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Connected-Digit Speaker-Dependent Speech
Recognition Using a Neural Network
with Time-Delayed Connections

K. P. Unnikrishnan, John J. Hopfield, and David W. Tank

Abstract—An analog neural network that can be taught to recognize
stimulus sequences has been used to recognize the digits in connected
speech. The circuit computes in the analog domain, using linear cir-
cuits for signal filtering and nonlinear circuits for simple decisions,
feature extraction, and noise suppression. An analog perceptron learn-
ing rule is used to or; the subset of tions used in the circuit
that are specific to the chosen vocabulary. Computer simulations of the
learning algorithm and circuit demonstrate recognition scores >99%
for a single speaker connected-digit data base. There is no clock; the
circuit is data driven, and there is no necessity for endpoint detection
or segmentation of the speech signal during recognition. Training in
the presence of noise provides noise immunity up to the trained level.
For the speech problem studied here, the circuit connections need only
be accurate to about 3-b digitization depth for optimum performance.
The algorithm used maps efficiently onto analog neural network hard-
ware: single chip microelectronic circuits based upon this algorithm
can probably be built with current technology.

1. INTRODUCTION

UTOMATIC recognition of words in connected speech can

be considered a statistical pattern recognition problem. Both
dynamic time warping (DTW) and hidden Markov models
(HMM) have been frequently used as algorithms for solving
this pattern matching problem. In DTW, a dynamic program-
ming local minimization routine is used to best match a given
set of data observations in the input speech waveform against a
set of stored templates [1], [2]. The templates represent words
in the vocabulary and are produced from a training set of speech
utterances. The input observations are temporally distorted to
find the best match with each of the templates. That template
with the best overall match is identified as the spoken word. In
a common form of HMM, each word in the vocabulary has an
associated Markov model [3)-[5]. The probabilities of data ob-
servations and the transition probabilities between hidden states
are determined from a training set by a reestimation algorithm.
In use, each word model is checked for the probability that it
could have produced a given speech utterance to be recognized.
The model with the highest probability is assigned as the spoken
word.
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We have applied a different statistical pattern recognition al-
gorithm that is efficiently implemented in neural network ar-
chitectures to a small vocabulary connected speech recognition
problem. The work we present combines our earlier analog net-
work with time-delayed connections for sequence recognition
[6], [7] with an analog perceptron learning rule {8]. The algo-
rithm and its method of implementation is distinct from DTW
and HMM approaches but it shares several attributes: 1) the
speech signal is coded by a series of features which describe
the short-time spectral characteristics, 2) the parameters of the
recognition system are determined from a training set by a
learning algorithm (analogous to a reestimation formula), and
3) spoken words are determined from parameters related to
probabilities computed by the algorithm in a maximum likeli-
hood framework. A variety of other algorithms for neural net-
work architectures have been investigated for speech recogni-
tion (for example, see [9]-[12]), and these will be discussed
later in connection with our results.

In general, the numerical precision necessary for the imple-
mentation of both DTW and HMM algorithms is high. Real-
world speech recognition systems based upon these algorithms
are typically implemented using digital signal processing hard-
ware because of the necessity to perform high-accuracy calcu-
lations. Connectionist architectures emphasize the efficient use
of low precision parallel hardware. The algorithm presented here
is demonstrated to work with this form of low precision hard-
ware.

Although we have only studied one of the simpler speech
recognition problems, the method and form of statistical acous-
tic signal processing used in the network described here may be
applicable to a broader question in human speech perception. A
complete theory of human speech perception must describe how
its algorithms can be implemented in the hardware of neuro-
biology. The algorithm presented here can be implemented in a
‘‘connectionist’” network of analog processing elements fash-
ioned after neurons and synapses [13]. It is difficult to envision
how HMM and DTW, in their common forms, could have such
a neurobiological implementation, although preliminary at-
tempts to map these algorithms onto high-precision connection-
ist architectures have been made [14].

II. AN ANALOG NETWORK FOR A SIMPLE TONE
SEQUENCE RECOGNITION PROBLEM

The organization of the speech recognition neural network
can be understood by examining a simpler circuit with few com-
ponents that illustrates most of the computational features pres-
ent in the speech circuit. Consider the problem of distinguishing
simple sequences of 4 tones each having duration 7. Imagine
that we have 6 possible tones labelled 7; through Ty and for
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Fig. 1. (a) Two tone sequences to be recognized by a simple analog neural
network. (b) The outputs versus time of tone detectors for an acoustic sig-
nal illustrated in (a). Each detector D; (1) is tuned to tone T;. (c) The desired
outputs of the two sequence recognition units that are to become active

when their corresponding tone sequences are present in the acoustic data
stream.

each of these tones there is a corresponding detection device
that has an output D;(¢) = 1 if tone T; is present at time ¢ and
an output of 0 otherwise. A tone sequence is the serial presen-
tation of individual tones in the input data stream. For example,
the sequence S' might be T, T; Ts 7|, meaning tone 4 is followed
by tone 3 which is followed by tone 5, etc., while a second
sequence S” might be T, T5 T, T, (Fig. 1(a)). When each of these
two sequences occurs in the input data stream to the circuit, the
outputs of the tone detectors will have the patterns illustrated in
Fig. 1(b).

Now consider the analog network shown schematically in Fig.
2(a) and as an electronic circuit in Fig. 2(b). Each of the two
sequence recognition units corresponds to one of the two tone
sequences we want to recognize and is supposed to produce ap-
preciable output only when its corresponding sequence is rec-
ognized. Thus the two outputs of the sequence recognition units
are sequence *‘spotters.”” The sequence detector units are non-
linear threshold elements having an output V; that is related to
their input potential u; by a nonlinear gain function V;(t) =
g(u;(¢)) with a minimum of ¥; = 0 and a maximum of V; =
1. (More generally, in a noisy or ambiguous situation we might
want the analog value of the output to represent the probability
that the corresponding sequence occurred in the data stream.
See Appendix A.) The desired outputs of the recognition units
as a function of time during presentation of tone sequences S,
and S, are drawn in Fig. 1(c).

The output of each of the 6 tone detectors is conected to a set
of four boxes, (Fig. 2(a) or taps in a delay line shown in Fig.
2(b)) which delay the signal by amounts 37, 27, 17, and Or,
respectively. Getting the sequence recognition outputs to be-
have in the desired fashion is simply a matter of choosing the
right pattern of resistive connections from the qutputs of the 6
X 4 time delay boxes to the inputs of the recognition units. For
sequence detector 1, we use a resistor with resistance R from
the box whose output is the signal from tone detector T, delayed
by 37. Similarly, tone detector T; is used with delay 27, a con-
nection with delay 17 from Ts and a connection with no delay
from T,. Similarly constructed time-delayed connections, ap-
propriate for sequence S* connect to the input of sequence de-
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Fig. 2. (a) A symbolic diagram of the organization of a network to solve
the tone sequence recognition problem. Detector outputs are connected to
recognition units with a pattern of time-delayed connections appropriate to
the tone sequence to be recognized. (b) How the tone sequence recognition
circuit could be constructed as a simple network of electrical circuit ele-
ments. The recognition units are analog artificial neurons connected to ap-
propriate individual taps of tapped delay lines that occur on the outputs of
each tone detector.

(®)

tector 2. These connections result in a big input potential to the
correct sequence detection unit when one of the sequences in
our ‘‘vocabulary”’ is presented to the network. For a random
sequence, there will typically be only one fourth as much input
potential to the detection units and they will stay below thresh-
old. (Choosing the connections is analogous to the electrical
engineering problem of a matched filter {15].) The ability of the
circuit to spot particular sequences is the result of the specific
pattern of time-delayed connections.

III. GENERALIZING THESE IDEAS TO SPEECH-LIKE
SOUNDS

The same tone may be present at two different time points in
the same sequence. If § ! were the tone sequence T, 75 T, T,, then
we would construct connections both with 37 delay and zero
delay between the output of D, () and the input to the sequence
detection unit *‘1.”’ The temporal effect (or impulse response)
of any individual detector on the input to a sequence recognition
unit may be quite complex. But a large input to the sequence
detection unit only occurs when all the signals add coherently.
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Nothing in the discussion requires having only one tone pres-
ent at a given time. If multiple tones are present at the same
temporal position (a ‘‘chord’’) within the sequence to be rec-
ognized, then the outputs of each of the tone detectors present
in that chord will have connections with the same time delays
to the input of the corresponding sequence detection unit.

By increasing the complexity of the tone sequence, it can be
made more analogous to speech. The natural variability of
speech produces a degree of unreliability in the pattern of *‘tone
detectors’” being activated by a given sequence class (i.e.,
word). It is then appropriate to think of the statistical distribu-
tion of tone detector activation during a sequence to be recog-
nized. For example, if two different tones are equally likely
during the first time period of one of our tone sequence classes,
then equal-valued time-delayed connections should be made to
the sequence detector input. Since repeated tones are allowed,
this general scheme applies also to the case of intervals having
unequal lengths.

The sequences do not need to be ‘‘orthogonal.”” For exam-
ple, two sequence detectors may share a time-delayed detector
output, having the same tone at identical points in their two
sequences. One might ask if this time-delayed connection is
really necessary, since both of the corresponding sequence de-
tection units will have the same connection. The answer to this
depends upon the nature of the rest of the vocabulary the circuit
will be exposed to. (The rest of the vocabulary should be con-
sidered the ‘‘noise model’” in the matched filter analogy.) If we
are expecting to see only those two sequences in the data stream
(and are thus merely to make a binary choice between two al-
ternatives), then the output from that detector for this time delay
to the sequence detection units will superfluous; its signal pro-
vides no information about the choice to be made. Thus the
connection strength may be set to zero with no loss of perfor-
mance. If, however, other sequences do not contain this tone at
this temporal location (a multiple discrimination is to be made),
then these two connections still convey information, namely that
these two sequences are different from the other sequences.
Negative connections can also be used to advantage in sharp-
ening the selectivity of the sequence ‘‘matched filters.”” They
can be made to signals which are absent in a particular se-
quence, and will decrease the input to a recognition unit for
incorrect sequences. Negative connections can be made to taps
for which an output would provide information against the pres-
ence of the associated sequence in the data stream. In general,
the analog value of the connections should be related to the
quantity of information present at each particular time-delayed
output for the speech sequence discrimination. These points,
illustrated in the example above, are central to the more difficult
problem that is the focys of this paper.

IV. PREPROCESSING AND FEATURE EXTRACTION:
MOVING FROM TONES TO FORMANTS

The circuit we have studied for speech recognition is similar
to the tone sequence recognition network discussed above. Its
general ofgahization is the same as that shown in Fig. 2(b) ex-
cept that more complex detectors, time delays, and recognition
units are used. A block diagram of this circuit is shown in Fig.
3.

In the set of experiments reported in this paper, we have at-
tempted to recognize spoken digits in connected strings at their
respective temporal end points. Fig. 4(a) shows the waveform
of an exemplar digit string where the spoken digits are
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Fig. 3. A block diagram of the speech recognition circuit. The circuitry
for bandpass filters, feature detectors, time delays, and the recognition units
are fixed. The strength of connections between the output of time delays
and the input to recognition units are assigned through a learning algo-
rithm.
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Fig. 4. (a) Speech waveform and spectrogram of a digit string used in the
experiment. The digits spoken are (1 3 8 89 0 4 8 ). The speech data was
collected at a rate of 12 000 samples/s. (b) Waveform of the digit (0)
segmented out from the string in (a). Its temporal endpoint to be used for
training is marked as r*.

(1388904 8). We have used detection of features in spec-
tral energy for the recognition. The spectrogram below the
waveform shows some of these features. Fig. 4(b) shows the
waveform of digit (0 ) segmented out of the string and its vi-
sually identified temporal end point r*.

In our network the speech signal is transformed into a tem-
poral sequence of activation of acoustic feature detectors, anal-
ogous to activation of tone detectors in a tone sequence. A pat-
terned set of time-delayed connections is constructed (as
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discussed in the next section) which teraporally organizes these
features and determine the states of a network of se-
quence(word) recognition units connected together as an n-flop.
The feature set used in the present work was determined by the
locations of energy maxima in the short-time frequency spec-
trum of the acoustic signal. But the methods used are more gen-
eral and can be applied to any set of computable acoustic or
acoustic-phonetic features. (See the discussion.)

The selection of energy maxima and the corresponding acti-
vation of detector outputs was computed as follows. The nor-
malized specech waveform was filtered by a set of thirty-two
2-pole bandpass filters. The center frequencies f, of the filters
were chosen to be between f,;, = 200 Hz and f,, = 4 kHz
distributed according to the relation log [1 + ( f(Hz))/1000]
(Mel scale).

The filtered outputs A, (¢) were full-wave rectified and inte-
grated with a time-constant 75, = 10 ms. Thus the rectified,
filtered, and integrated outputs g,; n = 1, 32 were calculated
from integration of the equation

d \
dgy _ _8n

di T

ha(1)]. (1)
The set g, (¢) for the word {0 ) is shown in Fig. 5(a). The time
t* at which the word ends is also indicated in the figure.

~ The outputs g, of the filterbank-integrator network are analog
signals corresponding to the rms amplitude in different fre-
quency bands. Nonlinear signal processing and feature extrac-
tion was done by a second network for which the output signals
D, represent the occurrence or absence of feature n. Feature n
was chosen to be a peak in the frequency distribution of the
acoustic signal power occurring at frequency f,:

D,(t) = 1if
ga(1) = 6, (2a)
and
28,(1) - [gn;nn((tt)) + 8,1 (1)] -0, (26)
i.e.,
(2 = 0:)8,(1) = [8ns1(1) + 8o-a()] =0 (2¢)

D,(t) =0  otherwise.

Thus detector n is active at time ¢ with output D, (¢) = 1 if
two criteria are met: 1) the rectified and integrated output g, of
the nth bandpass filter is greater than a threshold 6, and 2) a
discrete approximation of the second log derivative of g, with
respect to n is greater than a second threshold 6,. In our simu-
lations, we have used 6, = 150 and 6, = 0.05. The maximum
value of filter output was about 5500 and 6, was chosen so that
spurious speech signals do not turn on the detectors. 6, was
chosen to have a small nonzero value.

The detector outputs D, (¢) computed for the presentation of
the acoustic signal in the word (0) are shown in Fig. 5(b).
Relatively invariant features not easily discernable across the
bandpass filter outputs are easily seen in the D, (¢) outputs. The
nonlinear processing that occurs in this second network tends
to suppress ‘‘unformant-like’’ noise and accentuate ‘‘formant-
like’* features. This representation is very good for discrimi-
nating vowel-like sounds, but is not particularly effective for
discriminating consonants. (A low-order LPC represenation has
similar characteristics.)

The operation of these feature detectors is similar to those of
the *“center-surround’’ cells found in the mammalian auditory
system or visual system [16]-[18]. Fig. 5(c) shows a schematic
diagram of a center-surround cell with threshold. The circuitry
for this computation can be constructed from standard designs
for artificial neural circuits. The net effect of the center-sur-
round inhibitory network applied to the filter output is to in-
crease the signal to noise of the features we have chosen to
select (formant locations) and convert the inputs to the time de-
lay network into a simple 0, 1 (binary) form.

V. CONSTRUCTING THE DELAY CONNECTIONS

The outputs of detector D, (t) are followed by a set of time
delays which delay the signal from each channel and also con-
volve it with a broadening function. If a connection is formed,
the signal x, (m, 1) that is available to a recognition unit at any
particular delay tap [n, m] corresponding to detector frequency
f, and mean time delay (m) 741,y i8

X, (m, t) = S: K(m, t')D,(¢t — t') dt’ (3)

where the delay kemel K(m, t') is a maximum for t' =
(M) Tgeray- The tap interval 7,,, was usually taken as 0.06 s.
Most of the work described here used a kernel of the form

- _(m)TdeLﬂLi

26°

w1
K(m,1t") N exp (4)
with ¢2 = o3(n — 4)? and 6, = .015 s. (Rigid delays corre-
spond to ¢, = 0.) The impulse response functions of these time
delays are shown in Fig. 6.

Connections are made from the time delay outputs to the in-
put of a recognition unit, each providing a weighted contribu-
tion from its associated time delay. The summed signal from
all delays is filtered with a time constant 7. at the input of each
recognition unit. The input potential u;(t) of recognition unit i
is given by

P Y P C

dt Tree

where T, ,, is the magnitude of the connection from the output
of the mth delay for the nth feature detector to the input of
recognition unit i. g, represents the constant input bias current
that determines the threshold for each recognition unit. For pur-
poses of describing the learning algorithm used to determine the
values of T, ,, and g;, it is convenient to describe this input
potential in a different form. Since convolution and filtering are
linear operations, the input potential to recognition unit i at time
t can be written as a sum of terms

u(t) = 2 TnX(m 1) + 0 (62)
where
X,(m, 1) = S: X, (m, t — ') exp <:r:c,> dr’ (6b)
and
0= | aowtar (6c)

e

We have used 7,.. = 0.04 s in most of the experiments.
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Fig. 5. (a) Rectified and integrated outputs from the 32 bandpass filters for the exemplar of (0 ) shown in Fig. 3(b). The center
frequencies of filters are given in parentheses. (b) Outputs of the 32 center-surround detectors for the same exemplar of (0).
The two thresholds used in the detectors were 6, = 150 and 6, = 0.05. The maximum vale of filter output for this utterance

was about 5500. (¢) Schematic diagram of the ‘‘center-surround’’ mechanism used for feature detection.

Given the input potential u;(¢) determined as above, the out-
put V; of the recognition unit for word i is defined as

Vi(t) =3 [1 + tanh (u,(1))]. (7

Given a set of connection strengths between the time delayed
outputs and the inputs to the recognition units (which we will

refer to as the time delayed connections), the above circuit
equations define the output of the word recognition units for any
input signal. As in the simple tone sequence circuit described
earlier, we desire the output of a word recognition unit to be
near 1 when that word has just occurred in the input signal and
be near 0 otherwise. More specifically, the duration of an ut-
terance is divided into nine intervals, defined by ten equally
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Fig. 6. Impulse response functions of time delays used in the speech rec-
ognition circuit. The delays are spaced with a fixed time of 0.06 s. They
have Gaussian profiles with widths proportional to the distance from the
middle delay. Time delay 1 is ‘‘no-delay’’ and time delay 10 is 0.54 s.
The arrow on the x axis shows the impulse time at 7 = 0 s.

spaced time points. The endpoint # of each exemplar utterance
lies within this interval. Target goals for the word recognition
unit outputs are defined by the following rules, illustrated by a
particular example for the recognition unit {0).

1) For word recognition unit ‘‘zero’’, for each ‘‘nonzero’’
utterance k at its ten equally spaced time points and its endpoint
1¥ the appropriate target output is 0.

2) For word recognition unit ‘‘zero’’, for each utterance i
which is an example of ‘‘zero’’, at the time ¢ the appropriate
target output is 1.

This is illustrated in Fig. 7. It shows the waveform of the
exemplar of (0 ) from Fig. 3 along with its endpoint. The 10
equally spaced time points are 125 ms apart. (This time window
was chosen to be able to train on all exemplars in the vocabu-
lary.) The figure also shows the targets at each of these time
points for word recognition units (0 ), (1), and (2 for this
exemplar of {0 ) along with their actual outputs after 10 learn-
ing cycles.

Given these target outputs and a set of training utterances, an
analog perceptron learning algorithm was used for determining
the optimal connections 7; ,, for yielding the desired re-
sponses. Beginning with all T; , ,, = 0, the connections were
iteratively updated by the following algorithm. It is based on
minimizing an entropic measure of error and is described in
more detail in Appendix A.

AT}‘"‘”’ = €| * Z Z

examples time points

(Target™ — V§*) - X7 (m, 1)

(8a)
where AT, , , is the change for connection T; ,, ., € is a learn-
ing coefficient. For an example ex, X7*(m, t) refers to the con-
volved output of time delays and V§* refers to the actual output
of the i th recognition unit at the ten learning points. The targets
at these learning points in time is either 1 or 0, set according to
the rules mentioned above. The adjustable threshold g; for each
word recognition unit is also updated as follows:

Agi=¢ - 2 2 (Target™ — V%)

examples time points

(8b)

where Ag; is the change for theshold g;. If the learning coeffi-
cients €, and ¢, are small, this algorithm is a gradient descent
optimization procedure. (See Appendix A for details.)

The function X, (m, t) is obtained by convolving and filtering
the output of quantizer channel n from times prior to ¢, and does
not depend on the strengths of the connections. As a result, the
problem of finding appropriate connections at a particular time
has been transformed into the form of a simple perceptron learn-

i

DIGIT: O

RECOGNITION UNIT OUTPUT V;(1}

6.125 sic

Fig. 7. Waveform of the exemplar of (0 ) from Fig. 4(b) and the outputs
of recognizers {0), (1), and (2 ) after 10 learning cycles. Learning takes
place at 10 time points 125 ms apart and at the temporal end point of the
word, marked as t*. The targets for learning at each of these time points
are marked with asterisks.

ing problem. For a recogntion unit driven by connections from
a set of inputs (no hidden units), the learning problem is convex
(see Appendix A) and there is a unique set of best connection
weights defined by any sufficiently large set of training data.

When the circuit is used for recognition after training, an ut-
terance which is not spoken clearly may not be completely re-
liably identifiable as a particular spoken word. Also, the output
D, (1) of the detector contains far less information than was pres-
ent in the initial data stream, and this output may be ambiguous
even if the original sound was not. In order to give meaning to
the output V;(¢) of a recognition unit for a particular word under
these circumstances, a procedure was used which trains each
recognition unit to evaluate the probability that its particular
word was the actual sound which just occurred (see Appendix
A). When the optimum set of connections is found, the value
of the output of a word-recognition unit during an utterance rep-
resents the network estimate of the probability that this partic- '
ular word has just been completed. For scoring the results we
convert these various probabilities to ‘‘yes or no’’ answers to
compare with what was actually said (see results section). Thus
the decision of what word was spoken is computed by the net-
work in a maximum likelihood framework (see also [6]).

When there are N,, examples of each digit, and N, equally
spaced time points chosen for training, each word recognition
unit would then have (N, + 1) * (10 — 1) * (Ne) negative
training examples, and N, positive training examples. The ut-
terances used in training can be either isolated words, or words
clipped from continuous speech, which may also deliberately
include leading or trailing parts of other words. The amount of
computation necessary to establish a set of connections using
288 training examples is about 10 min on an Alliant FX-8 com-
puter with vectorized Fortran.

The learning algorithm establishes delayed connections whose
numerical value is related to the amount of information that the
given detector channel provides at that delay for the given word
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Fig. 8. (a) Detector output probabilities for the 19 exemplars of {0 ) in the training data. The probabilities are plotted as a
function of the time before the word endpoint #*. (b) The set of connections for the recognition of (0), learned after 256
iterations. The value of the connection at time delay m for detector n is indicated by the distance of the line above or below the
horizontal axis at position m on line . Positive connections are shaded by lines and negative connections are shaded by dots.
(In Fig. 8(a), the leftmost point corresponds to end of the word. In Fig. 8(b), the leftmost segment corresponds to zero time
delay (m = 0) and longer delays lie along the positive x axis.)

to be recognized. This is illustrated by considering the connec-  the features of (0) which provide reliable information about
tions learned for word (0). The probability for each detector -that word. A set of connections learned by the network for the
to turn on at different time points with respect to the endpo,int recognition of (0 ) is shown in Fig. 8(b). Positive connections
t* for all exemplars of {0 ) in the training set is shown in Fig.  will be learned at those locations where exclusive information
8(a). Regions with high probability (P(D,(* — t) = 1) show  about the digit (0 against all other digits in the vocabulary is
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Fig. 9. Recognition unit outputs for presentation of the test digit sequence (13 8 89 04 8). (a) The figure shows the input
potential (#;) to the recognition units as a function of time. (b) The figure shows the output of nonlinear recognition units. No
mutual inhibition between recognition units was used in these simulations.

present. This could be anticipated from the meaning of the mu-
tual discrimination error measure being minimized (see Appen-
dix A). This can be seen in channel 32 where the detector turns
on with high reliability during the initial portions of the word.
Positive connections are learned for the time delays 6, 7, and 8
corresponding to the region in time when D;,(¢) = 1 with high
probability. An opposite case can be seen in channel 1 where
D, (1) has a high probability of being activated during the end
of the word, but no positive connections are learned for the
corresponding time delays (1 through 4). This suggests the
presence of overlapping information from other digits during
these time points. Hence there is no mutually exclusive infor-
mation for the recognition of (0) from that region of channel
1.

The input and output potentials of recognition units in a net-
work using a set of learned connections is shown in Fig. 9. The
digit sequence presented to the network was (1388904 8).
This sequence was not part of the training set. Fig. 9(a) shows
the input potential «;(¢). The markings on the left of each curve
show the input potential level when no signal is presented to
the network. The appropriate recognition units receive positive
input potentials when their corresponding digits are presented.
But incorrect recognition units also receive some positive input
potential. For example, during the presentation of (4 ) recog-
nition units for 0, 3, 5, 7, and 9 receive positive input potential.
But these are not enough to drive the output of these incorrect
recognition units, as can be seen from the outputs V;(¢) plotted
in Fig. 9(b). For training, targets are set for the outputs of rec-
ognition units. The threshold for each recognition unit is also
learned. Hence discrimination of digits based on thresholds be-
comes an easier task at the output of recognition units.

VI. EXPERIMENTAL RESULTS

Digit strings from a single male speaker were low-pass fil-
tered, sampled at 12 kHz, and digitized with a 14-b A/D con-
verter. The recordings were made using an AKG D330BT mi-
crophone, over several days, in an office environment with a
signal-to-noise ratio of approximately 40 dB. Each string con-
taines eight digits, spoken at a rate and segmentation typical of
a telephone number string. In about half of the digit pairs, there
is no break between the digits.

A set of 36 digit strings were used for training and another
set of 18 were used for testing. For training, the individual dig-
its were segmented from the strings by visual inspection of wave
forms and spectrograms (as shown in Fig. 3). This segmenta-
tion yielded a set of 288 digits that were used for training. The
temporal endpoint and the total length of the word were deter-
mined for each clipped out digit by visual inspection of spec-
trograms. Table I shows the number of utterances of each digit
used for training, and the longest and shortest utterance in each
case.

The percentage time warp, defined as

(longest utterance — shortest utterance) X 100
mean length

ranged between 28-71% for the training set.

The complete time-delay neural network contains both fixed
circuitry and modifiable connections. All of the circuitry that is
used to produce the detector outputs is fixed. The filter bank
characteristics and distributions were determined from psycho-
physical evidence and practical experience with filter bank front
ends in other recognition systems [19]. The integration time
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TABLE I
WORD LENGTH DISTRIBUTION IN TRAINING DATA
Longest Shortest Mean
Number of Utterance Utterance Length  Time Warp
Digit Utterances (sec) (sec) (sec) (%)
0 19 0.611 0.457 0.535 29
1 31 0.566 0.304 0.435 60
2 44 0.504 0.282 0.366 61
3 27 0.573 0.322 0.455 55
4 36 0.540 0.319 0.409 54
5 31 0.613 0.331 0.466 60
6 32 0.681 0.365 0.527 60
7 28 0.621 0.465 0.547 28
8 23 0.523 0.243 0.392 71
9 17 0.653 0.417 0.508 46

constants of the filter bank outputs were also fixed at 10 ms.
The connections for center-surrounded inhibition were also pre-
determined as described above.

Several fixed time constants of the time-delayed connections
and recognition units must also be chosen: i) the integration
time constant of the recognition unit, ii) the mean delay be-
tween different taps on the delay lines, and iii) the width of
delay functions (their standard deviations). A set of standard
values for these parameters were used for routine training and
testing of the network. We will first describe the performance
of the network with these parameter values and then demon-
strate the degree to which the recognition accuracy depends
upon parameter value choice. The parameters used in routine
training were determined by optimization of individual param-
eters. A systematic multidimensional search of the parameter
space was not attempted. The standard values used in the pres-
ent work were 7. = 0.04 s, 74¢0y = 0.06 s, and 0 = 0.015 s.

The number of time delays used for the recognition of each
digit was determined according to the average length of that
digit in the training data. For example, 9 time delays (32 x 9
connections ) were used for (0 ) recognition and 6 time delays
for (2) recognition (i.e., connections for the 4 longest time
delays were set to zero for the {2 ) recognition unit). From the
total of 3200 modifiable connections in the network only 2496
were changed during training; the rest were set to zero.

The performance of the network in correctly recognizing both
the segmented digits in the training set and the 144 connected
digits in the test set was determined as follows: the network
dynamics was scored as correct for a given digit utterance only
if the output of the correct recognition unit was greater than 0.5
and all incorrect units had outputs less than 0.5. In addition, if
wrong units had outputs greater than 0.5, but at the same time
the correct unit had a larger output, the network dynamics was
also evaluated as correct. According to the above criteria, the
network dynamics will be scored incorrect if all the recognition
units had outputs less than 0.5. (A simple neural network can
do this n-flop or winner-take-all decision task.) For comparison
with scoring procedures that have been used in hidden Markov
models (where the model with the maximum output probability
is taken as the correct one even if its probability is small) in a
few cases we also evaluated the network dynamics using an area
criterion: the areas under all output recognition unit responses
were calculated during word presentation and the unit with the
largest area chosen to determine the network’s decision of spo-
ken word. In the following, recognition accuracies calculated
using the area criterion will be given within brackets next to the
other results. The recognition score with the threshold criteria
can be considered as the word-spotting accuracy for this vocab-

TABLE II
RECOGNITION ACCURACY' AS A FUNCTION OF LEARNING
ITERATIONS

Recognition Accuracy (%)

Number of Learning Training Data Testing Data

Iterations (segmented) (connected)
8 0 0
16 43.4 47.2
24 82.3 73.6
32 91 84
40 94.8 89.5
48 95.1 90.9
56 96.9 94.4
64 97.6 96.5
128 100 99.3 (100)
192 100 99.3 (100)
256 100 99.3 (100)

ulary and the recognition score with the area criteria as word
recognition accuracy.

It should be noted that training is done at 10 equally spaced
time points 0.125 s apart. But after the training phase, the net-
work output is continuous in time. For circuit simulations on
the computer, we sample these every 5 ms. Evaluation of the
network is done using these time varying outputs.

The neural network using the learning algorithm solves the
connected-digit recognition problem for a single speaker with
over 99% accuracy. The ability of the network to correctly rec-
ognize the utterances in the segmented-digit training set and the
connected-digit testing set monotonically increased with suc-
cessive iterations of the learning algorithm, as shown in Table
II. By 128 iterations, the network using standard parameter val-
ues reached its peak performance level, correctly recognizing
100% of the segmented digits from the training data and 99.3%
of the digits in the connected digit test strings. By the area cri-
terion, the recognition accuracy of the time-delay network for
the connected digit test strings increased to 100%. In several
other test cases that convergence was analyzed by determining
recognition accuracy versus iteration number, similar conver-
gence rates were measured. Based upon these results, other
learning experiments were routinely stopped at 256 iterations of
the learning algorithm.

The fact that the recognition accuracy for the connected digit
test set is not 100% could be due either to the inability of the
network to capture the true variability in the speech set or due
to the use of a training data set that is too small to capture the
range of speech variance. To test these alternatives, the test set
and training set were combined to form an enlarged training set.
The resulting network recognizes 100% correctly all the train-
ing segments and all the strings from which these segments were
made, demonstrating that the variance in the larger set could be
captured by the network. Even more speech data would be re-
quired to test fairly the network that resulted from the enlarged
data set, in order to determine if its performance on untrained
speech segments was improved. This was not done since we did
not feel that how well the single speaker problem could be
solved above the 99% level is a significant question.

Although the criterion used to determine the above recogni-

'In all tables, the recognition accuracy with the threshold criterion is
shown outside the parenthesis and the recognition accuracy with the area
criterion is shown within parenthesis. The recognition accuracy for the
training data was determined using segments and that for testing data was
determined using actual connected strings.



UNNIKRISHNAN et al.: SPEECH RECOGNITION USING A NEURAL NETWORK 707
. DIGIT DIGIT TABLE III
DM oL ZM ,,,,,, o RECOGNITION ACCURACY AS A FUNCTION IF INTEGRATION
53\\ E2S TIME CONSTANT ( 7y )
£e o gl »
gg}L s % gi\\‘ 6 Recognition Accuracy (%)
5 £oP
;%M 7 521 7 Integration Time Training Data Testing Data
g gi s B OM 6 Constant (sec) (segmented) (connected)
.&JsL §51\ .01 85.1 7.7
59 4 :27 4 .02 99.3 95.8
g i B | s .03 100 98.6
B v 04 100 99.3
z9 @ 13 ——2 .05 100 99.3
EN B R ———— 06 100 97.9
5& 51\ .07 100 95.1
e —
C0 50 100 160 200 2500 C0 50 100 150 200 2500 08 100 95' 1
ITERATIONS ITERATIONS
(@) (b)
Fig. 10. Mutual information error measure for (a) the training data and (b) TABLE IV

the testing data as a function of learning iterations. The error is plotted for
each individual digit and also for the whole data set. See text for details of
calculation of the error.

tion accuracies is that of practical interest in evaluating a rec-
ognition system, the network performance that is actually being
maximized by the learning algorithm is determined by the mu-
tual discrimination error measure in the gradient descent learn-
ing algorithm. (See Appendix A.) This total error measure is
the sum of contributions provided by each digit category. In
Fig. 10(a), these individual digit contributions and the total er-
ror are plotted versus learning algorithm iteration for the train-
ing set. The error expression can also be evaluated for the test-
ing data, although the network is not trained on this set. It is
shown in Fig. 10(b). While the error in the training set is still
decreasing, the error is increasing for some of the sequences in
the test set (digit (7 ), for example). This is again evidence
that the training set is too small. In the later part of the learning
procedure, peculiarities of the small training set are being
learned, at the cost of appropriate generalization.

The integration time constant for the recognition neurons, the
width of time delays, and the mean spacing between each of the
delays were varied and the network performance determined. In
all cases, the standard parameter values were used as a starting
point, and the parameter under test was varied. The recognition
accuracy is reduced when integration time constants of the rec-
ognition units is made substantially larger or smaller (Table III).
Below 7,.. = 0.030 s the recognition scores on both the training
and test sets drop. Above 7. = 0.060 s, the network is able to
learn the training data very well, but its performance on testing
data deteriorates. The performance on connected digits is worse
at larger values of the integration time constant because of in-
terference from signals of the preceeding digit.

Tables IV and V list the recognition accuracy as a function
of the standard deviation (o) of Gaussian time delays and the
mean spacing ( 741,y ) between them. For the speaker-dependent
connected digit data base used in these experiments, there is no
sensitivity to these parameters over a wide range of values. We
expect more sensitivity in the more difficult problem of speaker-
independent recognition.

The tolerance to speech noise and imperfections in the hard-
ware are important issues in the application of speech recogni-
tion algorithms and their implementations to real-world prob-
lems. The importance of the numerical precision of the
connections on network performance was evaluated by quanti-
zation of the connections after learning. Connections were

RECOGNITION ACCURACY AS A FUNCTION OF STANDARD
DEvVIATION OF GAUSSIAN TIME DELAYS (0)

Recognition Accuracy (%)

Standard Deviation of Training Data Testing Data

Gaussian Time Delays (sec) (segmented) (connected)
.00 100 99.3
.01 100 99.3
.02 100 99.3
.03 100 99.3
.04 100 .99.3
.05 100 99.3
TABLE V

RECOGNITION ACCURACY AS A FUNCTION OF MEAN SPACING
BETWEEN TIME DELAYS (74elay)

Recognition Accuracy (%)

Mean Spacing Between Training Data Testing Data

Time Delays (sec) (segmented) (connected)
.04 100 99.3
.05 100 99.3
.06 100 99.3
.07 100 99.3
.08 100 99.3

learned at full precision for 256 iterations of the learning algo-
rithm. The learned connection set was subsequently quantized
to a fixed number of quantization levels per connection. The
quantization levels tested ranged between 21 (greater than 4b
of information per connection) to 3 (less than 2 b of information
per connection). Table VI lists the recognition accuracy versus
the number of quantized levels per connection. Performance of
the network remains unchanged until the information per con-
nection is reduced to less than 3 b (7 quantized levels of con-
nections in the table). Even at 1.5 b of information per connec-
tion (3 quantized levels, —1, 0, and +1), the recognition score
is still above 96% by our standard amplitude criterion and above
99% by the area criterion.

The network performance was also evaluated for speech data
degraded by Gaussian noise. Noisy data was produced by add-
ing speech data at high signal-to-noise ratio to Gaussian noise
such that the signal power and noise power over the length of
the connected digit string had the desired ratio. As shown in
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TABLE VI
RECOGNITION ACCURACY OF A NETWORK TRAINED WITH
FuLL PRECISION FOR CONNECTION STRENGTHS AND THEN
QUANTIZED TO DIFFERENT LEVELS OF ACCURACY PER
CONNECTION

Recognition Accuracy (%)

Number of Quantized Training Data Testing Data

Levels Per Connection (segmented) (connected)
full precision 100 99.3 (100)

21 100 99.3 (100)

15 ( <4 bits) 100 99.3 (100)

1t 100 99.3 (100)

9 100 99.3 (100)

7 ( <3 bits) 100 99.3 (100)

5 98.6 (99.7) 97.9 (100)

3 (<2 bits) 96.1 (99.7) 96.5 (100)

TABLE VII

RECOGNITION ACCURACY OF A NETWORK TRAINED WITH
STANDARD DATA AND TESTED WITH DIFFERENT Noisy DATA

Recognition Accuracy (%)

S/N of Gaussian Training Data Testing Data
Noise (dB) (segmented) (connected)
>40 99.3
31 98.6
21 77.0
11 16.7

Table VII, performance of a network trained on noiseless data
(>40 dB SNR in the bandwidth 200 to 4000 Hz) deteriorates
substantially when tested with speech having less than 30 dB
signal-to-noise ratio. In general, degradation of performance
was measured with test data having a lower signal-to-noise ratio
than that of the training data. However, recognition accuracies
of test data having a larger signal-to-noise ratio than the training
were equal to that measured for the training data. For example,
as shown in Table VIII, a network trained on a data set with
11-dB signal-to-noise ratio performs equally effectively on test
sets of 21, 31, and >40 dB signal-to-noise ratios, although at
a poorer overall accuracy than that observed for the noiseless
data.

In the third experiment, 288 noiseless utterances in the stan-
dard training set was combined with the same utterances mixed
with Gaussian noise at the 6 dB level. As listed in Table IX,
when trained on this data set, the recognition accuracy for the
test set of 144 utterances was 99.3% for all SNR above 6 dB,
dropping only to 97.9% for the 6-dB test set.

The recognition of digits from noisy speech data and using
low-precision connections is illustrated in Fig. 11. Fig. 11(a)
shows the output of recognition units as a function of time dur-
ing the presentation of a test digit sequence (1388904 8).
(These are the same outputs shown in Fig. 9(b)) The speech
waveform of the string and the word endpoints of each spoken
digits are also shown in this figure. This network used a stan-
dard set of parameters as described earlier and the signal to noise
ratio of speech data was about 40 dB. This figure shows that a
fully trained network is able to recognize the different digits
very close to their end points, even though the data was not
segmented. Fig. 11B shows the performance of the same net-

TABLE VIII
RECOGNITION ACCURACY OF A NETWORK TRAINED WITH
11-dB SNR DATA

Recognition Accuracy ( %)

S/N of Gaussian Training Data Testing Data

Noise (db) (segmented) (connected)
>40 85.1 (86.0)
31 85.0 (86.7)
21 85.1 (86.7)
16 86.0 (86.7)
11 85.3 (86.7)
TABLE IX

RECOGNITION ACCURACY OF A NETWORK TRAINED WITH
EqQuaL AMOUNTS OF STANDARD AND 11-dB SNR DaTa

Recognition Accuracy (%)

S/N of Gaussian Training Data Testing Data

Noise (db) (segmented) (connected)
>40 100 99.3 (100)

31 100 99.3 (100)

21 100 99.3 (100)

11 99.7 (100) 99.3 (100)

6 99.0 (100) 97.9 (99.3)

work when the speech data contains 6 dB SNR of noise. The
output potential of recognition units are almost identical to those
shown in Fig. 11(a) even though there is substantial noise in
the speech signal. The set of connections used in the above ex-
periments were obtained by training the network with a mixture
of standard speech data and similar speech data with 6 dB of
added noise. To generate the responses shown in Fig. 11(c),
(d), this set of connections were quantized to have only 3 val-
ues. Again the responses for standard and noisy data are almost
identical to those in Fig. 11(a) and all the digits are recognized
very close to their endpoints.

Fig. 12 shows an example of word spotting by the network.
The waveform of the spoken sentence, ‘‘Our phone number is
206 519 3847, is plotted along with the output of recognition
units as a function of time. Noise rejection properties of the
network can be seen during the initial portions of the sentence.
The segment, ‘‘our phone number is,”’ does not turn on any of
the digit recognition units above the 0.5 level except for
“phone’’ turning on the { 1 ) unit. Word-spotting properties of
the network can be improved by adding words like ‘‘phone’’ to
the vocabulary and learning not to recognize those words. Again
all the digits are correctly recognized.

VII. DISCUSSION

The network we have described functions by directly com-
puting how much information the detection of a feature at time
¢ provides to the discrimination of a word in the vocabulary at
a future time £*. The input current that is produced at the rec-
ognition units at time #* is directly related to this information.
Since this input current is proportional to the strength of the
time-delayed synapses from the outputs of the detectors to the
inputs of the recognition units, information about the signifi-
cance of a feature detection to the recognition of a word in the
vocabulary lies in the pattern of time-delayed connections. In
the circuit studied here, each word in the vocabulary is associ-
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Fig. 11. (a) Response of recognition units plotted alongside the speech waveform for the test digit sequence (1388904 8).
Approximate time points where the digits ended are marked on the waveform. Though the network had no knowledge of these
time points, we can see that recognition of digits occurred approximately at their endpoints. (b) Recognition of a noisy sample
of the same digit string. Gaussian white noise of 6-dB SNR was added to the original sample. Note that the response waveforms
in cases (a) and (b) are almost identical in spite of the large amount of noise in case (b). (c) Recognition of the normal test

string after the set of connections are quantized to have only 1.5 b of information per connection. Under this condition, only
18.5% of the available 3200 connections are nonzero. (Continued on next page.)
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Fig. 11. (con’t.) (d) Recognition unit outputs for the same quantized connections for the 6-dB SNR test data. The network is
robust with respect to noise in the speech signal and accuracy of connection strengths.
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Fig. 12. An example of word spotting by the network. The outputs of recognition units are plotted alongside the speech wave-
form for a test sentence, ‘‘Our phone number is 206 519 3847.”’

ated with 320 analog-valued time-delayed connections, 10 de-
lays from each of 32 feature detectors. (The number of connec-
tion is often less due to setting connections with delays longer
than the mean word length to zero, as described earlier.) The
number of connections increases linearly with the number of
words in the vocabulary. This is similar to the scaling of HMM
and DTW algorithms that operate strictly on word level objects
and do not have a hierarchical organization or level building
from shorter speech sounds like phonemes, diphones or sylla-
bles. As in these other recognition systems, the scaling of the
network connections with increasing vocabulary will be re-
duced by hierachical recognition strategies [20]. For example,
complete networks of the type described here can be trained to
recognize phonemes. The outputs of these phoneme detectors
can be considered as the inputs to a word recognition network,
replacing or being an addition to the formant detectors used in
the network we have presented here. A hierarchical approach
would also improve the performance on vocabularies with larger
time warp. In the present circuit, time-warp insensitivity can be
increased only by decreasing temporal resolution of feature or-
der.

In most current HMM and DTW systems, the model param-
eters and templates for individual words contain the information
that characterizes the acoustic signal for that word. This infor-
mation depends very little on other words in the vocabulary.
This is different from information in the connections of the time-
delayed perceptron network. The value of individual connec-
tions is related to the amount of information provided by the
detection of its associated feature to the discrimination of its
associated word from other words. Since the relevance of an
individual feature to the word discrimination problem depends
intrinsically upon the other words in the vocabulary the numer-
ical values will be strongly dependent upon the vocabulary and
noise conditions. This was evident in the relationship between
the connection strengths for the word {0 ) and the probabilities
of detector outputs for the set of (0 ) utterances.

The feature set used in the network described here was based
upon a simple ‘‘center-surround’’ determination of local peaks
in the short-time frequency spectrum. These peaks roughly cor-
respond to the formant positions, especially for vowels. The
center-surround mechanism intrinsically relies upon the physi-
cal relationship between adjacent input channels. The learning
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algorithm that organizes the time-delayed connections so as to
minimize the mutual discrimination error measure (see Appen-
dix A) does not depend upon any logical relationship between
detector outputs. Any set of feature detectors can be used.

Some common descriptions of the acoustic signal (for ex-
ample, the set of cepstral coefficients) cannot be directly used
as a feature vector for the learning algorithm. The analog num-
bers of the cepstral vector components have no meaning as fea-
tures. However, cepstral vectors could be used in conjunction
with a vector quantizer, each codeword in the VQ codebook
having an associated detector line with an output related to the
likelihood that the observed cepstral vector was an instance of
the codeword. Gold et al. have used this for recognition of iso-
lated words [20]. The use of thresholded center-surround fea-
tures greatly enhances the discriminability of this system (see
Fig. 5). The recognition accuracy is reduced to 90% when the
rectified outputs of filters are themselves used as input features.

In the work of others, increasing recognition accuracies have
accompanied the use of more acoustic-phonetic attributes in
feature vectors. For example, HMM recognition scores was ap-
preciably increased by inclusion of delta-cepstral coefficients
providing direct information on formant trajectories. The abil-
ity of the network to work with the arbitrary feature detectors
we chose suggests its utility in recognition systems based more
heavily upon acoustic-phonetic features. For example, it would
be possible to directly use our recognition network with the more
complex feature detector neural network under development by
Mueller and coworkers [22]-[24]. In this work, simple center-
surround mechanisms and delays were used to construct output
units that respond to abrupt onsets and offsets of spectral ener-
gies and that can detect the local direction of formant motion in
frequency. Our circuit can be considered a network implemen-
tation of a statistical pattern recognition algorithm that matches
naturally to the kind of connectionist ‘‘front-end’’ implemen-
tation suggested by this work. Espy-Wilson has demonstrated
how several complex acoustic-phonetic features can be com-
puted from the speech signal along with their probability of
being observed in a given data stream [25]. These computed
outputs could be directly used as inputs to our recognition net-
work, and it may be possible to implement these detectors also
in connectionist architecture. Networks similar to those de-
scribed here and based upon a spectral representation could be
trained to have outputs that directly represent the probability
that an acoustic phonetic feature has been observed in the data
stream. The outputs of these trained complex feature detectors
could be used as inputs to a larger, hierarchical network that is
designed to recognize larger acoustic categories like syllables
or words.

The delay network has no explicit determination of word end-
point. The speech signal is not explicitly segmented during the
recognition process. (Indeed, the same snippet of sound may be
taken to be both the end of one word and the beginning of next.)

It is intrinsically a word-spotting architecture. This was evi-
dent in the performance illustrated in Fig. 12. For optimum
word-spotting performance, it may be important that the net-
work be trained with a characteristic set of ‘‘noise’’ that the
system will be exposed to in the recognition environment. This
speech need not be characterized as words, but simply ‘‘not a
word in the known vocabulary.’’ The word spotting aspect of
the delay network is in contrast to the inherent segmentation
that has been a requirement of present HMM recognition sys-
tems and which renders them less effective in unknown word
environments.

The experiments where connections were quantized demon-

strate that the numerical precision necessary for implementation
of the network is relatively low. We are not aware of similar
experiments with HMM or DTW recognition algorithms, where
published work makes explicit use of high-precision arithmetic.

Three aspects of the acoustic signal processing we have used
have a basis in neurobiology. The Mel scale, describing the
center frequencies of the band-pass filters, is based upon the
representation of frequency along the mammalian cochlea. The
spectral peak feature detectors circuitry employ a center-sur-
round organization found in the mammalian auditory system.
Our use of time delays to recognize a temporal pattern is anal-
ogous to the use of delay mechanisms in the biosonar system of
the moustache bat [26] and sound localization by the barn owl
[271.

Many other neural network architectures have been used for
speech recognition. A majority of these networks employ mul-
tilayer perceptrons using the back-propagation error correction
method [28] to learn the set of connections. Many of these net-
works reduce the temporal pattern recognition problem to one
of spatial pattern recognition by using the spectral energy over
a period of time as the input to the network. Ellman and Zipser
used a network for the recognition of syllables, vowels, and
consonants spoken by a single male speaker [10]. With a net-
work trained to achieve 100% recognition on training data, they
achieved recognition accuracies of 84%, 98.5%, and 92.1%,
respectively, for the three tasks. The performance of the net-
work improved when noise proportional to signal was added
during training. Waibel ez al. have used a similar network for
phoneme recognition [9]. The hidden units in this network re-
ceive inputs from lower layers with different time delays. They
achieved an average correct recognition of 98.5% for a single
male speaker. Watrous and Shastri used a network to discrimi-
nate between the word pairs NO/GO by a single speaker [29].
Hidden units in this network have self recurrent links for ac-
cumulating information over time. The total error of the net-
work for recognition wildly fluctuated during training. The best
recognition score on a test set of 25 word pairs was 98%. Burr
achieved 99.5% recognition accuracy for single speaker iso-
lated digit recognition using a network with one layer of hidden
units [30]. Plaut and Hinton used a similar network to filter out
noise in formant-like patterns and recognize them as a riser or
a nonriser [31]. The performance of this network improved 1)
when they used different noisy exemplars each time during
training and 2) by decaying the connection weights each time
so that small weights tend to become zero. Prager et al. used a
Boltzmann machine for detection of 11 steady state vowels [32].
They achieved a recognition score of 85% for the same speaker.
Burr has used a single layer perceptron for recognition of E-set
words and polysyllable words [33]. Gold has used a 120 neuron
Hopfield net for recognition of vowels and consonents [12] and
a neural network with time-delayed connections for recognition
of isolated words [20], [21]. When half of the 120 b are given
as input, the network converged perfectly in 79.6% of cases.
Kohonen has used a self-organizing network to classify pho-
nemes [11]. This network classifies phonemes from muitiple
male speakers with an accuracy of 92-97% and is capable of
isolated word recognition on a 1000 word vocabulary with 96~
98% accuracy. )

Although based upon back-propagation of a quadratic error
measure, the network used by Waibel et al. has a delay archi-
tecture very similar to the one discussed in this paper. We have
used an information theoretic error measure that provides rec-
ognition unit outputs that have a probabilistic interpretation. In
addition, we have not used a multilayer perceptron in order to
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avoid problems associated with multiple minima on the error
surface.

APPENDIX A
THE ANALOG PERCEPTRON LEARNING ALGORITHM USED

The analog perceptron learning rule discussed in detail else-
where [8], was applied to the speech recognition network stud-
ied as follows. A given set of utterances (the training set) pro-
duces a sequence of detector outputs D,(¢) versus time as
described in the text. Let us consider each detector output at m
fixed time points located before the endpoint of the word, each
time point corresponding to the mean delay of one of the m
delay lines used in our network. If the delays in our network
were rigid with no dispersion, this set of detector outputs would
be the combined information multiplied by the delay line con-
nections, appearing the input current to the recognition units at
the end of the utterance. By assuming rigid delays, we can think
of our speech recognition network as a single layer perceptron
where for each word w in the set W of training words, 320 (32
input channels x 10 delays) input values are to be mapped onto
a set of 10 output values, corresponding to the outputs of the
recognition units evaluated at the word endpoint #*. For each
word w which belong to the set W, the input data consists of
the 320 inputs I} () = Dy (t* — mrgg,y), m = 1, - - -, 10.
At t* the output V7 of the ith recognition unit for the input data
provided by w is

vy = g( X T.-.n,mlx,m> (9)
n,m
with

g(u) =11 +tanh(Bu)]. (10)
Because of the linearity of the convolution operator, a similar
transformation works with nonrigid delays (finite ¢) and non-
Zero 7. Associated with each word w in the training set W,
we have a set of probabilities P} ; that the word is an instance
of category (i.e., digit) {, and a probability P ; that it is not an
instance of this category. For our data set there was no ambi-
guity, so these probabilities are 1’s and 0’s. However, the
learning algorithm is more general than this and can be applied
to situations where only a statistical measure is possible.

The analog perceptron learning algorithm uses the entropy of
P with respect to V given by

f=2 IZ Z P (PY_/Vi ) (11)

as the convex positive function to be minimized by the properly
crganized network. In our network, V} is the probability that
word w is an instance of category i. Thus in the above expres-
sion VY = V' and V¥ = (1 — V). Direct differentiation of
the above expression shows that gradient descent on f in the
space of connection weights is obtained with the iterative up-
date rule

A(Tinm) = € L [(PY, = P2) = tanh (Bu)] I7,.  (12)
Where e is the learning coefficient.

A second differentiation shows that the curveture of this func-
tion in connection space is always greater than or equal to zero,
so that the gradient descent procedure will always find the global
minimum of the function. (This expression reduces to the rules
described in the section on constructing the delay connections.)

APPENDIX B
ISSUES PERTAINING TO ELECTRONIC IMPLEMENTATION

For small circuits with few feature detectors, it is easy to put
individual delays of the appropriate amplitude and time course
on the outputs of the feature detectors for direct connection to
the recognition units, essentially as depicted in Fig. 2(a). For
most of the large circuits of practical interest, it is more effec-
tive to build longer delays by combining simple short delays in
succession and implementing a tapped delay line. Tapped delay
lines can be built in strictly analog VLSI, as in the artificial
cochlea built by Mead’s group [29] or implemented as digital
delay lines with analog taps, as in CCD tapped delay lines, or
made completely in digital hardware using memory storage and
CPU arithmetic to compute the effects of analog connections.

For any implementation, there are two fundamentally differ-
ent ways of organizing the time-delayed connections. One is to
put a tapped delay line on the output of each feature detector
and to connect resistors representing the strength of a given
time-delayed connection from the delay line tap to the input of
the appropriate recognition unit. This is an efficient represen-
tation when there are many more recognition units than there
are detectors. If there are N detectors, Ng recognition units,
and N, delay line taps, the number of delay line segments will
be Np * N, and the number of connection resistors will be Np, *
N, * N;. When the number of detectors exceeds the number of
recognition units it is more efficient to put a tapped delay line
on the input to a recognition unit and to have summing junctions
at each tap. The number of connections needed is the same, but
the number of delay line elements is now Ni * N,.
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