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Unsupervised learning of word sense disambiguation rules by

estimating an optimum iteration number in EM algorithm

Hiroyuki Shinnou Minoru Sasaki
Department of Systems Department of Information
Engineering, Ibaraki University Engineering, Ibaraki University
shinnou@dse.ibaraki.ac. jp sasaki@cis.ibaraki.ac.jp

This paper improves an unsupervised learning method using EM algorithm proposed
by Nigam et al. for text classification problems. The original method works well, but
often causes worse classification for our concerned problems, word sense disambiguation
problems. To avoid it, we estimate the optimum iteration number in EM algorithm. The
criterion is based on cross validation and judgement that unlabeled training data is used
to improve a classification or not. In experiment, we solved 50 noun WSD problems
in Japanese Dictionary Task in SENSEVAL2. The classification learned through only
labeled training data produces 0.7658 precision. Original unsupervied method got worse
0.7356 precision, but our improved method produced 0.7856 precision. This is a match
for the best public score. Furthermore, our method is confirmed to be also effecitve for
verb WSD problems.
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