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I propose a new method to calculate document similarity based on distributed word representation. Neural
network language models construct distributed word representation from a text corpus and the representation can
capture semantical similarity. However, they are discussed in word level and it is not clear how you construct

document representation from the distributed word representation.

In this study I construct distributed word

representation using word2vec and define document similarity using Earth Mover’s Distance to consider similarity
among words. In experiments the proposed method can define similarity scores considering word synonyms.
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