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Query expansion techniques generally select new query terms from a set of top ranked documents. Ideally, all of
those documents should be known as relevant by a user’s manual judgment. However it is difficult to get enough
feedback from users in practical situations. In this paper we propose a query expansion technique which performs
well even in the case where only a relevant document and a non-relevant one are known and relevance of other
documents are unknown. To overcome the lack of relevance information, our technique prepares some tentative
relevant documents using transductive learning. Terms for expansion are selected from those documents by a
standard scoring formula with a canonicalization function. Several functions are tested for the canonicalization.
Experimental results show that our technique outperforms some traditional methods in standard precision and

recall criteria.
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