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The customyzation of neural machine translation with user’s dictionary

A AR

Shota Yamauchi

SR TR R

Undergraduate School of Informatics and Mathematical Science, Kyoto University

L T2

Yohei Murakami

CRINNE I

Takao Nakaguchi

A

Toru Ishida

CHEKRET A vFEaZy b

Unit of Design, Kyoto University

SHEEMAR AR E Y © T Y 3 AEAR I

Department of Web Business Technology, Kyoto College of Graduate Studies for Informatics

R R I

Department of Social Informatics, Kyoto University

Neural machine translation (NMT) has significantly improved quality over traditional statistical-based machine
translation (SMT). However, it is known that it is difficult for NMT to translate sentences containing rare terms.
Therefore, in this research, we propose a method of replacing rare terms with synonyms and translating it, and
replacing the translated synonyms with translations of the rare terms in the bilingual dictionary. This approach

has two technical issues: acquisition of synonyms from small scale corpus, and selection of the synonyms.

The

proposed method shows the better result than the result of the existing technics in sign test.
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*1 https://dumps.wikimedia.org/jawiki/latest/
*2 https://radimrehurek.com/gensim/
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FEEFiL | Ninnaji Temple was built in Heian Period.

BE7Fi% | Ninnaji Temple was built on Heian Period.
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L TFiE | My father knows the priesthood of Haku-
unji Temple.
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Temple.
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