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Research on Japanese-Chinese S&T Terminology Translation Based-on

Two-dimensional Domain Lexicalized Domain Knowledge

Ding Liang', LiYing', He Yanqing', Liu Jianhui®
( 1.Institute of scientific and Technical Information of China, Beijing 100038 ; 2. Hebei

GEO University, Shijiazhuang,050031)

Abstract: Scientific and Technical terminology translation requires higher accuracy and
professionalism. Through the establishment of the domain knowledge labels of the terminology
it can select the training corpus and train the translation model with adaptive domains, which
can greatly improve the translation quality of scientific and technical terminology has important
practical value for machine translation, compilation of bilingual dictionaries, cross—language
information retrieval, etc. The study aims at Japanese—Chinese terminology translation by
automatically accessing two—dimensional lexicalized domain knowledge of Japanese term, such as
semantic category and application scenarios. Based on those information Japanese terminology

can be classified into different domains. When applied to statistical machine translation, our

HEEWH: AMAZEZREARFEEIEETHE (No.61303152, No.71503240 1 No.71403257) FilHh [E 2
BORE BT E R TAEIH (No.ZD2016-05) B8,

R 170 (1994—) , 5, Wibwisid, EEHFRIIM: PAME, BRESE: 28 (1964
=), &, PEEFEREARE BRI, FEFRT: BEEBEEAR MR, EEHA,
MEE (1974—) , %, PERPEEARG SO R, EEAFI7H: PR AR5 0,
X (1969—) , 5, WHALHFUR A RIEER, FEHFAITF: BFY. CFHER.

TOEWAERE, bk EXE N 155 WM heyq@istic.ac.cn

19



approach annotate the domain labels for Japanese terms (or sentences) and then generate domain

label set of test-set and development—set to filter training data. Our experimental results show

that only a part of the training data can gain a comparative translation performance with the

whole training data. This verifies that the approach is efficient and feasible and helps to solve

the domain adaption problem of statistical machine translation.

Keywords: machine translation ;
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