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Yuji Matsumoto

Global discriminative models, such as Markov Random Fields, (MRF) and Conditional Random Fields
(CRF), have gained a great attention in the statistical natural language analysis. These models are shown
to outperform the history-based approaches, where a parsed-tree can be generated by a sequential process
of classifications. In the global optimization with MRF/CRF, the feature set can be selected heuristically.
In this paper, we propose a subtree-based log-linear model, where statistically-useful subtrees are used
as a feature set. Experiments with POS-Tagging and Base-Phrase Chunking show that our approaches

outperform the previous heuristic selections.

Keywords : MRF, CRF, Log-Linear Model, Frequent Subtree Mining, Text Chunking, POS Tagging
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