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A Japanese Word Segmenter Using
a PPM*-based Language Model

Hirokl Opatt and KENJI KITAT

Word segmentation, which segments an input sentence into words, is the most fundamental
process of Japanese language processing. In this paper, we present a new method for segment-
ing the input sentence into words, which is suitable for those languages that have no delimiter
between words, such as Japanese and Chinese. First, we present a word segmentation model
using a character-based n-gram model, which is our baseline method. Next, we apply the
PPM* compression algorithm to the problem of word segmentation. PPM (Prediction by
Partial Matching) is a lossless compression algorithm based on a finite-context probabilistic
modeling technique and PPM* is a variant of PPM, in which there is no a priori bound on con-
text length. As the result of experiments on the ADD (ATR Dialogue Database) corpus, the
proposed Japanese word segmenter using the PPM*-based language model marked a higher
accuracy than the character-based n-gram model. In particular, the proposed method using
the PPM*-based language model achieved 97.67% recall and 98.27% precision for open text.
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Fig.1 Example of training data.
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Table 1 Contexts and each prediction probabilities.
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Fig.3 Probability distribution by the PPM*C model.
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Fig.5 Solution space of word segmentation.
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Fig.7 Example of pruning by the beam search.
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Table 2  Size of closed and open data.
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Table 4 Cross entropy by each language model.
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