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Abstract

We propose a method of robust language model-
g for a small amount of training text corpus. In
this method, the word bigram and the class bigram are
combined using a weighting function of preceding word
frequency. We made experiments on speech recogni-
tion using JNAS speech corpus. As the results, it was
proved that the performance of the class combined bi-
gram s equivalent to that of the word bigram trained
with 2.5 larger size of corpus. We also made experi-
ments using sports news dialogue on TV. Recognition
accuracy of the class-combined bigram was 83.3% that
was 5.5 point higher than that of the word bigram.

1 Introduction

In general, we use word N-gram for language model
in LVCSR (Large Vocabulary Continuous Speech
Recognition). The word N-gram language models
realize high performance if we have large amount of
training data. However, in case of the training data is
not sufficient, the reliability of the word N-gram lan-
guage models decreases. We know the class N-gram
language models gives the better performance for the
small amount of training data. Therefore, we often use
class N-gram language model for small sized training
dataset[1][2]. In this case, however, the model become
rough.

In order to pick up the benefits of both methods,
word-based fine modeling and class-based robust mod-
eling, many integration approaches have been pro-
posed [3]-[7]. In the interpolation method[3], the word
N-gram and the class N-gram are combined with fixed
interpolation coefficient. In the switching methods,
the word N-gram or the class N-gram is exclusively
selected according to some criteria. The class backoff
method, one of the switching methods, uses the word
N-gram in normal case but uses the class N-gram in
case that the frequency of the word N-gram in train-
ing set is low[5]. Some other switching methods select
word or class according to the entropy[4].

Simple interpolation method is rather wasteful and
inflexible. The reliable word N-gram from sufficient
training data and the unreliable word N-gram from
in-sufficient training data are treated uniformly in the
method. Even if the data size is so small, some partic-
ular N-grams in the set may be enough to be trusted.

Selection methods are not also flexible. They are con-
trolled by strict thresholds. There is no intermediate
decision. However, moderately trusted data needs in-
termediate handling.

In this paper, we propose a new method for the in-
tegration of the word N-gram and the class N-gram.
This method adopts the interpolation method basi-
cally, but the coefficient is not a constant like a normal
interpolation method but a function of the reliability
of the word N-gram. The reliabilities of word N-gram
are measured by the frequency of the conditional parts
of them.

In section 2, we define the characteristics of the in-
terpolation coefficient, then, in section 3, basic char-
acteristics of proposed method is clarified through the
LVCSR test using JNAS read speech corpus. In sec-
tion 4, through the LVCSR test using sports news con-
versational speech corpus, the effectiveness of the pro-
posed method for the small sized training corpus of
language model is clarified.

2 Integration of word bigram and class
bigram by interpolation method
2.1 Interpolation with constant -coeffi-
cient value

The simplest integration of the word N-gram and
the class N-gram is the interpolation of both statis-
tics. In case of bigram language models (we treat only
bigram language model because the bi-gram proba-
bility is dominant in the Japanese speech recognizer),
interpolation formula becomes as follows,

P(Ws|[Wp) = K Puy(We[Wp)+(1-K) Pe(W; [W), (1)

where, P, denotes the word bi-gram, P, denotes the
class bi-gram, W, denotes the succeeding word and
W, denotes the preceding word. K (0 < K < 1)
is the interpolation coefficient. P, is estimated from
training corpus using next formula,

N(W,, Ws)
Py (W|W,) = —2* 2
where, N(W,) is the count of W, in the training text
corpus and N(W,, W) is the count of word sequence
W, — W in the training corpus. As for F,, if there are



no overlap in the members of classes, it is estimated
by the next formula,

N (W)
N(C(W,))

N(C(Wp),C(Ws))

Pe(W,|W,) = NCOT) (3)

where, C'(W) denotes the class of the word W, N(C')
is the count of the class C' in the training dataset and
N(Cy,C5) denotes the count of the class sequence of
Cy —Cs. Usually, in Eq. (1), a constant value is given
to the coefficient K. That means the reliable word
N-grams from sufficient training data and the unreli-
able word N-grams from in-sufficient training data are
uniformly treated in the framework. That is wasteful
because some particular N-grams in the dataset may
be enough to be trusted even if the training data size
is so small.

2.2 Interpolation with variable coefficient
value

It is natural that the bigger weight value of K is
given to the reliable word bigram. Thinking of the
nature of binomial probability distribution function,
the reliabilities of the bigram probability P(WW,|1V},)
expected to be dependent on the number of occur-
rence of W, in the training dataset. Therefore, it is
reasonable to trust word bigram in case that the count
of preceding word N(W,) is the large number. It is
better to trust class bigram in other case. So we adopt
next expression for the weighting function.

Kok (i (U)o

The k£ (0 < k <1) and T (T > 0) are the parameters
for defining the dependency of weight function on the
word count C(W,). Parameter k controls the target
value and parameter 7T controls the speed of conver-
gence. Examples of the weighting function is shown
in 1.

Parameters £ and 7" is derived from development
dataset using maximum likelihood estimation.

3 Experiment using read speech of

newspaper articles

To clarify the characteristics of the class-combined
word bigram, we tested the method with read speech
of newspaper articles. Main topic of this experiments
is to evaluate how much the proposed method can re-
duce the size of training dataset.

3.1 Experimental setup

Training datasets consist of 5000, 10000, 20000,
30000, 40000, 50000 sentences from Mainichi news-
paper articles in 1994 which include 570,000 sentences
total. Sentences in each dataset are selected randomly.
Using these datasets, word bigram, class bigram (the
number of class is 500. Automatic clustering algo-
rithm based on the annealing is adopted to get word

63.2%

v

Figure 1: Examples of the weight function.

classes[8]) and class-combined word bigram are pre-
pared. The vocabulary size of the language model is
5000.

Evaluation data are from JNAS (Japanese Newspa-
per Article Sentences) read speech corpus[9].

The triphone acoustic model and the biphone
acoustic models are applied for vowels and consonants,
respectively. Frame synchronous decoder is used for
the recognition.

3.2 Results

The word accuracy is shown in Fig. reffig:news.

As we can see from Fig.2, accuracy of the word
bigram increases as the training data size increases.
The recognition accuracy of word bi-gram trained with
100,000 sentences was 82.0%. That of class bigram has
the peak value of 80.8% at 30000 sentences of train-
ing data. That of class-combined word bigram has
the peak of 82.0% at the 40000 sentences of train-
ing data, which is equivalent to the word bigram of
100000 training data. That means proposed method
needs 2.5 times less training data as compare to the
word bigram. It is very important that the proposed
method achieved the comparable accuracy with small
sized training data.

4 Experiment wusing conversational
speech

We tested the method with conversational speech

from sports news. Main topic of this experiments is to

evaluate how well the proposed method works for the

task in which the training data is difficult to collect.

4.1 Experimental setup
Training data of the language models is from con-
versational parts in several TV sports news shows. Ut-
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Figure 2: Word accuracy as a function of training data
size.

terances are transcribed by hand and the transcribed
sentences are decomposed into morpheme by JUMAN
Japanese morpheme analysis toolkit. Since there are
many errors in the analytic results, we corrected them
by hands. Through these process, we finally get the
text corpus of TV sports news. From this corpus, 666
conversation are selected and used for the language
modeling.

Most of the setup parameters of the experiment are
the same as previous experiment. The numbers of the
class for the tests are from 200 to 500. Weight pa-
rameter k and T are analytically derived using max-
imum likelihood estimation. The parameters of com-
bined model in case of class number 250 are k=0.7
and T=12. The histogram of the word number as a
function of word weight is shown in Fig. 3.

The evaluation test set is the 25 conversation (total
word number is 660) from the TV sports news corpus.

4.2 Experimental results

The results is shown in Fig. 4.

Word accuracy of word bigram is 77.9%. For all
classes, the scores of the class bigrams are better than
that of word bigrams. The best score of the class
bigram is 82.1%, that is 4.2 point higher than that of
word bigram. And for all classes, class-combined word
bigrams are better than class bigrams. The best score
is 83.3%, that is 5.4 point higher than word-bigram.

x10

15— —

Number of Words

| HHDDD L

0.0 0.2 0.4 0. 1.0
Weight for Word Bigram
Figure 3: Histogram of the word number as a func-
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ber=250,k=0.7,T=12)
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5 Conclusion

Aiming at robust language modeling for small sized
training dataset, class-combined word bigram model
is proposed in which the word bigram and the class
bigram are combined with weighting function of pre-
ceding word count of word bigram.

Firstly we tested the effect of this weighting by the
corpus of Japanese newspaper articles. The recogni-
tion accuracy of word bi-gram trained with 100,000
sentences was 82.0%. That of 10,000 sentences de-
graded to be 77.7%. In case of the class bi-gram
trained with 10,000 sentences, the score recovered to
be 79.0%. Finally, the class-combined word bi-gram
gives the score of 80.0%. It is very important that
the proposed method achieved the comparable accu-
racy with only 10% of training data. The performance
of proposed language model trained with 40000 sen-
tences is 82.0%, that is equivalent to that of the word
bigram trained with 2.5 times larger text corpus.

Then we made experiment on conversational speech
recognition. It is very difficult to collect large amount
of transcription of conversational data. We used
sports news dialogues on TV for training text. Recog-
nition accuracy of word bi-gram was 77.8%, class bi-
gram (the number of class 250) was 82.1%, class-
combined word bi-gram was 83.3%. The proposed
method improved 5.5 points of recognition accuracy,
that is 18.5% error rate reduction.

Thus, the robust language modeling for a small
amount of training data is realized.
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