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On the Awareness of Closed Classes in Unsupervised POS Induction
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Unsupervised part of speech (POS) induction plays an important role in the natural language processing, espe-
cially when the available linguistic resource in the target domain is insufficient. The principle of POS induction
essentially relies on the assumption of the existence of a universal nature in the concept of word class shared

throughout every languages.

In this paper, we shed a light on the usefulness of the open/closed class, which is
considered as one of the universal property of linguistic category of words.

We set up the experimental method

which explicitly integrates the concept of open/closed class with the training algorithm for hidden Markov models
(HMMs) that is a major approach in the POS induction. The empirical result that compares with a standard HMM
training supports the fact that the explicit awareness of closed class can improve the accuracy of POS induction.
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