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1 HIEKH4bE

ASCAEIZR 16 Ji AL BHIF R 2 (CCMT 2020)
PR A 4 B IR E-DUE (HEDD L 5 i E-DUE (R D0
FTE RS DU BRIE R RHE B R G I HEAT X L
S, H b 4E DT AT TR B I R R 5D AT
WRE H W o O, DS RO R Rk T ) 4
k.

1.1 TukbiE

G UL OB SRR p Ny S sl N EOECIDO R
BT A SRR 1 4 A B U e o A B X
TEAEDCBIREAN S DB P AT 55, 43 58 moses
JHAS Chttps: // github. com/moses-smt/mosesdecoder)
AbFRYEEJRVE A SE T 1 (8 Jieba 43iA] T H. Chttps: /
github. com/fxsjy/jieba) X3 i% 3],

1.2 FiafLaiE

BPE"" & H i 2% ff ML 45 B0 AE 55 b oK 25 Sk 1] 7]
R ) — bk k. A SCfdi ] fastBPE T.H (https: /
github. com/glample/fastBPE) &b 3 & 7 & 13 A1 52 1L
B PS5, iS850 2 1000 15 000, FfHk
AR S A HARE 5 #E1T BPE Y1440 BE, 1A S 40 )
A FRYEIE A B ARG T RN b, Bl 2 AL A B R A
TR TR H BRiE S k= R — Mk A (embedding)
FELRE. ], A SCHR S HISF- AT R oRHE S BPE 1Y) 45
GeitiE okl PR DOE BB TR R, 43 B R FH 4R D17
RGN AT B 27 20 45 B (AR A7 DUIE BiE
Y155

2 HENFEFEREAINSGTE

[T 2 — i BB 0% A A b R s i B 40
AR HI 1 56 7 k. BT X T BB S A AR Z . A Graca
AU HN Edunov S50 58 1k B 58 A UOR P AT IR O
20 [l R AT etk s Hoang %510 2 H W] B R RS &5
FTE RO A H AR SR A [T k. T el
AR 7 1 v — B AR A0 FH AR~ A7 T A 5 A 22 AN TR B
AR AR SO (] M) FDOH BT R e T 2T
ANSEDCRIPE o s (20 1 REAEAR BT IR O K AR ]

REZ W DU BATR B o A SCR T B e e RN 17
TERE IS, AR SR (L) PR AT T8 R B O
X5 B A U k5 o U 2 R R AL, B it =2 b
A SCTE L S AT R ORI, 38 R BE BL SR AR
(sampling) "' F 3k 968 Jo7 o 55 22 1) O A7) % ke 41 T
B R AL, 15T AR AL Transformer big.
2.1 PAFATIEERAER

SN ZR—A H b g 30 5 s 1 B A, R R
PRR ALY O 2 2 1 B A i 5 15 TEOR 2 B UR v B
TEORL . BH RS 20 Y s TR R R R Y E bR i B
WRHIR A A8 LA AT 18 R TR S f b, o T3 R
Bl ZFEE A SCRAE R RN (beam size) iy 1, 3
BEATLRAE 77 A R s . 6 A I3 mT L[]
IR 052 i B 5 HSCHR 0 A g B 0 R A0 AR A B A 1Y
ROR AH S A YCPE I H A A D0 B TR B PRI AR SC
H R O AT 1R B 7R AT TR R IR A5 2] 9 B ) B 5
RS N BT B — A A O T 3 D R P R
ASC B AR AT R B (BPE ZJ5) /hF 5 3k
T 250 LK R T 2 iympxt.
2.2 S9N ETIER

Y5 Zhang S5 BB AR SCHR AR R ) 5 vh
A RIAE AT iRk iR B v S 3 Y LA Pk Ak AP T i
RFTRAZEIT  B B R o T BEARSEATiE R v A ]
)T FESE T 58 A7 5 BHY iR) B (BPE ZHiD Z )5
I3 i) BHL o AT 3 /N T 3 18 B X A TS0 3R 35 A 5 L T
PR AR SO PR F R T 0. 9 BIDLIE B - F R A4
AREAT R TR AR SCR M HL 46T 1 89 D0 Bk
B R AR — 03 Ay e 48U A AL A BB B T
30 3 [FT A i e S AR EA P A 7 T B e 0l A 1R
PP AT IR0 DUE FR 53 ) - b BT 1R B8 A A7 18 R
Tl b R . A ) D P A T R R s AR AR B R
TTiER EZ TR i o BRI 0Tk,
2.3 mENNETE

13 D ) M0 2 B -7 18 R R AT 8 RS
FEAE B AT TR IR B e I 2R TR AR A B8 1
P TR TR R RS B K T AT R, T LA
BHEA I INGIEAREA SO A AT R o RAE R
SRAT LA A7 TR O A7 18 R OR 4 42 30 1Y) L 3], 3
SEXP AT LR IR BT 2 W2 5 AR R XS P17
Wb LA Bt A St B A U 07 1 5 —
B B SLfel T A DR AT SR BRI 2 B TR 18 5 55 — B B
K v AR BLY B P47 75 R C Pl 28 aek 0 3 75 31 14 v 90
AR A DUTE: B A D FTAT RS A, 4k 21 25
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BRI 20 RA7 19 S BOF YA D dweJm A T S8 T
I 22 AR R[] I A 7 A A 2 dR] BT A0 R
K Z AT LR 1A A R - AR 9 I T AE R —
AR AR A8 3. AR SO B AR AL AT 22 I R i
P AR UIZRE BEZ 5 R S0 4R 1 (9 R B 1k
FF R 5 10 ARl AER R i [ BL i
i HRERY. R AEDURN S DUAS SOl e 3 A4S AS T 19 1
BRI 2% 3 AMARHY (GX 3 AU r i) A A 2 S
P Z IR IR A best AERD) | fJ5 AR X 3 LAY
XA BEAT A
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4.1 SHIGE

i FFFIR T EL fairseqChttps: // github. com/pytorch/
fairse) FEPIER 32 G BEfH53k V100 R BT AL B
PRSI Sk, AR SCRFH transformer_big AR5 /5
BRI B GELU 3805 R A2 Zkrb {8
fairseq i update-freq ¥R (batch) Y e Kbrid
(token) BB 64 000. 24 1A HFE]. £ CCMT 2020
PEM B {di A Transformer_base 3 dropout I BPE
S8, B LB 4E U VR AT 55 1Y dropout (d,) B R
0. 3, activation-dropout (d, ) & & & 0. 3, attention-
dropout(d) ¥ E A 0. 2, BPE @l & 405 4 1 0005 587
BIFAT 5510 o, BEE N 0. 3.d, Al dy #BIEE N 0, BPE
AlG xR 5 000, A BARLES R Adam fEALER . 75
YL FE v, 4EDUE — B BefdiFH 0. 000 5 Y22 3, 5¢
DU —BYBEAH 0. 000 7 2% 2] %, warmup % & K
4 0003 55 B B, warmup #FI &4 1 000, 2% 2 %)y
0. 000 3. X 4EDCEN 7 - I ol T 1] 72 27 21 3 0. 000 1
TEF AT 18 B — 20 0. A ST & G 7 i i 15
beam size ¥4 12.
4.2 VEMIE

X AR 1 0 52 DURH 35, AR o0 4R A8 T 3 A4

R H A FE RS primary-a sk 3 ASFEHLFFFH
DU B R B U 2545 21 A S Y R 17 42 10 45

X RS contrast-c A d H HLIEERHME B 21T 4 A%
() BAANEEIRY ) 45 38, contrast-b iy HAd S 4718 I
GARFMPABAIMEER. R 1 WX 3 DHNRAETE
CCMT 2020 I 45 ¢ i XUE B 32 77 i (BLEUS-
SBP) 73 %k.

# 1 AFRGAEMIKGE R IHLEE R

Tab. 1 Test results of different systems on test sets

BLEU5-SBP/ %

R _ -
HEI ES)e
contrast-b 46. 02 43,41
contrast-c 52. 14 50. 76
primary-a 53. 05 52.99

H2S 1 0] DAE I8 DU BAE 8 R T DL I 35 4
THBIF &, 76 4E DRI PE A S DRI By AR T T
6. 12 F1 7. 35 N 43 5. twe S o FH AR 7R 4 pmT DL F —

4.3 EESHEL

B IR AR B R BAT 25 5 i A LA AT
TERL LA AR () [l L, R A SO transformer_big
R SEAT1E R | 38 33 XF dropout™® '™ F1 BPE Fil
B BB A 2 00 T Ok B A X A [R) L % B
Transformer_big 5 Transformer_base M S5n]
BEA—HE, BUX) Transformer_big A9 dropout #1 BPE
SHHATINUE. 2 2 R AEGEDCRIE AN 52 DUR % E A ]
30 000 fifi A BT A TR dropout AY MK 45 . % 3 &
dropout 3R 2 i) dge A BUIEL IR o 7 24 0B 358 A 52 1L
BIVPRAT 55, ASTR] BPE fil& 80 i3 4%

# 2 AIF dropout ZHUTER UEAR M ZE 2R
Tab. 2 Test results of different dropout

parameters on validation sets

BLEU/%
. d=0.3
BUESE g =0.1. :
dy=ds =0 d,= d,= d,=0. 3,
T 30. 19 37.91 38.19 39.09
e 52. 83 63. 07 64. 40 62.73
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Tab. 3 Test results of different BPE

parameters on validation sets

BLEU/%
BPE gl & % :
YL ER)
1 000 40. 10 64. 77
5 000 39. 97 65. 37
10 000 39, 92 64. 07
30 000 39. 09 64. 40

MF 2 F1 3 Al LLE . Transformer _big 5
Transformer_base )13 dropout 25 AR, 1H f%
 BPE fil 3 40— 2 %45 Rk KW dropout Fl BPE
Al 8K T A 8 2 B30OGT A L TR 138 R 5 DU R 1R AE IR 9%
IR 2R AL i 3 v XA A () 32 1 52 el X IR 050 ol
LML B, A& dropout 1] UL E R THFIRE I A
B Yl G Ot A R T A e TR B A 3R D I
dropout Fl1 BPE 24§ Al U548 i RGE 0 R TERE.
14 BERBERSH

R TSIy B = 2R 5 vk AR O AR SCfd
multi-bleu. perl Chttps: // github. com/moses-smt/
mosesdecoder/scripts/generic/multi-bleu. perl) 7£ ¥
RS BN R T 51 BLEUY A, & 4 JR 3
A SCHEAS VI v i 18 2 J5 15 31 1 B s MRS, 3% 5 Xt
ANy e i el M ref

£ 4 AFEZEAER AR
Tab. 4 The scales of different types of corpus

TR YL/ JT N} S/ JT %}
SEATIERL 16.8 26. 4
PhFATIERE 954. 2 772.9
T ST AR DL A AT 370. 8 282.5

5 AR R RS 1 25 2R

Tab.5 The results of different training strategies on validation sets

BLEU/%

Y2555 — —
YL E3)4
Rd A TIE R 40.10  65. 37
R AT iE AR 44,04  66.01
PEATIE RN A AT iE R 45.39  67.59

AT IR Y S5 + v SR AH RUPR SF-AT 46,60 70.79
TR A 205 R B PATIE R

M35 5 ] LU H TR R R B PR 4 R 3 2
(IR < SRR (9 D P A 8 kbl i L3R A e 2
FHAPATTERL B AF AP RE s 76 D0 P47 TR RHI Al Eoin L
AT R AR AT ASRATHE— 2 R S Th L (HE 4R T iR
AT o3 Bt 2k ml AAE RGO -1 1R Y
HLAih b ZRAT 2 AR T

5 4 &

ARG ST dropout #1 BPE & £ iS4
Gef TARGEIR ol 2 WL 28 B 5 ok B DA A %
AR IR 1R S ) 1 ) 250 5 5 B [l 33, sd ok 43 B =X
S [m) A 28 R FH B ORI ST A T R R B K
FETE TR VRAR L 2 DB RN 52 LB IR 1 i

S 3Tk -
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Back translation for low resources neural machine translation

ZHANG Wenbo'*? ,ZHANG Xinlu"*?,YANG Yating"*?,DONG Rui"**,LI Xiao"**"
(1. The Xinjiang Technical Institute of Physics & Chemistry,Chinese Academy of Sciences, Urumqi 830011, China;
2. School of Computer and Technology, University of Chinese Academy of Sciences, Beijing 100049, China;

3. Xinjiang Laboratory of Minority Speech and LLanguage Information Processing, Urumgqi 830011, China)

Abstract : Neural machine translation has achieved great success in high-resource situations, but the translation effect in low-resource
situations needs to be improved. At present, both Uyghur-Chinese and Mongolian-Chinese translation are low resource translation
tasks. This paper proposes to divide Chinese monolingual data into multiple monolingual data according to domain similarity,and to
train a translation model on different monolingual data by pre-training and fine-tuning. Then, the translation quality of Uyghur-
Chinese and Mongolian-Chinese is further improved by model averaging and model ensemble. Using the evaluation data of the 16th
China Conference on Machine Translation (CCMT 2020) for experimental comparison, the results show that this method can
effectively improve the translation quality of Uyghur-Chinese and Mongolian-Chinese translation.

Keywords: neural machine translation; low-resource language;back translation; domain similarity; pre-trainning



