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Recent work at AT&T Bell Laboratories has shown how the theories of
Vector Quantization (VQ) and Hidden Markov Modeling (HMM) can be
applied to the recognition of isolated word vocabularies. The initial experi-
ments with an HMM word recognizer were restricted to a vocabulary of 10
digits. For this simple vocabulary with dialed-up telephone recordings, we
found that a high-performance, speaker-independent word recognizer could be
implemented, and that the performance was, for the most part, insensitive to
parameters of both the HMM and the VQ. In this paper we extend our
investigations of the HMM recognizer to the recognition of isolated words
from a medium-size vocabulary (129 words), as used in the AT&T Bell
Laboratories airlines reservation and information system. For this moderately
complex word vocabulary, we have found that recognition accuracy is indeed
a function of the HMM parameters (i.e., the number of states in the model
and the number of symbols per state). We have also found that a VQ that
includes energy information gives better performance than a conventional VQ
of the same size (i.e., same number of code-book entries).

1. INTRODUCTION

Vector Quantizers (VQs), Linear Predictive Coding (LPC) coeffi-
cients, and Hidden Markov Models (HMMs) have been shown to be
useful for a wide range of speech processing problems in the areas of
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coding, synthesis, and recognition.!"'? In the area of speech recognition,
there have been two distinctly different ways of applying HMMs. In
the earliest work, extremely ambitious large-scale network models
were used to model continuous discourse with constrained vocabular-
ies.>™8 For these large networks, HMMs were derived for basic speech
sounds (e.g., phonemes), and words were made by coupling together
the individual sound HMMs. Similarly, a sentence was made by
coupling the models of all the words in the sentence. Solving such
large-scale networks (i.e., finding the best path through the network
in order to decode the sentence) was a major problem and required
very sophisticated network search routines to find good (generally
suboptimal) solutions.

More recently, work has been carried out on speech recognition
based on HMMs for individual, isolated words."** For this type of
system, an HMM is designed for each word in the vocabulary, and
recognition is carried out by evaluating the probability that an un-
known test pattern is the output of a given word model. The reference
word whose model has the highest probability is chosen as the recog-
nized word. To date, the word-based HMM recognizer has been tested
only on a vocabulary of the 10 digits. For this vocabulary, it was found
that the overall performance of the HMM recognizer was fairly insen-
sitive to the parameters of both the HMM and the VQ, and that
average word recognition accuracy was approximately the same as
that obtained from a conventional Dynamic Time Warping (DTW)
template approach.

Based on the success of the word-based HMM recognizer for the
digits vocabulary, we have attempted to extend the approach to handle
a fairly complex, medium-size word vocabulary. The vocabulary we
have chosen is the 129-word airlines terms vocabulary, which has been
extensively studied in the context of an airlines reservation and
information system.!*'® Table I shows the words in this vocabulary.
We have studied the effects of varying several of the parameters of
the HMM and the VQ on recognizer performance. Results indicate
that a significant degradation in average word recognition accuracy is
introduced by the use of a VQ, even with as many as 256 vectors in
the code book. Results also show that the HMM/VQ system can and
does achieve average word recognition accuracy comparable to a
DTW/VQ template-based recognizer. Finally, we have found that, for
a given size of code book, VQs using energy, along with LPC shape,
give better performance than VQs with LPC shape alone.

The organization of this paper is as follows. In Section II we briefly
review the design of the conventional DT'W recognizer, the design of
a VQ based on either LPC shape alone or LPC shape plus energy, and
the operation of the HMM recognizer. In Section III we describe the
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Table [—Words in airlines vocabulary

A AM. Afternoon
American April Are

Area Arrival Arrive

At August B.A.C.
Boeing Boston By

Card Cash Charge
Chicago Class Club
Coach Code Credit
D.C. December Denver
Depart Departure Detroit
Diners Do Does
Douglas Eight Eleven
Evening Express Fare
February First Five
Flight Flights For

Four Friday From

Go Home How

1 In Information
Is January July

June Leave Like
Lockheed Los-Angeles Make
Many March Master
May Meal Miami
Monday Morning Much

My Need New York
Night Nine Non stop
November Number O’clock
Qctober of Office

Oh On One

P.M. Pay Philadelphia
Phone Plane Please
Prefer Repeat Reservation
Return Saturday Seat
Seats Seattle September
Served Seven Six

Some Stops Sunday
Take Ten The

Thee There Three
Thursday Time Times

To Tuesday Twelve
Two Uh Want
Washington Wednesday What
When Will Would

experimental evaluation used to measure performance of the various
recognizers on the 129-word airlines vocabulary. In particular, we give
a detailed analysis (for the two best recognition systems) of the
individual talker error rates, the most prevalent types of word errors,
and the extent to which errors made by DTW and HMM recognizers
are disjoint. Finally, in Section IV we summarize our findings.

Il. THE DTW AND HMM/VQ WORD RECOGNIZERS

The two types of word recognition systems that we will be concerned
with are:
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1. A conventional DTW recognizer (either with or without VQ)
based on LPC modeling and using isolated word templates as reference
patterns.

2. An HMM recognizer with quantized LPC vectors, using single-
word Markov models as parametric representations of the words in
the vocabulary.

In this section we briefly review the implementations of the VQ, the
DTW recognizer, and the HMM recognizer.

2.1 VQ of LPC parameters

Vector quantization is a technique for coding an LPC vector into
one of M* code-book entries such that the average quantization
distortion is minimized over some typical training set of LPC vectors.
Vector quantization differs from the more conventional scalar quan-
tization methods in that the entire LPC vector is quantized in a single
pass, rather than quantizing each component of the vector by a
separate quantizer. Experience indicates a substantial savings in re-
quired code-book size (bit rate) for VQ over conventional scalar
quantization.!™ For HMM recognition purposes, VQ serves as a way
of characterizing continuous LPC vectors by a set of discrete symbols
(i.e., the indices of the code-book entries that provide best matches to
the input LPC vectors to the recognizer). In addition, for the DTW
recognizer, VQ provides a simple and straightforward way of trading
off storage and computation in the calculation of LPC distances as
required in the DTW algorithm.%2

A VQ is designed from a training set of I LPC vectors, a;, i = 1, 2,
..., I, which are intended to be a good representation of the range of
LPC vectors that occur when the words in the vocabulary are pro-
nounced by a wide range of talkers. The V@ training algorithm
determines an optimum set of code-book LPC vectors, a,, m = 1, 2,
..., M*, such that, for a given M*, the average distortion in replacing
each of the training set vectors, a;, by the closest code-book entry, a,,
is minimum.

If we define d(ag, ar) as the conventional LPC distance!” between
the LPC vectors ai and arp, i.e.,

apVrag
a"[' VTaT

d(ag, ar) = 1, (1)
where Vi is the autocorrelation matrix of the sequence that gave rise
to LPC vector arp, then the goal of the VQ training algorithm is to find
the set (of code-book entries), a,,, such that

I
I Da- | = min {% I min [d(n, a,-)]}- )

m
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is satisfied. The quantity || Dp+| is the (minimum) average distortion
of the VQ with M* code-book entries.

The way in which eq. (2) is solved has been intensively investigated
by several researchers'™ and will not be described here. As a result of
these earlier studies, a highly reliable and robust procedure for the
design of a VQ code book exists and can readily be implemented.

Although the conventional VQ (which we call a shape VQ) used
only the LPC vector, recent studies have shown how normalized frame
energy can be incorporated directly into the local distance [eq. (1)]*®
to give a shape plus energy VQ. For these designs we denote the LPC
distance of eq. (1) as diec(ar, ar) and we denote an energy distance
as dg (Eg, Er). The total distance is then

d(ag, ar) = dipc(ar, ar) + ade(Eg, Er), 3)

where Egr and Er are log energies of the reference and test frames,
normalized to the peak energies in the word, and « is a multiplier for
giving appropriate weight to the energy distance. Using the modified
frame distance of eq. (3), a shape plus energy VQ can be designed
according to the criteria of eq. (2) with no further modification.

2.2 The conventional DTW word recognizer

Figure 1 shows a block diagram of the conventional DTW word
recognizer based on LPC modeling.!”® The input speech signal, s(n),
recorded over a standard dialed-up telephone line, is bandpass filtered
between 100 and 3200 Hz, and digitized at a 6.67-kHz rate. The first
step (preprocessing) consists of a first-order digital network, which
provides a high-frequency preemphasis to the speech. The preemphas-
ized signal is blocked into frames of 45 ms (300 samples), with each
consecutive frame spaced 15 ms (100 samples) apart. An eight-pole

CODE BOOK
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PATTERN
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DISTANCE /
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=
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. Fig. 1—Block diagram of conventional DTW word recognizer based on LPC model-
ing.
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LPC analysis (autocorrelation method) is performed on each frame of
the word (after the word has been isolated by means of an endpoint
detector).?’ Each resulting LPC vector is either used directly or vector
quantized by means of a code book of size M*. The resulting sequence
of LPC vectors, called the test pattern, is compared with each reference
pattern in the reference template set using a DTW alignment algo-
rithm that simultaneously provides a distance score associated with
the alignment. The distance scores for all the reference patterns are
sent to a decision rule, which provides a classification of the spoken
word, and possibly an ordered (by distance) set of the best 8 candidates.

The word reference patterns for the recognizer of Fig. 1 are created
by a training algorithm. For speaker-trained applications, typically a
single reference pattern is created for each word in the vocabulary
using a robust training algorithm.?' For speaker-independent appli-
cations, a set of @ reference patterns is created for each vocabulary
word using a clustering procedure.?>?® Typically, about 12 templates
per word are sufficient for recognizing words from a fairly homogene-
ous adult population of native American talkers.

If a VQ code book of M* entries has been designed as in Section
2.1, one can compute and store the table of M* X M* distances
between all pairs of code-book entries. In this manner, computation
of distance between any pair of VQ code-book entries becomes a simple
table lookup. Hence, if we vector quantize the LPC vectors of a test
utterance and of all reference patterns, then the computation for
distances in the DTW matching becomes trivial. In addition, a novel
technique for reducing quantization distortion when using a VQ was
proposed by Sakoe.?* For this technique the test vector is not quan-
tized. Instead, the table of distances between each test vector and all
code-book entries is computed once and used in the DTW distance
calculation. In this manner there is reduced distortion, reduced storage
(over conventional VQ), and essentially no computation for local
distance calculation (it is still a table lookup procedure).

2.3 The HMM word recognizer

Figure 2 is a block diagram of the HMM word recognizer. The front-
end processing, namely preprocessing, frame blocking, LPC analysis,
and vector quantization, is identical to that used in the vector quan-
tized DTW recognizer described above. The test utterance is reduced
to an observation sequence, {0}, consisting of the indices of the code-
book vectors that best match corresponding LPC vectors of the utter-
ance. A Viterbi scoring algorithm determines, for each individual word
HMM, the probability that the observation sequence was generated
by the given word HMM. A decision rule either chooses the word
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Fig. 2—Block diagram of HMM word recognizer based on LPC modeling and VQ.

whose word model has the highest probability as the recognized word,
or gives a list of word candidates ordered by model probability scores.

Model probability scores for each word model are computed as
follows. Each word HMM is an N-state model characterized by a state
transition matrix, A, and a model output symbol probability matrix,
B. Figure 3 illustrates an N = 5 state word model with M* discrete
output symbols for each state. Here we assume that the word models
are left-to-right models; i.e., the elements of the transition matrix, a;,
satisfy the relationship

a; =0 ji<i (4a)
and, furthermore, we restrict the range of transitions to the case
;=10 j>i+ 2 (4b)

That is, we allow transitions between states that are either adjacent
or one apart. Previous experimentation has shown these constraints
are reasonable.!?

Based on the above discussion, the scoring procedure for the obser-
vation sequence O = {0y, O,, ---, Or} (i.e., L indices of code-book
entries), given the model M(=A, B), is as follows:

1. Initialization: 8,(1) = log[b:(01)]
(i) =, 2<i< N
2. Recursion: For2<sI<L,1sjs N
& (j) = max{é, —1() + log[ay]} + log[b;(O1)]
min(l,j — 2) < i < max(j, N)
3. Termination: P(M) = 6.(N).

The above algorithm is a form of the well-known dynamic program-
ming method and can be shown to have the property of determining
the state sequence 1 =1y, is, - -+, iy, which maximizes P(Q,i|M). It
can be seen that if the entries in the matrices A and B are stored in
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a a2 a33 944 ags = 1.0

a2 a3 a34 45
13 224 35

by (1) by (1) b3 (1) by (1) bg (1)
by 2) by (2) ba (2) by (2) bg (2)

L ] L] L] L] L ]

[ ] L ] L] L] L]

L] L] L] L ] L ]
by (M¥*) by (M*) by (M¥) by (M*) bg (M*)

Fig. 3—Typical five-state Markov model for word with transition matrix A = {a;}
and output symbol matrix B = {b;(k)}.

logarithmic format, i.e., log[a;], and log[b;(k)], then the computation
of the Viterbi scoring algorithm requires no multiplications or loga-
rithm computation. Hence, the speed of computation of the Viterbi
scoring is quite high.

The A and B matrices for each word HMM are estimated from a
training set consisting of a set of observation sequences for the word.
Starting with an initial estimate of the model, the probability, P, of
observing the given training sequence O given the model M is com-
puted. Using the Baum-Welch reestimation algorithm,?® the model is
iteratively adjusted to increase P. The iterations are stopped when P
stops increasing significantly or when some other stopping criterion
is met (e.g., when the number of iterations exceeds a limit).

HI. RECOGNITION EVALUATION OF THE AIRLINES VOCABULARY

A series of recognition tests was run on both the DTW and HMM
word recognizers, using the 129-word airlines vocabulary of Table 1. A
training set consisting of one replication of each word by each of 100
talkers (50 male, 50 female) was used to generate speaker-independent
word templates for the DTW recognizer, and speaker-independent
word HMMs for the HMM recognizer. The code-book vectors for the
VQ were also derived from a subset of the training data. (VQs derived
from a digits-only vocabulary were also tried and produced essentially
no degradation in system performance.) All word recordings were
made over dialed-up local telephone lines, with a new line used for
each talker.

An independent test set consisting of one replication of each word
by each of 20 talkers (10 male, 10 female) was used. None of the test
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talkers had contributed to the training data. Again, all recordings were
made over local, dialed-up telephone lines.

A series of 14 separate recognition tests were made on the DTW
and HMM recognizers. The runs consisted of the following systems:

Run 1: Conventional DTW recognizer without VQ.

Runs 2 and 3: Conventional DTW recognizer with VQ applied to
both test and reference sets.

Runs 4 through 9: HMM recognizer using a shape VQ with
different values for N, the number of states, and M*, the size of the
VQ code book.

Run 10: HMM recognizer using a shape plus energy VQ.

Run 11: HMM recognizer using a shape VQ with variable number
of states per word.

Run 12: HMM recognizer using a shape VQ with five randomly
generated models per word.

Run 13: HMM recognizer using a shape VQ using the average of
five randomly generated models per word.

Run 14: HMM recognizer using a shape VQ with both five and
eight state models for each word.

Recognition runs 1 through 10 are the standard cases of DTW and
HMM recognizers, and they effectively provide performance measure-
ments on the effects of HMM and VQ parameters. Run 11 is used to
test the hypothesis that long words (in terms of phoneme count) need
bigger models (more states) than short words. For this run the number
of states in the Markov model was set equal to the number of phonemes
in the word, and a lower limit of 4 states and an upper limit of 10
states were imposed. Runs 12 and 13 examine the effects of generating
multiple models (from different random initial model guess) for each
word and either using all models in the recognizer (run 12), or the
averge model (run 13). Finally, run 14 is used to study the effects of
using multiple models with different numbers of states in each model.
For this run, models with five and eight states were generated for each
word.

3.1 Recognition run results

The performance results, given as a series of average word error
rates for the 8 best word candidates, are shown in Table II and are
partially plotted in Figs. 4 and 5. Table II gives the average word error
rate scores for each of the 14 runs. Figure 4 shows plots of these results
for runs 1, 2, 3, and 10, and Fig. 5 shows plots of the results for runs
4 through 9. An examination of the curves in Fig. 4 shows that the
use of the VQ leads to significantly poorer performance in both the
DTW and the HMM recognizers (at least 6 percent for 8 = 1 and at
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Table Il—Characteristics of recognizer and average word error rate
scores (%) as function of candidate position for individual
recognition tests on airlines vocabulary

Number of Word Candidates

Run  Recognizer N M* 1 2 3 4 5
1 DTW — — 94 4.0 2.4 1.7 14
2  DTW/VQ — 64 20.1 10.7 6.0 4.2 3.5
3  DTW/VQ — 128  16.4 74 45 36 28
4  HMM/VQ 5 64 272 156 111 84 67
5 HMM/VQ 5 128 22.5 12.3 8.2 6.1 4.8
6 HMM/VQ 8 64 24.0 13.3 8.8 6.6 5.3
7 HMM/V 8 128 20.7 10.3 6.4 4.8 3.9
8 HMM/VQ 10 128 19.3 9.9 6.2 4.3 3.6
9 HMM/VQ 10 256 17.6 8.2 5.1 3.8 2.9

10 HMM/VQ.E 10 128 15.5 7.0 44 3.1 2.2
11 HMM/VQ Variable 64 305 191 134 99 81
12 (HMM/VQ)s 5 64 304 184 119 91 173
13 AMMNQ, 5 64 304 184 119 91 73
4 HMMNG 5+8 64 243 135 89 67 55
25
20 DYNAMIC TIME WARPING/
~“"VECTOR QUANTIZATION, M* = 64
E _DYNAMIC TIME WARPING/
Q. ~~TVECTOR QUANTIZATION, M* = 128
€ 15|
=z _ _HIDDEN MARKOV MODELING/
= -~~~ "VECTOR QUANTIZATION WITH ENERGY
t
& _.~DYNAMIC TIME WARPING
« 10+
o
0@
=
w
5 —
0 ! 1 1 i |
0 1 2 3 4 5 6

NUMBER OF WORD CANDIDATES,/}

Fig. 4—Average word error rate, in percent, versus number of word candidates for
data of runs 1 through 3 and run 10.

least 0.8 percent for 8 = 5). However, within the set of recognizers
using a VQ, the HMM recognizer with a shape plus energy VQ achieves
performance comparable to or better than the DTW recognizer with
a shape VQ of the same size.
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Fig. 5—Average word error rate, in percent, versus number of word candidates for
data of runs 4 through 9.

The results in Fig. 5 show that the parameters N and M* of the
HMM (and the VQ) do affect recognizer performance significantly for
the airlines vocabulary. The results shown in this figure indicate that
increasing both N and M* leads to improved word recognition accu-
racy. In fact, a decrease in average word error rate of about 10 percent
is obtained in going from N = 5, M* = 64 to N = 10, M* = 256.

The results of the special runs (11 through 14) have some interesting
implications. The results of run 11 (with variable-size Markov models)
indicate worse performance than for fixed-size models. This result was
anticipated based on experimentation with simulated HMM examples
in which a stronger bias was always found for bigger models (more
states) than for smaller models. The results of runs 12 and 13, in
which five random starting conditions were used to generate five
models per word, show a small but consistent improvement in per-
formance when using all five models in the scoring (run 12) and a
small but consistent degradation in performance when using the
average model in the scoring (run 13). A plausible explanation of this
result is that due to large model variability, averaging often results in
a poor model because of the outliers.
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Fig. 6—Number of word errors as function of talker for data of runs 1, 3, and 10.

The results of run 14, in which the five- and eight-state models were
combined, show that the performance in this case is essentially iden-
tical to the eight-state recognizer alone. Hence, this result again
supports the observation that a strong bias exists in favor of bigger
models.

3.2 Additional analysis of runs 1, 3, and 10 data

For the data of runs 1, 3, and 10, several additional analyses were
performed to determine the correlation of individual talker errors with
the recognizer, to examine the most frequent errors made, and to see
how similar the errors were in the two recognizers. Figure 6 shows a
plot of the number of word errors versus talker number for the
recognition systems of runs 1, 3, and 10. It can be seen that there is a
high correlation in the individual talker error rates among the three
systems. It can also be seen that there is a high degree of variability
in individual talker error rates.

Table III shows, for the data of runs 1 and 10, the words with the
highest error rates over all talkers, and the words most confused with
these words. The numbers in parentheses indicate the total number
of errors (across the 20 talkers) and the total number of confusions.
For the DTW recognizer the confusions of these 12 words accounted
for one-third of the overall word errors; for the HMM recognizer the
confusions among the 14 worst words accounted for 30 percent of the
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Table IIl—Major word confusions in data of runs 1 and 10

DTW Recognizer HMM Recognizer

Word Major Confusions Word Major Confusions
By (9) 1(5), My (4) Many (11)  May (6)
Do (8) To/Two (4) Oh (10) Of (3), How (2)
Flight (8)  Flights (6), Like (2) Time (10) Times (5), Five (4)
May (7) Make (2) Pay (10) A (5), Take (3)
Oh (7) How (3), Go (2) Flight (9) Flights (6)
Is (6) In (5) Do (8) To/Two (8)
Home (6) Oh (2), How (2) On (8) Of (3), August (2)
Seat (6) Seats (3) Please (8) Leave (4)
Time (6) Times (4) Miami (8) Monday (4), Morning (2)
Some (6) From (3) In (7) Evening (3), A M. (2)
A (6) Take (2) Want (7) What (4), One (2)
Seats (6) Seat (4) Take (7) Eight (3), Seat (2)

Seats (7) Seat (5)
Three (7) Three (2), Many (2), May (2)

overall word errors. For the DTW recognizer most of the major
confusions are between words that sound similar (e.g., “By,” “I,”
“My”); for the HMM recognizer there are many major confusions
between dissimilar words (e.g., “In,” “Evening;” “Miami,” “Morning,”
etc.). It is interesting that among the words most confused by both
systems, there are only three overlapping words, namely “Do,” “Time,”
and “Seats.”

The final check on the data was a comparison of the errors made
by the DT'W recognizer (run 1) and the HMM recognizer (run 10). In
earlier experimentation with the digits vocabulary, it was found that
an orthogonality existed between the errors of the DTW and HMM
recognizers, in that whenever the DTW recognizer made an error, the
HMM recognizer was almost always correct. We have made the same
type of orthogonality check on the data of runs 1 and 10. Of the 243
word errors made by the DTW recognizer, 111 (45 percent) were cases
in which the HMM recognizer also made an error. Hence, in only 55
percent of the cases is there any potential for error detection and
correction. Thus, we conclude that it would not be easy to combine
the results of the DTW and HMM recognizers, for this vocabulary, to
greatly improve overall word accuracy.

IV. SUMMARY

In this paper we have applied isolated word recognition based on
probabilistic modeling (HMMs) to a medium-size vocabulary of airline
terms. We have found that the use of a finite-size VQ leads to a
significant degradation in performance for both the conventional
DTW recognizer and the one based on HMMs. We have also found
that after vector quantization the HMM and DTW recognizers can be
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designed to give essentially identical performance. We have shown
that increasing N, the number of states in the HMM, and/or M*, the
size of the VQ code book, improves performance of the HMM recog-
nizer. Hence, one should use the largest models that can be accom-
modated in a practical implementation. We have also found that using
a VQ based on both LPC shape and energy gives improved recognition
performance over a VQ based on LPC shape alone. Hence, the energy
contour is extremely helpful in recognizing word vocabularies with
many polysyllabic words.

The only discouraging finding was that there was a high degree of
overlap between the word errors made by the DTW and HMM
recognizers. Hence, there appears to be no simple method for combin-
ing these two approaches to give greatly improved performance.
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