Efficient coding leadsto novel featuresfor speech recognition
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Abstract

The principle of efficient coding of stimuli can explain
the receptivefieldsin the primary visual cortex andinthe
primary auditory cortex. When efficient coding isapplied
to a generative model, it forms biologically realistic ba-
sis functions and the code it produces has the spike-like
property found in the cortex. We show that this represen-
tation can be used for isolated word speech recognition.

We have trained a temporal generative model on spo-
ken single digits. The code from the model is spatiotem-
poral and spike-like, and we used a k-nearest neighbour
classifier to classify this code. The network is able to
classify 92% of test samples correctly.

1. Introduction

There is good evidence that properties of neuronsin the
primary visual cortex and in the primary auditory cortex
can be understood in terms of efficient coding of natural
stimuli [1, 2, 3, 4, 5]. Such an efficient code givesrise to
natural features.

There are two approaches to find an efficient code:
independent component analysis (ICA) and sparseness.
Both approaches yield a similar code as both solve the
same problem, but with dightly different assumptions[5].

ICA gives rise to basis functions resembling the re-
ceptive fields in the primary visual cortex [1, 2], but it
does not produce a spike-like code as is seen in the cor-
tex. Sparse coding on the other hand explains both the
visual receptive fields [1, 5] and the spiking activity of
neurons in the primary visual cortex [6]. Sparse coding
in time [6] refers to a code that is sparse over both time
and space; with such a code the activity of achannel over
time is mostly close to zero, but occasiondly it is very
high, and the temporal activities of channels are statisti-
cally independent.

With a sparse code, agenerative model finds the code
that will reconstruct the input using a set of basis func-
tions. When the input is temporal, the model needs to
consider the temporal nature in order to find a code that
isindependent over time.

We devel oped asingle word speech recognition model
that is based on the efficient coding of stimuli and that

uses a temporal generative model to find the code. The
code is spike-like and we interpret the activity as spikes.
Thespiketrainsarethen classified with ak-nearest neigh-
bour classifier.

2. Methods
2.1. Spectrotemporal processing

Sounds are spectrotemporally processed by the primary
auditory cortex. We used a 16 channel spectrotemporal
representation for the sounds. We further clipped values
in the spectrogram that were below a certain threshold, as
these values represent inaudible sounds.

2.2. Generative model

The cortex should implement a generative model in order
to explain the sensory message. Most authors use a static
generative model, where the current state of the model
is independent of its previous states. A stimulus X of
length NV is encoded by M responsesa;, i = 1,..., M.
The stimulusis alinear sum of M basis functions ¢;(t)
of length N:
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A stimulus can be encoded efficiently with sparse cod-
ing. It requires that the responses should be independent.
A set of natura stimuli is used to evaluate the indepen-
dence of the responses; this way the probabilistic nature
of the stimuli is also considered.

An over-complete presentation, where there are more
basisfunctionsthan dimensionsin the stimulus, has some
advantages. It is more robust to noise and it can produce
an even sparser code. When an over-complete represen-
tation is used, there are infinitely many solutions for the
code. This means that other criteria can be used to find
the “best” code. Sparsenessis a good choice for the rea-
sons mentioned earlier.

To encode a stimulus of length K with basis func-
tions of length IV, it is usually assumed that the stimulus
isdividedinto K — N + 1 sections of length IV, and each



section is encoded independently from the other sections.
This leads to a redundant representation because the re-
sponses a;(t) at time ¢ contains information about the
stimulusin thewindow [t — N, ¢ — 1], it isnot necessary
for the responses at time ¢ + 1 to duplicate the stimulusin
that window. That iswhy Lewecki [4] andKleinetal. [3]
found that the model in (1) forms similar basis functions
at different delays. We use a temporal generative model
[6] that eliminates this form of redundancy.

In this model, the past activity of channels also con-
tribute to the current state of the model.
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For a multichannel input the basis functions have as

many channels as the input. The generative model then
becomes:
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with j the subscript to the input channel number.

A set of basis functions is over-complete when there
are more basis functions than channels, in which case we
use sparse coding to find the “best” code. The sparseness
of atemporal code can be quantified as:
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where o isaconstant (we used o = 0.1). The sparseness
measure will be small when the code is sparse. Model
4 aims to find a code that will reconstruct the input by
using a linear combination of the basis functions. The
problem of finding such a code that is also sparse can be
expressed as an optimization problem with the following
cost function:
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where R(T') is the reconstructed signal, ) is a constant
that adjusts the balance between the reconstruction er-
ror and sparseness (we used A = 33.3). The generative
model alows for the code to have positive and negative
values. This property does not agree with a spike-like
code as spikes signal events [7]. We can force the code
to only take on positive values by means of an inequality
constraint a;(7") > 0. We solved the optimization prob-
lem using the LFOPC optimization algorithm [8] asit is
robust, it quickly moves close to a minimum and it does
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not get stuck in small local minima. The derivative of the
code with respect to the cost functionis:
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Thereexistsaset of basisfunctionsthat will minimize
the cost function for a given set of stimuli. This set of ba-
sis functions can be found by making ® part of the design
variables of the optimization problem. Each iteration of
this optimization problemisthen solvedin two steps; dur-
ing thefirst step the code that minimizesthe cost function
given the set of basis functionsis found. Then the basis
functions are adapted to further minimize the cost func-
tion given the code. The second step was solved with the
golden section method by searching along the direction
of steepest descent. The derivative of the basis functions
with respect to the cost functionsis:
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The norm of the basis functions will grow without
bounds, because the greater their norm, the smaller the
values that the code require. The basis functions were
rescaled after each iteration to have anorm of 0.1.

(M]ai(t+T)  (9)

2.3. k-Nearest neighbour classifier

Oncethe code a hasbeen found, it can be used asfeatures
for aclassifier. We used the maximum value, A;, of each
channel as a feature, and aso the time, 7;, at which the
maximum value occurs. The distance measure is the sum
of two components, d = d 4 + d., one for the maximum
values and onefor times at which these values occur. The
components were calculated as follows:

dA :H A— Atrain || (10)

and 4
T :H T — Ttram || (ll)

Thedistance dr should beindependent of translations
of either pattern. This can be accomplished by translating
one pattern so that its temporal mean coincide with that
of the other pattern:

D =7 — pirain (12
Dcoincide = D - mean(D) (13)

Usually not all the channels are active for a sample;
thismeansthat for theinactive channel sthetimesat which
the maximum values occur are undetermined. The entries
iN Doincide that correspond to channels that are inactive
for both samples should be set to 0, and a penalty should
be added for each such channel. The time component is
now:

dr = || Doincide || +7]NXOR (14)
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Figure 1. The basis functions after training. The y-axis
gives the frequency. The x-axis gives the time. (Basis
functions span 250ms).

where the penalty isn (we chosen = 20), and Nxor is
the number of channelsthat should be penalized.
Finally the distance should be normalized:

=« da +
- Z A+ Z Atrain
where Ngpikes and N;t;g,g'gs are the number of active chan-
nels for each pattern, o is aweight (we chose o = 100)
to set the balance between d 4 and dr.
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3. Results

The recognition model needs to be trained in two steps.
First the basis functions that will give a sparse code in
time must be found and then the classification network
has to be trained.

Thefirst step is unsupervised. We used all the single
digits (“oh”, “zero”, “one”,... ,“nine") from the TIDIG-
ITStraining databasefor training [9]. The basisfunctions
that were formed are givenin figure 1.

With a distance measure that does not include the d
term, we found a correct classification rate of 92% of
the test samples. With the dr term included, the clas-
sification dropped to 91% of the test samples. The dr
term does not appear to improve performance of isolated
word recognition, but it may help with continuous speech
recognition, especially when the same word is spoken re-
peatedly.

4. Conclusion

We have presented a simple speech recognition model
based on recent research into the efficient coding of stim-
uli. From a pattern recognition perspective the model
learns, without supervision which featuresto extract. The
generative model then uses these features to reduce the
dimensions of the input by transforming it into a sparse
spatiotemporal code. The code givesthetimesat which a
specific featureis present in the signal.
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Figure 2: (a) A spectrogram of theword “six” (X (t)). (b)
The sparse code (a(t)) for the word in figure 2(a) using
the basis functions in figure 1. Notice that only four of
the basis functions (1, 9, 16, 21) are used to reconstruct
the spectrogram. (c) The spectrogram after it has been
reconstructed (R(t)) from the sparse code.

We have showed that the temporal code can be used to
do isolated word recognition. Since the codeis temporal,
it should be possible to use this code as the input to a
continuous speech recognition system. The challengeis
to develop a system that will be able to use the temporal
code.

Sparse coding can al so be applied to recognition prob-
lems in vision, or for that matter any other sensory do-
main. It isapromising approach to recognition problems,
and the results researchers have obtained so far indicates
that the cortex performs sparse coding.
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