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Improving a language model using machine translated data *

© Arnar Thor Jensson, Edward W. D. Whittaker and Sadaoki Furui (Tokyo Institute of Technology)

1 Introduction

Statistical language modeling is well known to be
very important in large vocabulary speech recogni-
tion but creating a robust model requires a large
amount of training text. Therefore it is difficult
to create a statistical language model (LM) for re-
source deficient languages.

By using text translated from other languages it
may be possible to improve the resource deficient
language model either using sentence-by-sentence
translation or word-by-word translation. Word-by-
word translation only requires a dictionary whereas
sentence-by-sentence machine translation needs a
large sentence-aligned parallel corpus which is ex-
pensive to obtain. The word-by-word approach is
expected to be successful only for closely related
languages.

Methods have been proposed in the literature to
improve statistical language modeling in a resource-
deficient language using cross-lingual information
retrieval [1]. Another method proposes using latent
semantic analysis for cross-lingual modeling which
does not require a sentence-aligned corpus [2] but
searches for similar types of texts in two languages.

In this paper, we propose a method to reduce
the perplexity of a task-dependent corpus using ma-
chine translation. Both sentence-by-sentence trans-
lation and word-by-word translation results are pre-
sented.

2 Method

The idea is to improve a task dependent language
model that is created from a sparse amount of text
(in this case in English) using a large translated text
(in French) which is in the same domain area as the
task. This involves two steps shown graphically in
Figure 1. First of all the sparse text is split into two,
a training text corpus (T'rain) and a development
text corpus (Dev). A language model LM1 is cre-
ated from T'rain, and LM2 from a large translated
text (T'raing.), where fe denotes French-English
translation. The translated text can either be ob-
tained from sentence-by-sentence (sbs) or word-by-
word (wbw) translation. The language models are
combined using linear interpolation and the Dev
set is used to optimize the weights used in step 2.

Step 2 involves combining the Train and the
Dev corpora together and building a new language
model, LM3 from it. LM3 and LM2 are then mixed
using the optimized weights obtained in Step 1.
The final perplexity value is calculated using the

evaluation set (Eval).
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Figure 1. Data diagram

3 Experimental Results

For the experiments the Hansard corpus was
used, which is a parallel text corpus in English
and Canadian French. A vocabulary Vrpg of 1711
unique English words was chosen randomly from
the corpus, and sentences that included only those
words were extracted and used to create Train,
Dev and Ewval. Table 1 shows the size of the fixed
sets. Another vocabulary, Vrp, was defined as well
using the Train and the Dev sets. A different set
of randomly chosen French sentences was machine
translated to English using [4] and used either as
is (ran) or with only those selected sentences (ss)
that included only words from the vocabulary found
in Vprp.

Table 1. Data Sets

[ Corpus Set | Words I Unique Words
Train 6690 815

Dev 6704 810

Eval | 334375 1593

For comparison reasons the vocabulary for per-
plexity calculations was fixed using the vocabulary
Vrpe. A translation of the large French set was
also done on a word-by-word basis using [4]. Fig-
ure 2 shows perplexity performance versus number
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Figure 2. Perplexity results

of words and the top half of Table 2 shows per-
plexity results for an approximately fixed number
of words. The bottom half of Table 2 shows per-
plexity results for Train._,, close to the Traing,
results which reflects the number of sentences that
must be manually translated to get the same im-
provement as for the machine translated data.

All perplexity results are evaluated using tri-
gram models. Uni-gram and bi-gram models were
not found to give better results. Train. corre-
sponds to an English corpus that was extracted and
its evaluation simulates a perfect translation.

Table 2. Translated Data Characteristics

Corpus Set Words | Perplexity
(improvement)
Train + Dev (TD) 13K | 54.7 (-)
TD + Trainfe-whu-ran 200K | 53.0 (3.1%)
TD + Trainge—wbw-—ss 200K | 52.8 (3.5%)
TD + Trainge-sbs—ran 200K | 48.5 (11.3%)
TD + Trainfe_sps—ss 200K | 48.3 (11.7%)
TD + Traine—ss 6K | 53.0 (3.1%)
TD + Traine-ss 26K | 48.6 (11.2%)
TD + Traine-ss 200K | 40.1 (26.7%)

4 Discussion

As Table 2 shows, translation improves the lan-
guage model between 3.1% and 11.7% when 200,000
words are used. The lowest improvement reflects
the perplexity improvement for randomly chosen
sentences using a word-by-word translation while
the highest improvement is for sentence-by-sentence
translation. If a per fect translation was performed,
using chosen sentences the improvement increased
to 26.7%. Table 2 also shows that eight times more
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data is needed if the same improvement is to be
expected with manual translation and sentence-by-
sentence machine translation whereas thirty times
more data is needed to improve with word-by-word
machine translation.

5 Conclusion

The above results show that the perplexity values
decrease considerably using sentence-by-sentence
machine translated data. It has also been shown
that the perplexity can be decreased using word-by-
word translation which is important for languages
that do not have large enough parallel corpora avail-
able to create a machine translation system but do
have a dictionary available. Future work will apply
the described techniques to an Icelandic dialogue
task as a resource deficient language and evaluate
performance using speech recognition.
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