, Cowan W.M. Eds. 1988. Auditory function: neurobiological bases 
of hearing. John Wiley. 

The worlds foremost experts present comprehensive reviews of areas in auditory neurobiology. Text is 
clear and easy to read. Material is presented cautiously, with great care taken to separate fact from 
speculation. I can't recommend this book highly enough. Appears to be out of print though. 

* Edelman G.M. 1988b. Group selection as the basis for higher brain function. Brain theory. 
Reprint Volume. Eds. G.L Shaw, G. Palm. Chapter 22. pp301-329. World Scientific. 

Presents an embryonic form of the theory of neuronal group selection and the motivation for it. I found 
it useful to grasp the basic concepts of the theory, which were later presented in a more sophisticated 
manner. It describes the Darwin I simulation, which was simply a 32-bit number pattern recognition 
engine. A useful flowchart is presented that provides a concrete example. 

-

** Edelman G.M. 1989. The remembered present: a biological theory of consciousness. Basic 
Books. 

Extends the theory of neuronal group selection to incorporate consciousness, memory, and language. 
Provides a useful summary of previous material. More speculative than Neural Darwinism. Many good 
ideas presented, but they would be difficult to test. I remain unconvinced about some aspects of the 
basic theory, so I did not take the material presented in the extended theory too seriously. 

* Edelman G.M. 1992. Bright air, brilliant fire. On the matter of the mind. Basic Books, NY. 

The theory of neuronal group selection aimed at the popular science market. I found a few passages 
here and there, which explained some aspects of the theory better than had been done previously. In 
many cases details were omitted or glossed over. 

*** Feng AS, Hall J.C, Gooier D.M. 1990. Neural basis of sound pattern recognition in anurans. 
Progress in neurobiology. Vol 34. pp313-329. 

A comprehensive review of auditory neurobiology in frogs. This paper would provide an excellent 
basis for a complete simulation of the frogs auditory system. Quantitative data is given. Sound files 
are available from the author for testing purposes. 

* Fink D.G, Christiansen D. 1989. Electronics engineer's handbook. 3rd Edition. McGraw Hill. 

* Freeman W. 1991. A novel pathway into brain dynamics. http://sulcus.berkeley.edu/. 

Describes an interesting chaotic brain theory based on studies of olfaction. May also suffer from the 
same instability problems that plague Edelman's theory of neuronal group selection. 

* Galazyuk AV, Feng AS. 1997. Encoding of sound duration by neurons in the auditory 
cortex of the little brown bat, Myotis lucifugus. J. Compo Physiol A 180:pp301-311. 

Quantitative data is provided on duration selective neurons. Better than average sample size of 117. 

*** Geiger S.R. Ed. 1984. Handbook of Physiology. Section 1: The Nervous System. Volume 
III. Sensory Processes, Part 2. Chapter 16. Central neural mechanisms of hearing. 
American Physiological Society. 

Authoritative review of main areas in auditory neurobiology. Text is clear and easy to read. Material is 



SELECTED REFERENCES 132 

presented cautiously with a minimum of speculation. Needs updating though. 

* Gelfand SA 1981. Hearing. An introduction to psychological and physiological acoustics. 
Marcel Dekker. 

Good chapter on pitch. 

** Greger R, Windhorst U. Eds. 1996. Comprehensive human physiology, Volume 1. Chapters 
35-36. pp711-752. Springer-Verlag. 

Up to date reference book with an excellent overview of the mammalian auditory pathway. Provides 
good references to the original sources of the material. 

* Ghitza O. 1994. Auditory models and human performance in tasks related to speech coding 
and speech recognition. IEEE Trans. Speech & Audio Processing. Vol 2. No 1. Part II. 
January. p115-132. 

Typical example of a state-of-the-art model of the auditory periphery for speech processing. Too much 
emphasis placed on auditory nerve firing patterns, with no consideration given to subsequent 

- processing in the cochlear nucleus. Author says there is not enough information to take it any further. I 
disagree with this view. 

* Gooier D.M, Feng A.S. 1992. Temporal coding in the frog auditory midbrain: the influence of 
duration and rise-fall time on the. processing of complex amplitude modulated stimuli. 
Journal of neurophysiology. Vol 67. pp1-22. January. 

Suggests processing of signal duration is done by arrays of neurons acting as duration filters. 
Quantitative data supplied from a sample of 108 midbrain neurons. 

* Gray C.M, Konig P, Engel A.K, Singer W. 1989. Oscillatory responses in cat visual cortex 
exhibit inter-columnar synchronisation which reflects global stimulus properties. Nature. Vol 

. 338. 23rd March. p334. 

Sited by Edelman as direct evidence for the existence of neuronal groups. The existence of 
synchronised oscillatory columns provides some support for reentry, however, the synchronisation 
seems to occur between columns with similar orientation preferences. This suggests to me that these 
corynections may only be connecting spatially separated identical features together. There is no 
evidence in this paper to indicate that anything more complex is going on. 

* Greenwood D.O. 1990. A cochlear frequency-position function for several species - 29 
! years later. J. Acoust. Soc. Am. 87(6). June. pp2592-2605. 

Equation is used to determine the centre frequencies of the channels in a cochlear ff/ter bank. 

* Hall Z.W. Ed. 1992. An Introduction to Molecular Neurobiology. Sinauer Associates. 

* Hawkins H. L, McMullen T.A, Popper A.N, Fay. A.R. Eds. 1995. Auditory computation. 
Springer handbook of auditory research. Vol 6. Springer-Verlag. 

Heavy focus on models of the ear. Provides a useful summary chapter on auditory scene analysis. 
Once again, it's a pity there's no detailed table of contents. 

* Holt G.A. 1998. A critical reexamination of some assumptions and implications of cable 
theory in neurobiology. Ph. D. Thesis, California Institute of Technology, Computation and 
Neural Systems Program. 

Contains some good advice on how, and how not to build spiking neuron models. It recommends the 
use of separate time constants for each dendrite. It also indicates that a neuron's membrane time 
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constant is insignificant when compared to its dendritic time constants. 

* Irino T, Patterson A.D. 1996. A time-domain, level-dependent auditory filter: the 
gammachirp. J. Acoust. Soc. Am. 101 (1). January. pp412-419. 

The gammachirp filter looks like a considerable improvement over the gamma tone filter, however 
more work needs to be done on (a) a mechanism to adjust the bandwidth with signal level in real-time, 
and (b) finding an efficient implementation. 

* Kanold P.O, Young E.D. 1996. Deep somatosensory receptors associated with the pinna 
provide static inhibition of principal neurons in the cat dorsal cochlear nucleus (D9N). ARO 
meeting abstract #680. Session T3. http://www.aro.org 

Provides some experimental evidence to support my moving ear hypothesis. 

* Kimberley B.P, Brown D.K, Eggermont J.J. 1993. Measuring human cochlear travelling 
wave delay using distortion product emission phase responses. J. Acoust. Soc. Am. 94(3), 
Part 1. pp1343-1350. 

- Modern non-invasive measurement technique. Results are consistent with other studies. Background 
noise makes measurements at frequencies below 1 kHz difficult. 

* Konig P, Engel A.K, Singer W. 1996. Integrator or coincidence detector? The role of the 
cortical neuron revisited. Trends in Neuroscience. Vol 19, No 4. p131-137. 

Argues that coincidence detection is the prevalent mode of operation for cortical neurons. This also 
appears to be the case in the peripheral auditory system, where coincidence detectors are used for 
sound localisation. 

*** Krstic A.V. 1991. Human microscopic anatomy: an atlas for students of medicine and 
biology. Springer-Verlag. 

Provides some of the best diagrams I have seen ofthe inner ear. 

* Kulkarni A, Colburn H.S. 1998. Role of spectral detail in sound-source localization. Nature. 
Vol 396. 24/31. pp747-749. December. 

These results suggest that a large amount of spectral detail can be removed before our ability to 
localise sounds in space is degraded. Therefore simplified models of the head and outer ear should 
still provide accurate sound localisation capabilities. 

* Lagner G. 1992. Review Article. Periodicity coding in the auditory system. Hearing 
Research. Vol 60. pp115-142. 

He notes that pitch perception for AM signals is not a continuous function of carrier frequency, but 
instead shows stepwise changes. He goes on to propose a temporal model of pitch perception which 
makes use of oscillators to account for the stepwise changes. I don't subscribe to this view, because I 
believe the stepwise changes in pitch can be more simply explained by finite number of auditory nerve 
fibres, and the laminar architecture of peripheral auditory nuclei. 

*** Levitan I.B, Kaczmarek LK 1997. The Neuron. 2nd Edition. Oxford University Press, NY. 

An excellent book which provides clear explanations of the intricate workings of neurons. As a non-
expert, I found this book more readable than most. 

* Levy K.L, Kipke D.A. 1997. A computation model of the cochlear nucleus octopus cell. J. 
Acoust. Soc. Am. 102 (1). July. pp391-3?? 
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Introduction has some good information on octopus cell characteristics. 

*** Loeb G.E, White M.W, Merzenich M.M. 1983. Spatial Cross-Correlation. Bio. Cybern. 47. 
pp149-163. Springer-Verlag. 

Presents a biologically plausible model of pitch perception which I used as a basis for my auditory 
model. It is likely that it will need further extensions to account for the phase independence of pitch 
perception. 

* Lyon R.F. 1996. The all-pole gammatone filter and auditory models. Forum Acusticum '96, 
Antwerp, Belgium, April 1-4 in session Computational models of signal processing in the 
auditory system. http://www.pcmp.caltech.edu/anaprose/dickiAuditory/APGF. 

These filters are an improvement over the gammatone filter, primarily because they exhibit asymmetry 
in their frequency response. They have a long low frequency tall, which will facilitate the wideband 
interactions necessary for pitch perception, as proposed in this thesis. 

* Magee J.C, Johnston D. 1997. A synaptically controlled, associative signal for hebbian 
plasticity in hippocampal neurons. Science. Vol 275. January. pp209-212. 

Provides evidence to suggest that back propagating action potentials influence the strength of dendritic 
synapses. I used these ideas in my neuron model to adjust the connection weights. Part of a special 
issue on neurons with many other interesting papers. 

* Makhoul J, Schwartz R. 1995. State of the art continuous speech recognition. Proc. Nat!. 
Acad. Sci. USA. Vol 92, pp9956-9963. October. 

Gives useful recognition performance figures. Part of a special issue on speech related topics. 

* Martin A, Wiggs C.L, Ungerleider L.G, Haxby J.V. 1996. Neural correlates of category 
specific knowledge. Nature. Vol 379. 15th February. p649. 

Indicates that damage to the human brain often causes selective loss of knowledge about a specific 
category of objects. This is interesting because it's exactly what the theory of neuronal group selection 
would predict. 

* May B.J. 1998. Lesions of the dorsal cochlear nucleus disrupt sound orientation behaviour 
in cats. ARO meeting abstract #684. Session W, 18th February. http://www.aro.org 

Provides some experimental evidence to support my moving ear hypothesis. 

* Meddis R. 1986. Simulation of mechanical to neural transduction in the auditory receptor. J. 
Acoust. Soc. Am. 79 (3). pp702-711. 

* Meddis R. 1988. Simulation of auditory-neural transduction: Further studies. J. Acoust. Soc. 
Am. 83(3), March. pp 1056-1063. 

* Meddis R, Hewitt M.J, Shackleton T.M. 1990. Implementation details of a computational 
model of the inner hair-cell/ aUditory-nerve synapse. J. Acoust. Soc. Am. 87(4), April. 
pp1813-1816. 

These three Meddis papers are about the same inner hair cell model. There is no easy way to set the 
model parameters. The model was difficult to test due to the variety and obscurity of the test stimuli 
used. Instead of using the normal dB SPL scale, they used a !I(t):= 1 30dB reference. 

This paper contains the fof/owing errors: 

1. Table II, page 1815. Parameter "I loss" for Meddis (1988) column should have a value of 2500 
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instead of 2580. 

2. Fig 2, page 1814. Line 240 should appear before line 220 otherwise variable "c" Is used before it is 
properly initialised. 

3. Fig 2, page 1814, Line 490 should have an "else replenlsh=O" as part of the "If'statement. 

You have to wonder whether they obtained their results with this erroneous source code, or If It was a 
misprint. 

*** Moller A. R. 1982. Auditory physiology. Academic Press. 

An excellent authoritative work. Plenty of useful graphs and diagrams, explains things well. 

** Nieuwenhuys R, Voogd J, Huijzen C. 1988. The human central nervous system: A synopsis 
and atlas. 3rd Edition. Springer-Verlag. 

Good diagrams of the neuroanatomy of the human auditory system. Covers descending pathways that 
many other texts omit. 

* Nobili R, Mammano F, Ashmore J. 1998. How well do we understand the cochlea? Trends 
in Neuroscience. Vol 21. No 4. pp159-167. 

Good summary of current knowledge. They admit that groups of nerve fibres respond Similarly even 
when their characteristic frequencies differ by up to an octave, and that the bandwidths of the cochlear 
filters are much wider than Indicated by simple isofrequency threshold measurements. This is exactly 
what I have suggested in this thesis. 

** Pfeiffer A.R, Kim D.O. 1975. Cochlea nerve fibre responses: Distribution along the coclear 
partition. J. Acoust. Soc. Am. Vol. 58. No.4. October. pp867-869. 

A classic paper which contains measurements indicating that up to 55% of nerve fibres in the cochlear 
can be active In response to a 70dB SPL sinusoId, supportIng my argument that at normal 
physiological levels cochlea tuning is extremely broad. 

* Popper A.N, Fay A.R. 1991. Eds. The mammalian auditory pathway: Neurophysiology. 
Sp~inger handbook of auditory research. Vol 2. Springer-Verlag. 

*** Reeke G.N.Jr, Finkel L.H, Sporns 0, Edelman G.M. 1990. Synthetic neural modeling: A 
multilevel approach to the analysis of brain complexity, in Signal and Sense: Local and 
Global Order in Perceptual Maps. (eds. G.M Edelman, W.E Gall and W.M Cowan). Wiley, 
NY. pp607-706. 

An inspirational work documenting the development of three generations of synthetic neural model 
. based on the theory of neuronal group selection. The models are used to test the theory of neuronal 
, group selection. Heavy going for non-neuroscientists, but well worth putting in the effort to understand .. 

** Rhode W.S. 1995. Interspike intervals as a correlate of periodiCity pitch in cat cochlear 
nucleus. J. Acoust. Soc. Am., Vol 97. No 4. Pp2414-2429. April. 

Excellent introduction on pitch. Finds that interspike intervals of units with a wideband response can 
reproduce the first effect of pitch shift (pitch alterations with a change in the carrier frequency of an AM 
signal). Results are very similar to those of Bates 1995. It provides further evidence to support the 
wideband argument presented in this thesis. 

* Slaney M., 1993. An efficient implementation of the Patterson-Holdsworth auditory filter 
bank. Apple Computer Technical Report #35. 

This is a Mathematica notebook which goes through the maths of gamma tone filters. It provides 
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structures and equations for an efficient implementation. 

* Sporns 0, Edelman G.M. 1993. Solving Bernsteins problem: a proposal for the 
development of coordinated movement by selection. Child Development. 64, pp960-981. 

A good illustration of synthetic neural modeling with a robotic arm. Overall movement is built from a 
repertoire of small gestures. Training times appear to be significant (eg.1500-12000 cycles) but they 
do not discuss this, or any of the implications that it might have for their model. 

* Synder R.L, Leake P.A. 1988. Intrinsic Connections Within and Between Cochlear Nucleus 
Subdivisions in Cat. Journal of Comparative Neurology. 278:209-225. 

i Provides some useful information on the overall convergence and divergence of connectivity between 
subdivisions in the cochlear nucleus. Needs to go further though, and map out the target neurons as 
well as the termination patterns. 

* Tononi G, Sporns 0, Edelman G.M. 1992. Reentry and the problem of integrating multiple 
cortical areas: Simulation of dynamic integration in the visual system. Cerebral Cortex. 
July/August. 2:310-335. 

-

Impressive synthetic neural model of the visual system. Introduces voltage dependent connections for 
th,e first time, to overcome the stability problems with reentry. This model also incorporates rough 
timing information (32 phase bins), which is used for correlative purposes between neuronal groups. 
For outspoken advocates of biological realism, I'm puzzled as to why they don't just use spiking 
neurons in their models. They conclude by sayIng that the reentrant connections in cortex are used for 
cooperation between functionally segregated areas, an obvious and disappointing end. 

* Verschure P.F.M.J, Wray J, Sporns 0, Tononi G, Edelman G.M. 1995. Multilevel analysis of 
classical conditioning in a behaving real world artifact. Robotics and Autonomous Systems. 
V16. pp247-265. 

The authors examine value dependent learning and the role of diffuse modulatory systems. They 
compare a number of learning rules, and conclude that the best rule was one which limited the time 
epochs in which synaptic modification can take place, to those surrounding salient events in 
interaction with the environment. 

* Warren R.M. 1982. Auditory perception: a new synthesis. Pergamon Press. 

* Webster D.B, Popper A.N, Fay R.R. 1991. Eds. The mammalian auditory pathway: 
Neuroanatomy. Springer handbook of auditory research. Vol 1. Springer-Verlag. 

Chapter 1 presents a good overview of mammalian neuroanatomy but it Is let down by poor diagrams. 
Once again it's a pity there's no detailed table of contents. 

** Yeomans J.S, Frankland P.W. 1996. The acoustic startle reflex: neurons and connections. 
• Brain Research Reviews. 21: pp301-314. 

An excellent review artIcle outlining our present knowledge of the acoustic startle pathways. 

** Yost W.A, Gourevitch G. Eds. 1987. Directional Hearing. Springer-Verlag, NY. 

Good chapter on the mammalian neuroanatomy involved in binaural hearing. The diagrams are first 
rate. 

* Yost W.A, Popper A.N, Fay R.R. 1993. Eds. Human psychophysics. Springer handbook of 
auditory re~earch. Vol 3. Springer-Verlag. 

** Young E.D, Sachs M.B. 1979. Representation of steady-state vowels in the temporal 
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aspects of the discharge patterns of populations of auditory nerve fibres. J. Acoust. Soc. 
Am. 66(5). November. pp1381-1403. 

A classic paper, which shows that as the sound level is increased, the spread of activity along the 
cochlea also increases, and that it is accompanied by increasing synchrony at the harmonics of the 
first and second formant frequencies. It provides strong evidence to support the idea that temporal 
mechanisms are used by the brain for speech processing. 

* Young E.D, Davis KA. 1996. Synaptic relationships in the granule-cell associated systems 
in dorsal cochlear nucleus. Abstract. International symposium on acoustical signal 
processing in the central auditory system. Prague, Czech Republic. September 4-7. 

Contains useful information on DeN anatomy, and provides some evidence to support my moving ear 
hypothesis. 
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