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In part-of-speech tagging, the accuracy for unknown words is lower than for known words. In consideration
of high accuracy rate of up-to-date statistical POS taggers, unknown words account for non-negligible
cause of errors. This paper describes POS estimation for unknown words using Support Vector Machines.
We achieved high accuracy of POS tag estimation using substrings and surroundihg contexts as feature.
Furthermore, we apply this method to a practical POS tagger, and achieved the accuracy of 95.9%, higher

than conventional approaches.
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