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Since 90’s, rernarkable advances have been observed in corpus-based natural language processing(NLP).
This paper first categorizes the NLP tasks based on thier characteristics and shows various types of
statistical machine learning methods having been applied to a number of different NLP tasks. Then, we
describe what kinds of distinctive features in machine learning algorithims are suitable and necessary to
NLP tasks. Finally, to see particular advancement in language processing, we take up parsing of English
phrase structure and Japanese dependency structure and show the recent advances and trends in machine
learning approaches to natural language processing.
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