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Word-class models for unsupervised language model

adaptation applied to spontaneous speech recognition

*

OLuc Lussier, Edward W. D. Whittaker and Sadaoki Furui (Tokyo Institute of Technology)

1 Introduction

The word error rate in spontaneous speech recog-
nition tasks is still greater than that of read
or dictation style speech and one of the reasons
for this situation is the limited amount of train-
ing data available to create appropriate language
models. For example, the “Corpus of Spontaneous
Japanese” (CSJ) [4], one of the biggest spontaneous
speech corpora at this time, contains about 7 mil-
lion words of training data while the DARPA Hub
4 project has 130 million words of Broadcast News
speech [1].

In order to deal with this limited amount of train-
ing data, various methods using word-class lan-
guage models have been proposed by, among others,
Moore and Young [5] as well as Yokoyama et al. [8].
The relatively small amount of computational over-
head and good reduction in word error rate of the
latter method has prompted us to further investi-
gate its mechanism in order to better understand
the source of the improvement it displays, see if
it would be possible to improve on its results and
propose a new method from our findings.

2 Language model adaptation

The method proposed here is based on the one
used by Yokoyama et al. [8] and involves the combi-
nation of two n-gram based models, a general word
n-gram language model built on the whole train-
ing corpus 7 and a word-class model whose com-
ponents come from both the training corpus and
the output from a first transcription hypothesis H
of the presentation currently being recognized. The
combination is performed by linear interpolation as
illustrated in the following formula for a word w
with history h:

p(wlh) = (1= X) - pg (w[h) + X - pue (wlh) (1)

where ) is the interpolation weight between the two
models, p, is the general language model (G-LM)
and py. is the word-class model (WC-LM).

The word-class model is made from 3 elements:
a word-class definition, a class n-gram and a word-
given-class component. This composition will be
made explicit for each experiment by specifying the
source of each component. For example, the mod-
el used in [8] is characterized by (7|H|H) imply-
ing that the word-class definition is built from the
training data and that both class n-gram and word-
given-class components are computed from the hy-
pothesis.

3 Experimental conditions
3.1 Acoustic model

The acoustic features used for the experiments
are 25 dimension vectors consisting of 12 MFCC,
their delta as well as the delta log energy. All the
models used are gender dependent triphone HMMs
with 3000 shared states and 16 Gaussian mixtures.
Academic only models are used for the first and sec-
ond test set and models containing both academic
and extemporaneous presentations are used for the
third test set. Cepstral mean subtraction is applied
to each utterance.
3.2 Baseline language model

The baseline language model is built from the
transcribed content of about 2590 presentations
providing almost 7.5 million words of training data
with a vocabulary size of 30678 words. Since the
concept of word boundary is not clearly defined in
Japanese, the term “word” refers to a morpheme
as defined by Shinozaki and Furui [7]. Smoothing
for all language models is performed using a varia-
tion of the technique developed by Kneser and Ney
introduced by Goodman [2]. Also, based on empir-
ical results obtained in [8] every word-class n-gram
language models used in our experiments use 130
word-classes.
3.3 Development and evaluation test sets

We use the first of the three test sets defined in
the CSJ benchmark paper by Kawahara et al. [3] as
a development set and use the last two for evalua-
tion. Each test set contains 10 presentations, test
set one and two contain only academic presenta-
tions while test set three is made of extemporane-
ous presentations and finally, test set one contains
only presentations made by male speakers as op-
posed to test set two and three which contain both
female and male speakers in equal proportion.

4 Experimental results

Because the method involves the combination of
a word and word-class n-gram and that such com-
bination described in [6] by Ney et al. is generally
expected to reduce the word error rate, a baseline
that is also based on word-class models should also
be used in the initial phase of our experiments in
order to better evaluate the specific contribution of
the different components of the studied models. Ta-
ble 1 gives results for the general language model as
well as for several candidate baseline results. The
interpolation weight was first found using the EM
algorithm for each presentation, then using the av-
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Table 1. Average word error rate (%) on test set 1
| Model WER |

Table 3. Average word error rate (%) for test set 1

with relative improvement from word-class baseline

G-LM (A =0) 27.67
G-LM + WC 3-gram (7|7|7) (A = f(EM)) | 27.08

| G-LM + (A=0.30) | WER | Rel. Lmp. (%) |

erage of all weight values given by the EM algorithm
for all presentations and then according to the val-
ue used in [8]. This last value, obtained empirical-
ly, albeit in a slightly different context, also gives
the best performance in this case. The relative im-
provement compared to this baseline will be given
in other tables in addition to the absolute word er-
ror rate.

We were then interested in verifying if the im-
provement simply came from interpolating the gen-
eral language model with a uni-gram or word-
class uni-gram built from the hypothesis. Those
results are shown in Table 2 where both approach-
es perform only slightly better than the word-class
baseline. Then, experiments were conducted with
word-class tri-grams, for which results are given in
Table 3, where except for the model built with the
(T|H|T) parameters, the two models give a good
improvement.

Finally, as it appears that the methods using ei-
ther (7|H|H), presented in [8] or (7|7 |H) give the
best results on the development sets, the results on
test set 2 and 3 were verified. Table 4 gives the
results of the general language model and of the 2
best performing methods on all test sets.

5 Conclusion

Our experiments have shown that using only a
uni-gram model built on the hypothesis is not as
good as combining this information, in the form of
a word given class probability, with a word-class
n-gram model.

Furthermore, using all of the training corpus in-
stead of the transcription hypothesis to build the
word-class n-gram component has proven beneficial
on the development set but detrimental on one of
the test sets which suggest a weight adjustment is-
sue that is yet to be resolved. On the other hand,
using this proposed method leads to a reduction of
the required computational overhead because the
word-class n-gram component only has to be com-
puted once instead of every time a new recognition
is performed.

Table 2. Average word error rate (%) for test set 1
with relative improvement from word-class baseline
G-LM + (A =0.30) | WER | Rel. Imp. (%) |
WC 1-gram (T|H[H) | 26.90 0.44

1-gram (H) 26.74 1.04

G-LM + WC 3-gram (7]7]7) (A = 0.15) 27.12 WC 3-gram (7|H|H) | 25.22 6.66
G-LM + WC 3-gram (7|7]7) (A = 0.30) | 27.02 WC 3-gram (7|H|T) | 27.14 -0.44
WC 3-gram (7|7|H) | 24.89 7.88

Table 4. Average word error rate (%) on all test
sets for the G-LM and the best performing methods
| Test set | G-LM | (T|H|H) | (T|T|H) |

1 (dev) | 27.67 | 25.22 24.89
2 27.05 | 24.81 24.80
3 25.78 | 24.48 24.79

Future work will involve attempts to combine the
method presented in the current paper with more
than one language model and also trying to find a
way of automatically estimating the weight A\ be-
tween the models.
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