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Abstract

Sparse coding is an efficient way of coding information. In a sparse code most of the code elements are zero; very few
are active. Sparse codes are intended to correspond to the spike trains with which biological neurons communicate. In this
article, we show how sparse codes can be used to do continuous speech recognition. We use the TIDIGITS dataset to illus-
trate the process. First a waveform is transformed into a spectrogram, and a sparse code for the spectrogram is found by
means of a linear generative model. The spike train is classified by making use of a spike train model and dynamic pro-
gramming. It is computationally expensive to find a sparse code. We use an iterative subset selection algorithm with qua-
dratic programming for this process. This algorithm finds a sparse code in reasonable time if the input is limited to a fairly
coarse spectral resolution. At this resolution, our system achieves a word error rate of 19%, whereas a system based on
Hidden Markov Models achieves a word error rate of 15% at the same resolution.
© 2008 Elsevier Ltd. All rights reserved.
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1. Introduction

The brain needs to form an internal representation of the outside world in order to interact with the world,
and does so by representing or coding information in the activities of neurons. A neuron can be viewed as a
binary element; it is either silent or it fires a spike. The activity pattern of several neurons over time is called a
spatio-temporal pattern or a spike train. The brain uses these patterns to code stimuli.

What are the properties of the neural code? In a binary temporal system such as the brain there are two
extremes of representing data: at the one end there is dense coding, where many neurons are very active in cod-
ing a stimulus. For dense coding, a small number of neurons are sufficient to code a large set of stimuli. At the
other extreme there is local coding, where very few neurons are active. The extreme where just one neuron is
active for a stimulus (1-of-N coding) would require a large number of neurons to represent all the different
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stimuli. The brain adopts a compromise between dense coding and local coding (Foldidk and Young, 1995;
Vinje and Gallant, 2000) which is called sparse coding.

Several studies have used sparse coding to create a feature set for sound or speech recognition tasks. The
studies follow the same general approach: first a sound signal is encoded into a spike train, then the recogni-
tion task is performed by decoding the spike train. Cho and Choi (2005) perform sound classification with
spikes. They classify a sound as belonging to one of ten classes, which include male speech, foot steps and flute
sounds. Niger et al. (2002) show that transitions between vowels can be classified by learning the delays
between spikes. Kwon and Lee (2004) use independent component analysis (ICA) to extract features from
speech in order to do phoneme recognition. ICA is an algorithm that provides a sparse representation of a
signal. Some studies illustrate isolated digit recognition (Loiselle et al., 2005; Mercier and Séguier, 2002; Verst-
raeten et al., 2005) while Holmberg et al. (2005) demonstrate isolated letter recognition. All of these studies
consider only isolated samples.

In this article, we show how continuous speech recognition can be performed with sparse coding. We use a
temporal linear generative model (TLGM) (Olshausen, 2002; Smith and Lewicki, 2005) to encode a speech sig-
nal into a spike train, although other encoding techniques could also be used. The TLGM is an extension of
the linear generative model that has successfully been used to explain neural phenomena in the visual cortex
(Olshausen and Field, 1997) and in the auditory cortex (Lewicki, 2002). The spike train is decoded by using
the spike train model proposed by Oram et al. (1999). This study is an initial investigation into how contin-
uous speech recognition can be done with sparse coding, and also what type of problems one encounters in the
process. We would like to keep the recognition process simple, while still achieving reasonable results.

The recognition process we propose has three computational steps. Firstly, the raw waveform is trans-
formed into a more natural representation, such as a spectrogram. Secondly, the modified representation is
transformed into a sparse code. Finally, words are recognized by finding predetermined patterns in the sparse
code. The following sections will cover each of these computational steps in turn.

2. Transforming the raw waveform

We use the TIDIGITS (Leonard and Doddington, 1993) dataset of continuous spoken digits by male and
female speakers. The utterances are of variable length, consisting of a variable number of random digits. There
are 11 different spoken digits, one for each number from “one” to “nine”, a “zero” and an “oh”. We choose
this dataset because it is a rather simple set: it has a limited vocabulary and simple language model (since the
probability that a certain word follows any other word is approximately equal for all the words).

The label data supplied with TIDIGITS is limited to orthographic transcriptions. That is, the digit sequence
of each utterance is given, but the start- and endpoints of each digit in the waveform are not specified. We
estimated these points by doing forced alignment with the HVite tool that is part of the Hidden Markov Model
Toolkit (HTK) (Cambridge University, 2006). During forced alignment, HVite aligns a transcription with a
waveform. The automatic forced alignment is accurate as HTK is able to model the data well: it is able to
recognize almost all words in the test set correctly (word error rate' = 3%).

It is time consuming to train sparse coding models. We therefore use a reduced dataset so that the system
can be trained in reasonable time. (With the reduced set, the entire system is trained in a week on 15 Pentium 4
PCs working in parallel.) The training set suggested for the TIDIGITS dataset has 8623 utterances and con-
tains 28,329 words. Our training set is made up of every second sample of the suggested dataset. The reduced
set contains at least 2000 samples of every word, and is therefore sufficient for our initial investigation.

The simplest way to represent a raw speech signal is as a time waveform. However, time domain represen-
tations of speech are not as natural as frequency domain representations, as is evidenced by the fact that the
auditory pathway uses a frequency domain representation. Even so, sparse coding of the time waveform of
speech signals has shown some correspondence with physiological data (Lewicki, 2002). There are models that
provide frequency domain representations that to some extent agree with physiological measurements along
the auditory pathway (Hermansky and Morgan, 1994; Wang and Shamma, 1995); however, for this study we
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choose to use a simpler spectrogram representation. The spectrogram is constructed by first dividing the raw
signal into segments. The segments span 25.6 ms (512 points with a sampling frequency of 20 kHz). A new
segment starts every 20 ms or every 400 points, which gives an overlap between adjacent segments of
5.6 ms. Each segment is then windowed with a Hanning window before the log magnitude of the fast Fourier
transform for that segment is calculated. The magnitude is chosen because the human ear is insensitive to
phase information; the log of the magnitude is used because our perception of sound intensity is often approx-
imated by the logarithm although we actually perceive sound intensity on a cube-root scale (Hermansky,
1990).

Humans do not perceive the content of a signal on a linear frequency scale. We therefore use a Mel-spaced
filter-bank to incorporate this non-linearity. Each filter is a triangular bandpass filter whose centre frequencies
are linearly spaced on a Mel-scale. Current automatic speech recognition systems use up to 32 filters, but we
use only eight filters for computational reasons. A small number of filters is preferred because too many filters
put significant computational strain on the algorithms, and accurate temporal information is apparently more
important than accurate spectral information for speech recognition (Allen, 1994; Kral, 2000; Moller, 1999;
Shannon et al., 1995). The outputs of the filters (with centre frequencies as given in Fig. 1) are then scaled
so that the variance of each filter output over the dataset is one.

We use a temporal linear generative model to find the sparse code of a spectrogram. This model works best
if important speech features have large values in the representation and if silences have values equal to zero.
From inspection it seems for this particular dataset and the spectrogram transform described above, that val-
ues below 15 dB do not carry important speech features. We therefore subtract, after filtering, 15 dB from the
spectrogram and set any negative value equal to zero.

Fig. 1 gives the signal representation for the utterance “one one one three eight eight one”. The spectrogram
representation x is an N, x N, matrix with N, the number of channels or filters and V, the number of segments.
It serves as input to the TLGM.

2.8

Fig. 1. (a) The speech waveform for the utterance “one one one three eight eight one”, and (b) its spectrogram representation. The gray
scale indicates the signal amplitude (dB).
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3. Sparse codes

We use a TLGM to encode a spectrogram into a spike train. The reconstructed signal (in our case a spec-
trogram) X is a convolution of the code a with the dictionary ®. An element at time 7 in channel ¢ of the recon-
structed spectrogram is found with:

Na N

)ACCAI = Z Z ¢idA}tadJ (1)
d=1 =1

For convenience, we use the integer index ¢ to correspond to a segment in the spectrogram. The index ¢ is re-
lated to actual time by multiplying ¢ with 20 ms. N, is the number of segments in the spectrogram that is being
reconstructed. d is an index to a dictionary element; there are N, = 224 dictionary elements in our dictionary
(we will exPIain why this number is chosen below). ®{“} is an N, x A® matrix representing the dth dictionary
element; (Dcﬁt refers to the element in @'} located in channel ¢ at time Az. N, is the number of channels in the
signal, for the spectrogram used here N, = 8. 7 is an index that refers to a segment (20 ms) of the code, i.e. a
column of a. At = A® — 7 + ¢t where A® is the temporal width of a dictionary element. The width is taken as
260 ms (or 13 segments), as evidence points to auditory memory being around 250 ms in duration (Herman-
sky, 1998; Huggins, 1975; Massaro, 1972). When 7 is smaller than the temporal width of a dictionary element,
the first A® — t columns of the dictionary element are truncated. a is therefore an N, x N, matrix. We will
refer to a;; as a code element.

A non-zero code element corresponds to a spike in the neural code. Biological spikes signal binary events,
whereas the TLGM yields real valued spikes. We can interpret positive real values as some number that is
related to the number of neurons that fire spikes simultaneously. The brain appears to be redundant in this
manner: more than one neuron can code the same information, which helps the brain to deal with physical
damage. Negative real values are more difficult to interpret, although they can be viewed as inhibitory spikes.
We choose to rather constrain the code elements to be non-negative a; > 0. Later on we show that this con-
straint has an algorithmic advantage.

3.1. Finding the sparse code

The code has to be a fair representation of the signal while it should also be sparse. A common approach
(see for example Olshausen and Field (1997); Lewicki (2002)) is to use mathematical optimization to find the
best code a*

a = main E(a) (2)
with
E(a) = ||x — x||* + S(a) (3)

/. is a parameter that sets the balance between the reconstruction error ||x — 5:||2 and the sparseness of the code
S(a).

The sparseness function should have a suitable form in order to encourage sparse codes (Kreutz-Delgado et
al., 2003). We use the following sparseness function:

S(a) =32 Y gla) )

In the case of non-negative codes, sufficient conditions to favour sparse codes are that g(a) be a concave
function and monotonically non-decreasing. Here we use g(a) = a — gaz with § = 0.1, which is a valid sparse-
ness function for values of a less than 1/f (it is monotonically decreasing beyond 1/f). The sparseness func-
tion in Eq. (4) makes the minimization problem in Eq. (2) quadratic. It can now be solved efficiently with a
suitable bound constrained quadratic programming algorithm. The bounds are ¢ > 0 (which fits a neural
code) and a < 1/f. For this purpose, we use MINQ (Neumaier, 1998).
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The dimensionality of a TLGM for the inputs we use is too large to be solved quickly. For example, a code
of N; =40 dictionary clements that represents a 1s spectrogram of 20 ms segments would yield a
40 x 50 = 2000 dimensional problem. The Hessian matrix that is used in the quadratic programming algo-
rithm would be a 2000 x 2000 matrix which is too big for an efficient solution. We need another algorithm
to find the sparse code of a TLGM. For this purpose, we use an iterative algorithm that optimizes during each
iteration a subset of the code elements, which we call Subset Selection and Quadratic Programming (SSQP).
The pseudocode of the algorithm appears in Algorithm 1; we select a subset of Ny, = 200 elements during each
iteration. Fan et al. (2005) describe a similar approach for support vector machines. Their algorithm selects a
subset of two elements at a time, however, the number of elements may be more (Liao et al., 2002). Blumens-
ath and Davies (2006) have also used a subset selection approach to find the sparse code of a high dimensional
problem. An important difference between SSQP and their work is that SSQP performs several iterations of
subset selection, whereas their approach selects the subset only once. We could not use such a selection crite-
rion, as a reasonable subset would be too large to quickly calculate the Hessian matrix (size Ny X Ngo)
required by quadratic programming.

Algorithm 1. SSQP: Subset selection and quadratic programming

Input: ay,, and ®
OUtPUt: Afinal

g0

%y < Astart

repeat
Sactive {[ivj”aq[l.j] > O}
Sneg < [l~]” afﬁ/‘ < 0}
Scandidate <— Sactive U Sneg
SOIt Scandidate 1N descending order of
Suse < {Scandidate[i] |l = 1727 37 cee Nset}
Oluse “— {“q[i-/’]‘[ivj] € Suse}
Onew <— Ming, E(a,, ®) {using quadratic programming}
g1 < o, but with the s, components replaced by ey
qg—q+1

until (o, |, ®) — E(a,, ®) < 107*

Afinal < %y

oE
Qagi)

SSQP is a gradient based algorithm which attempts to find the minimum of the quadratic error function
E(a). E is possibly a non-convex function. This implies that there may be several local minima. We expect that
most of the code elements in the optimal solution will be zero as we are looking for a sparse code. It is there-
fore sensible to start the optimization with an initial guess where all the code elements are equal to zero instead
of a random guess, since such a starting point is expected to be close to the optimal solution. Other large scale
optimization techniques may also be used to find sparse codes (a typical problem has around 30,000 variables).

3.2. The dictionary

A complete dictionary has just enough elements to reconstruct any signal perfectly. There are certain ben-
efits to using an overcomplete dictionary (a dictionary with more elements than a complete one). The code
from an overcomplete dictionary compared to a complete dictionary can be less susceptible to noise, it can
be more sparse and it can be more efficient in an information theoretical sense (Kreutz-Delgado et al.,
2003; Lewicki and Olshausen, 1999).

How many dictionary elements constitute a complete dictionary of the TLGM? This question is equivalent
to finding the minimum number of dictionary elements required to reconstruct a signal perfectly. Each dictio-
nary element spans across all the channels, and the code can select dictionary elements to be used at any time.
Therefore a signal x of size N. x N, can be perfectly reconstructed with a minimum of N, dictionary elements.
However, we constrain the code elements to be non-negative, so the minimum dictionary size to reconstruct
any signal perfectly is 2 x N..
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The dictionary elements of a trained dictionary could model phonemes, which are the smallest meaningful
acoustic units, or it can model syllables, or even complete words. The dictionary training process is unsuper-
vised, which means that a particular dictionary element may learn any unit of speech. In fact it would be inter-
esting to see what type of features the trained dictionary elements model. There are 20 phonemes in the speech
that make up the dataset, 11 syllables and 11 words. It is difficult to find the best dictionary size. The dictio-
nary should at least be complete so that the code can successfully represent a signal, and the size of the dic-
tionary may be related to the basic speech units that make up the dataset. We use a two times overcomplete
dictionary, so there are 32 dictionary elements. This dictionary is large enough to capture at least all the pho-
nemes present in the dataset.

In speech there are certain features which can be stretched over time without changing the meaning of the
speech. To reflect this in the model, time scaled versions of the basic dictionary elements are constructed. We
construct six scaled versions of each basic dictionary element and append them to the dictionary.

A dictionary element @} is scaled over time with a scaling matrix M,

d
@) = olM, (5)
where CDR,}} is the scaled version of basic dictionary element d. s € 0,1,2,...,6 where s = 0 represents the un-
scaled dictionary element that spans 260 ms, s = 1 corresponds to the dictionary element that is scaled to span
280 ms, etc. M is determined in such a way that the jth column of (I)}f}} (which spans 20 ms) is

. 1 0.02-/ 0. 26
oY — / ol (< de 6
[ {3}} 002 0.02-(j—1) 0 26 + 0 025 ( )
(D{d} is a matrix where each column is used to reconstruct a 20 ms segment of a spectrogram. We cast d){d}} into
the contmuous time domain by letting (I) ( )= [(I){d} " vVt € [0.02(i — 1),0.02i]. Fig. 2 illustrates how a dic-

tionary element is stretched.
The dictionary that includes the scaled elements is

D = (@), @1y, Dy, ..., Py (7)
@y, is the basic dictionary which has 32 elements; @ therefore has 32 x 7 = 224 elements.
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Fig. 2. An unscaled dictionary element (D%}} is a N, x A® matrix. A row in the dictionary element corresponds to a channel in the
spectrogram. This ﬁgure illustrates how a row of an unscaled dictionary element is scaled to 320 ms. ¢, refers to a row of the dth
dictionary element oY IS ) The top plot shows a row of an unscaled dictionary element. The middle plot shows an intermediate step where the
row is stretched to span 320 ms; qﬁ (3 still has only 13 entries. The botrom plot shows that ¢,3, is created by resampling from (/)m For
example, the ninth entry which represents the interval 160-180 ms, is the time averaged integral of ¢ (3 over that same interval. Every row
of a dictionary element is stretched in the same way.
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3.3. Training the dictionary

The code will be more efficient if the dictionary is trained to reflect the regularities of the data. We can
define dictionary training as an optimization problem. The optimal dictionary will be the one that allows very
sparse codes to reconstruct signals well. In other words, a sparse code a will yield a small cost function £ when
the dictionary is optimal. The dictionary should fit the entire dataset, so we define a total error function Et that
is the sum of the error function of each sample » in the dataset of N, samples

N

ET(Aaq)) = ZE(anvq)) (8)

n=1

with A4 the set of sparse codes that represent the dataset.
Formally, the optimal dictionary is then

o = m(gnET(A*,(I)) 9)

with A the set of optimal sparse codes.

The optimal dictionary is a function of the sparse codes and vice versa. The dictionary training process is
therefore an iterative two-step process. First the sparse codes are determined for a given dictionary, then the
dictionary is optimized for the given codes. The optimization is done by means of gradient descent with a line
search. The derivative of the total error function Et with respect to the dictionary is used as a search direction.
A golden section method then finds the minimum of the error function along the search direction. The training
process is exactly that of Olshausen and Field (1997), except that we use a line search, whereas they use a
learning rate parameter to control the step size.

During the training process the norm of the dictionary elements tend to grow without bounds (for an
explanation as to why this happens, see Olshausen and Field (1997)). We address this by forcing all
dictionary elements to have a norm of one. Every dictionary element of the initial dictionary is
randomized. (D?f}} is a random N, x A matrix with entries sampled from a standard uniform distribution
U(,1).

It is computationally very expensive to train the dictionary. The reason is that it is necessary to find the
sparse code of every utterance at each iteration. The SSQP algorithm can take a long time to converge, espe-
cially if the starting point is far from the final solution. For example, when we want to find the sparse code to
the utterance “one one one three eight eight one”, we use a trained dictionary and set the starting point as the
all-zero code ay,, < 0 in the SSQP algorithm. This utterance is 2.6 s long; the size of a is 224 x 149; it takes
121 iterations of SSQP to find the sparse code which has 159 non-zero elements. On an Intel Core2 1.86 GHz
PC it takes 98 s for SSQP to converge.

To speed up the training process, we set the starting point of each training iteration as the solution to the
previous training iteration @y, < a. In this case it usually takes less than five SSQP iterations to find the
sparse code. It is only for the first iteration that we set the starting point as @ < 0.

4. Results related to sparse codes

To further speed up the training process we make use of two heuristics. Firstly, we start with a bigger value
of / than the one we would like to use; the bigger A, the fewer non-zero elements are in the code and the more
quickly it is computed. Secondly, we train the dictionary for the first 50 iterations only on a fifth of the samples
in the dataset, since the dictionary initially does not have any structure that corresponds to the dataset — it will
learn the basic structure even if the dataset is small.

The trained basic dictionary @y, is shown in Fig. 3. The structure of the dictionary elements reveals com-
plex features that span across frequency and time to varying degrees. It is clear that some elements are strongly
localized in frequency and others more localized in time; several seem to encode specific transitions of fre-
quency content as a function of time. The elements code sounds that span the entire width of an element
(which is 260 ms).
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Fig. 3. This figure shows the 32 dictionary elements of the trained basic dictionary ®yg;. Each element is split into positive and negative
parts for better visualization. A column of a dictionary element spans 20 ms; a complete dictionary element therefore spans 260 ms. Each
row in a dictionary element correlates with a channel in the spectrogram (see Fig. 1). Thus, the bottom row of a dictionary element
represents signal content at 367 Hz and the top row 7321 Hz. The dictionary elements have a norm of 1. White represents values of 0 and
black 0.2. Elements are numbered from left-to-right and from top-to-bottom.

We can use histograms of phoneme occurrences to form an idea of the sounds coded by the elements. A
histogram is created for each phoneme p and each dictionary element d. The bins of the histogram span over
time where each bin is 20 ms wide. We associate a time period ¢, with each bin; it is a period that precedes a
spike associated with dictionary element d. The number of entries in bin b of histogram (p, d) is the number of
times phoneme p precedes a spike of dictionary element d with an offset of ¢, for the entire dataset. In other
words, the histogram shows how often, and at what temporal offsets, a phoneme occurs before a spike. In the
TLGM a spike in the code means that a dictionary element is used to reconstruct a part of the spectrogram
that precedes the spike. (Note that we ignore the fact that time-scaled versions of a dictionary element may in
fact have been used; all the scaled versions are grouped together and are viewed as a single dictionary element.)

We use the TIMIT phoneme set (Garofolo et al., 1993) with the addition of the diphthong “ia” that occurs
in “fear” and ““zero”. Fig. 4 shows the histograms of phoneme occurrences for four dictionary elements. From
Fig. 4a, it appears that dictionary element d = 2 is used in coding the “ih-k-s” sound in “six”. It also seems
that it is used to code “ey-t” which occurs in “eight”. It is not possible to conclude from this histogram alone
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Fig. 4. The top row of each plot gives the positive and negative parts of the dictionary element. The bottom row of each plot depicts the
phonemes’ correlation with the given elements: it is a histogram plot that shows which phonemes preceded the spike associated with that
particular model, and at what times the phoneme occurred. The histogram plot shows only the 10 phonemes that occurred most for each
dictionary element. The histograms are scaled so that black represents 2000 entries in a bin.

that element d = 2 actually codes the “ih” sound. The reason is that in our limited dictionary the “ih” sound
always precedes the “k-s” sound. If d = 2 codes only the “k-s” sound the histogram would still show that the
“ih” sound often precedes a spike associated with d = 2. However, by taking a closer look at the dictionary
element itself, we see that it has a period of silence between 80 and 140 ms before the spike occurs. This cor-
responds to the closure between the “ih” and “k” sounds, therefore it does seem that element d = 2 codes the
“ih” sound or at least a part of it. There are certain implications to d = 2 having a large negative part. Our
spectrogram transform has only positive parts, which means that d = 2 cannot be used on its own. It has to be
used with other dictionary elements.

Fig. 4b shows a dictionary element that codes a sound with a rising frequency. We see from the histogram
that the entire word “three” often precedes a spike from d = 12. The plot of the dictionary element itself shows
that it contains information to code the word “‘three”. The “th” fits the left part of the dictionary element; it
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shows a broad distribution of energy across most of the frequencies. The right part of the dictionary element
fits the rising centre-of-mass (in frequency) of the sound in “iy”.

Dictionary element d = 25 (Fig. 4c) does not code a particular sound, but is rather used as a constant offset.
Lastly, Fig. 4d shows that d = 31 is a dictionary element with a very complex structure. The histogram shows
that it is mostly used during the coding of “ey” in “eight”.

It is interesting to look at the amplitudes that spikes assume for a particular dictionary element. Fig. 5
shows histograms of the spike amplitudes for various dictionary elements. We see that the dictionary ele-
ments are not used equally often; d = 31 is used less often than any of the other dictionary elements that
are shown. This may be due to the complex and irregular structure of d = 31, we do not expect such a
structure in speech. d = 25 is used often but has a small average spike value. The spike value indicates
the contribution that a dictionary element makes to reconstruct a signal. The fact that 4 = 25 has a smaller
average spike value than the other dictionary elements suggests that it too does not capture significant struc-
ture in the speech.

Note that many of the spikes have small amplitudes, regardless of the dictionary element. A spike with a
small value does not contribute much to reconstructing a signal. Such a spike therefore does not signal an
important event; it is rather an unfortunate feature of the way that we have formulated the sparseness func-
tion. We return to this topic in the conclusion.

Dictionary elements are not used in isolation, they are used in conjunction with other elements. It is com-
plicated to say which acoustic unit a particular dictionary element codes as it depends on the other dictionary
elements that are used in with it. We see for example from Fig. 4a that d = 2 is used in coding both the words
“six” and “‘eight” although the words do not share a phoneme.

5. Classification of the spike train

This section addresses the problem of decoding a spike train, i.e., how to infer or classify the spoken words
encoded by the spike train.

100 100
£ 50 £ 50
< g
) &=
0 0
0 0.5 1 0 0.5 1
Amplitude Amplitude
(a) d=2 (b) d=12
300 100
£ 200 &
5 2 50
g g
£ 100 2
0
% 0.5 1 0 0.5 1
Amplitude Amplitude
() d=25 (d) d=31

Fig. 5. The histograms of spike amplitudes for four of the dictionary elements are given. These are compiled from the sparse codes of the
training set. Only nonzero spikes are included in the histograms. The histograms show that most of the spikes have very small amplitudes.
We explain in the text that such spikes are not desirable. It also shows that the dictionary elements are not used equally often; d = 25 is
used more often than any of the other three dictionary elements.
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5.1. Preprocessing of spike trains

As mentioned earlier, the sparse code has many elements whose amplitudes are so small that they contrib-
ute little to the reconstruction of the signal. We remove them by setting their amplitudes equal to zero. Only
those spikes that have amplitudes less than a preset threshold are removed. We choose the threshold at 0.124
so that 40% of the spikes remain. We tested the classification performance against different threshold values
and found that 0.124 gives the best results. The removal of small valued spikes could also be done during the
process of dictionary training. We did not do that as we did not know beforehand which threshold would be
best.

The spike train includes information about the temporal scaling of dictionary elements. Our motivation for
using scaled dictionary elements is that some sounds may be scaled without changing the meaning of the
sound. The scaling information is therefore not that important to a spike train classifier of words; what are
important are the sounds that appear in the signal and the time at which they appear. We keep the spike train
classifier simple by not including scaling information. It is still useful to have scaled versions of the dictionary
elements, as this produces a sparse code that allows us to identify a particular sound irrespective of its
duration.

The scaling information is removed by grouping spikes of the same sound together. The dictionary consists
of all the scaled versions of the unscaled dictionary ® = [®}, @y}, Dy, ..., D). We can split the code a in
the same manner; a = [ay}, a;1}, a2, - . ., agey] Where ay,y refers to the sparse code associated with ®y. The
compressed code is then

a=y ay (10)

5s=0

In our case a is a 32 x N, matrix.
5.2. Classification problem

The classification problem is common in speech recognition: the most likely sequence of speech units given
the features has to be determined. Once the most likely sequence is known the words in the utterance can be
determined. We use the same approach as current automatic speech recognition systems to find the most likely
sequence of speech units, but we have a different feature set.

This approach to the classification of a spike train requires a set of probabilistic models that fit segments of
the spike train. Each model could correspond to a speech unit such as a phoneme, a triphone, a syllable, a
word etc. Most of the current speech recognition systems use models that fit phonemes or triphones. The dic-
tionary elements span 260 ms which means that a spike train model should cover speech units that are at least
as long, i.e. syllables or words. We use supervised training of the spike train models and accordingly force the
models to correspond to words. Supervised training is more robust than unsupervised training.

The spike train model proposed by Oram et al. (1999) is a probabilistic model of spike trains. With this
model the probability p({;|/m) that segment i from the spike train ¢ fits a model m can be calculated. Accurate
classification is only obtained when the models fit the data well. The last part of this section shows how the
parameters of the models are adapted to fit the data.

5.3. The spike train model

There are a few models that can find temporal patterns in multichannel spike trains (Chi et al., 2003; Kass
and Ventura, 2001; Gat and Tishby, 2001), but they do not give the probability that a spike train fits a given
model.

Oram et al. (1999) proposed a spike train model that contains only the spike count (the number of spikes in
a channel) and the firing rate profile (a profile of the times at which spikes are likely to occur). This model fits
actual spike train data very well: once fitted to the data, it could generate spike trains that are indistinguishable
from spike trains recorded in the monkey brain.
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The model we use here is exactly that of Oram et al. (1999) with order statistics (Wiener and Richmond,
2003), except that we include the spike amplitude. A spike train is completely described by the times at which
spikes occur 7, the amplitudes a of those spikes and the channels ¢ in which they occur (7,a and ¢ are all vectors
that have as many entries as the number of spikes in the spike train). The ith spike is described by its firing time
t;, amplitude a; and channel c;.

The probability that spike train ¢ fits model m is

P(C|m) ZP(ZZ%EW) (11)

(We force the models designated by m to correspond to words; we have three models for every word. These
choices are motivated below.)
Sparseness coding assumes the activity of different code elements to be independent. Therefore,

P(f@am) = Hp(;c7awnc‘|mvc) (12)

with 7. and a,. the respective subsets of # and a that contain only the spikes in channel c. n, is the spike count of
channel ¢. There are as many channels in a spike train as there are elements in the basic dictionary; in our case
the compressed code represents a spike train of 32 channels.

In order to reduce the complexity of the model, we assume that the spike times and spike amplitudes are
independent of each other. Now,

Plie;@c,nelm, ¢) = p(te|m, ¢, ne)p,(@c|m, ¢)Py(n|m; c) (13)

Here p, is the spike time probability density function. It gives the probability that the times at which spikes
occur in the spike train fit the firing rate profile. p, is the spike amplitude probability density function. P,
is the normalized spike count distribution. It gives the probability than n. spikes will occur in a given channel.

The spike time probability density function is a function of the order statistics and the firing rate profile
(Wiener and Richmond, 2003)

ne

(t|m,c,n.) pr (ten|lm,c,ne, h) (14)

n,!
(h =1l (n. — h)!
with f;(¢) the normalized spike density function and F(¢) is its cumulative probability density. p,(¢.,|m, c,n., h)

is the probability that for channel ¢ of model m, the hth spike in a spike train occurs at time z,,.
The amplitudes of the spikes within a channel are also assumed to be independent so that

piltenlm, e ne, h) = F(ten)" filten) 1 = Folten)) (15)

32 ne

p(m) = [T |Pa(nclm, Hpt enlm; ¢, ne, h Hpa acalm, ¢, h) (16)

c=1

P,, p, and f,(¢) are modelled with Gaussian mixture models (GMMs). p, and P, have each two components
and f,(¢) three.

5.4. Finding the most likely sequence of models

Here we show how to determine the most likely sequence of models given the spike train of an unknown
utterance. From the sequence of models, we can easily determine the sequence of words as each model corre-
sponds to a word. The spike train models can be trained in an unsupervised manner, in which case a model can
represent any sound or sequence of sounds. Once the models are trained, it is necessary to determine the cor-
respondence between sounds and models. However, supervised training is easier to conceptualize than unsu-
pervised training. For this study, we force the models to correspond to words. Unfortunately this choice may
limit the classification performance.

Part of the problem of finding the most likely sequence is segmenting the spike train. The classification
problem is now to find the most likely sequence of models /#* and segment sizes Ar* given a spike train, i.e.,
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', At* = max p(im, Allg) (17)
m,At

We assume that each segment is independent of all others, so that using Bayes’ theorem, we have

p(Elm, Ar) Hp Lilms, At;) (18)

where p({;|m;, At;) is the probability that the ith spike segment {; is A¢; long and fits model m; (Eq. (11)). The
joint probability is

p(im, At) = py,(Adin)P(in) (19)
with

Pas At|m HpAt (At;|m;) (20)

again because we assume the segments to be independent. p,,(Az;|m;) is the probability that a spike train will
have a length of Az; given model m;. It is modelled with a two-component GMM. P(in) is the language model,
which for a dataset consisting of random digits and models corresponding to words is

m) = HP(m;) (21)

If the models do not correspond to words, the language model would be slightly more complex. Accurate lan-
guage models can be designed for a specific dataset (Rabiner and Juang, 1993). Finally, the most likely model
sequence and segment sizes are

', A = max 11 p(Gilms, At;)py, (Ati|mi)P(m) (22)
m,At i
or
m*, A =min > [~ Inp({lmi, At;) — In p,, (Atilm;) — In P(m;)] (23)
m,At

The above equation can be solved with dynamic programming (see for example Cormen et al., 2001), which is
an efficient way to find the shortest path through a lattice.

Our set of spike train models also includes a silence model mg;. This model is fixed. It has a spike count
distribution

P )_{1 if n.=0
mfte) = 0 otherwise

for every channel. The time duration of the model is set as a uniform distribution p(Atjm = mg) =
U(140 ms,1 s). A silence period shorter than 140 ms is probably part of a word or a transition between words.

Table 1

A summary of the probability density functions (PDF) used in spike train classification

PDF Type Number of components
p(L|m) Spike train model 34%

For each channel in a spike train model, we have:

P, GMM 2

70 GMM 3

Pa GMM N

Associated with each spike train model there is:
P GMM )

There are three spike train models for each word and there is one silence model.
# There are three models for each of the 11 words and one silence model.
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It can therefore not be labelled “‘silence”. We select 1 s as the upper bound as there is no silence longer than
that in our dataset. p(At|m = mg;) could also be trained instead of being preset but it would still be necessary to
limit the shortest duration that a silence can be.

A set of three models is assigned to correspond to each word in the dictionary before training starts. We use
more than one model per word because the spike trains for a given word may not all be similar. It is not easy
to determine the optimal number of models per word to use. Table 1 gives a summary of the probability den-
sity functions we use.

6. Training

In the training process the parameters of models are adapted to fit the data. The models that need training
are: the spike train models with each model having three mixture models (see Table 1); p,, associated with each
model; and also P(m). We use expectation maximization (EM) to train the models. Firstly the expectation step
finds the most likely sequence of models * and segment sizes A¢* for the entire dataset, then the maximization
step adapts the model parameters to increase the likelihood of m* and Ar*.

The expectation step uses a modified version of the standard dynamic programming algorithm used during the
Viterbi search (Ostendorf et al., 1996). The modification is that our Viterbi lattice is not two dimensional; it has a
third dimension, called “number of words”. A three dimensional Viterbi lattice is set up for each spike train. The
three dimensions are “‘time”, “model number” and the “number of words” selected from start of the sequence
(see Fig. 6). Paths through the lattice always point in the increasing “time” dimension. When the transition is
toward a word model, it has to increase one level along the “number of words” dimension. On the other hand,
if the transition is toward the silence model it does not change its “‘number of words” dimension.

The supervised algorithm makes some of the vertices and transitions invalid in a manner consistent with the
target word sequence and the target word boundary times. Fig. 7 shows how the number of words that should
be classified at specific times is bounded. From the bounds the valid vertices in the lattice are determined. At a
specific time nodes along the “number of words” dimension that fall outside the bounds are invalid. The target
word sequence on the other hand determines which transitions are valid: transitions from models associated
with word w; to models associated with the following word w;,; are valid, as are all transition to the silence
model mg;.

The maximization step adapts the model parameters. As the utterances are independent of each other, 7}
and Ar: can be determined for the nth utterance independently of all the other utterances in the dataset. The

maximization step maximizes the likelihood function #(6) with

number of words

time

model number

Fig. 6. From a vertex there are only two types of valid transitions to a given time instant. There is the transition to the silence model, for
which the number of words since the start of the sequence do not increase; and there is the transition to all the models in the set that
correspond to the next word in the sequence.
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Fig. 7. This figure shows how the number of words since the start of the sequence is bounded. (b) The target sequence of words. (a) The
minimum number of words that has to be in the sequence at a specific time. This is determined by the word-end boundaries. A word has to
occur before the time of the last spike that can reconstruct part of that word. This time cannot be later than the word-end boundary plus
the temporal length of the longest dictionary element (the elements of @4 spans 380 ms). (c) The maximum number of words that can be
in the sequence at a specific time is determined by the word-start boundary. A word cannot occur before its word-start boundary.

2(0) = [ [ p(m;, Az|¢,, 0) (24)

where the subscript 7 refers to the nth utterance in the data set and 0 refers to the model parameters.
The problem is more readily solved by minimizing the negative log-likelihood function

0 =min— Y Inp(m, At|C,, 0 25
nlDIn zn: np(mn’ n|Cﬂ’) ( )

This can efficiently be done by taking the derivative of the negative log-likelihood function and finding the
parameters for which the derivative is equal to zero. These derivatives are available in most text books that
discuss GMMs and also in Juang et al. (1986).

The expectation step and the maximization step are repeated one after the other until the model parameters
have converged.

Table 2
The confusion matrix of classification of the test set
Recognized class True class

One Two Three Four Five Six Seven Eight Nine Zero Oh
One 240 2 2 14 4 0 0 9 12 1 8
Two 0 266 5 2 0 1 5 7 3 3 1
Three 2 9 283 1 0 0 0 13 0 1 0
Four 7 4 1 260 5 1 0 0 0 0 3
Five 2 3 2 11 230 1 3 1 8 2 19
Six 1 3 1 0 1 288 2 0 0 0 0
Seven 0 10 2 2 1 8 259 1 0 12 1
Eight 4 5 9 0 3 3 0 251 5 1 2
Nine 19 2 5 2 4 0 0 7 211 4 14
Zero 0 5 2 1 1 0 1 0 1 280 1
Oh 4 15 1 7 8 0 0 2 6 1 221

The diagonal entries are words that are correctly classified; the off-diagonal entries are words that have been replaced by incorrect words
during classification.
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6.1. Initialization of the spike train models

The likelihood function has many local minima and EM finds one of them. The starting point for EM has a
great influence on the quality of the solution. The solution that EM finds is much better when the starting
point is in a region of a good solution, than when a random starting point is used.

The very first iteration of EM uses the starting point Oy, to determine the most likely model sequence *
and segment sizes A¢*. It then adapts the model parameters to better fit m* and Ar*. We do not know what a
good starting point should be, so we skip the first step of the first iteration of EM and manually set 2* and Ar*.
Ar* is set according to the dataset labels. m* is set by dividing all the samples of a word evenly between the
models of that word. For example, the first occurrence of “three” in the dataset is labelled as m = 7, the second
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Fig. 8. The plots shows the components of the three models that are associated with the word ‘six’. From the left column to the right the
models are m = 16, m = 17 and m = 18, respectively. Plots (a), (b) and (c) show p,, p, and P, for each respective model. For (a) and (b), we
show only those channels that are highly active, i.e. only the channels for which P,(0) < 0.2.
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occurrence as m = 8, the third as m = 9, the fourth again as m = 7, etc. This initialization works well, as all the
models are forced to be in a region of good solutions.

7. Results related to spike train classification

In the EM training process the spike train models converged to a stable solution in fewer than ten itera-
tions. The performance on the test set (1000 utterances) is a word error rate (WER) of 19%. Out of the
3222 words in the test set, there are 65 deletions, 178 insertions and 368 replacements. Table 2 shows the con-
fusion matrix of the replacements. The majority of confusions are predictable from phonetic similarities — for
example, “one” and “nine” are often confused because of their common terminal nasals and confusible initial
phonemes.

Fig. 8 shows the components p,, p, and P, for the three models that code the word “six” (they are m = 16,
m = 17 and m = 18). From the plot, we see that P,(0) for channel 2 of every model is very small. This shows
that dictionary element d = 2 is used often in the reconstruction of “six”. m = 16 has a very similar p, to
m = 18. There is an observable difference between the P, of these two models, but the difference is not signif-
icant. It appears that the EM algorithm was trapped in a local minimum where these two models are close
together.

Fig. 9 shows how often each model is used (P(m)) as well as the lengths of spike trains that are coded by
each model (p,,(At|m)). We see from p(A¢|16) and p(At¢|18) that the models will mostly be selected when the
time span At is rather long. The time span is in fact much longer than it takes to say the word “‘six”. Inspection
of the results reveal that this is because these models are mostly selected when “‘six” is the last word in an utter-
ance, or when “six” is followed by a period of silence. If the models had been better trained, p,,(At|m) would
have had a higher probability that the lengths correspond to the time it actually takes to say “‘six”. The expec-
tation step in the EM algorithm would then use the silence model myg;, to take up the periods of silence follow-
ing ““six”. This suggests that the EM algorithm became stuck in a non-optimal local extremum. We see from
P(16) and P(18) in Fig. 9 that these models are not used often, which agrees with the fact that they are mostly
used at the end of utterances or when long periods of silence follows “six”.

A comparison between the performance of this sparse coding system and other systems for continuous
speech recognition gives an indication of the effectiveness of the sparse coding approach. We compared the
performance of the current system to that of Hidden Markov Model (HMM)-based speech recognition on
the same spectrogram representations we use. HMMs are typically used with features such as Mel-frequency
cepstral coefficients, which are approximately independent. Employing HMMs with features directly extracted
from spectrograms requires some care, since the features will tend to be correlated to a significant degree. We
were able to deal with this issue by using components with full covariance matrices. Recognition accuracy was
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Fig. 9. The left figure gives p,,(At|m); the right figure gives P(m). There are 33 rows in p,,(At|m) and in P(m), each row corresponds to a
model. For example p,,(At|1) and P(1) appear in the bottom row of each plot while models m = 7-9 are associated with the word “‘three”.
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not affected to a significant degree when we used more than one mixture component. The comparison could
also be made with methods such as Dynamic Time Warping with full covariance matrices, but the complexities
of developing such a system for speaker-independent recognition were not considered justified for our rather
preliminary comparison.

The HMM system achieved a WER of 15% for models based on monophones. The models were single mix-
ture components with full covariance matrices. Straightforward HMM-based speech recognition with tri-
phones achieves a 3% WER on the TIDIGITS dataset when Mel-frequency cepstral coefficients (MFCCs)
are used instead of the coarse spectrograms we use. The WER of 15% for the HMM system is slightly better
than the 19% WER that sparse coding achieves. We return to these performance differences below.

8. Conclusion

We have shown how continuous speech recognition of a small dataset can be done with sparse coding and
spike train classification. The results are promising: for the input features used here, the performance of speech
recognition based on sparse coding is comparable to HMM-based speech recognition. These results are, how-
ever, not competitive with those achievable using state-of-the-art features; incorporating such features into our
system would not have been feasible for computational reasons.

There are many areas of the sparse coding approach that need to be investigated in order to determine
whether these methods can be competitive with current state-of-the-art systems. Most obviously, other feature
sets such as spectrograms with a greater number of channels, or even MFCCs should be investigated. It should
be noted that we do not require the MFCC coefficients to be sparse — as long as they are relatively stable in a
particular acoustic context, our coding algorithm will extract a sparse set of events that describe the non-
sparse MFCC coefficients. The training process however requires significantly more efficient training algo-
rithms when the size of the input representation increases.

The size of the dictionary plays an important role in the properties of sparse codes. If the dictionary size is
increased while A remains constant, the dictionary elements will code more complex features. For a dictionary
that has too many elements, the features will not be general enough to capture the underlying structure in the
signal. This will cause the classification performance to suffer. We did not study the effect the size of the dic-
tionary has on the classification performance or on the type of features that the dictionary elements code. Here
too more work needs to be done.

The effect of 4 on the performance needs to be investigated. We found that for a 32 element dictionary, the
performance decreases for 4 > 0.3, but we did not check the performance for 4 < 0.3.

The sparseness function we use causes the sparse code to have many components with small amplitudes.
These components are not desirable as they do not convey important information about the signal. We found
that by removing 40% of the spikes the performance improves significantly. Along this line there are two alter-
natives to the approach we followed here. The spikes could be removed during the dictionary training process,
i.e. the dictionary is trained on a code whose small code elements are removed. This will change the dictionary
elements of the trained dictionary, which in turn may improve the classification performance of the system.
The second alternative is to use a sparseness function that is not only a function of the code element ampli-
tudes but also the activity of code elements. For example,

g 0 ifa=0
(a)_{l—i—a—gaz ifa>0

will produce a code with fewer elements close to zero. Such sparseness functions cause the optimization prob-
lem to become non-quadratic and computationally much more expensive. They also make the derivative of the
error function undefined at a = 0. The two alternatives mentioned are unfortunately mutually exclusive; the
first is easier to implement in the current framework, whereas the second would require different algorithms to
find sparse codes as the derivative cannot be used at a = 0.

The problem of finding a sparse code is not yet satisfactorily solved. We use an iterative optimization
approach that is computationally expensive. Basis selection methods may be more efficient. However, we
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found that matching pursuit (Mallet and Zhang, 1993) yields sparse codes that are not robust; two utterances
that sound very similar produce sparse codes that are not similar at all (results not shown).

The classification of spike trains is done on trains that do not include the scaling of dictionary elements in
any way. The performance could improve when scaling information is used. This can be done by simply add-
ing another dimension to a spike train, so that a given spike is completely described by its scale s, firing time ¢,
amplitude a and channel c.

We have forced the spike train models to correspond to words, while most modern HMM-based speech
recognition systems model monophones or triphones. When it comes to discovering the basic units of speech,
unsupervised training of the spike train models can be very powerful. With unsupervised training it is possible
to discover those units of speech that are statistically significant. Hopefully, they will correlate with the basic
units that the brain uses. Another advantage of unsupervised training is that the number of models per class
does not have to be specified, only the number of spike train models. In practical applications, it will always be
necessary to use supervised training on some part of a classification system; if it is not done on the spike train
models it should be done on a next level of processing.

The spike train model of Oram et al. (1999) with order statistics (Wiener and Richmond, 2003) appears to
be a useful model to use for spike train classification. The system’s performance is probably capped by the
sparse coding process and not by the spike train classifier.

The results obtained in our investigation suggest that the further study of the mentioned issues will be a
worthwhile endeavor.
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