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Abstract In order to further improve the accuracy of document similarity, under the framework of system similarity
function, this paper presented Word Documents Similarity (WDS) based on word embedding,and its optimization algo-
rithm FWDS (Fast Word Documents Similarity). WDS regards the set of word embedding corresponding to the words
set of documents as the system,and regards the word embedding corresponding to the word as the element of the sys-
tem. So,the similarity of the documents is the similarity of the two word embedding sets. In the concrete calculation, the
first vector set is used as the standard,the alignment operation of the two vector sets is carried out,and the multiple pa-

rameters of the sets that are in and not in MOPs are calculated. The experimental results show that compared with
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WMD and W], WDS always keep better hit rate with documents’ length increase.
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