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Abstract
Models of auditory processing, particularly of speech, face many difficulties. These difficulties include
variability among speakers, variability in speech rate and robustness to moderate distortions such as
time compression. In contrast to the ‘invariance of percept’ (across different speakers, of different sexes,
using different intonation, and so on) is the observation that we are sensitive to the identity, sex and
intonation of the speaker.
In previous work we have reported that a model based on ensembles of spectro-temporal feature
detectors, derived from onset sensitive pre-processing of a limited class of stimuli, preserves significant
information about the stimulus class. We have also shown that this is robust with respect to the exact
choice of feature set, moderate time compression in the stimulus and speaker variation. Here we extend
these results to show a) that by using a classifier based on a network of spiking neurons with spike-driven
plasticity, the output of the ensemble constitutes an effective rate coding representation of complex
sounds; and b) that the same set of spectro-temporal features concurrently preserve information about
a range of qualitatively different classes into which the stimulus might fall. We show that it is possible for
multiple views of the same pattern of responses to generate different percepts. This is consistent with
suggestions that multiple parallel processes exist within the auditory ‘what’ pathway with attentional
modulation enhancing the task-relevant classification type.
We also show that the responses of the ensemble are sparse in the sense that a small number of
features respond for each stimulus type. This has implications for the ensembles’ ability to generalise,
and to respond differentially to a wide variety of stimulus classes.

Keywords: Auditory transients, spectro-temporal responses, auditory cortex, models, multiple ‘what’
pathways

Introduction
Complex sounds can be perceived in a number of qualitatively different ways. For example,
voice communication conveys information that can be perceived independently of verbal
content; this includes the speaker’s identity, sex, emotional state etc., as well as semantic information such as whether the utterance is a question or a statement. Since most information
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about the acoustic world entering cortex passes through primary auditory cortex (PAC), representations in PAC must be sufficiently rich to support a wide range of judgments, including
identifying the source and nature of the stimulus. Higher centres in auditory cortex, with
different functionality, could then subsequently abstract different properties for use in various aspects of object classification (Griffiths & Warren 2004). This idea is consistent with
results showing that verbal and non-verbal analysis of stimuli are handled in parallel by different areas of cortex (Kriegstein et al. 2003). It is also consistent with the recent finding,
using MEG, that there is differential task-dependent modulation of parallel processing maps
within the auditory ‘what’ pathway in phonological and speaker identity classification tasks
(Obleser et al. 2004).
Nevertheless, the way in which sounds are represented and processed in primary auditory cortex remains controversial (Griffiths & Warren 2004). A significant problem, when
it comes to understanding the processing of speech, is the lack of any data regarding
the nature of receptive fields in human PAC. However, data describing spectro-temporal
response fields (STRFs) in cortex and midbrain of animals (Escabi & Schreiner 2002;
Linden et al. 2003) is available and it would seem plausible that there are similarities
across species. In previous work (Coath & Denham 2005), we have shown that ensembles of STRFs derived from speech stimuli can preserve significant information about
utterance class. The STRFs were derived from fragments of an onset/offset enhanced
representation of a very limited set of utterances. We then investigated the information
transmitted by this representation using a speech corpus containing utterances from a wide
variety of speakers. The results showed that the preservation of class information was robust with respect to the exact choice of feature set, moderate time compression in the
stimulus and speaker variation. We found, as for vision (Ullman et al. 2002), that ensembles of fragments of intermediate spectral and temporal extent conveyed most class
information.
Here, we extend our investigations of this putative model of processing in PAC, by considering firstly, whether the same representation can support multiple qualitatively different
types of classification, and secondly, whether the representation provides a suitable basis
for spike train encoding so that a network of biologically plausible spiking neurons with
synaptic plasticity (Del Giudice et al. 2003) could learn to recognise and classify acoustic
stimuli. It should be stressed that it is not at all clear a priori whether such an ensemble
of STRFs should be capable of extracting and conveying information useful for speaker
identification, sex or prosody classification. There is no clear understanding of how humans
perform these tasks and they are all thought to involve pitch, a feature which is not explicitly represented in this model. Here we adopt a similar approach to our previous work
(Coath & Denham 2005) but extend the classifications of the stimuli to encompass utterance class, sex, speaker identity and prosody; all classified on the basis of exactly the same
representation.

Methods
The model
The model, whose operation is illustrated in Figure 1, consists of three principal processing
stages: spectral decomposition, extraction of envelope transients and convolution using a
bank of STRFs. This is followed by event detection which leads to a mapping of each event
to a response space, and subsequent classification. The stages are described in detail in
(Coath & Denham 2005).
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Figure 1. Stages of the process: The waveform (a) is processed by a cochlear model (b) and the within-channel
envelope transients extracted (c). For each element in the ensemble of STRFs (ensemble size 16 illustrated) a
time-varying response (d) is derived using a convolution of each STRF with (c). The output of the ensemble is
segmented using the derived temporal saliency map (e). This results in a series of response vectors (f).

Spectral decomposition. The first stage approximates processing in the cochlea. Sounds are
processed using a bank of 30 Gammatone filters (Slaney 1994), with centre frequencies,
ranging from 100 to ∼8000 Hz arranged evenly on an ERB scale (Glasberg & Moore 1990),
see Figure 1b.
Transient extraction. The next stage of processing enhances envelope transients within each
frequency channel. Responses of this type have been reported in the subcortical auditory system (Phillips et al. 2002) including the cochlear nucleus. The mean level of activity within
each channel is calculated in overlapping temporal windows of duration twice the period
of the centre frequency but with a minimum window size of 2.5 ms at high frequencies
(Wiegrebe 2001). The overlap for all experiments was set to 10% of the window duration.
The third central moment, or skewness of the distribution of energy across four successive
windows is then calculated. In effect this processing amounts to edge detection in the temporal domain and the result is a spectro-temporal map of envelope transients in response to
the processed sound as illustrated in Figure 1c. This approach is in some ways similar to
onset/offset detection by means of a convolution with an asymmetric kernel (Smith 1996;
Fishbach et al. 2001).
Convolution using an ensemble of STRFs. Each STRF in the ensemble is specified in terms of a
pattern of onsets and/or offsets extending over a specified spectral range and duration. Each
member of the ensemble of n STRFs is convolved with the pre-processed incoming signal,
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thereby generating a set of n ‘temporal signatures’, which indicate the degree of similarity
between the incoming pattern and the STRF at each point in time. This is illustrated in
Figure 1d for an ensemble of 16 STRFs. In the experimental results that follow, 128 STRFs
were used.
Event detection and mapping to response space. The summed response of all STRFs in the ensemble (Figure 1d) provides an indication of the presence of an acoustic event, the timing and
duration of which is determined both by the stimulus and by the ensemble used. Analysing
the ensemble response in this way and looking for a coherent response across the whole
ensemble, amounts to a bottom-up temporal saliency map providing ‘interesting locations
in complex scenes’ (Einhusel & King 2003). This results in a method of segmentation which
is not only stimulus driven but also ‘detector driven’, i.e., salient auditory events are marked
by coherence in the response of the ensemble and not wholly by properties of the stimulus.
In these experiments, we summed the output of the ensemble and recorded the maximum
response of each STRF within the period during which the summed response (Figure 1e)
exceeded a threshold value (20% of the maximum). The result is a vector defining a point in
the n-dimensional space spanned by the responses of the n STRFs (Figure 1f). It is possible
for a sound to generate more than one such event, but, in the experiments described below,
when this occurred only the first event was classified.
Classifiers
Analogue classifier. In order to assign a class to each response, we trained an artificial neural
network (ANN) classifier each with n inputs (where n was the ensemble size), 7 hidden units
and one output unit for each class. Log-sigmoidal units were used for hidden and output
nodes. For each training, the data were divided 70%, 15% and 15% into training, validation
and test sets, respectively. We employed early stopping based on the validation set to avoid
over-fitting. The output vector from the network formed the input to a winner-take-all stage
which assigned the stimulus to an output class based on the classifier with the highest output.
Spike-driven network. The spike-driven network architecture we consider, described in more
detail in Del Giudice et al. (2003) and Brader et al. (2005), consists of a single feed forward
layer in which the input neurons are fully connected to the output layer by plastic synapses.
Neurons in the output layer have no lateral connections and are subdivided into pools of
equal size, each selective for a particular class of stimuli. In addition to the signal from
the input layer, the output neurons receive signals from inhibitory and teacher populations.
The inhibitory population serves to balance the excitation coming from the input layer. The
teacher population is active during training and entrains the selectivity of the output pools
by means of an additional excitatory or inhibitory signal. A schematic view of this network
architecture is shown in Figure 2.
Learning within the network is spike driven, and takes place within the synapses using
information local to each synapse. A novel bistable synaptic model (Fusi 2002), designed to
ensure memory maintenance on long time scales, while retaining sensitivity on short time
scales, is used. This model takes advantage of the finding that memory capacity can be maximized by making stochastic rather than deterministic synaptic transitions (Amit & Fusi 1992,
1994; Fusi 2002). If the probability of these transitions is small then only a small fraction
of the stimulated synapses is changed upon each stimulus presentation. This extends the
memory span of the system and prevents it from forgetting previously learned memories too
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Figure 2. A schematic of the spike-driven network architecture. When considering two classes of stimuli the output
units are grouped into two pools each selective to a given class. Additional signals are provided by external inhibitory
and teacher populations.

quickly. Furthermore, by exploiting the inherent irregularity of the input spike trains (Fusi
et al. 2000; Fusi 2003), stochastic transitions between the synaptic states are easily achieved,
making the model particularly suitable for VLSI implementation (Fusi et al. 2000; Chicca
& Fusi 2001; Indiveri 2002). The particular synaptic dynamics we employ are designed to
be Hebbian with an additional stop-learning mechanism which makes synaptic transitions
increasingly unlikely if the response of the relevant output neuron becomes either too low or
too high (Fusi 2003.) (see Brader et al. 2005) for a detailed description of the dynamics). Extreme responses are an indication that the output neurons have already learned to classify the
stimulus, and that it is unnecessary to modify the synapses to improve the performance (Senn
& Fusi 2004). This modification enables the model to learn highly correlated input patterns.
The spike-driven classifier is implemented as follows. Each stimulus is pre-processed using
128 STRF responses, and encoded as a 128 element feature vector within which each element
is a continuous value, ξ between zero and unity, thus there are 128 neurons in the input
layer. When presented with a stimulus each input neuron emits a Poisson spike train at a rate
50 ξ Hz. The output neurons are grouped into pools, one for each class, with 10 neurons per
pool. Although the output neurons will all see the same input patterns, the stochasticity of
learning will create different representations for each output neuron. A similar technique has
been exploited in Amit and Mascaro (2001) where the authors use random receptive fields.
70% of the dataset was used for training and the remaining 30% for testing.
In order to assess the classification performance following training, a fixed frequency
threshold is defined (the same for all output neurons); an output neuron is regarded as active or inactive depending upon whether it fires at a mean rate above or below this threshold
when presented with a test stimulus. The class of the stimulus is then determined by counting
the number of active neurons within each pool and finding that which expresses the largest
number of votes. This network architecture therefore allows for two possible types of error
when presented with a test stimulus: (i) no output neurons express a vote and the stimulus
is non-classified or (ii) the wrong output pool expresses the largest number of votes and the
stimulus is misclassified. Non-classifications are preferable to misclassifications because the
network simply expresses no preference and leaves open the possibility that such cases could
be sent to subsequent networks for further analysis or that the stimulus is simply ignored.
Measuring performance
In order to measure the effectiveness of the model, we quantified the mutual information I(S; R) between the classes of the stimuli S and the outputs of the classifiers,
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these can be thought of as the ‘responses’ R. The mutual information is calculated from
Equation 1:



P(s |r )
I(S; R) =
P(s |r ) log2
(1)
P(s ) r
s
where P(s |r ) is the conditional probability of the stimulus class s given the response class r ,
P(s ) is the probability of class s , and · · ·r represents the average over the (unconditional)
response distribution (Golomb et al. 1997). It is important to note that we are not characterising the mutual information between the stimulus and the response, but between the class of
the stimulus and the class of the response. As the maximum mutual information, Imax depends
on the number of classes M;
Imax = log2 (M)

(2)

in order to compare results from experiments with differing numbers of classes the results
are given as a percentage of the maximum mutual information, the normalised mutual information NI .
NI =

100 × I
Imax

(3)

Ensemble selection
Using the method described earlier, we can derive the ‘response’ of any candidate feature
extractor to a small set of formative classes. In order to combine these features into an
ensemble of manageable size we need a measure of ‘goodness’ which selects the ‘best’ feature
and allows us to add further features to the ensemble in such a way that their responses are not
redundant. Essentially the aim is to select a set of features which convey as much information
with respect to stimulus class as possible, whilst at the same time ensuring that their mutual
information is minimised, i.e., a feature is ‘good’ if its response is highly correlated to the
class vector but not to the responses of other features in the ensemble. The problem of feature
selection, therefore, can be reduced to finding a suitable measure of correlations between
features, and between features and classes.
We have adopted a feature selection procedure based on the Fast Correlation Based Filter (FCBF) (Yu & Liu 2003) which uses an information-theoretic correlation measure.
The method starts with a feature which is highly correlated to the class vector (normally
the most correlated feature) and removes all ‘redundant peers’ of this feature. The chosen feature is designated a ‘predominant feature’. This is then repeated with the most
highly correlated feature remaining and so on. For our experiments, we take the first n
features selected rather than let the process come to a conclusion. This selects one predominant feature, and the n-1 features that are successively less informative of the classes,
but maximally de-correlated from the previous choices. The FCBF selection was performed 10 times starting from different random positions within the top 50 rated fragments. In Experiment 1 (letter classification) (see Results) we used all ten ensembles,
but in the subsequent experiments we used only the best performing ensemble from this
set.
The properties of the features comprising the best performing ensemble were analyzed
in order to compare them to STRFs measured experimentally. We used the same analysis
procedures as described in Miller et al. (2002) in order to calculate the best frequency
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Figure 3. Distributions of the characteristics indicated across the ensemble of selected fragments.

(CF), bandwidth (BW), sharpness of tuning (Q), best spectral modulation (BSM) and best
temporal modulation (BTM). We also calculated the spectrotemporal asymmetry or nonseparability (αSVD ) index (Depireux et al. 2001). The results, illustrated in Figure 3, are
broadly consistent with experimental findings in animals (Depireux et al. 2001; Miller et al.
2002). Of particular interest is the measure of separability, since, given the prominence
of formant transitions in human speech, it may have been expected that STRFs with much
higher αSVD scores would have been selected. Clearly this is not the case, and the distribution
across the ensemble is not very dissimilar from that in ferrets (Depireux et al. 2001); see
Figure 4.

Figure 4. Distribution of αSVD with examples of separable and inseparable fragments; see Figure 13 of Depireux
et al. (2001) for comparison.

292

M. Coath et al.

Stimuli
The ISOLET and male/female sets
The stimuli consist of ≈8000 spoken digits (150 speakers, male and female) contained in the
ISOLET database (OGI 2002a). The same data were used in the male/female classification
experiment.
The question/statement set
In British English, the primary cue which distinguishes a question from a statement is the
pitch trajectory; questions have pitches which rise towards the end of the word or phrase,
and statements ones which are flat or falling. The ISOLET corpus was pre-processed using
PRAAT (Boersma & Weenink 1996) in order to manipulate the pitch tracks and to introduce
a question or statement prosody. Firstly, a time stretching algorithm was used to ensure
that all stimuli had a standard duration of 500 ms. Next, the pitch tracks were adjusted
using;
F0 (t) = f¯0 .[1 + 0.3 sin(6π t + α)]

(4)

In Equation 4, F0 (t) is the time-varying fundamental frequency or pitch trajectory of the
stimulus and f¯0 is the mean pitch of the original utterance; for a statement, α = 4 and for
a question, α = 1. Each stimulus was processed with both question and statement pitch
tracks, giving ≈16000 stimuli. The precise form of the pitch manipulation was chosen so
that we could compare the model performance with those of human subjects in a recent psychophysics study (Denham & de Thornley Head 2005). The results of these manipulations
are illustrated in Figure 5.
The speaker recognition set
The stimuli for this experiment were not drawn from the ISOLET corpus but from a subset
of the Speaker Recognition v1.1 corpus (OGI 2002b). This consisted of four speakers, two
male and two female, answering questions such as ‘What is your eye colour?’, and ‘Where
do you live?’ with most answers given more than once. There are approximately 100 answers for each speaker. Longer answers were truncated at 2 seconds to save pre-processing
time.

Figure 5. Question/statement processing example, showing spectrograms with pitch tracks superimposed in blue.
Left: Original utterance (letter ‘a’, female speaker, mean pitch 190 Hz). Centre: Question form. Right: Statement
form.
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Figure 6. Results of the three ISOLET tasks. (i) ISOLET letter names, (ii) Question/statement, (iii) Male/female,
(iv) Speaker identity. Error bars represent ± one S.D. (a) Results in terms of normalized mutual information. (b)
Results in terms of percentage correct classification. (c) Results in terms of percentage correct classification using
the spiking network.

Results
The results for each of the four experiments using the ISOLET database classified with
the analogue ANN and spiking networks are shown in Figure 6. Results for the analogue
ANN are shown in terms of classification percentage and the normalised mutual information
as described in the ‘Measuring Performance’ Section. Because of the simple nature of the
analogue classifier used to obtain these results, the mutual information should be seen as a
lower bound; the results for the classifier built of spiking neurons show that more information is present in the output of the model. For the spike-driven network, only classification
percentages were available at the time of submission. The mean classification accuracy for
letter-names using the spike-driven network was over 80% which compares favourably with
that reported for other machine learning algorithms (Yu & Liu 2003). Plots of the misclassifications for the two classifiers are compared in Figure 7; note that because the majority of
errors in the spiking network results were non-classifications the gray scale is greatly compressed to show the misclassifications.
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Figure 7. Results from letter name classification. NB grey scale greatly compressed in 7(b). (a) Analogue ANN,
(b) Spike-driven network.

Letter name classification
Figure 8a shows the pattern of experimental misclassifications. These experimental confusions account for less than 6% of the total stimulus presentations, but among the most
frequent are f → [l x], r → i and s → x which all share an initial phoneme. Some interesting features emerge from a comparison of the pattern of experimental misclassifications with
the pattern of misclassifications from human psychophysics shown in Figure 8b (Hull 1973).
To better compare Figure 8a and Figure 8b, Figure 8c is plotted as a percentage change of
the within-class error rate between Figure 8a and Figure 8b. In Figure 8c white areas represent classes that are not confused by the model nor in human psychophysics. Green areas
represent agreement between the model and the psychophysics as to how easy or difficult it
is to distinguish the two letters. Red areas are those where the model has more success in
differentiating the classes, and blue areas are those where humans outperform the model.
The vast majority of the map is either white or green.
Red areas (those where the model results compare favourably) are found in the d → e, k →
a and v → [dbep] misclassifications. These pairs are distinguished by their initial phonemes.
The dark blue areas (those where model results compare unfavourably) include r → i , and
s → x. These pairs share an initial phoneme. It is likely therefore that performance could be
improved still further by incorporating events other than the first event in each presentation;
a subject of our current investigations. Note that the ISOLET database uses Z = ‘zee’ (US)
whereas the experiments in Hull (1973) use Z = ‘zed’ (UK) so the results for this letter name
are omitted in this comparison.
PCA analysis of network weights
In order to investigate the contribution of each feature to the classification of each of the
letters, we performed a principal components analysis of the neural network weights obtained
in each of the training sessions. A composite loading vector was obtained for each letter in
the stimulus set by combining the eigenvectors corresponding to all eigenvalues greater than
0.7. The resulting matrix, illustrated in Figure 9, shows that there is a sparse representation
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Figure 8. The plot in (c) shows differences between (a) and (b). White: agreement, i.e., no significant misclassifications in the model or in psychophysics. Green: agreement, the model and the psychophysics agree as to the
confusability of letter names. Red: the model finds these distinction easier than human subjects. Blue: the model
misclassifies where human subjects rarely do. (a) Experimental misclassifications using the spike-driven network
model, (b) Confusions (from Hull (1973)), (c) Percentage change from Figure 8(b) to Figure 8(a).

of the data set; with each feature contributing significantly to only a few classes, and each
class being primarily defined by a rather small set of features. This is encouraging as it shows
that the fragment selection algorithm successfully chooses features that are de-correlated,
and also means that the ensemble can in principal encode a very wide range of classes.
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Figure 9. Sparse coding of the stimulus set; the image shows the significant contributions of features to each class
derived from a PCA analysis of neural network weights.

Figure 10. Top row: the letter B, normal, question, and statement. Bottom row: each processed using the onset/offset representation.
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Question/statement classification
The average correct classification achieved by the model (88%) is comparable with the average performance of human subjects (80%) (Denham & de Thornley Head 2005). This may
seem rather surprising since the classes are defined by the pitch trajectories and the feature
ensembles are chosen from a spectro-temporal envelope representation; pitch is not explicitly
extracted in the model. However, on closer examination it seems that in the onset/offset representation, a rising or falling pitch track creates a characteristic pattern of onsets and offsets
as the energy moves from one frequency channel to another (as illustrated in Figure 10)
and this could allow stimuli from the two classes to be distinguished. Another important
aspect to note is that the mean pitches vary widely across the stimulus set, from low male
pitches, typically ≈80 Hz, to high female pitches of ≈350 Hz, which implies that the representations derived from the projections into feature response space support the abstraction
of pitch trajectory shape. The ability of this model to classify the shape of pitch trajectories in
complex sounds perhaps sheds some light on the somewhat contradictory data for amusics.
In a recent experiment, it was found that amusics’ ability to detect and classify continuous
pitch changes in sounds was almost as good as that for normals, while their ability to detect
differences in discontinuous pitch sequences was much worse (Foxton et al. 2004). Our
model demonstrates that ensembles of STRFs similar to those measured in PAC of animals,
are capable of classifying pitch trajectories which can be represented within a single event.
However, recognising a pattern of discrete pitches would require the system to learn the
sequence of projections of separate events within the feature responses space; a different
problem involving higher order processing, perhaps the locus of impairment in amusics?
Male/female results
Classification success for the male/female discrimination task was ≈95% which is broadly
consistent with data from human psychophysics (e.g., Whiteside (1998)) with a reported
mean success of 98.9% in an experiment using short vowel segments. Since clear differences
in vocal tract length and vocal tract morphology between males and females are known to
exist (Fitch & Giedd 1999), it is perhaps not surprising that the model was able to perform
this classification task. Nevertheless, the problem is not trivial as changes in vocal tract length
result in quite small changes in the positions of formant peaks, and it is necessary to detect
these in the presence of much larger changes in formant position characterising the different
speech sounds. In a recent PCA analysis of the variability of spoken vowel sounds, it was
found that 80% of the variability was accounted for by differences between vowels, and of the
20% of intra-vowel variability, 90% was explained by changes in vocal tract length; i.e., 18%
of the total variability (Turner & Walters 2004). The model of VTL estimation presented
in that study matched experimental data very well, but was restricted to the single vowel
sound ‘aa’. Our model on the other hand is able to learn to classify speaker sex for arbitrary
utterances, and as far as we are aware may be the first biologically plausible model of voice
gender classification.
Speaker identification results
This was the only experiment that did not use the ISOLET corpus. The model was able to
correctly identify each of the four speakers with an accuracy of ≈89% using short segments
of randomly chosen utterances. For comparison, in a recent study (Obleser et al. 2004)
subjects were able to identify two speakers with an accuracy of ≈95%. As the number of
speakers in our experiment was small, our result is only suggestive, but it was achieved in
a text independent experiment using the same feature extractors as the other experiments
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reported here. This establishes, at least in principle, that information about speaker identity
can be preserved in the pattern of responses of such an ensemble, and that responses of the
same ensemble can be used in parallel for a number of different perceptual classifications;
as found in the human MEG study for phonological and speaker classifications in (Obleser
et al. 2004).
Discussion
Given that it is widely reported that responses in PAC can, at least to a first approximation, be
characterized by their spectro-temporal characteristics, it is not unreasonable to ask whether
an ensemble of spectro-temporal feature extractors might provide a representation sufficiently
rich to be biologically useful. Our model attempts to incorporate some of the physiological
evidence for processing in the ascending auditory pathway and feature extractors in PAC.
The approach adopted is complimentary to work that seeks to model the integrated activity
of neural populations. One recent study by Husain et al. (2004) for example has shown that
large scale, neurobiologically plausible modelling of auditory processing provides results
consistent with studies of cerebral activity measured using optical and MRI techniques,
during tasks involving simple, synthetic stimuli.
In contrast, we have shown using biologically plausible pre-processing, a modestly sized
ensemble, and a spike-rate encoding, that salient features of ethological stimuli can be simply
extracted and used as the basis for behaviourally important judgements. Moreover the same
ensemble response can support many qualitatively different judgements concurrently. We
assume that there is competition between these perceptual judgements which is subject to a
top-down task-dependent attentional bias. The aspect that is attended to is the one most likely
to be task-relevant. This is consistent with evidence that ‘what’ processing in auditory cortex
can be viewed as a set of parallel processes in which concurrent phonological classifications
are made in spatially separated areas (Obleser et al. 2004) and implicit semantic processing
continues when attention is directed to non-verbal input analysis (Kriegstein et al. 2003).
The basis of feature extraction in the current model is the presence of a coherent response
across the ensemble of feature detectors such as those found in PAC. This is equivalent to a
saliency map in the temporal domain (Koch & Ullman 1985), where the signal is analysed
locally with respect to a range of properties (the ensemble response) and the results integrated
(summed). This provides the basis for an asynchronous, stimulus-ensemble driven event
detector. This triggers a readout of the population response pattern within a time window,
the length of which is determined by the duration of the coherent ensemble response. The
result is a short time scale context for the extraction of a pattern of responses that characterizes
a distinct auditory event. These events are likely to be represented by population responses
which, because of the time window and the asynchronous read out, are not likely to bear a
simple relationship to the temporal structure of the stimulus. It has been suggested that this
type of post-primary cortical processing might be found in the planum temporale (Griffiths &
Warren 2002) where responses that are not closely coupled to the time course of the stimulus
do occur (Steinschneider et al. 1999).
The range of classifications supported by the model includes those distinguished primarily
by spectral profile (male/female), solely by pitch trajectory (question/statement), as well as
those characterised by more complex spectro-temporal relationships (letter-names, speaker
identity). The question/statement result in particular demonstrates that a representation of
pitch change can be abstracted from the output of the system in which there is no explicit sense
of pitch per se. Furthermore the performance of the model in each of the tasks shows some
similarities with human psychophysics. It has been reported that perceptual categories such
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as these are processed in distinct areas of auditory cortex anterior to PAC (consistent with
the ‘what’ pathway) and also distinct from regions involved in decisions that are correlated
with reaction times (Binder et al. 2004).
One of the strengths of the spiking neural network is its ability to provide nonclassifications. This implies that the characterisation of the stimulus by the model using
a single event is unclear. Such stimuli account for ≈14% of the test set in the current results;
most frequently in classes [flmns] i.e., classes that are not resolved by their initial phonemes.
Work is already underway to use subsequent events, when they occur, to reinforce the classification judgement raising the probability above the threshold for an unambiguous assignment
of class.
We have chosen to use spoken letter names for three of the current experiments and a
wider range of spoken stimuli for the fourth. This was due to the ready availability of large
and well characterised corpora. But it must be emphasized that the principle goal of our
research is not speech recognition or speaker identification, although both may be informed
by this approach, rather we aim to understand the representation and processing of complex
sounds in general within the auditory system.
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