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A Topic Inference Based Translation Model for Question Retrieval in
Community-Based Question Answering Services
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Harbin Institute of Technology, Harbin 150001)

Abstract  The ranking scheme of the statistical translation based question retrieval models is
mainly depended on the translation probabilities between terms. However, the existing transla-
tion based models yield on the noise generated by the translation model and further impact the
question retrieval results. In this paper, we proposed a topic inference based translation model for
question retrieval. By leveraging the topic information, we theoretically verified that it can
reasonably control the translation noise and then improves the question retrieval results. Experi-
mental results show that the proposed model significantly outperforms the state-of-the-art
question retrieval models in MAP (Mean Average Precision), MRR (Mean Reciprocal Rank) and

p@1 (precision at position one).
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@ http://www. wondir. com/
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task is transformed from answer extraction, answer matching
and answer ranking to searching for relevant questions with
good ready answers.

A major challenge is the word verboseness in the queries
where important words may be surrounded by other additional

words. These additional words are more likely to confuse the
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current search engines rather than help them. The other major
challenge is the word mismatch between the queries and the
candidate questions for retrieval. This makes it difficult for the
two questions to match each other in the question retrieval
task. In applications based on user generated content (UGC) ,
such as CQA services, where the users tend to use a more di-
verse and informal vocabulary to express their information
needs, the word mismatch problem is even more common and
severe than in general search.

In order to solve the word verboseness in queries,
previous work mainly focused on core term discovery, query
reformulation, key concept identification on verbose queries,
ete. Despite the great success achieved these papers mainly
focused on distinguishing the key concepts from the non-key
ones and the importance among the key concepts was not taken
into consideration. In this paper, we propose a ranking based
method for key concept identification, which not only distin-

guishes the key concepts from the non-key ones, but also

captures the differences among key concepts.

To tackle the word mismatch problem, previous work
mainly resorts to query expansion. However, the former
approach overlooks concept level evidences for query expansion
and the latter approach fails to assign explicit weights to the
expanded aspects.

In this paper, we proposed a topic inference based trans-
lation model to tackle the word mismatch problem in question
retrieval. By leveraging the topic information, we theoretically
verified that it can reasonably control the translation noise and
then improves the question retrieval results. Experimental
results show that the proposed model significantly outperforms
the state-of-the-art question retrieval models in MAP, MRR
and p@1.
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