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Extended Statistical Model for Morphological Analysis

MASAYUKI ASAHARAt and YUJI MATSUMOTO*

Recently, large-scale part-of-speech tagged corpora have become available, making it pos-
sible to develop statistical morphological analyzers trained on these corpora. Nevertheless,
statistical approaches in isolation cannot cover exceptional language phenomena which do not
appear in the corpora. In this paper, we propose three extensions to statistical models in order
to cope with such exceptional language phenomena. First of all, we incorporate lexicalized
part-of-speech tags into the model by using the word itself as a part-of-speech tag. Second,
because the tag set becomes fragmented by the use of lexicalized tags, we reduce the size of
the tag set by introducing a new type of grouping technique where the tag set is partitioned
creating two different equivalent classes for the events in the conditional probabilities of a
Markov Model. Third, to avoid over-fitting, we selectively introduce tri-gram contexts into a
bi-gram model. In order to implement these extensions, we introduce error-driven methods
to semi-automatically determine the words to be used as lexicalized tags and the tri-gram
contexts to be introduced. We investigate how our extension is effective through experiments
on Japanese, Chinese and English.
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Table 2 The number of connection rules

(English).

ooo ooo FO (%) oooooo
bi-gram oo 96.38 1,309
O tri-gram oo 96.60 12,859
tri-gram(P’-P) oo 96.55 2,023
triigram(P-C) OO 96.53 2,006
bi-gram 50 O 96.56 2,189
O tri-gram 50 O 95.65 16,985
tri-gram(P’-P) 50 O 96.65 2,488
tri-gram(P-C) 50 O 96.68 2,753
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Table 3 The number of connection rules
(Chinese).

ooo 0ooo FO (%) | 00D0ODO0DOO
bi-gram oo 94.15 2,213
O tri-gram oo 94.14 27,494
tri-gram(P’-P) 0o 94.22 4,033
tri-gram(P-C) oo 94.24 4,159
bi-gram 50 O 94.33 3,581
O tri-gram 50 O 93.28 35,351
tri-gram(P’-P) 50 O 94.32 4,068
tri-gram(P-C) 50 O 94.36 4,331
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