0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 190100048

MAEEXABHNHENEIE

FEX FEE
AMAKFWHHENBFEERAFEK TH # M 215006
(20164227047 @stu. suda. edu. cn)

W E AR RAFIBHATIRER BEREFIZARGHENZEWMFLHRRATMEME, A FRAR LRGN
BEEFE. R RO ENEMFRRBOTFTAEE—AARLI EAAFIEGTHREELL L MERMFLERL R BE
AR—%, ATHBREEINFA, —REZT PRl ik EXERMBEEN TAZENEMF.FRAT RAENERAR, &L
AELTRATREOTELGL EAENERMEFTAA—EOEAMNEL, X TR ETHAAZLSGFELAERZ LG ZEMN
BEFHAER, —F @ EO)TFRAFLNPRIEMELAECHKRE FREBRAFNEG T PREIGELAE . EXLAERLES R®
FILERMRATAFIN B —F @B HERBGFHELAER  ARENAEZELAECH PHEEREL B LEAH
R FLIRAEFTHRATHEMRESELAELLLGARNET, BT AHBFES LG TREREN . MEALEAS%. PR
ey T A EMAMNKELETFHRET 0.940.72 A BLEU &, /£ H 45380 #5 47 4» TER(Translation Edit Rate) f= RI-
BES(Rank-based Intuitive Bilingual Evaluation Score) L4 REIAZ E 4R 7, —FT W T oM E =, A E R L%, X
FREWBRSELACHAENENERHAERLA LR RGMFZARFPFLIE,

KHEIR AV BB IIE; B LA EATIE B LI S B A

FEZESES TP391

Neural Machine Translation Combining Source Semantic Roles

QIAO Bo-wen and LI Jun-hui

School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006 , China

Abstract With the rapid development of deep learning in recent years, neural machine translation combining deep learning has
gradually replaced statistical machine translation and becomes the mainstream machine translation method in the academic circle.
However, the traditional neural machine translation regards the source-side sentence as a word sequence and does not take into
account the implicit semantic information of sentences,resulting in the inconsistency between the translation results and source-
side semantics. To solve this problem, some linguistic knowledges, such as syntax and semantics,are applied to neural machine
translation and achieve good experimental results. Semantic roles can also be used to express the semantic information of sen-
tences and have a certain application value in neural machine translation. This paper proposed two neural machine translation en-
coding models that incorporate semantic role information of sentences. On the one hand,semantic role played by labels are added
to the word sequences to mark the semantic role played by each word in the sentence. The semantic role labels and source-side
words together constitute the word sequence. On the other hand, by constructing the semantic role tree of source sentences, the
position information of each word in the semantic role tree is obtained, which is spliced with the word vector as a feature vector to
form a word vector containing semantic role information. Experimental results on large-scale Chinese-English translation show
that,compared with the baseline system,the two methods proposed in this paper not only improve 0. 9 BLEU points and 0. 72
BLEU points on average in all test sets respectively, but also improve performance in other evaluation indexes, such as TER
(Translation Edit Rate) and RIBES (Rank-based Intuitive Bilingual Evaluation Score). Further experimental analysis shows that
the proposed neural machine translation encoding models combining semantic roles have better translation effect on long sentences
and translation adequacy than the baseline system.
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Table 1  Discontinuous translation phenomenon in NMT
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Table 2 Horizontal encoder input sentence
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Fig. 1 Attention mechanism-based neural machine translation
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Fig. 2 Horizontal encoder combining semantic roles
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Fig. 3 Vertical encoder combining semantic roles
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Table 5 Evaluation results of TER
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