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Abstract

Conventional way to search documents is keyword-based queries using vector space model,
like tf-idf. Searching process of documents which is based on keywords can make some
problems. it cannot recogize the difference of lexically different but semantically same words.
This paper studies a scheme of document search based on document queries. In particular, it
uses centrality vectors, instead of tf-idf vectors, to represent query documents, combined with
the Word2vec method to capture the semantic similarity in contained words. This scheme
improves the performance of document search and provides a way to find documents not only
lexically, but semantically close to a query document.
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