RS IR R S 2 LR R LA R

gR—g, XIMREG, REuHr, PEiEiR*
CRIEH TR ENRESEAR S, L7 KiE 116024)

WE: LT WHANLABIPEEBIA! Transformer, 2 H — Pl & 508 3 SR B AR 2 RE A0 RS SEmE 11 )7 20k
LIS PERE . B 2G, SHIZRIERREAT AL B AZ AL, 32 miE kLR BT R IR LA
HIK, @IS back-translation FEARMIE N XGERE, T RXOE AT BRI CIE B &5, (EMEISET
B R AR A a5 T34 . ASEAR AR BT B AT 40 SRS AR R SO . CCMIT2020 3135 [ AT AT 45110
LG SE RN, IS 755K baseline [ BLEU EHUS T 4.89%[ (13Tt

REiAE: MR BENE SRS

hE4SEKS: TP391  XEIFEE: A

Ak, B4 (End-to-End) S5MUHHEH, Py ERBIPaRe sk E. FImehe
MLEREHIFERAES A M 2% (RNN, Recurrent Neural Network) 3] FZERE, G IEIE = 10A) T 546 %
— ) B R PE S AR AT o (EAR SR IR 28 X 28 A5 DI 2RI 25 5 R A e P A K S5 1) i 21, g EL X6 T
PRI S, TR R AR B R B AR i, SER RSO R 2 . KR HIE 12 M 24 5)

(LSTM, Long Short-Term Memory), [ {E¥ .70 (GRU, Gate Recurrent Unit) F1yF & JJHLI 1] 5]
ANAT DA R AR PR B RO, (B LA BT R R REAS B W 48T, @Bk 7 St pLas ity
EITEREDO, SR, REBITEIA I N ZE I ZR AR E P LA SR AT HAT ISR, — B0 AT I
Mg skt piche . Horh, SO ARG WAS, 0l T EB R E M4 (CNN, Convolutional
Neural Networks) ] ConvS2S #AIIFIFE T HiER /) (Self-Attention) L[] Transformer #4151,

PRI AT LB AT I R m B Y I R 3008, SR I AR e ) -1 v i) 5 i) 2 TA) R BE B ARG 7] R, 4
TG DAL E R RS, IR SR B . FHELZ T, Transformer FIEHIEVEREEINOL R, HHTC K
NSRRI ) F A

7 7] CCMT2020 37 [ U WL B AT 55, A ZEMNAE AR L HicHia 38 9 A0 22 FEAL AR5
FEMmg =TT A BPA R ITEMEAR . Bl e #7605 7 iERNE Ve Bz . BPE (Byte Pair
Encoding) Fia V)44 J7vk; EE@EHE 710, 275 Sennrich 2511 Zhang 51O ] back-translation
FORIGEXNCER A EMRIS 7T, AT T, beam size FZHGHATIML, LZiEAE ST

(Checkpoint Average). #MEERL (Model Ensemble). FEF] 7 SRBEHHAT ZAEALARID, Sl 5 bR, 15
B AMREAE R

AL FEENCUT 3 AT SOEREL RS (1) ARz A TR0 R 5 VT B 4058 55 J506T B (7]
FKis A B NBFESREATZA . (2) BdEsg g {8 FH VR 505 &) FAis A XUE AT, IR
Eb. TR0 5 S50k Sk B R AT I UE, SRS A BIRGE AT IR R SR A R R . (3) LR
T SEns . EERKFEIETIR T beam size 224, SHAHANFE R T7 NG G0 A P IR A AR ok kAT
fifghd, LA BLEU {EAE AT FRERT 2 AN IR R SCHEAT AT 4, 3R AR,

1 Transformer

1. 1 BRI

Transformer #5873 9wt 45 FIRERD A5 R4, BE— AN 088 N MAEE RS A ey
KNG ZEEWADNTE: B ERZREHEFEEINS, 2 ER DN EEN R 2,

HEEWH: ERARRYIESE (61672127, U1936109) ¥ BIIT H
* Wf5/E#H: huangdg@dlut.edu.cn


https://baike.baidu.com/item/LSTM/17541102

MRS RN B RO E =D T)R: B ZRAE TR EARR 2 L B U], o T A B
HREeE B CERGARIE S, IR AR A n 145 BT Bk, 8 22 IR 12 ki L], 58
=R AER AT R . N TR RO 2 SRR DI, eSS MRS R K TR
2 TBFHASE Y Ak 7 9 g LR 2 20 L A BEAT 4%

1. 2 BEEAVLH]

Transformer [1) H V£ 5 /12 B4 OS2 Syt 2 SR o M il 20 B JIpLs 5o —
AMEWAE Q, —HEME KM —dEmE VIBCRAMEE R, W4 iin] IERR A (D:
. QK"
Attention(Q,K,V) = softmax <\/d_k)V @b
Hhd, 2 K Prs g . SESER AR E S B EV 2 EARR, R d 2174 s
NGRS INEE . N T R T BIA F 7 A RHES &, Transformer /7 H 1 2 k1)
ERIME, ¥ LR Q, K, VI TSNS H, ARk ASTH ARSI HATAEBA, &
Je ¥ BT Sk AR O S5 R T IR s A, d R () F1 (3) Bk
MultiHead(Q,K,V) = [heady, ..., head] (2)
head; = Attention(QW,?, KW}, vw}) (3)
Heh, Wi, wk, wPhSHGER.
BT AL BAS BT LA R B i s 5 BB AR AN AR il A5 A, DR Transformer B8 75 4
TR AL 2% R Z N A B 5N T 47 B 9w hS {5 B - Transformer 5 % 7 ConvS2S H 17 B 7] &
(PE) [MER, SRHAZETANEINER K =M sk oo i BAS B Tmes, =l (4 ML (5 Fr:

. pos
PEs2; = sin (—100002i/d) (4
. pos
PEpos,2i+1 = COS (W) (5)

Hrbpos o a7 iR AL E, RFHERIAERE, daRFbgefZ iR/ FIFIAS IR 1) = #1 e 2k
P9 fr B 1A B m] AR = A1 R B R BB Nk BT NI PEp sk PEpos 878 NERPER R

2 FpEshE

2. 1 iERIEALE

AR R SIS P R H SR T AR PR O PAT TR, o SRR P 1 AT S5 E S 4TS CCMT2020 12
Bt N T IR EE R, EUIZRETTERRIC T — KA PAEE: (1) i SAELIER AT (2)
e SR RIAL S, (3) AEEAMA: (4) WERFRE. X TXGETERE, AR Ho s A) 1t 47d
U BRI 5, A NiuTrans!3IH 2 ALK 7318 T HX bSO AT 70 . A 7RG TR, AT
R ARSI A 1), SR Sennrich 5547 H ) BPE SEUIL 7 534 Hh 9 SCIA) TE D) 0 BB /IR RE PR 117 5
B e AT IRE
2. 2 ERNZALALE

W AU TE R R A S E KB ar A4 SR, WA A AR AL, X e 44 ek B B T
Bz, HESRAG, FRUAZ AT, A TEMRICRERNILE, ARSI ST 7z ekt
B, ST I ZRIE RN AT 7 NAZAE, R B SCHaEEAT TN A B A
ZAC RS, X ERIA, By SR IRRIA AT Tz A SR TR BT 6 By HL i
[ ZAE AT IR AL, AR5 ] “Snumber”. “S$date” 1 “$time” FRZEXFVLRCIUEAT B e £

1 https://github.com/resennrich/subword-nmt



AT ARAE S 2 A RISy, T INCAX o HEBRARMK M B, AERR2S 5 T AN A [ 1)
Ya T ATIX 4y, Bl “$number i”. “$date i”. “Stime i” (i=0,1,...,n) SEARTTTHERH 5256 = N K
[y LSRR T B AN Stanford Corenlp U5 T B 253 0 R g SCSAR AT . ARG, JETrhsse
NG TR N A4 AT IR AIVCHES . WP UL IS, AR S 45 SC N A4 A DOEPF S s SO X —
TRl SRAPREBOMIILEC L R ge S N A1 P BEE PR N4 2T FRILEE . FH “$name” FREEXT
VCRC AT B 4, FIFEINEF 45 1T IX 5, BY “$name i” (i=0,1,...,n). SZFRTZMIBZEE, XAEMN
TRHT B H SCEESE N T H A AL A A . @I N SRER RS ge i, A H A 44 BRI R
SCRIVPEAE AR 20 S SEAR AT 24k, “ b —beijing”, “ R¥E—tianjin” 5.

ARz KT B, XOETERHZ A RE ZEORIE Th P 2 AR 25 1 — B, 2 A7 A8 SR ) AS UL T Y
TE0L, MICRFFIRA TN EE ;BB TR A7 A ) 75 560 BT A VE R I3 A T2 A AR 3 . fh 72
B BON BT T2 ARACEE, Bt DURRRS 5 B3SO L B iz AR 2E,  ARAB AR 200 B 58 B 02 A 73 gk
TR G A Ref3 B B 413630 XT3 HIL WA ACR U, Feih i H oo SCRIA I A,
MR I Le A 2 55 [ (R PR RN AT IR X T N4 Huda . HL AR, 8 A0 im] Sk 47 ik
JRo WP ANAKUEL, Fia i EULECEE R, WIS R Se N IR VR s ORI 4 AR .

3 HEngim

3. 1 AXUETERHIHE

EAGOLN, HUAS BT S5 1 B T X0 SR I SO RLEA T I 2R, TS BT vE B = 2 % 1)
KiEo Sennrich FFEOMR Tl FH L AU 1415 Dy OUE A IO B 598 50K (back-translation), #J
DA RS se il Zrifeh, SRR R . AL, back-translation £ FH H Az 4 7820 A2 O XU
BRI ART I, AP CR A 1 P 6 B ER AT S0 . Oy 1 SRR D SGE AR R R, AR
FRAL PR SR X EREEAT AR OGS I, B (1D RRERAT S MR DE; (20 MR TARIRENT 11 A
TR KT 0.5 AT, (3) BL s AL ENDI S, SHRAIIET T UIE]. WSS,
A FHBCE-PAT TR 25— A FP SRS SR AP B A, AR5 138 P A A i) R S AR R p B T S
B ORI S SCR) 7, A T AR I D XU R o
3. 2 DYEERITIE

N T PRIE Dy SGETE R B, 2T B BORIRI 50 2 B Dy SUE TE R EAT I U . &5, RRE
FUPRELE 0.4-1.6 R A, ZRRA) T B Z2 B KA A0S A TP Hk, (8 GIZA+H T H 3%
DOXE AR BEAT IR0 5, Zestialnt 55 be R R A 7. i E)a, KW XUETERHT 78 200GE P47 15 R
PR RGH IR . B R IR ARG 2 R 1 R, Herd ok FX0E-PAT TR A Oy XUE TE R
Gt BN IE 2 Jn LR TSR R, AEBEE A b 2R 1 o s B rh e 22 R

R 1 RE AT IERAN O RGE TR SR S it

Tab.1 Statistics of bilingual parallel corpus and pseudo-bilingual corpus

TEARL A GIES 553
XE-FAT A 6.7 M
Ly STEAE AL 6.8 M

2 http://nlp.stanford.edu/software/stanford-english-corenlp-2018-10-05-models.jar
3 http://code.google.com/p/giza-pp/downloads/detail? name=giza-pp-v1.0.7.tar.gz



4 fRAGRHE

S R E AL AT S U RV R AT T IRAE AR B BUR R SO R . R IR 2 X 3 A
JTHREAT A

1 K # ATy

T2 5T H R Pl IR — R B AR AN RIS R AR AE I S HOHAT P . RA7 10 S 500 5 i B B R AR
SHET X B ERJE N AN ZI S5, BbsI N AhE RS . DLRSEREXT N AN 5 0 S 071
1), 13E)E PRI R SR

2) MR

PR S 2 A HLAS I P RS R AT RS I 73k, ERMR ARG 45 ) 2 (R R 617,
A FR AR ik FE RS AT DA P R R B SR R G, — RER, S5 M NI RA AL 35 7S [ B 5 38 o o
B ERM, BEUR R EKINHRT

3) HITH

g B, i i A B AR T A7 A1 beam size ZEUN W B 0] LR AR 2 H IR CEE R . MR
—MA)FH) BLEU {EF R, S8 Fili s, BLEU {H755 55 i AR SR T A AEAS ] (1 3 SC
i, RS RIEREIRM . T RIS, L8 A 200 1) BLEU {H1E
VP bR, B FFT S AN R B SO E RS o d N R AL A R

W EOLT, 9 H AR EVE 08P R GooR ARSI H AR IR REgs R BN A) T, RIS
B L GBI B A) T o ARIEIXANRR S, {3 B RS BIR F R0 1F R G0 2 A (% 98 SO A KT R
ZAEME)T, RIFHET BLEU (XX E A FRATH 4, RIS i m s E N . 4
AN AR F AT ARSI, 1 5@ ik R S 5500 7 sUAE BN AR RS0, T ik iE 513 - AR B,
N T IR R R PR, T DUR R F 2507 AR k AN B RS EITR IR AR R . K e A
ROGHFEIEFI R P I — A FESCR) T HT & IREM, ARk DEME) T SRR, 4
BV k AN EAA)T5IEA TR BLEU E, 285 DL k ANEHIRBALEIG IS BSOS BLEU {89054
FLVE AL E ST k A BLEU fHHHTINBCR A, 18 23 SCH) PRIV 0 5. XFEL N AMBSE B S PPA 43
B, AN BEE SR TR R & . b, AR ET RISk 1 s

Bk 1 AR T IE T L e

Input: S: source sentence

Output: T: target sentence

2: Train target to source models: My,...,Mk, Index M = {1,....k}
3: Weight_sum = Zgz ; Document_level BLEU(M)

4: foriin Index_C do

5: for j in Index M do

6 Li=M(C)

7: Weightj = Document_level BLEU(M,) / Weight_sum
8 Valuej = Sentence_level BLEU(S, L))

9 Scorei += Weight; * Value;

10: end for

11: Add Scorei to Score_list

12: end for

13: Based on the Score_list, select the candidate 7 with the highest score from C
14: return T




5 SCIGEE R
5. 1 LS

ARSI IR 2R R G M FH T URAESE THUMTAH 3L Transformer #278Y, SLIGSHUNT: Jwbdds
S a1 280358 6 |2, 18] a5 RR RS YEEE 154 512, BT 2 W 4% A (R e 2 RS 4E 2 4 2048,
ZSkERSIMUEER 8 1~k IR B % batch B 5 6250 4~ token, HERLYIZE 20 /5 steps,
2000steps PAfF—1 checkpoint, FFEUIZRLFEFRAFHRARI 10 4~ checkpoint. 535K B {8 FH A AL
/AT, I Adam BEEEIRALSEIE, B4R 21 %08 1.0, warmup 9 4000, YIZREEXTETEEHEH] BPE
FEHATYI 5y, RESCRER KN IRE Y 32K, HWEAILZI0ER. BB, (THEREREE
A B2 75 3 R - X BB AT AL . SEBed ARvh, GPU J7 M 1 TITAN Xp #E4T Y1145

B TT I, B S BRI S50 7 R T 4 SR oeti gy, SR 5 e UEAMEE AL o BLEU {8
35 5 1 3 A checkpoint BEAT RS2 £ 380, B g X 4 A PIIRR R R AT R AR Bk AT 55 I fdA
EEITHMEGINT 4 AARSEGCE T AR R RIE I, ISR T 3 DA S rh AR
FH T RS R EAT 47

5. 2 SEWERE T

RGAEHIESE newstest2019 _FHI4E a1k 2 Fiow, YRR PR R KNS AU BLEU {8, f#
F multi-bleu®/E AN T H .

2% 2 newstest2019 XiF 4 BLEU {H

Tab.2 BLEU value of newstest2019 validation set

ARG BLEU
baseline 26.11
+synthetic 29.59
+average 30.06
+ensemble 30.70
+reranking 31.00

Hrdr, +synthetic NI _EPAXSGEIERHG K145 R, +average &R AR B AP A R4 R, +ensemble &
SRS S5 3, +reranking AE BT/ fE AR . WSLIRZ R T DUE i, 1E baseline &
BN back-translation A5 8% &3 SERGIRAY . BT /IR L7556 24t BLEU EHMHe R A . =
1, back-translation FETF IR EN T3, 108 SRE S 1 51 AGHHLES B M se 3 THE IR KT Bl

[F, ESEISE R LAR 3 AN AT 1

1) back-translation 73 HT

1t back-translation Bt B, & T B ARG 55565 [0 B8 28 B R P RUE A0 0T 7 ad 8. A TIREE
B IEF B R, 2 0 o DB A RS 1 D XGE TR RS U AT B R AT Bl G 2B AN 5] ()1
GREE, SRJE & BNGRAE ANF ) Fp DB RASE AL . F bU 2 M P AR Y AR B IE AR R I LABG IR TR R
TEMARE, R 3 k.

4 hitp://github.com/THUNLP/THUMT
5 https://github.com/moses-smt/mosesdecoder/blob/master/scripts/generic/multibleu.perl



* 3 BUELJERT /S BLEU {EXTLL

Tab.3 Comparison of BLEU value before and after pseudo-bilingual filtering

EXo BLEU
baseline 26.11
+synthetic_all 28.90
+synthetic_fil 29.59

Hrr, baseline A HAH FXUE BRI L RALE R, +synthetic_all 244 AT H W XGEY 78 212545
IR EIMZE 5, +synthetic fil 2485 FIPAXOEYT R EMNERIMER . NERPSERTLLE
D PATIE RIS BUE R G E IR KR . RN, O XUE TR i 8 A1 Re G = )7 B
ERL R, R R .

2) KEESH 7T

RSB, 22 1E back-tranlation SZI6 HFEAE FERZR T AR A BEAE ST A o X6 S2E6 A 520 .
TG, ¥ beam size WE N 12, R B BEAE T R 1 ERIEAT SLLG, 45 R WK 4 Pk

*® 4 KEZIGTIH 7% BLEU {8 #5200

Tab.4 Influence of length normalization on BLEU value

o 1.1 1.3 1.5 1.6 1.8 1.9
beam = 12 29.02 29.28 29.58 29.59 29.22 28.25

b KRS R 71034 in, BLEU {H 230 H 038 5 3A, e — e Y B oy R K R AR
Rl BLEU HIFE A i B, S RPKEENE 7Rt FEORHE R g5 IEM 4
3) beam size FlE T 434347

[FIEF, SEEGWARZE T AFIH] beam size X SLIG RN, MK LT R FREE N 1.6, AR
beam size #E1T T 5256, ZERUNEER 5 Fis:

5 WY EK/NxT BLEU {H 52

Tab.5 Influence of beam size on BLEU value

beam size 12 15 20 30

a=1.6 29.59 29.73 29.76 29.80

BE% beam size I, BLEU {55 AT#2 . X beam size ¥'E N 12 F1 15 WS 2 [1% 045
I, beamsize W E N 15 %4k BLEU i B A T sr, (H2 #8747 BLEU {H%L beam
size WHE N 12 MK, SFENMEE FEEARIN&E ST, SRR CERTIEREIHM. HT%
PEBRS, SEIGERE R Rt 2 S E T Tt dr, Bk 6 f13& 7 fios:

# 6 RASHT LT % B BLEU 50 & e A TR ES T

Tab.6 Statistics of the number of sentences with the highest BLEU score under different parameter settings

beam size H)TFHE
12 121
15 194




R 7T AFFECERE) BLEU fEHr

Tab.7 BLEU value analysis of different translation results

BEOCE R BLEU
Beam-12 29.59
Beam-15 29.73
Beam-mix 29.95

Hrp, Beam-12 7R beam size W B N 12 B1F 3|1 45 R, Beam-15 78 beam size IX B N 15
15 2P 45 R, Beam-mix KA SHRE N & B0 & m M FLREE R EE 2N
PR . 2 beam size HIBCE M 12 2] 15 I, HIRSAE 194 ANPESCH) 7 H) BLEU {8 ETF, (HAL
3 121 MFECH) T BLEU {H T . BRI, ZRa ANFEZSHEE T BLEU EAS 5 e m A A4
FCHTE S R L — S5 B N3OS RN BLEU B FrdeHt, o] DLGR AR 7 ) 1 1E S E0R BB B
30 RIS DL, SR AR B B IR T &

6 B4

AT REH TR 22 ARG 5 A LA B 1R 5050 2 78 CCMT2020 H 9357 (] A L 48 B 1A T
% LA EE A AR . (/] Transformer 1/ AFEZE R 50, MWEIEAE .. B0, 2R
FEME = AN HEAT 7 ol . 2GRS T A4 back-translation. AREISEYY . SERURED . EIT L MR
ARRIE R BIPEERE . SEIRE R BN, XL AR I B S S .

ZRRTI AR R, EE V2 AR R ARV, ORI T LA 2, B
BTN RAAAFAEAR RS T =10, AR T4 E st — Do,

SR -
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Improving Neural Machine Translation with Data
Enhancement and Diverse Decoding

ZHANG Yiming, LIU Junpeng, SONG Dingxin, HUANG Degen”

(College of Computer Science and Technology, Dalian University of Technology, Dalian Liaoning 116024,
China)

Abstract: Based on the neural machine translation model Transformer, the paper proposes a method to
improve the performance of machine translation by fusing data enhancement technology with diverse
decoding strategies. Firstly, the training corpus is preprocessed and generalized to improve the quality of the
corpus and alleviate the phenomenon of sparse vocabulary. Then, back-translation technology is used to
construct pseudo bilingual data, and the model is enhanced by expanding the bilingual parallel corpus.
Meanwhile, translation system integrates checkpoint averaging, ensemble, and rescoring in the decoding
stage. It improves the quality of translations. Experimental results on CCMT2020 Chinese-English news
translation task show that the proposed methods achieve an increase of 4.89% compared to the BLEU value
of baseline system.

Keywords: neural machine translation; data enhancement; diverse decoding



