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Translation Quality Estimation of Chinese-Vietnamese Neural Machine Translation Incorpora—
ting Linguistic Differentiation Features
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Abstract: Quality estimation is an important sub—ask in machine translation which aims to analyze the quality of machine translations
without references. At present quality estimation model is well performed in Chinese£nglish and English-German machine translation
and technology is relatively mature. However there are still many problems in applying the quality estimation model to Chinese-Viet—
namese neural machine translation. In particular the linguistic features extracted from the Chinese-Vietnamese parallel data by the
translation quality estimation model cannot reflect the linguistic characteristics enough between Chinese and Vietnamese. There are ob—
vious differences in word order and syntactic structure between Chinese and Vietnamese. Focus this problem this paper uses statistical
alignment approach modeling structural differences between Chinese and Vietnamese extracting differentiation features from Chinese
and Vietnamese in order to improve the performance of Chinese-Vietnamese quality estimation model. The experimental results show
that the integration of linguistic features has increased by 0.52% and 0.35% compared with the baseline model in Chinese-Vietnam—
ese and Vietnamese-Chinese task.

Key words: quality estimates; Chinese-Vietnamese parallel data; linguistic characteristics; differentiation features; Chinese-Vietnamese

neural machine translation

( Quality Estimation QE)

(NMT) **
120204228 120210249 : (61732005 61761026 61672271 61866020) ;
(2019QY1802 2019QY1801 2019QY1800) ; (202002AD080001) ;
( KKSY201903018) : 1995 CCF N ; 1982
CCF ; 1977 CCF .

N ; 1970 CCF N N ; 1994

N



1414 2022
3
(s 1)
(tls) p(zls)
z
2 .
z (1):
t |
QuEst p(zlt s) :P( s()t}l)i)z ° (1)
QuEst (e1s) J’ptlz (z1s)dz
. (zlt s) Kullback-Leibler
7 s 9 ( KL) . (2):
minDy, (q(z1t s) || p(zlt s)) (2)
1011 (3):
maxk, .,y p(tly) =Dy (q(zlts) | p(zls))  (3)
(3)
Shah 2 13 14
(4):
. By p(19 =p(i12) G~q(slts) (4
Transformer
Kim 16 “ ” 4
1 Bahdanau NMT Bi-LSTM
3 0 1)
transformer 1 2)
masked
( Quality Vector). 2 :3)
q(zls 1) 3 pltlz).
17 “ _ ” ( 5) N ( 6)
( uni- q(z1s 1) H(] zkl S to) (ZA-I ) (5)
k
fied neural network for quality estimation UNQE) g( 1) ~N(ul(s ©) 1)
. Fan “ Lo . -
» Z 2 q(zls ) q(zls ty,)
Transformer (s
o dropout
4 ({3 ” L
. p(tlz) :E[p( tlz, z,) (6)
QE Okabe * (6) =z,
k k
QE QE
Rubino *' k
QE k
. Marina *
QE NMT Bi4.STM
NMT Transformer
Bi4.STM “ 7
QE 1



1415

7
4 1234- ;
: 4324.
4.1
1) GIZA + + IBM Model
2500 N
EM
1 1)
“ ” “toi timg gap ”
“oo gai”
R r
m (7)
R=r/m (7)
! 4.2
Fig.1 Incorporate feature model diagram
2) . Bi-LSTM
: (8):
arg min || T - sigmoid( W" hj; lTT R) |3 (8)
hy B 1 ) BiLSTM
. ghé nay khéng ngdi du gc bén nguoi ( T TER W
4 )
3) . B ( Hu-
_ (SV0). - 161 doc séch ) man-argeted translation edit rate HTER) 0-~1
| TERCOM TER TER
(
! )
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Table 8 Best results in the Chinese-Vietnamese direction and
the experimental results of its integration characteristics
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