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Abstract

This paper proposes a new way of using vector quanti-
zation for improving recognition performance for a 60,000
word vocabulary speaker-trained isolated word recognizer us-
ing a phonemic Markov model approach to speech recogni-
tion. We show that we can effectively increase the codebook
size by dividing the feature vector into two vectors of lower
dimensionality, and then quantizing and training each vec-
tor separately. For a small codebook size, integration of the
results of the two parameter vectors provides significant im-
provement in recognition performance as compared to the
quantizing and training of the entire feature set together.
Even for a codebook size as small as 64, the results ob-
tained when using the new quantization procedure are quite
close to those obtained when using Gaussian distribution
of the parameter vectors.

I. Introduction

This paper proposes a new way of using vector quan-
tization in a phoneme-based Markov model approach to
speech recognition to improve the recognition performance
when using a small codebook size. Several previous studies
have shown that use of vector quantization with a small
codebook size results in a significant degradation in recog-
nition performance as compared to Gaussian distribution
of parameters. Rabiner et. al (1983) obtain 2.9% digit er-
ror rate for isolated word recognition using hidden Markov
models (HMM) and a codebook size of 64. The 2.9% digit
error rate drops down to 0.7% (Rabiner et. al 1985) when a
Gaussian distribution is used for the output probabilities.
Bahl et. al (1979) report significant improvement in recog-
nition performance for sentence recognition using continu-
ous parameters. Poritz and Richter (1986) show reduction
in isolated-word recognition error rate from 3.7% to 0.55%
when vector quantized parameters are replaced by contin-
uous parameters. In our experiments, vector quantization
with a codebook size of 64 resulted in a drop in recognition

performance! from 76% to 54% for the speaker-dependent
large vocabulary recognizer. Detailed results for different
codebook sizes are outlined in Table 1.

Parameters | # of Codes | % corr. | Av. rk.
Static&Dynamic 64 54% 4.3
Static&Dynamic 128 58% 4.2
Static&Dynamic 256 66% 3.3
Static&Dynamic 512 66% 3.5
Static&Dynamic 1024 1% 3.4
Static&Dynamic | (continuous) 76% 2.6
Static only 64 44% 6.8
Static only 256 52% 6.9
Static only 512 53% 6.3
Static only (continuous) 69% 5.2

Table 1. Percent correct and average rank
of correct word for isolated word
recognition of a 60,000 word
vocabulary using different
codebook sizes. All words have
equal prior probabilities. Test set
size = 178 words

In this paper, we show that we can effectively provide
performance comparable to a large codebook size by split-
ting the feature vector into two sets of vectors and coding
the two sets independently using a small codebook size.
The paper is organized in the following manner. Section
IT outlines the 60,000 word vocabulary recognizer. Sec-
tion III discusses the splitting of a feature vector into two
vectors for separate vector quantization, and discusses the
different ways of integrating the two vectors to provide
enhanced word recognition performance. Section IV com-
pares the recognition results using vector quantization with
those using continuous distribution of parameters.

1 All recognition rates are the percent of words correctly recog-
nized as the top choice (homophone confusions are not counted
as errors). Test and training sets are disjoint. All words are
equiprobable.
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II. Overview of the 60,000 word
vocabulary isolated word recognizer

Our 60,000 word vocabulary speaker-trained isolated
word recognizer uses a phonemic Markov model approach
to speech recognition. The 60,000 words correspond to the
contents of Merriam Webster’s Seventh Collegiate Dictio-
nary (1965), together with the 1000 most frequent words
in the Brown Corpus (Francis and Kucera 1979), and all of
the words in the training and test sets used for recognition.
The recognizer uses one Markov model per phoneme for the
44 phonemes used in recognition. The output of the recog-
nition process is a sequence of lexically valid, most likely
phoneme strings, together with their likelihoods. No lan-
guage model is used. All the 60,000 words are considered
a priori equiprobable.

The recognition is performed in four stages. The first
stage segments the sentence into words using a loudness
parameter. The second stage generates a number of hy-
potheses for the length of the word in number of syllables.
The third stage is a fast matcher which computes the se-
quence of most likely phonetic strings for each hypothe-
sized number of syllables of the word. The fast matcher
uses a syllable network (Gupta et. al 1986) for scoring par-
tial phoneme strings and a lexical tree for decoding only
lexically valid phoneme strings. The branches of the lexi-
cal tree correspond to phonemes and the leaves of the tree
correspond to words in the vocabulary. The fast matcher
extends the most likely paths using the stack algorithm (Je-
linek 1976), also known as the A* algorithm in the artificial
intelligence literature (Nilsson 1980). The matcher stops
when the 100 most likely complete paths have been found.
The fourth stage computes the maximum likelihood scores
for the phoneme strings which were generated by the third
stage, and re-orders the phoneme strings, based on these
scores.

We have been evaluating the accuracy of the recognizer
via two quantitative measures: One criterion is the percent
of correct words as the top word choice (homophone con-
fusions are not counted as errors). The other criterion is
the average rank of the correct word in the list of ordered
word hypotheses.

The recognition environment is as follows. Speech is
recorded in a sound booth from one speaker. The train-
ing and test sets consist of sentences read from text which
was selected randomly from magazines, books, newspaper
articles, and office correspondence. Some additional train-
ing words are chosen to represent phonemes in consonant
clusters and in CVC context where C stands for one of the
consonants [p t k b d g r1]. All of the training and test
words are read in isolation. The training set consists of
approximately 1300 word tokens.

Markov models using vector quantization are trained
in two steps. The first step trains the Markov models on
approximately 800 word tokens which have been manually
segmented into phones. Each phoneme model is trained
by using the forward-backward algorithm (Jelinek 1976,

Levinson et. al 1983) and the phone segments comprised
by these word tokens. In the second step, we use 1300
word tokens without any phone segmentation. The entire
word is processed by the forward-backward algorithm with
the parameters obtained in the first step as initial param-
eters. The output probabilities are smoothed after each
step. The structure of the phoneme models is kept fixed
in all experiments. The topology corresponds to the left-
to-right or Bakis model (Jelinek 1976). Each state has a
self-loop, next state, and skip transition probability. The
number of states for the consonants is between 3 and 5,
and for the vowels it is between 6 and 10.

Markov models using Gaussian probability distribution
use only the 800 word tokens which have been segmented
into phones for training. The second step of training is
not performed. Each transition in a phoneme model has
an associated mean vector and covariance matrix. While
the mean vector is unique to the particular transition, the
covariance matrix is pooled over all the transitions within
a particular phoneme model to generate a common covari-
ance matrix for that phoneme. Generation of one covari-
ance matrix for each phoneme model results in a significant
reduction in computations and in elimination of singular
covariance matrices for some transitions during training.

III. Performance improvement by the
integration of split and separately
quantized feature vectors

We first discuss our acoustic representation of speech
and then describe the splitting of feature vectors before
vector quantization. Each frame of speech has seven static
mel-frequency cepstral coefficients (Cy,...,C7), and a per-
ceptually weighted energy coefficient, Cy (Davis and Mer-
melstein 1980) associated with it. Eight dynamic param-
eters (ACy,..., ACq) measure the direction and the mag-
nitude of spectral change over 50 milliseconds.

First we outline why we split the feature vector into
two sets of vectors. In training the HMM models using
vector quantization, we estimate the code output proba-
bility for each code in the codebook for each transition.
With increase in codebook size, we require more training
data to obtain reliable estimates of the code output prob-
abilities. Because only a limited amount of training data
is generally available, there will be an optimal value for
the codebook size beyond which the recognition perfor-
mance will drop due to insufficient training data. We can
overcome this problem by dividing the feature vector into
two sets, quantizing each set separately, and then com-
puting the joint probabilities of the two codes — one from
each codebook. If the two codes are independent of each
other, then the joint probability will be the product of the
probability of each code. Implicitly, we have increased the
codebook size to the product of the two codebook sizes
while still having to estimate probabilities of only a small
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number of codes corresponding to the size of each code-
book. For example, the size for each codebook could be
64, while the combined codebook size would be 4096. To
get the maximum benefit, the features used for the two
codebooks should be independent and they should provide
similar recognition performance when used independently.
This method of integrating the codes just described would
be called frame-level integration.

How can we split the 15-dimensional feature vector
consisting of the seven static and eight dynamic cepstral
parameters? The static and dynamic parameters were
found experimentally to be largely uncorrelated. By quan-
tizing static and dynamic parameters independently to 64
codes and by computing the joint code output probability
of the two codes as the product of the output probability of
each code, we improved the recognition performance from
58% to 65% correct words as the top word choice. The
performance obtained using a total of 128 codes is compa-
rable to the performance obtained using a codebook size
of 256 and quantizing all the 15 parameters together.

We can delay the integration of the split vectors to the
phone or the word level. The rationale for the delayed
integration can be explained in the context of Fujimura’s
iceberg model (1984). Fujimura showed that articulator
movements for the place-specified consonants is relatively
invariant, while the relative timings of these articulators
may vary. Similar effects may be observed in different pa-
rameters for the acoutic manifestation of these movements.
Delayed integration of the parameters allows for flexibility
in the temporal alignment of the acoustic parameters.

In phone-level integration, we train separate Markov
models for each phoneme for each of the split vectors. Dur-
ing recognition, we compute the joint probability that the
two models for the same phoneme generate the observed
sequence of codes assuming each model to be independent
of the other model. We will explain the computation of
the joint probability in more detail for the splitting of the
feature vector into strsic and dynamic parameters.

We delay the integration of the static and dynamic
feature vectors to the phone level by training separate
HMM models for static and dynamic parameters and then
combining the likelihoods obtained using each model sepa-
rately at phone boundaries. The likelihoods are combined
by computing the joint probability of the static and dy-
namic HMM models of the phoneme generating the ob-
served partial sequence of codes. Given a phoneme string
p(1:n), and the observed static and dynamic sequence of
codes S(1:T) and D(1:T), we compute the likelihood as

n

2 IL(P(S (s : tiy1)|Ms(pg)) - P(D(t; = tiq)| My(pi)) Y2,
t 3=1

where the sum is over all possible segmentations of the in-
put sequence into n phones. M, (p;) represents the Markov
model for phoneme p; using static parameters. My(p;)
represents Markov model for phoneme p; using dynamic
parameters. Phone-level integration of the feature vec-
tors improved the recognition to 67% from 65% for frame-
level integration. The average rank of the correct word

improved from 3.9 for frame-level integration to 3.6 for
phone-level integration.

Another possibility of integrating the separately quan-
tized feature vectors is at the word level. As in phone-
level integration, we compute separate static and dynamic
HMM models for each phoneme. The likelihood of the
test word is computed as the joint probability of observ-
ing the input sequence using a sequence of static and dy-
namic HMM phoneme models corresponding to the word.
In other words, the likelihood of the test word is

P(S(1:T)|Ms(p(1:n))) - P(D(1:T)|Ms(p(1:n))).

Word-level integration gives a recognition rate of 66% (av-
erage rank = 3.7). The results for feature parameter inte-
gration using different codebook sizes are summarized in
Table 2. Integration of feature parameters provides similar
performance for all codebook sizes, and the performance
is comparable to that obtained for the largest codebook
size using vector quantization of all feature parameters to-
gether as shown in Table 1.

Integration | # of Codes | % correct | Av. rank
Frame-level 64 65% 3.9
Phone-level 64 67% 3.6
Word-level 64 66% 3.7
Word-level 256 62% 3.7
Frame-level 256 67% 8.0
Word-level 512 66% 3.1
Table 2. Percent correct and average rank

of correct word for isolated word
recognition of a 60,000 word
vocabulary using different
integration techniques and
codebook sizes. Test set size =
178 words

Another question of interest is whether we can get
similar performance improvements when we integrate an-
other split feature vector, for example the static param- -
eters. We split the static parameters into the parameter
vectors (Cy,Cy) and (Cs,...,C7) and obtained significant
improvement by using separate codebooks of size 64 for the
two sets of parameters. The word-level integration gives
62% recognition and an average rank of 4.2 for the correct
word. Quantization of static parameters using a codebook
size of 512 gives only 53% recognition with an average rank
of 6.3.

Integration experiments at small codebook size using
the entire feature set or only the static parameters show
that we can get performance comparable to the largest
codebook size when the entire feature set is quantized to-
gether.
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IV. Markov models using Gaussian
distribution of feature vectors

To compare the results using vector quantization and
continuous distribution of parameters, we computed the
recognition performance using Gaussian distributions for
two different feature sets. These sets are static parameters
only, and the static and dynamic parameters together. The
results are summarized in Table 3. Use of 64 codes for
vector quantization with split cepstral parameters gives
62% recognition while the Gaussian distribution of cepstral
parameters gives 69% recognition. The average rank of
4.2 for the correct words using vector quantization for the
cepstral parameters is better than the average rank of 5.2
using Gaussian distribution for the cepstral parameters.

Integration of split features provides significant im-
provement in recognition performance for small codebook
sizes. The results are quite close to the results obtained us-
ing Gaussian distribution of output probabilities. Similar
results are obtained for another speaker as shown in Table
4. The training and test conditions for the new speaker
are same as those of the first speaker.

Condition % Corr. | Av. rank
Static parameters (Gaussian) 69% 5.2
(C1,C3) * (Cs, ..., C7) {VQ} 62% 4.2
Static & dynamic (Gaussian) 76% 2.6
(C1,...,Cq7) % (ACy,...,AC:) {VQ} 66% 3.7

Table 3. Comparison of recognition results
for different HMM models. Word
level integration is denoted by *.
Test set size = 178 words.

Condition % Corr. | Av. rank
Static & dynamic(Gaussian) 79% 1.6
Frame-level integration(VQ) 70% 2.3
Word-level integration(VQ) 62% 3:2

Table 4. Comparison of recognition results
for different HMM models for a
new speaker. Test set size = 180
words.

V. Conclusions

We have shown that integration at the frame or word
level of split feature vectors improves the recognition per-
formance for a Markov model based 60,000 word vocabu-
lary recognizer. The recognition performance for the inte-
gration of feature parameters employing a codebook size
of 64 is quite close to the results obtained when we use

Gaussian distributions of feature parameters. Thus sig-
nificant computational savings are obtainable without de-
grading recognition.
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