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Chinese word sense induction based on improved k-means algorithm
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Abstract: Polysemy is an important and pervasive semantic phenomenon in Chinese; the task of word sense induction is
to classify words with the same semantics in different contexts, which is a clustering problem essentially. Currently,
unsupervised clustering algorithm has been widely used in its research. In this paper, an improved method of k-means was
proposed, which mainly improved the selection of initial cluster centers and the calculation of cluster centroid and overcame
the “noise” and the sensitivity of isolated point in data to some extent. Another idea was to use the classification coding of

word in Tongyici Cilin to reduce the feature dimension. The experimental results show that the performance has great

improvement with the improved k-means, of which the F-Score reached 75.8% .
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