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Figure 1: Translation process of a pivot-based machine translation model
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Figure 2: Pivot-based Chinese-Vietnamese joint training neural machine translation training flowchart
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Tab. 1 Experimental Data Set Table

e VIlE:%S IAFSE WA
W 10M 10K 20K
e 700k 4K 5K
P 100k 1K 2K

3.2 EHiRE

ST VP B TR il 1 DUBRIE A I SR 2 M LA B R T ORI B T LR LA
PSS o SR HL T NN EELR RS, 40 AR B T S WA B PR 1K) Mosese, 5T OPENNMT!!
HEZL) Transformer. Convolutional Neural Networks (CNN) | &7 & I #L#| ) GNMT 18},
TGO AR PE . 2525 N ORI A 2 51 SR R DU e AL 33 B0 2R A5 Nmt-+trans
P B R PR 34T 013 (Back Translation,BT) PO AL 77 CAMEHDGERIERL A3
HIJTEACY (E FHDOBIE R 247 B R AR AR B

Moses I ZxH, FAVEFH T MgizalI)I 251 %555, R Lmplz?29)| 25 3-gram ] Language
Model (LM) . CNN il BN 10 E GRS, G4 R A LSTM 2%,
KRN 64, B K/NEE N 3. GNMT FEGEZHERE N2, “num_units” %E
4128,  “dropout” BLE A 0.2, Back Translation 7£ 246 1 75 Z 6 K d b AT AL R, 75 St
WGREHE AT tokenization ZbHE, H4 A1) T ELE 50 AN B R A)xdid 38, 8 A (Google)
FFYEAEAY Transformer, “dropout” ¥ &N 0.1, #LIKK/NA 64. Transformer #1345 EH FH A
Nmt+trans. %48 FAX LA BB 5 A SCH J7 7K F 25 T OPENNMTZHE 4L K] Transformer,
R 1R R B E 9 32000 AN, SRERIATE SRR GPU RS54 LidkAT, A FIm KK E N

50,  “transformer ff” ¥ &N 2048, “label smoothing ” ¥ E A 0.1, “attention head”



WE N2, “dropout” BEE N 0.2, BIRIZEE K E N 2, W AGERE ¥ BN 256, “batch_size”
WHEN 128, FFEKEN 02, MILEIEF Adam, HSHBEE N, =0.9. §, =099, e =
le — 8. LI A BLEU M AE A IFIITENR . A& SHOMKENHLEBRE, RUERA 2B N2 7 i,
SR> DU B P B DL TE R A 22 AL s 3 TS Y )1 5 — A el 20 135 SR 9 P g 1 ) 2L
PRRRVEREAY, e B PR TR R SO S RS ) %, b B R DUE B 1R R S 1
e B8 FROAK 3B 1 77 2 e 28 0o 7 YR A AR R B PR 22 5K, TR DB RIS /b,
ZNARFHREB R AA TS oy, ST RSRER A AE, BIPREREA L, BTCEBCE I, R
BUARAK T Topi=30 3
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Tab. 2 Comparison of BLEU values of different models

Y PUF-HRFG TR R -DUE
Moses 16.39 16.21
CNN 16.87 16.35
GNMT 14.21 16.47
Transformer 17.35 17.02
P (AR il 7 v 18.16 17.79
Nmtttrans 17.98 17.65
Back Translation 18.03 17.95
AICHIT5 18.75 18.12
ARILHI T E+CV 19.16 18.64

MERIGEE RN LU, B A Transformer BEAY ) BLEU {8 i T H B AL, X
W15 T Transformer [P0 22 B 588 13 HE 28 b 1) 38 keI 2 o WL mT DASE S shxt B b i 5 2t
TR DUBGEFI LS B B, ASCRAIM AL ACR M BAR TR R 5, A SOy
1%L Moses 5 AAE DR - TR 7 17 52T 1 2.77 4> BLEU {6, {E#ET1E-DUE T )



ERTHT 2.43 A BLEU i, X U5 IJE T DA 2 L35 B0 BE 10 5 V5 EL e WL S BRI S 4 . 0
bt Transformer J7 1 7E BUFE -G BB J7 7] LT T 1.81 A BLEU {8, 7EMEEE-DUERIE
Jr 1A B3RFHT 1.62 /4~ BLEU {H . X B AR S AR i 7 278 DUE-BR g 15 B 0 07 1) B3R T 1 A
BLEU {8, fEBEE-IETT M B3I T 0.33 4 BLEU fH. X H Nmt+trans 76755 -85 15§
B EA3H) 1.18 /> BLEU BT, MR TE-DOERIF T M S 214> 0.99 4~ BLEU fH427.
%t Back Translation 757 -8 87 17 E4&TF 1 1.13 /> BLEU {8, {EBRg 1 -0
BT B3RFET 0.69 A~ BLEU fH. BLEAESCIG AR d, A AN BB B ZRDl i p 22
WL BH AR 15 B DA )15 RN A5 S, PR DU I TE SRR B 5 D0, S A Y
BEATERA ISR, ATTER TR PR A R MR, R B B0IE 1 AR SO A Rtk

2 MR IR LR R G0 5 TRl 1 DUBRIEE & U1 b 22 AL 38 B8 1R AE DU - P 15 1
77 ] BB SCHR HoR il

%3 ARSI SCR )

Tab. 3 Translation Examples of Different Models

RIS A X R N BT —H R B ORT
B Cudc thi diu nay tw budi sang kéo dai dén tan chiéu.
Transformer Trod choi kéo dai tir sang dén chiéu.
RILHITTEACV Cudc thi_d4u dién ra tir sang dén chibu.

B B M BIRK IR RER HE W, REE REE AN ME ok

W
b &8 B, s R0l BRI Ak 8
Cudc doi gidng nhw modt c6c_nwée sdi, anh ngdy nao ciing udng nwée, dirng ghen ti
PEX vé&i ngwdri khac udng do udng ¢6 nhiéu mau sic, thue ra chwa chic da c6 mau tring
nwée gidi khat ban.
Cudc song 1a giéng nhw mdt ly nwére,anh ung mdi ngdy , khong phai 1a d€ ghen ti
Transformer véi nhitng nguwdi khac udng mét thire uéng mau sic, trong thuc t& khong phai la

nwée cla ban dé€ quench khat.
Cudc séng giéng nhw mot ly nwére sdi. anh udng né mdi ngay nwée. Dirng ghen ti
ARYHIJT1E+CV  véinhitng db ubng ma ngudi khac udng ¢é nhiéu mau sic. Thue t&, nwée dun sbi

cta ban c6 thé khong lam diu con khat ctia ban.
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Chinese-Vietnamese Joint Training

Neural Machine Translation Based on Pivot

GAO Shengxiang'?, LIU Chang'?, YU Zhengtao '**, HUANG Jihao '

(1.College of Information Engineering and Automation, Kunming University of Science and

Technology, Kunming 650500, China; 2.Yunnan Key Laboratory of Artificial Intelligence,

Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Vietnamese is a typical low-resource language. In order to alleviate the scarcity of

resources faced by Chinese-Vietnamese machine translation, a method of Chinese-Vietnamese



neural machine translation based on joint training is proposed. First, a small-scale
Chinese-Vietnamese parallel corpus is used to train the translation model to obtain Chinese and
Vietnamese word vector representations, and then the Chinese-English and English-Vietnamese
translation models with English as the pivot language are jointly trained. In the joint training, the
Chinese-Vietnamese vector representations of the Chinese-English and English-Vietnamese
translation models are optimized with the Chinese and Vietnamese vector representations obtained
from the Chinese-Vietnamese model. Experimental results show that the method in this paper
effectively combines Chinese-Vietnamese parallel corpus with Chinese-English and
English-Vietnamese parallel corpus for joint training, which improves the Chinese-Vietnamese
machine translation performance to a certain extent.

Keywords: Neural Machine Translation; Low Resources; Chinese-Vietnamese; Pivot; Joint
Training;
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