The 29th Annual Conference of the Japanese Society for Artificial Intelligence, 2015

2F5-0S-01b-2

HEER Ot 2 2 E LT Rk O R KB O Tk

Learning Word Representation by taking account of Distances between Words
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Recent models for leaning word representation have succeeded in capturing high-quality semantic information as vectors. In
this paper, we present the feature values based on distances between word to word and the model that is extended the Matrix
Factorization technique in several ways. These two elements improve results on word similarity tasks.
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