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Consideration of new word embedding to learned distributed representation.
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Abstract: This paper proposes a method to find vectors of new words on the embedding space without
additional learning. While distributed representation is becoming an essential technique for utilizing text
information, it has a problem that it cannot calculate embedding vectors of words not included in a corpus.
This paper aims to generate the embedding vectors of such words by using the embedding vectors of the
words belonging to the same category as the target word. This paper proposes 3 types of calculation methods,

and shows the result of preliminary experiments.
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