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A Class Based Method for Estimation of Dependency Relations
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The distribution of the grammatical relation between words is of one of the fundamental
properties of language, much like bigram probabilities. We propose a method for clustering
words on the basis of their grammatical behavior. In the extreme case this clustering is equal
to the parts of speech, but in the optimal case we use around 3000 classes. In experiments, we
applied the obtained classes to the problem of estimating the distribution of the grammatical
relation between words. We show that this can significantly improve the estimation, which

shows the viability of our method and the meaningfulness of the classes.
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