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Long Tail Query Recommendation Based on Query Intent

BAI Lu GUQO Jia-Feng CAO Lei CHENG Xue-Qi
(Research Center of Web Data Science & Engineering , Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)

Abstract Query recommendation is an important tool for improving searching efficiency. Tradi-
tional recommendation methods were mainly care about the frequent queries, but cannot provide
good recommendations for long tail queries due to the information sparsity. Without consideration
of query intents, traditional methods generated the recommendations for long tail queries, which
can be greatly influenced by noise words in queries. A novel probabilistic mixture model of term-
query graph was proposed in this paper, which can clearly identify query intents of users. Other-
wise, a new method of assembling query intents into recommendation was introduced in the
paper, which can prevent the influence from noise words by merging the recommendations of word
in newcoming query according to query intents naturally. The result of experiments show the rele-

vance of long tail query recommendation can be greatly improved by taking account of query intent.
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Background

This paper focuses on the recommendation for long-tail
query. Query recommendation has been recognized as an im-
portant tool that helps users seek their information needs.
Many approaches have been proposed to generate query rec-
ommendations by leveraging query logs. Traditional recom-
mendation methods were mainly care about the frequent que-
ries, but the low frequency and sparse correlation hurt the
performance of recommendation for the long-tail queries. Re-
cently, some methods are proposed for recommendation of
long-tail ones by modeling the words of queries. But without
of modeling the query intent explicitly, the recommendations

are often contaminated by noise words. In this paper, the
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authors propose a novel probabilistic mixture model of term-
query graph that can clearly identify the query intents. More-
over, an intent-biased rank method is introduced for recom-
mendation that can greatly reduce the influences of noise
words. Experiments are conducted based on real world query
logs, and both the qualitative and quantitative results demon-
strate the effectiveness of our approach.

This work is funded by the National Natural Science
Foundation of China under Grant Nos. 60933005, 61173008,
61003166, and 61203298, the
Program ( 973 of
No. 2012CB316303.

National Basic Research

Program ) China under Grant



