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Query Structure Analysis Based on PMI
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(1. Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190, China;
2. Graduate University of Chinese Academy of Sciences. Beijing 100049, China)

Abstract: The effective analysis of user query structure is helpful for understanding the user’s intent and promoting
performance of the Web search engine. This paper proposes a straightforward and effective analysis method for user
query structure based on PMI (pointwise mutual information). The method contains an off-line training algorithm
based on MapReduce and a bottom-up online building method for query analysis. The experiment result shows that
our approach possesses a high segmentation speed while maintain a comparable segmentation performance to other
approaches. The experiment on TREC WT10g dataset further validates the effectiveness of our method and shows
that it can prompt the search results in terms of MAP, p@5, p@10.
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