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One of the most fundamental concepts used in the standard pattern recog-
nition model for speech recognition is that of distance between pairs of frames
of speech. Several distance measures have been proposed and studied in the
context of an overall speech recognizer. The purpose of this investigation was
to isolate the effects of different distance measures in a recognizer from the
other types of processing typically used in recognition. The way in which this
isolation was achieved was to use a recognizer based on single-frame distance
scores, using a vector quantization approach to give the single-frame reference
patterns required by the recognizer. The vocabulary for recognition was the
set of continuant vowels extracted from carrier words. A speaker-dependent
vowel recognition experiment was carried out using seven talkers (four male,
three female) and five distance measures. Results indicated that there were
differences in performance for the different distance measures when the
number of code-book patterns per vowel was one or two; however, when the
number of code-book patterns was four or more, these differences in perform-
ance became insignificant.

1. INTRODUCTION

In the past several years, interest has focused on defining and
studying distance measures for speech recognition that reflect mean-
ingful differences between pairs of speech spectra.’”’ Although several
different distance measures have been proposed,’™ and they have been
studied in a variety of recognition systems,”” as yet there is little
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consistency in the reported performance of different recognizers using
different distance measures. For example, although Shikano and
Sugiyama® found consistent recognition performance improvements
using the weighted likelihood ratio distance measure (as opposed to
an unweighted likelihood ratio distance measure) for a Japanese
speech recognition system, Nocerino et al.” were not able to match
these results in English alpha-digit recognition experiments. Similarly,
although Davis and Mermelstein® achieved the best performance
among several distance measures with a mel-based cepstral distance
measure, this result has not been confirmed in other recognition tests.

There are several possible explanations for the discrepancies in
results obtained in the various investigations of distance measure
performance cited above. One explanation is that the basic feature
measurements of each of the recognizers were different in all cases,
for example, filter bank analysis versus Linear Predictive Coding
(LPC), different recording conditions and bandwidths, etc. These
differences in recognizer front ends could account for the differences
in performance, but if this were the case then the robustness of the
distance measure would become a major issue. A second explanation
is the difference in vocabulary, talkers, and transmission conditions
(e.g., telephone line versus microphone input). Again these differences
could be important, but they should not be factors for a robust distance
measure. A third explanation is that the experimental results did not
just reflect differences in distance measures but were affected by the
interaction between the components of the recognizer and the distance
measure. Thus, for example, improved performance for a distance
measure might be overshadowed by the power of dynamic time warp-
ing, which could compensate for a distance measure with poorer
performance.

It is the purpose of this paper to investigate the last possibility
discussed above—namely to isolate the effects of different distance
measures from all the other temporal alignment processing used in
recognition. The way in which we accomplish this goal is to design a
recognizer that makes its decisions based on single frames of speech.
In this manner any real differences in distance measures w111 manifest
themselves as differences in recognition scores. .

The implication of using single-frame distance scores for recognition
is that the only vocabulary that can be considered is the set of
continuant (steady) vowel sounds. We have considered ten such vowel
sounds and they are listed in Table I, along with carrier words.in
which the vowels occur. One side benefit of the experiments to be
reported here is that a range of performance scores for single-frame
recognition of vowel sounds will be established and can be used to
assess future recognition algorithms in much the same way as digit
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Table 1—List of vowel sounds and typical carrier

words

Vowel Carrier Word

ee beet

I bit

e bet

ae bat

a father

uh butt

ow bought

00 boot

er Bert

U foot

and alphabet scores have become standardized for isolated word rec-
ognition.®

Based on the above discussion a series of speaker-dependent recog-
nition tests was performed in the following manner. Each of seven
talkers (four male, three female) spoke the carrier words in Table I
ten times each, in two separate recording sessions, over a dialed-up
telephone line. Each talker also created, in a separate recording -
session, a single robust pattern for each of the ten carrier words. For
diagnostic purposes, an isolated word recognition test was performed
on the 100 isolated word tokens for each talker. All words which were
misrecognized were manually checked to make sure that no recording
errors (by either the talker or the automatic recording system) were
made.

The way in which the vowel frames, of each of the ten recordings of
each carrier word, were selected was as follows. The energy contour of
the word was measured, and the vowel portion was defined as the set
of frames whose log energies were contiguous to and within 6 dB of
the global energy peak of the word. The first five replications of each
carrier word were used as a training set, and a series of LPC Vector
Quantization (VQ) code books were designed from the vowel frames
for each vowel and for each talker. The second five replications were
used as an independent test set for recognition purposes.

Five distance measures were used in the evaluations, namely the
likelihood ratio;! the weighted likelihood ratio;? the cepstral distance;?
a weighted cepstral distance;® and a bandpass liftered, weighted cep-
stral distance.'®

The overall results of the single-frame recognition tests show that
for speaker-trained code books with moderate size—that is, either four
or eight vectors per vowel-—there were no significant differences in
performance for the five distance measures. For code books with one
or two vectors per vowel, the two weighted cepstral distances per-
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formed best; the likelihood ratio was third; the (unweighted) cepstral
distance was fourth; the weighted likelihood ratio was last.

The outline of this paper is as follows. In Section II we discuss the
speech analysis system, show how we extracted the vowel frames from
each carrier word, review the process of creating VQ code books, and
present the five distance measures used in our experiments. In Section
IIT we summarize the experimental conditions and present the results
of the word recognition tests, the code-book design, and the single-
frame recognition tests. In Section IV we discuss the results and give
general conclusions.

II. SINGLE-FRAME, VQ-BASED RECOGNITION SYSTEM

A block diagram of the single-frame, VQ-based recognition system
is given in Fig. 1. For each vowel frame, an LPC analysis is performed
to give either an LPC vector or an LPC derived cepstral vector. We
denote the resulting vector as a. This vector is then passed to a series
of ten vector quantizers (VQ’s), one for each of the ten vowels, and
the minimum VQ distance, ¢/, from the VQ for the ith vowel is
computed as

P . i
€ = mm [d(a7 bnl)]’ (1)
l=m=M
CODE-BOOK
VOWEL 1
1
va £
CODE-BOOK
VOWEL 2
€2
va SELECT i%*= RECOGNIZED
2 MINIMUM VOWEL
va
. DISTANCE
L]
L]
CODE-BOOK
VOWEL 10
10
va €

Fig. 1—VQ-based single-frame vowel recognizer.
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where we assume that the ith vowel code book consists of the set of
M vectors bi,, 1 < m < M. The local distance measure of eq. (1) can
be any of five measures, namely the likelihood ratio; the weighted
likelihood ratio; the (unweighted) cepstral distance; the weighted
cepstral distance; and the bandpass liftered, weighted cepstral dis-
tance. The recognized vowel, i*, is chosen as the one whose VQ distance
¢ is minimum, that is,
i* = argmin [¢']. 2)
1=i<10
In the following sections we briefly review the LPC analysis condi-
tions, the method of extraction of vowel frames from carrier words,
the procedure for VQ code-book formation, and the five distance
measures used in this study.

2.1 LPC analysis conditions

The speech signal, s(n), was recorded off a dialed-up, local, telephone
line. We used a sampling rate of 6.67 kHz. The speech signal is
digitized and then preemphasized using a first-order digital network
with transfer function H(z) = 1 — 0.95271. The signal is then blocked
into frames of size N = 300 samples (45 ms), with consecutive frames
spaced by L samples (15 ms). A Hamming window is applied to each
speech frame and an eighth-order (p = 8) autocorrelation analysis is
performed. The zeroth-order autocorrelation is the energy for the
frame, and it is used as the basis for word detection'’ and energy
normalization. An eighth-order LPC analysis is done on each frame,
using the autocorrelation method of LPC,*? to give the LPC vector for
that frame. If a cepstral representation is required, a simple transfor-
mation of the LPC vector is performed.'?

2.2 Extraction of vowel regions from carrier words

The way in which the vowel frames were extracted from the isolated
word tokens is illustrated in Fig. 2. Basically we used the log energy
contour of the word to find the vowel region—which was arbitrarily
defined as the set of frames—in the vicinity of the maximum energy
vowel frame, such that the log energy of each frame was within Epp
(dB) of the vowel maximum energy, En... After some preliminary
experimentation, a value of Ep;r = 6 dB was used. Thus, for a typical
carrier word, as illustrated in Fig. 2a, we first located the frame of
maximum energy, t,, and then, by searching in the local region around
t,, found the beginning, ¢z, and ending, tg, frames of the vowel.
Although this procedure worked well, in general, there were some
specific cases in which it failed. One such example is illustrated in Fig.
2b, in which the carrier word had a stop release at the end (e.g., boot)
whose energy exceeded the maximum vowel energy. The simple strat-
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Fig. 2—Illustrations of how vowel frames were extracted from the carrier word.

egy of finding the frame with the maximum energy across the word
would fail in this case. Hence a check was made to ensure that all
strong local maxima of the energy contour were found, and that the
correct vowel maximum was located.

2.3 VQ code-book design

The code-book training set for each vowel (and for each talker)
consisted of all the “vowel frames” that occurred in five occurrences
of each carrier word. In fact, there were between 35 and 90 training
vectors for each vowel. From these training vectors a series of VQ code
books were designed with 1, 2, 4, and 8 vectors per vowel, using a
standard VQ code-book design algorithm.!*'* The distance measure
used in the code-book design was the same one used in the single-
frame recognizer—that is, each of the five distance metrics was used.
The centroid of the vectors in each cluster was chosen to represent
the whole cluster. In our VQ design algorithm the centroid was chosen
to minimize the average distortion of the whole cluster.'®

2.4 Distance measures used in the recognizer

The five distance measures used in the recognizer included the
following:
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1. Likelihood ratio distance—dyr(a, b)

2. Weighted likelihood ratio distance—dwrr(a, b)

3. (Unweighted) cepstral distance—dcgp(a, b)

4. Weighted cepstral distance—dwcgp(a, b)

5. Bandpass liftered, weighted cepstral distance—dgpcgp(a, b).
The form for computation of the likelihood ratio is

p A A
dir(a, b) = 2 ¥ Ry(i)R. (i) + Rs(0)R.(0) — 1, (3)
=1
where a and b are the LPC vectors being compared, and
p—i
Ry(i) = 26 b(j)b(j +1i), O=i=p (4)
=
N-1~i
R.(D) = Y xin)xin + i), O0=<i=p 5)
n=0
B = 2, ®)
44

where « is the residual error of the LPC analysis of the frame with
autocorrelation R, (i).
The form for computation of the weighted likelihood ratio® is
LB (i)  En(D)
dwirr(a, b) = s . b
WLR( ) Z I:Rxa(o) R:cb(O)

i=1

] [ea(?) = (D], (7

where R, (i) and R.(i) refer to the signal autocorrelations of the
frames corresponding to vectors a and b, and ¢,(i) and c,(i) are the
corresponding LPC-derived cepstral vectors. It should be noted that
we use ¢ > p terms, in the summation of eq. (7), to approximate the
infinite summation of the true weighted likelihood ratio distance. In
particular we have used ¢ = 2p (16), where the “extended” autocorre-
lations and cepstra were derived from the so-called “maximum en-
tropy” extension of the first (p + 1) terms.?
The form for the (unweighted) cepstral distance is

doxr(@, b) = 3 laali) — @, ®)

where we have again used the cepstrum extended to g = 2p terms. The
form for the weighted cepstral distance’ is

dwesr(a, b) = £ wileali) - @), ©)

where
w; = d%/o? (10)
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and o7 is the sample variance of the ith cepstral coefficient, where the
averaging is over the individual vowel sounds, that is,

10
2 [Ulz]u 1y
o ="tp—— (11)

2 n
v=1

with [¢?], being the variance of ¢(i) over the n, frames in the training
set for vowel v. Typically the weighting function w; increases mono-
tonically with the index .

Finally, the form for the bandpass liftered, weighted cepstral
distance® is

dsvene(a, b) = 3 wileali) = )T, (12)

where g was set to 12, and w/ had the form of a bandpass lifter, that
is, a raised sinewave of the form

, _ (7
w{ =1+ 6sin (12). (13)

IIl. EXPERIMENTAL EVALUATIONS AND RESULTS

A series of recognition tests was run in which each of seven talkers
(four male, three female) first created robust training tokens of each
carrier word'® and then, in separate recording sessions, spoke each
carrier word ten times each. The first five such recordings were used
as a training set for the VQ code books; the second five recordings
were used as an independent test set. The robust tokens were used in
an isolated word recognition test to check the validity of the recorded
carrier words. The results of the isolated word recognition test are
given in Table II. It can be seen that for three of the talkers (1, 4, and

Table II—Word recognition errors for carrier words for each talker
(100 recognition trials per talker)

Talker

Word 1(M) 2(M) 3(M) 4(F) 5(M) 6(F) 7(F)

beet
bit
bet 2
bat
father

N =S

2
3
1

butt 1 1 1
bought 1

boot

Bert

foot

TOTALS 0 2 10 0 8 0 2
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6) there were no word errors; for talkers 2 and 7 there were 2 word
errors (out of 100 trials each); for talkers 3 and 5 there were 10 and 8
word errors. The overall isolated word recognition accuracy for the
seven talkers is 96.9 percent. The word “bit,” which accounted for 8
of the 22 recognition errors, was confused with the word “bet” in all
such cases.

The results given in Table II indicate that there is a lot of variability
in the recognition performance on the isolated words across both
talkers and vocabulary words.

3.1 Single-frame vowel recognition results

The results of the single-frame vowel recognition tests are given in
Table III and are shown plotted in Fig. 3. The data in Table III are
the average vowel error rates in percent averaged over the ten vowels
and the seven talkers as a function of VQ code-book size and distance
measure for both the training and testing sets, that is, there were
about 4000 recognitions per set. Figure 3 shows these same data in
graphical form. Several observations can be made from these results,
including the following:

1. There are significant degradations in performance, for all dis-
tance measures and for all code-book sizes, between the training and
testing sets of data. Thus for the VQ code-book size of one we see
degradations of 3 to 4 percent, whereas for the VQ code-book size of
eight we see degradations of from 9 to 10 percent in averaged vowel
error rates.

2. The effects of different distance measures can be seen primarily
for code-book sizes of one and two vectors per vowel, in which case
the two weighted cepstral distances consistently outperformed the
other three metrics, and the weighted likelihood ratio consistently
performed the worst of the five measures. For code-book sizes of four
and eight vectors per vowel, there were no significant performance
differences among the five distance measures.

3. For the independent test set there was an average vowel error

Table lll-—Average word error rate (%) as a function of VQ code-
book size and distance measure for both the training and testing sets
Results on Training Set Results on Testing Set
. VQ Code-Book Size VQ Code-Book Size
Distance
Measure 1 2 4 8 1 2 4 8
dir 176 122 7.0 3.4 216 169 141 129
dwrr 188 13.6 7.2 38 22.4 18.9 14.2 12.5
dcep 186 118 7.1 3.5 21.6 174 137 134
dwcep 16.5 11.0 6.7 3.8 20.0 16.5 14.2 13.3
dppcep 16.7 10.5 6.4 3.2 194 15.5 134 124
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Fig. 3—Average vowel error rate (%) versus code-book size for each of the four
distance measures and for the testing and training sets of data.

rate of about 20 to 22 percent for a single code-book vector per vowel,
and the error rate dropped to about 13 percent for eight code-book
vectors per vowel. Thus we conclude that vowel recognition (among
the ten vowels in Table I) cannot be performed reliably using any of
the distance measures we have considered, in the framework of a
single-frame VQ code book-based recognizer.

IV. DISCUSSION AND CONCLUSIONS

The results presented in Section III can be interpreted as follows.
In the case where we have a good representation of the patterns to be
recognized, the effects of different distance measures on. recognition
performance are small. Such was the case when we used four or eight
code-book vectors to characterize each vowel in the vocabulary. How-
ever, when the representation of the patterns to be recognized becomes
more coarse, then the effects of different distance measures start to
become important. In these cases a better characterization of speech
sound differences, as obtained from a good distance measure, should
give better recognition scores. Such was the case when we used one or
two code-book vectors to characterize each vowel.

There is another important observation that can be made from the
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results presented in Table II1. We see a big difference in average vowel
error rates between comparable test conditions (distance measure, VQ
code-book size) for the training and testing sets, especially when we
have four or eight vectors per vowel code book. Thus, in a sense, the
effects of different distance measures are small when the code-book
‘vectors begin to characterize well the seemingly insignificant details
of the training set, and are larger when the code-book vectors char-
acterize mainly the gross spectral behavior of the vowels. For real-
world recognition systems it is most probably the latter case that is
the more important one in that the reference patterns would be
expected to characterize the gross behavior of spectral variations with
time. In general there is not enough training data to reach the point
where we have characterized the fine spectral variations of words
reliably.

The conclusion we reach from the above discussion is that the
results for small code-book sizes, in which there were significant effects
of different distance measures, are probably more representative of
real recognition systems than the results for large code-book sizes. In
these cases—as is evidenced by recent investigations by Tokhura,®
Juang et al.,'° and Nocerino et al.,”—the weighted cepstral distances
and the likelihood ratio would be expected to give better recognition
performance than the unweighted cepstral distance or the weighted
likelihood ratio measures.

V. SUMMARY

We have presented results on speaker-dependent, single-frame, VQ-
based, vowel recognition for five different distance measures and for
four different size VQ code books. Our results indicate that for small
code-book sizes (one or two vectors per vowel) there is improved
recognition performance using a weighted cepstral distance rather
than the likelihood ratio, the unweighted cepstral distance, or the
weighted likelihood ratio measures. For larger code-book sizes (four or
eight vectors per vowel) the performance differences among the five
distance measures decrease. For practical recognizers, the weighted
cepstral distances appear to have advantages for application to
speaker-independent systems and for large vocabulary recognizers.
These advantages include increased efficiency of representation, re-
duced complexity of computation, and improved performance.
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