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Abstract: Neural machine translation achieves good translation results on resource-rich languages, but due to data
scarcity, it performs poorly on low-resource language pairs such as Chinese-Vietnamese. At present, one of the most
effective ways to alleviate this problem is to use existing resources to generate pseudo-parallel data. Considering the
availability of monolingual data, based on the back-translation method, firstly the language model trained by a large amount
of monolingual data was fused with the neural machine translation model. Then, the language features were integrated into
the language model in the back-translation process to generate more standardized and better quality pseudo-parallel data.
Finally, the generated corpus was added to the original small-scale corpus to train the final translation model. Experimental
results on the Chinese-Vietnamese translation tasks show that compared with the ordinary back-translation methods, the
Chinese-Vietnamese neural machine translation has the BiLingual Evaluation Understudy (BLEU) value improved by 1. 41
percentage points by fusing the pseudo-parallel data generated by the language model.
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Fig. 1 Overall flowchart of pseudo parallel data generation framework
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Fig. 4 Flowchart of pseudo-parallel data screening
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BLEU value improvement unit: %
o . 1E Jm) 1w R
Xl baseline =8 A ESE
JCLM sz &JF JKLM iy &It

RNNsearch  16.84 17.13 17.21 17.62 17.49 17.54 17.99
21.28 21.57 21.68 22.06 22.03 22.11 22.54

Transformer

h T B S I R R AR [ AT sk 1) BB R
A U B P A T R RS R REAR T S 0, AR SCPE DU -
TR 1 AT A IR N ZRR0 s S B a4 X i i
IS 1] 38 12 R P A i 1 B e A A DA T A . el
YR S BRI B ok 1 4k L R A R TR B A DS AT
TR BB RS A 4 O [ AT ALY 38 01 O 1~4, 53 51 %)
MR RLSE 4 F Wikipedia(100%) . 75% 5515 55 1 5 iy 45
S MR TR) 4 T 308 43 Ry 27 AT R L 50% A ) AN AT 58 42 AR [
(0%) , FLHAERUNFR 5 PR .

R5 AEFEBIEHIEBLEUERTLL B %
Tab. 5 BLEU value comparison of different domain
monolingual data unit: %
st T 1 T2 L3 L4
RNNsearch 18.12 18. 05 17.99 17.83
Transformer 22.65 22.61 22.54 22.41

MRS FTLLA U555 B8 5 B3R i B 4k
Pr AR U 22 | O AT B s ) e 2R PR R BLEU B 1Y) 2
PARURSY S48
3.3 EXITLLS

PLIE [m) BF (U 30 380) A6 B0 O -1 7 58 S 161, %) be 43 B
Tl AT PR 25 I 46 1 35 B TR I A BB T A T 500 1 o ek S )
H DU A AR SO e B B o, ) 140 5 R AR A
AR T SR AR R ) 2 4 R R — i S I LB Bl i 3R 1Y
N7 ISR 7 ik BT L 25 N 18] 5~6 I 7 .

A e R ) O 2 AR O AT R R LLE
Transformer 5% 7 A 5 1) £ 5747 B0 J5T 3 220 F RNNsearch £
A, F B K2 Transformer B8 7] DITE 47 254 1 F SUE A,
F FLXT #8433 ) B R TR R ERR A0 S5 W IR A RSO
[ 7(a) ; 17 RNNsearch FIBRESCR & 7(b) , £77E BH 810 ) vk A iR
AR A BRI, [FRERT LA Sl A ARG S
AR E A 7 2R RS 21 0 M R TR SO i LU 2 Tl Sy 1 i
Ao AR, A AR LEHS B F B IER R SR B T () L B
I flA J7 =BG 2 04 1w 1 R SO N A R T
P TR SE IR A 2R AR 55
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Mau do(£T.{7) pha tron(iE 3) v6i( ) mau xanh lam(#% (%) thanh(”F %) mau tim (% ().

(a) BHFRFEX
Mau do(£T {71) va( ) xanh(ZE (%) dwoc tron (A 7E— i) vao(7T) tim (45 f11).
(b) RNNsearch
Mau do(£T 1) va('y) mau xanh(% (1) dwgc tron(V7E— i) vao(7E) mau tim (%5 (2).
(c) RNNsearch+Jt 37,
Mau do(£T1.{%1) duoc tron(FE7E —72) v6i( ) mau xanh lam(5 {21) vao(7E) mau tim( 45 {1).
(d) RNNsearch+& 3

Mau do(2T 1) véi( ) mau xanh lam( 45 (%) pha tron(iE 75) thanh(“Z% 1) mau tim(£5 {2).
(e) Transformer+Jt 7.
Mau do(£T.{1) pha tron(J &) v6i( 5) mau xanh lam(¥# (%) thanh(7% /%) mau tim(%£ 1),
(f) Transformer+&3f
F5  ORIR 5 BE L St (g 1)
Fig. 5 Comparison of translation results of different methods (example 1)
Sau nay (4 3k ) toi(3%) nhat dinh(— ) s&(2>) cam on( /= i) nhimg(H L) ngrai( A)
timg( ¥ 45) eitp do(#E i) toi(F).
(a) BHFXL
Trong twong lai(:% ) t6i(F%) chic chin( 21 2%) s&(£>) cam on( /&% ¥4 nhirng(F L£) da( /&)
giup(F ) t0i(F) nguoi( ) .
(b) RNNsearch
Trong twong lai(#% ) toi(F%) chiic chan(*'74%) s&(£=) cam on(/#4) nhitng(F 4L ) da( /L)
gitp d&(FE 1) tei(Fr) ngusi( ) .
(c) RNNsearch+J37.
Trong twong lai(#% 3 ) toi( %) chic chin( 24 #%) s& %) cam on( /% i ) nhimg( 77 48 )
ngudi( ) timg( & £2) ginp do(7E H) toi(F) .
(d) RNNsearch+& 7
Sau nay(43%) toi( %) chic chin(29#%) s&(£>) cam on(/#% ) nhing( AL ) time(E ) ginp
da(T5 ) toi(F) nguoi(IN).
(e) Transformer+Jit 37,
Sau nay(4 52 ) t6i(3%) nhét dinh(— ) s&(2>) cam on( /% i¥) nhimg( 7 ) nguai( A )
ting( G £3) giup do(HE W) toi(FE) -
(f) Transformer+4&r 31
6 ANl Jy vk B2 ST L (i) A) 2)

Fig. 6 Comparison of translation results of different methods (example 2)

pha tron(J& A) véi (5) mau xanh lam (¥4 &)
() “HMIRES" M (Transformer)
va(5) xanh (4 f4) duoc tron GRIE—12)
(b) “HEMIRE" MiFL(RNNsearch)
nhimg (#5£)nguoi (N) timg (&%) gitp do(FER) 161 ()
(c) “HREEFERhS FM A" ) IEw ST
&7 53R A E SO 5]

Fig. 7 Translation examples of some words
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AR SCEF XU 22 B & B IR B R ) L, 543 01
VEECHE BEUR L 5 TR P B RO AE I 1) RS ) ST k) L
A AR P AT HSHRE T A R PP 0 Bl 228 100 245 T 5 R R 5 30 ol
SN T BT (Y Jy T S AR LSS A U8 SRR DT
T T AT B W B, IR AR R A SO
P14 T o) 2R A I 1) B A TR A L, T DAFE DU 28 L
Tk e i o R O P A T BT e M B A R T B R R S
PERE . TEARR TAEH , TA TR R B IH B i e £ L) S B -F-
TR 5 I R BEE AL ER LT 2R 48 RH PRV RE IR 520
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