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ABSTRACT

This paper describes new techniques for language
modeling in speech recognition based on the use of
a discrete density Ergodic Hidden Markov Model
(HMM).

A discrete-output Ergodic HMM has a structure
similar to that of a stochastic network language model
gSNLM), so it can automatically function as an SNLM
rom a large amount of text data through the Baum-
Welch algorithm. However, when the number of states
in this Ergodic HMM is large, a large amount of
memory is required and the computational cost is
high. Therefore, past studies have limited the num-
ber of states. Consequently, the resulting perplexity
of the Ergodic HMM has been high, and results as
good as those obtained for word bigram models have
not been obtained.

This paper proposes new techniques to reduce
the memory requirements and computational costs
associated with the Baum-Welch algorithm. These
techniques were evaluated for their ability to auto-
matically give an SNLM for an international confer-
ence registration task. Based on both the perplexity
obtained and the results of continuous speech recog-
nition, this Ergodic HMM was found to outperform
word bigram models or trigram models. This implies
that the proposed techniques are effective.

1. INTRODUCTION

There are many ways of modeling natural language
for speech recognition. Among these models, a net-
work language model is often used because of its sim-
plicity. However, this model normally has a high per-
plexity which decreases the speech recognition per-
formance. Therefore, stochastic network language
model (SNLMs) which can add probability to the
network language model have been studied to resolve
this problem.

the Ergodic HMM are interpreted as transition prob-
abilities in the SNLM and output probabilities of the
HMM are interpreted as word output probabilities in
the SNLM.

However, when the number of states in the Er-
godic HMM is large, a large amount of memory is
required and the computational cost is high. There-
fore, past studies have limited the number of states.
Because of this, the perplexity has been high and re-
sults as good as those for word bigram models have
not been obtained [3],4].

This paper proposes new techniques which re-
duce the memory requirements and computational
costs significantly when the Baum-Welch algorithm
is used. These techniques were evaluated for their
ability to automatically give an SNLM for an inter-
national conference registration task. The Ergodic
HMM was found to have a low perplexity compared
to that of word bigram models. Furthermore, contin-
uous speech recognition was performed. The results
showed that the Ergodic HMM can outperform word
bigram models for text-closed data and can outper-
form word trigram models for text-open data. These
results indicate that the proposed techniques are ef-
ficient.

2. AUTOMATIC STOCHASTIC
NETWORK LANGUAGE MODEL
ACQUISITION USING AN ERGODIC
HMM

A Mealy-type Ergodic discrete-density HMM is con-
sidered to be a stochastic network language model.
This HMM has parameters A = (II, A4, B).

I =an(i); i=1,..,N,is the initial state prob-
ability distribution.

A=apn(i,j); i=1,..,N;j=1,.,N,is thestate
transition probability distribution between state ¢
and state j. '

B=by(,jw); i=1,.,N;5=1,.,N;w=1,.,V,

On the other ha.nd, Hidden Markov Models (HNH\’[S) is the word w’s output word probablhty belonging
are popular for acoustic modeling in speech recognition{1]. somewhere between state ¢ and state j.

One of the advantages of HMMs is that they can In these equations, N is the number of states and V'

be automatically tramned through the Baum-Welch is the vocabulary size.

maximum likelihood estimation procedure using train-
ing speech data. Among the various types of HMMs,

the all-state-connected model is called an Ergodic

HMM.

This Ergodic HMM has a structure similar to
that of an SNLM [2]. Therefore, it can function as an
SNLM automatically through the Baum-Welch algo-
rithm. The resulting state transition probabilities of

2.1. Reducing memory requirements and com-
putational costs

If a large-state Ergodic HMM is to be calculated, a
large amount of memory is required. Therefore, we
propose new techniques which reduce the memory
requirements and computational costs significantly
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when the Baum-Welch algorithm is to be used. These
techniques are divided into two main parts.

Technique 1 Set small probabilities to 0.

If by (7,7, w) is less than a given small value,
this probability is set to 0.0 and there are no
calculation nor memory needs for the Baum-
Welch algorithm.

To put it concretely, the forward value ()
must be calculated as follows[1} with the basic
Baum-Welch algorithm.

a(j) = [Z a1 (Dan (i, )x (i, 4, Or)

Instead of this equation, the following equa-
tions are used:

ai(s) =D ar-1(D)an(i, 1)bn(i, 5, 0r)
: bn(i,j,0t) > C

Ct',:(j) = 0.0 b}\r(i,j, Of) < C

In experiments, we set C to 10.0-307,

The output probability by (7, j, w) has the largest
memory requirements among the parameters
in the Ergodic HMM. So, in using this algo-
rithm, the memory requirements are decreased
for word output probabilities. The computa-
tional costs are also decreased at the same ra-
tio.

Technique 2 Increase the number of states succes-
sively.
To calculate a large-state Ergodic HMM, a large
amount of memory is required. So, we start
with a 1-state Ergodic HMM and increase the
number of states successively.

If the parameters of the N-state Ergodic HMM
have already been estimated, the initial pa-
rameters of a 2N -state Ergodic HMM are con-
structed as follows;

man (i) = 0.5 x an(i/2); i=1,.,2N.
asn(i,7) = 0.5xan(i/2,7/2); i=1,.,2N;j =

The syrﬁbol / indicated that the integer has
been rounded-up.

The output probability B is a little different,
as random weights are used.

ban (%, 7, w) = bn(i/2,7/2, w) x random(i, j, w)
i= 30y ;]:1,,2 ;wzlv'w i

ban is normalized as ), ban (7, §,w) = 1.0.

The training of this large-state Ergodic HMM is
carried out as follows.

1. First, a 1-state Ergodic HMM is constructed.
In this model, the initial state probability and
the state transition probability are set to 1.0
and the word output probability is set to a ran-
dom value.

2. Second, Ergodic HMM parameters are re-estimnated

3. Third, the number of states in the Ergodic HMM
1s increased using Technique 2.

4. Fourth, the Ergodic HMM parameters are re-
estimated using the proposed Baum-Welch al-
gorithm (Technique 1).

These sequence are repeated.

A similar technique where small probabilities are
set to 0.0 is described in [5]. As such, this study’s
focus is mainly to reduce the computational costs
and not to reduce the memory requirements. Also,
as before, the number of states is kept small and
there are no outstanding results.

3. STOCHASTIC NETWORK
GRAMMAR ACQUISITION USING THE
ERGODIC HMM

3.1. Experimental conditions for the Ergodic
HMM

To test these new techniques, experiments on stochas-
tic network grammar acquisition were performed. For
training data, the ATR Dialog Database was used.
The learning conditions of these experiments are shown
in Table 1 .

Table 1: Learning conditions for Ergodic HMM
type of Hidden Markov model Mealy type
number of training sentences 8,475
total number of words 57,354
vocabulary 6,418 words
end of HMM learning 40th iteration

3.2. The number of word output probabilities

Figure 1 shows the number of word output proba-
bilities versus the number of states for the Ergodic
HMM. In this figure, the thin line is the result for
the basic Baum-Welch algorithm and the thick line
is the result for the improved Baum-Welch algorithm.
The figure shows that the latter method greatly re-
duces the number of word output probabilities. This
means that the memory requirements and computa-
tional costs have been greatly reduced.

3.3. Entropy for the Ergodic HMM

To understand how the Ergodic HMM proved ade-
quate, we studied the entropy of the Ergodic HMM.
Figure 2 shows these results. In this figure, the ver-
tical axis represents entropy and the horizontal axis
represents the number of states. The line of dots is
the result for the basic Baum-Welch algorithm and
the thick line is that for the improved Baum-Welch
algorithm. For comparison purposes, the calculated
entropy of word bigram and trigram models are in-
cluded.

In this figure, the difference between the basic
Baum-Welch algorithm and the improved Baum-Welch
algorithm is small. This means that the proposed
algorithm can perform training like the basic Baum-

using the proposed Baum-Welch algorithm (Tech-

WWelch algorithm with lower the memory requirements
nique 1).

and computational costs.  And as the number of
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Figure 1: Number of word output probabilities ver-
sus number of states
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Figure 2: Entropy versus number of states

states increases, the entropy decreases. The entropy
of the 128-state Ergodic HMM is lower than that of
the word bigram models. However, the perplexity of
the 512-state Ergodic HMM is higher than that of
the word trigram models. It is possible though that
if the number of states were increased, the entropy
of the Ergodic HMM would have lowered that of the
word trigram models.

4. EXPERIMENTS FOR CONTINUOUS
SPEECH RECOGNITION

To show the effectiveness of the Ergodic HMM as a
language model, speaker dependent continuous speech
recognition experiments were carried out. In these
experiments, a standard speech recognition algorithm

employed a continuous mixture HMM and beam search,
with the Ergodic HMM providing the language information[6].

4.1. Experimental conditions for continuous
speech recognition

For the training of the continuous mixture HMM,
2,635 word utterances were used. For the training of
the Ergodic HMM, 8,475 sentences of the ATR Di-
alog Database were used in text-open experiments,
whereas the same 8,475 sentences plus 38 test sen-
tences were used in text-closed experiments. In this
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way, it was possible to perform both the text-closed
and text-open experiments using the same test data.
The experimental conditions are summarized in Ta-
ble 2

Table 2: Experimental conditions for continuous
speech recognition using Ergodic HMM

continuous mixture HMM

+ beam search + Ergodic HMM
max 14 ( valid for each syllable )
3-state 4-loop left-to-right model
16th order LPC cepstrum + pow

algorithm

mixture count
state number
acoustic parameter

€r

+ A power + 16th order A cepstru:

20 ms

5 ms

word speech (2,635 words)
52 syllables

frame window
frame period
training voice
phone category
vocabulary 435

beam width 4,096

duration control no

test sentence count 261 sentences; same speaker
speaking style read speech

speech content international conference task

4.2.
data

Experimental results for the text-closed

The sentence recognition rate was evaluated for the
text-closed experiments; the results are shown in Fig-
ure 3 . For comparison purposes, results for both
the word bigram models and the word trigram mod-
els are also shown. In these experiments, the tri-
gram and bigram values were smoothed by deleted-
mterpolation technique[8].

(%)
100

Trigram

Bigranf®=--"-""""""""—4

Ergodic HMM

Sentence recognition rate

1 10 100 1000

Number of states

Figure 3: Recognition rate for text-closed data

In Figure 3, the vertical axis represents the sen-
tence recognition rate while the horizontal axis repre-
sents the number of states. It shows the recognition
rate for the 128-state Ergodic HMM is to be higher
than that for the word bigram models. It also shows
the recognition rate for the 256-state Ergodic HMM
to be equal to that for the word trigram models. It
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is possible though that if the number of states were
increased, the recognition rate would have exceeded
that for the word trigram models.
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Figure 4: Recognition rate for text-open data

4.3. Experimental results for the text-open
data

The results of the text-open continuous speech recog-
nition experiments are shown in Figure 4 . For com-
parison purposes, results for the word trigram mod-
els are also shown. In these experiments, both the
sentence recognition rate and word accuracy rate[7]
were evaluated.

In the figure, a 48.6% sentence recognition rate
is obtained for the 128-state Ergodic HMM. On the
other hand, the recognition rate for the word trigram
models is 47.1%. And the word accuracy rate of the
16-state Ergodic HMM which is equal to that of the
word trigram models. These results show that the
Ergodic HMM can outperform word trigram mod-
els for text-open data. On the other hand, the 256-
state Ergodic HMM has lower performance compared
to the word trigram models. This means that this
model does overturning for text data.

5. DISCUSSION

5.1. Random Value

In this paper, word output probabilities are given
random weights, when the number of states is in-
creased (Technique 2). Otherwise, we use parts of
speeches or categories using word dictionaries. For
example, words belonging to the same category are
given the same weight. This is a good way of trying
to obtain better language models.

5.2. Second-order Ergodic HMM

The experiments studied a basic first-order Ergodic
HMM. However, it would be very easy to extend the
experiments to a second-order Ergodic HMM, which
would probably produce a better performance. This
will be examined in future research.
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6. CONCLUSION

This paper discussed a large-state discrete Ergodic
Hidden Markov Model as a stochastic network lan-
guage model for language modeling. It proposed
new techniques to reduce the memory requirements
and computational costs associated with the Baum-
Welch algorithm.

These techniques were evaluated using an inter-
national conference registration task by computing
the perplexity. In addition, an Ergodic HMM was
investigated for use in langnage modeling for con-
tinuous speech recognition. These results obtained
compared favorably to those of word bigram mod-
els. This may mean that the proposed techniques
are effective.
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