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Abstract

Building a stochastic language model (LM) for speech recognitions, etc. requires a large corpus of target task. In
some tasks no enough large corpus is available and this is an obstacle to achieve a high recognition accuracy. In
this paper, we propose a method for building an LM with a higher prediction power using large corpora of different
tasks than an LM estimated from a small corpus of a target task. In our experiment, we used transcriptions of air
university lectures and articles of Nikkei newspaper and compared an existing interpolation-based method and our
new method. The result tells us that our method allows 9.71% of perplexity reduction.
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