HTENMRARSARE

COMPUTER TECHNOLOGY AND DEVELOPMENT

Vol.31 No.7
July 2021

0

BB 2 YR 0 R B S R

RER, K%
(FMKRF AN FER%TRZFER, & 7 M 510006)

T8 Y IR G 2 T A 7R B R e R (o E T R 5 1 ke 04 Bl Z2 AL 25 B A | 7 58 O U T R
o TZE R 3 B (AN BN 080 B TN SOA IR I SRR B 2 A S BORI35 8 s % M m)
TCAEIR , SCASHIE IEAMERE . PRI , S IR S U0 ) 3l A ML 25 B 128 ) 7 SR ke ) 245 T el AR BB B ML AR 1 2
AHSE P BEDUBLE 1) 71 , 3 F Word2 Vee BvEA i &8 1 3Cf5 B Ry inl 1) &, 4 10] 7] & A 2] Google F il GNMT A A4 Il 2k
YEPUBH AR | BT U SR SRR 2 MR, et X PRS0 R 5 Word2 Veee 55032 Hh i) i) dat 4 B X6 43010V 1] SCAR AR
U B2 AT GNMT YRR 5200, L &% GNMT #8 S48 1) B2 B 7028 num_unit 4t R F batch_size XTI ZRACR
WIS, 254G LI g R 2 e A B DR A

SRR AL B ; Word2 Vee B35 1A [l & ; SCARMILUE ; GNMT
HE 4SS TPIS SCERFRIRAD: A
doi;10.3969/j. issn. 1673-629X.2021. 06. 029

XEHS:1673-629X(2021)07-0176-06

English—Chinese Intelligent Translation of Computer Algorithm Corpus
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Abstract; At present, the free and available online translation systems on the Internet are all neural machine translation models trained by
general corpus,which are excellent in the general semantic environment. However, in the specific vertical field ( such as computer
professional field) , due to lack of pertinence of training text and model training algorithm, the translation results appear professional
vocabulary errors and omissions, and the text is obscure. Therefore,the demand to achieve an automated machine translation in a specific
field becomes bigger and bigger. The English—Chinese bilingual example sentences related to the computer algorithm are obtained by web
crawler ,and the word vector with context information based on Word2 Vec algorithm is generated and embedded into Google open—source
GNMT model to train English — Chinese translation model. On the basis, a simple translation software is implemented. Through a
comparative experiment,we explore the influence of word vector length on the calculation of text similarity between words and the
training effect of GNMT in Word2Vec algorithm,as well as the influence of the number of hidden layer units and batch size in GNMT
super parameters on the training effect, training the best English—Chinese translation model based on the experimental results.
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