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ABSTRACT

At the present time, one of the most important
problem in large vocabulary continuous speech
recognition is to achieve an optimum trade-off
between acoustic models complexity and their
trainability. In order to do so, we have defined
a shared-distribution approach in our HMM-
based continuous speech recognizer. In this
clustering algorithm the distortion measure
between two distributions is only based on the
weights of gaussian mixture rather than all
parameters of the distributions. Experimental
results on the ATIS task show that our shared-
distribution approach increased by 6% the
word accuracy rate in comparison with our
baseline system.

1. INTRODUCTION

Over the past few years, hidden Markov
models (HMM) have been successfully used in
isolated word or continuous speech recogni-
tion. Even though word modelling leads to
high performance in some applications, this
approach becomes difficult for large or very
large vocabulary. In this case subword units
like phoneme or phone models are used. To
take account of contextual variations of phone-
tic units, generally biphones or triphones subs-
titute for context independent phonetic units.
Due to their large number and the limited
amount of training data, some triphone models
are undertrained or even untrained. One of the
most important challenges in statistical model-
ling is to estimate a very large number of para-
meters with a finite amount of training data. In
other words, we shall achieve the optimum
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trade-off between triphone models complexity
and their trainability.

At the present time, the most popular solutions
used to resolve this dilemma are smoothing
and sharing the parameters. The sharing can be
achieved at the model level by clustering simi-
lar contextual models according to phonologi-
cal knowledge [Wong-94] or by generalized-
triphone models that are defined with an auto-
matic merging algorithm [Lee-90]. We can also
share the parameters at the distribution level or
state level [Jouvet-94], [Hwang-93], [Digala-
kis-94], [Young-94].

A distribution-level or state-level clustering
allows us to merge only the similar parts (or
distributions) of models. Unlike model-level
merging, with distribution-level sharing, the
number of triphones remains the same; only
the number of output densities is reduced.
Similar distributions which are merged
together can share the same set of training data.

" [Jouvet-94] defined only one model per phone,

named allophonic model, which integrates all
contextual realizations of a sound into one
complex unit. He used the context clustering
trees to estimate and represent contextual para-
meters of the allophonic models.

[Hwang-93], [Digalakis-94] and [Young-94]
used different clustering techniques for mer-
ging similar distributions. The clustered distri-
butions or gaussian mixture constitute basic
acoustic prototypes, named senone or genone.

Our distribution clustering approach has some
features in common with different approaches
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developped independently by [Hwang-93],
[Digalakis-94] and [Young-94]. But in our
approach, the distortion measure between two
distributions is only based on the weights of
gaussian mixtures rather than all the parame-
ters of the distributions.

We have experimented with our approach on
the INRS HMM-based, large vocabulary, spea-
ker-independent, continuous speech recogni-
tion system [Kenny-92]. The shared-
distribution model increased by 6% the word
accuracy rate on the ATIS (Air Travel Informa-
tion System) task in comparison with our base-
line system,

2. SYSTEM OVERVIEW AND SPEECH
DATABASE

In the INRS speech recognizer [Kenny-92],
speech data are divided into temporal blocks.
This block processing brings an efficient solu-
tion to both real-time issue and memoryless
problems associated with classical forward-
backward algorithm. The recognition process
1s based on a multi-pass search technique on
current block. The results of each block are
passed to the next one for a new multi-pass
search until no more data is available. The
acoustical vectors have 29 components. Every
10 ms, the acoustic analysis computes a set of
14 Mel Frequecy Cepstral Coefficients; 14 first
order derivatives and energy derivative are
computed using a window of 5 frames centered
on the current frame. The acoustic-phonetic
models used in both first and second passes are
three-state left-to-right HMMs with no skip
transitions. The output distributions were
modelled by tied-mixtures. In our system we
used 40 phones with a total of 1600 right con-
text-dependent models. The total number of
distributions is 4800. Language models used in
our system are bigrams and trigrams.

The speech corpus used in these experiments
came from ATIS task, with a vocabulary of
1087 words. 285 speakers with a total of 9269
sentences are used for the training. The tests
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are achieved with 33 other speakers with a
total of 803 sentences. Male and female are
present in both training and testing sets. Exe-
primental results with shared-distribution
approach are compared with the baseline sys-
tem results: 82% of word accuracy when both
coarse and fine language models are bigrams,
and 86.2% of word accuracy when we use
bigrams for coarse language model, and tri-
grams for fine language model.

3. SHARED-DISTRIBUTION APPROACH

Let two weight vectors a.and B denoted as
a:ap,ap, ...andB:by, by, ...

Zi a; = A
and

Zibi=B

When two distributions are merged, the cross
entropy of the resulting cluster is given by (1):

foup = -2 (a;+b;/ A+B) log(ai+b;/ A+B) (1)
The cross entropy’s variation when we merge

a et B (weighted by their occurrence counts) is
computed by:

W (.B) = (A+B)fqup - Af - Bfg )

y is the distortion measure used in our

~ approach. Weighting the cross entropy by the

occurrence count of each distribution let us
take into account how each distribution is well-
trained. Thus, distributions that occur rarely
are merged before those well-trained. This dis-
tortion measure is only based on the weights of
gaussian mixture. The most similar pair of
clusters is the one who gives the least cross
entropy’s variation.

The clustering algorithm that we have defined
is the generalized Lloyd algorithm, used also in
vector quantization (LBG algorithm) [Linde-
80]. We start with N clusters (N: numbre of
distributions), each cluster contains only one
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distribution. In each iteration we find the most
similar pair of clusters and we merge them
together. In order to improve the final cluste-
ring results, like the generalized triphone algo-
rithm of K. F Lee [Lee-90], after each
clustering iteration we permit a number of ele-
ment shifts from one cluster to another if each
movement results an improvement (entropy
reduction). The number of movements in each
iteration is limited by a threshold of the
entropy reduction and a maximum number of
movement. The convergence criteria of the
clustering algorithm are a threshold of the dis-
tortion measure and a minimum number of
clusters.

The clustering algorithm is achieved on the
contextual model’s distributions of the same
phone. Thus, we carried out 40 sets of cluste-
ring algorithm (1 set per phone). Before cluste-
ring, the total number of distributions per
phone is 120. In each set of clustering process
we reduced the final number of distributions
approximatively by 40%.

The distribution-shared approach provides a
good compromise between the trainability of
the models and their complexity. With this
technique and.from a limited amount of trai-
ning data, we can produce an acceptable set of
well-trained distributions with a great number
of contextual models.

4. COMPARATIVE RESULTS

We have experimented with our approach on
the INRS HMM-based, large vocabulary, spea-
ker-independent, continuous speech recogni-
tion system [Kenny-92]. In our experiments we
used the ATIS spontaneous speech corpora.

The baseline system uses 1600 right-context
dependent phonetic models with 4800 distribu-
tions. After the clustering the total number of
distributions is reduced to 2927 (an average
reduction of 40%).
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TABLE1. Comparative results obtained by
shared-distributions approach with bigrams
language model.

word accuracy

rate (%)
BO: baseline system 82%
(bigram)
B_SH: distribution- 83.3%

sharing with bigrams

TABLE 2. Comparative results obtained by
shared-distributions approach with trigrams
language model.

word accuracy

rate (%)
TO: trigram language 86.2%
models (baseline system)
T_SH: distribution- 87%

sharing with trigrams

Baseline accuracy with non-sharing distribu-
tions is about 82% and 86.2% with bigrams
and trigrams language models, respectively.
The preliminary results show a relative impro-
vement about 6% by distribution-sharing
approach (83.2% and 87% with bigrams and
trigrams respectively).

TABLE3. Comparison of word error’s
details for shared-distribution approach with
bigrams language model.

word
ins % | del % | sub % error %

BO 3.0 4.7 10.3 18

B_SH 2.8 4.0 99 16.7

Tables 3 and 4 show word error’s details for
shared-distribution approach in comparison
with baseline system. For all types of errors
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(insertion, deletion or substitution) we notice a
relative reduction errors about 5% to 7%.

TABLE4. Comparison of word error’s
details for shared-distribution approach with
trigrams language model.

word
ins% | del % sub % | error %

TO 2.8 3.1 79 13.8

T SH{| 26 3.0 74 13.0

5. CONCLUSION AND FUTURE WORKS

The distribution-sharing approach is one of the
most powerful solutions to the dilemma of com-
plexity-trainability of the HMMs. Our clustering
technique based on weight similarity provide
very encouraging results.

With our shared-distribution approach we redu-
ced by 40% the number of distributions in our
contextual models (biphones) with a relative
word accuracy increase of 6%.

In the near futur, we will use triphone models in
our recognizer. In this case, the great number of
distributions (192.000 in our system) will make
shared-distribution approach essential.

At the present time, in the first and second pass
of our system we use the same coarse and fine
acoustic-phonetic models (right context-depen-
dent models). In the futur, we would differentiate
these coarse and fine acoustic models. To do so,
we would use our present biphones in the first
pass and the triphones in the second pass.

With the shared-distribution approach and in our
multi-pass search technique, we will automati-
cally define a high degree of tying among mixtu-
res for the first pass (coarse acoustic-phonetic
models) and a small degree of tying in other pas-
ses (fine acoustic phonetic models).
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