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A Study on Entropy-based Compression Algorithms
for N-gram Parameters

NoORIMICHI YODO,! KATSUNOBU ITO,it KIYOHIRO SHIKANOT
and SATOSHI NAKAMURA'

Large vocabulary continuous speech recognition (LVCSR), which is simply called as dic-
tation, is an essential technology for the realization of voice typing and interface between
human being and a computer in various conditions. An LVCSR system reduces search space
using language models, where statistical N-gram models are generally used. However, they
need a huge number of parameters that grow exponentially with N and the vocabulary size.
Especially in the task with large vocabulary (from a few thousand of words to several ten
thousands of words), their huge memory requirement results in the system implementation
difficulty. In this paper we compare algorithms for reducing the number of parameters of an
N-gram model. Preliminary experiments on the augmentation of our compression algorithm
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to deal with (N —1)-gram are carried out.
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Fig.1 Update of back-off coefficient.
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Table 1 Training data (45 months).
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Table 2 The definition of a word.
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Fig.2 Comparison of various compression algorithm.
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Fig.3 The performance of language models compressed
by proposed method.
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Table 3  Acoustic model.
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Table 4 The selection of an initial model.
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Fig.4 Comparison of three algorithms.
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Table 5 The size of language model and their

performance.
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Fig.5 The performance of models compressed by
proposed method (Accuracy).
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