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A Topic-sensitive Extractive Method for Multi-document Summarization

Wenhao Ying, Suijian Li, Zhifang Sui
(MOE Key Laboratory of Computational Linguistics, Peking University,
Beijing 100871, China)

Abstract: The key of extractive summarization is to judge the importance of sentences, which depends on
reasonable sentence modelling. This paper proposes a method to model the relations between a sentence and its
topics, and evaluates the topical importance of the sentences. To deal with the lack of gold references, the paper
proposes a semi-supervised training framework based on learning-to-rank, which is able to exploit a lot of
unlabeled news documents. The experiments on DUC2004 multi-document summarization data verify that the
proposed feature of topical importance is an effective supplement to heuristic features and can improve the
summarization performance.
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