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Abstract

Abstract

Neural machine translation (NMT) method based on deep learning does not require
features set manually, and its models are trained in an end-to-end way. As distributed
representation alleviates the data sparsity problem, NMT would generate more fluent
translation. At the beginning of NMT method, as it is characterized by simple model
structure and other characteristics, NMT was favored by researchers. Then, NMT’s
BLEU, the automatic evaluation index of translation quality, significantly outperforms
traditional methods in multiple language pairs. Therefore, it quickly replaced statistical

method and became the mainstream paradigm of current machine translation research.

Although NMT has achieved great success, its nature of machine translation and
characteristics based on deep learning make this method have room for continuous im-
provement. This thesis mainly focused on semantic retention and exposure bias in NMT
to carry out research. To improve the model and translation quality, this thesis proposed
to integrate explicit semantic alignment process, and to integrate hidden state starting
from the problem source of exposure bias for gradual running-in training process and
context consistency in testing phase, respectively. Besides, this thesis further proposed
whether the evaluation solution would be effective for exposure bias problem and gave
the scheme of qualitative conclusions. The detailed contributions of this research are as

follows:

1. Research on Confronting Explicit Semantic Alignment in Neural Machine
Translation The existing NMT frameworks usually only focus on optimizing word-
level matching loss in the training process, but ignore whether the meaning of translation
is consistent with its original, i.e., whether the semantics are aligned, which exists prob-
lems in the application of translation with semantics as the conversion medium. This
thesis introduced an explicit semantic alignment process to make model better correct
translation errors caused by semantic differences and in the training process, the seman-
tics of the source end and target end are constrained to prevent the model from fitting

data without semantics constraints, thus improving translation performance. Based on
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the proposed sentence semantic space conceptual model (S3CM), which can explain
the translation phenomena in which one sentence corresponds to semantic alignment
in multiple, this thesis designed alignment metric criterion and introduced n-gram-
based semantic extractor, semantic mapping network and integrated network compo-
nents for broadcasting to establish a many-to-many semantic alignment framework,
SAMT, which improves the performance of machine translation after solving the se-
mantic collapse in the training process.

2. Research on Addressing Exposure Bias with Internal States Fusion and
Layer-wise Output Rectification in Neural Machine Translation In the training
process, to predict the next token, the model accepts the source as well as its corre-
sponding absolutely correct partial translation as the context. However, in the testing
phase, the context of the next token generated by model is different from that in the
training process, with the absolutely correct partial translation being replaced by the
partial sentences generated from the beginning of the model. Since the model has not
been exposed to the environment with errors during training, this discrepancy will lead
to error accumulation, which would lead to the degradation of model performance. In
this thesis, the hidden state-level correction process was introduced to fuse internal hid-
den states of the source causing exposure bias to help the converged model reduce its
sensitivity to the decoding context. Furthermore, we use the output of each layer of the
general decoder to build an auxiliary supervision signal for constraining the correspond-
ing output of the noise decoder, and set the constraint intensity differently according to
the network depth between the output and the problem source, which is called layer-wise
output rectification.

3. Evaluation Solution to Exposure Bias Performance Based on n-gram Match-
ing Precision The existing work in this area shows that the exposure bias problem
has been alleviated usually by observing the improvement of machine translation per-
formance. However, the exposure bias problem is only a sufficient condition for the
degradation of machine translation performance. If we still can not evaluate well the
effectiveness of the new method for improving the original problem, the research on

such a problem will be limited. Therefore, we propose a method to further explore how

v



Abstract

to better evaluate the model’s capability of anti-exposure bias. Specifically, since the
exposure bias problem originates from the inconsistent context on which the model pre-
dicting the next word is based in the training process and the decoding stage, we propose
a process that lets the model run in an environment between training and testing first,
and then collect the running results to calculate n-gram matching precision for compar-
ing to qualitatively evaluate the model’s performance improvement on the anti-exposure

bias.

Keywords: Semantic Alignment; Exposure Bias; Internal States Fusion; Layer-wise

Output Rectification; Evaluation on Exposure Bias
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Figure 1.1 Transformer Architecture, cited from Vaswani %5 (2017)
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PPN, O E il T LR 2R -5 NMT B 2 B e AR a5 1) £ —
JZRI ) BERT Bl B2 PR 53K

3https://raw.githubusercontent.com/moses-smt/mosesdecoder/master/scripts/generic/multi-bleu.perl
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WA

PRZALAS B0 5 O B TR ARG T (MLE) #4852k s A il 25 H
i, AP T R PERC A N SR U BES AR L e UL S N kit , (R 2208 i) 5 EF
IR A . BIAN,  Shen &5 (2016) 54 A ] e/ NS IR AT A4k H
PREE TN . Wieting 25 (2019) BT ORI T3 THT i B LA, SIA T —FhH
TALAL NMT RGN AR i R %L

RFFES #F

ML B R AS I 5 AR I GRS B ik 3] — R UL I A4 BB 1 1) ] 512 )
KHE, (H T ROE-FATTERHEA B R, R Z/INERZ 8] 2 KA -F4 7
itkt.  Pourdamghani 45 (2018) S54i i 7E B TEKCH _F i 1 412 iy i SCAHALARY 1] X A
LEERAE TRl RS 57 i . Gu < (2018b) S5 4 th A I AS 2 2] 05 ¥ 22 il
BN A TR AR IR R H AR S, Sl R
b, DA E S NS, Murthy 45 (2019) 258 AR T RS 24 > il L i
BB HE i B I S AT AVC IR TR = )R] P ok I R SRR

=k

ANZEALAR B R AR, Bl NI PRSI ™ H 18 52 M i 2] S ) 94 v 1) 208
PEMTFECERE T M. O TIRA R (R A B HE T, BN D1 sl i X i o
W L A SO R R I G DU 45 05 2R S 5k X i T T ) G JE . Cheng 45
(2018) S H X PURE PRI ok S iR A Al g B AR AU ) 4% . Vaibhay
< (2019) S5 A — R T RS TR AR AR A M R R S S L
TR GRS

ATAERRME

P HLAR R IEEL T R G A A RR I A5 AT RE 8 L 22 21 i ) i ) 4521 , T
ToyEx Hoky th 25 R AT AT UE P R AL R A RCHE T, X (AR BT AL SR I Rt AR
AP H AR Z W, AMBRE Tl gs#iFEn) & €. Ding 55 (2017) 45
U 0 2 AH 4% 4% (Layer-wise Relevance Propagation, LRP) 3it8 4 FF
SCIRDG BTV R Y S A R A e A rh AT S BEBIR S Y DRk . Bau 4% (2019) %%
FRIEAS [R] B AL 75 ZAT AR 5 5 B9 AR Bt B2 ) B B PR B, £
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T A DB B T e 5 B T B ST TE M T
JE B EAETE

BGE1 8 R A8 BTN R — AT B, 75 B AN B3 Iy s AT
[T, XA ERA TR RIS T o R EE BRI T B . Gu %% (2018a) 542 11 fE
%3 0 15 [P REPE BB I AT A i e, AT (o L e o o g JE AR AR — A
. Wang 45 (2018) SFHE tHFEAE Rl gz 4xJm BAREE A AR, S
BRI ARG AR R ARG AT A 2 AN IESLTA] . Guo 45 (2019) REERAR2E > 5] A%
NAT [, FERE R e TR, DA R 2R\ B T E A B4 Al
H 894 . Chenze Shao 1 Zhou (2019) 45 H DA 5 AR B i /R B iy tH N 2
F 1) Z 8] n-gram 4¥ (Bag-of-Ngrams) 2251 NAT Il J5¥%. Shu 2% (2020)
P A B A AR B R M R e A v e AR AR AR, S
AL, 8 HEHERR R B HARP 8, % HART SR S
PR iR AL . JE B RS BHFR R PAAR 58 4 SR AT AR A 19 07 X b AT A8 ) wl R
M I YEANT T H AP Bk A 3 BRI R 2R

RE

i

TERIE A, RFSORIVE N — A B [ B T i B B ORI IS B g AU — 2K
. Wang 25 (2017) 85t 77— A FIBSRIEIIOT YA, T 1 s ih
BeA5 B ML B REf 529, Maruf A1 Haffari (2018) $2 H i f 1242 ™)
2% (Weston 2, 2015) [R] iy =% R I8 SCREATH A5 S0 BRSO 2038 i 3 3R 2
Miculicich &5 (2018) 254t PASS AL A 77 Ul 9E B Sy 2 IR B 0B
2, Voita 55 (2019) & H—7Fh B1iF ) DocRepair F24 3f 21 1)1 32 T8] A
— &, AR — RS T RO R BRI T H B e, AR BT SRR
A FRIERE.  Li 55 (2020) $2 i — MR a0 1 40 05 iAok 1Y 98 NMT # 54 1
EINIWIRAN
ESEF

RS 2N g B DASCAAE A e th SO, SRIMER 1 ST AR, 55
— P WL RO B TR S OIS, WA S, —AOriA A B ghiE R
. ALEEIE . TEE AR RUKIIE AR M, T — Rl b ® i (EHEE S
BT ) #9221k, Duong 45 (2016) S5 I TE-& -3 X FOAUGE B R EA T 1 -0
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XSS . Salesky 45 (2019) S5 741 B Fr o R AURF 2% . N i O T o B
ARSI SCAS, H SRR Fisher-Spanish £i#adEfy “#5 Dgi4H" 25K
B 5, X TCRERS LA AR W Y 2

R A fEE

N T PRARISAE | KB SEINEIERCR , P A Bt — 24t T R AL 1R
(Cho 711 Esipova, 2016), XA 5t N AT B85 RN AF Bl 1R ) R 1 2 A fiE
BAFRESC. Dalvi 45 (2018) S5 i & ioph Z AL MM 2 60 H - 5 3h 54
FE ) S A s AR R ) — i AR R e (R I M 1. Alinejad 4% (2018) 454
H ol 8 3 P TN S A R S i A R R SR 8 ] PAS e e - fee /M [R] S B
BEPRYIEIR , SR T R R T2k . Zheng 55 (2019a) $2 ) — P MIT
Fr3CAA ) S % READ/WRITE Jy 81 g 2] [ 2 [ SR faj B4 14 Hi B = T HEZE
N T R AR RAEF AL PRAK,  Zheng < (2019b) 421 T —Fh I R
RBIRFFLIVACRIASR L, MEM BB S H A stz a, A
SRR PR

1.3 FEMRBR

PR BLASBIRERATAE BLEU (%5 A 80V 0ME BB AT | 35 T (65500
BUAH RN, BE2 7 R UL A TP DA 5 A T B A 3% , L0
SRTHIIG 5 H 75 SO R B R B S VR 2 B A
E B TS, B0 LA B R AR PRI . 00 B I
IR B (22 FUBETHFIE e T ARERE I BC 4 75 0 ik 2
.

131 FENEEERIERELE

e GE U 2507 VR B B T I R VARG TR DLAL H B, axX i S T 3] 4 31 T
P45t 25 I 0 U 22086 1 AR 028 505 IR SR PR — 8, X AR SR
TEXA IR (under-translation) Flid# (over-translation) HIEET, FIREMKAMN
AR BN, FATERLRGRYIESCP B TUT R0 AR LIRGIF, R0
35 #2 Z2HF a8, RIESHE ORGSR BLEU (HiA8] izl s
PREY_ES 1,00 (HUZ S0 B IORLEY “Z b1 FERT =S5 33 iica e Ry
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BRSO | X 2 S A B DOk JIEE 20 1 B 3 A .

#1 this is the first sandstorm to hit north korea since this spring .

#2 this is the first sandstorm in north korea since spring this year .
#3 this is the first spell of sandstorms that hit dprk since this spring .

#4 this is the first sandstorm north korea experiences after spring comes this year .

FEZE1E3C | this is the first sandstorm in north korea since spring this year .

e L1 2R RGERVEE R LR T PER R B

Table 1.1 Example of Baseline Translation where Semantics are Not Maintained

B, WAL, XHESCHR) <& 3647 B B R AR SO b
SEJE S,
1.32 HEYH[EFPHENIRERE

LA B P RO R — R A TR T BT SCEE N ZRad A A B
A= FENGREREF, 7R —AE, AR AR P ) X B IR A
A ER Iy A o ARIAEIART B, T BEcA S0, — B 58 4 d i 2 A pi
AR ) TR AR B IER A T e 8 o TR SR i AR AN AR 58
BRRIIAEL N 22T, B0 B A BT A % 2 A i w2041 1 A A A
RGO, R MR ZRER T ] BEAAE B BRI 0 A0 TR B T — il 2 2L
FHRAIE— 22 2, el AR R P RE T

B | RE R avE AT BGE R B DUK .

#1 on friday , china allowed them to travel to seoul via the philippines .

#2 on friday , china allowed them to go to seoul via philippines .
#3 china allowed them friday to go to seoul through the philippines .
#4 china allowed them to fly for seoul through the philippines on friday .

JEER 1% | china allows them to travel to seoul on friday .

A 1.2 L2 18 S EOE LR VE A 52 R - Bl

Table 1.2 Example of Incomplete Baseline Translation Caused by Exposure Bias

R L2, FramMSH 9% R i34 “allowed”, Ff HFAT
P2 RN RT3 S5 [ U ) ) 1 ) e VR IR “al-
lowed” 5 # “allow” . P T- B LRI SORXS I SO ) “HUE  JER R EAT I

10
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CHIAELER > NS ) X ARG, FATTRF VAR T vl o ] v B D e B R4
PRo

BEAh, HF AU 2 S ELA BRI RE T MR e 250, I TR PR
SRR 7MW, BT AP EZ Ay, AT X2 A R ot — 2
FE, PRERA T X T A 5 VA A E G FR R 0 e Ml 22 )8R D5 T HEA T T RIFSE

L4 3 sTEk

TEABAITTRT, Handl KAYETE S i SIS # e B A W
PRI F St BB AR, ASCTAREEXS L35t i) LA AT 7o

o ZRGE SCIRFFIE A : 42 i S L AE T SO ARG, IF BT
BRI Zhad A b 5 I B SO SRl AR G X PR

o ZZMRMEIGIRZE ML 4 MM ZE T IR R I T 2 IR i v, L
PRACE AE IR EE Y BRI S G 3 XA i A0 TG I AR S EA T Bl & I DA 2 58 &2
AT Y AR i A AT 2 1 i R A S B B S ok e e i 2 AR e & 1k
LRI OE e

o PRGN ZE AT $ BT S DA S A PR A A, R IE
IR ARG UM i 2207 T RE D581 75201
L4.1 #HEYHEEFPHNERXE T EHEAR

AT 0 P A 2R o IR S R AR TR I B DR C A5 2%, i 2208 3 S 2
MG ESC—2, BB SR BTN, X AELATE SON AR I 1 2 B ] P R AP A
PR o PR, AN G ISR SO0 55 HiEF AT DA AR 2R S 4l 2 1 phy o
2O ERARIE R, TSR B . BARORYL, S0 BT R AR THY
TR VLR N ZRAE N 741 v 1 AR TE 220075 1 (2 181 TR 30) AT &
ST T E B o T T SCICTR PR B IR, AR SO AR I ot A o 5t 1 s i
T AT LA VAR LAY S HAE Toils AR DL U5 25 -

SRR, A SCRET RERS VN A BLG 0 )11 S8 [ R A 2 i 57— A
SOMFFHERE . AEXAMEZ A, AT BT n JOSGRAYTE SCATEAS MU 4G Token
AR )T ITE GOSN RIS 5 LA — R (5 . 1R
B TE AR SRS A G R, FATTEE ) FE A UM 285 P SRR Bl
Pt b o 2B EE TR PR UL B BRI T SRR TEAH [] A i S 25 ) R 3 9

11
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B BRI A DI, AT G AT eR 00U (DD B A 1 SRS 190 265 S A 4
i b SRR AR 2 s R S B AT ] — X3 A IR S, AT
W3R BT — PR Z i U R SR B B R AR R R TR G R, B
XTI SR 5F

142 EFRIEH S F0H HHF EE IR St R = 0 B R

FEYI SR RE T, TN R A Token, AU i S HXT I 14 56 42 11
R SCAE N T 3. AR, AR B, BREARIEAN [ R SCAE R — A
Token, HIBCAH 1584 MRyl 3C, BUMACZ iY2 bR MK IH06 2R B S
AT BRI ZRI 58 A WA MU XM E R IR IR, X PP 22 Ry
FIRERZER, AT FBHEAL P RERAL . ST XTI — 1A BT BT R S
FE SR REAT ARG BeA — EOX AR a i 22 A, A SCIUA G & 17 A 53K 5 1
ARSI M ad A2, 75 B C ARSI B O A% LR SO U AR JE
FLpkh, FA152 H PAITE ARSI 0 B Al 2 5 i A - WERIRES Rl & AN 2
JZE T IE

X ARS8, A EESIIBRDTIh . Fei1% IR R AR o
AT WSS (PR B AR aE ) PABRTFH I 22 R A i EDIRAS . 2 0
HY AL B AT, 2% AR A4 32 M58 4 IR R BB 20 A1) 1A ABtix (input feeding ).
WG, BATSAARE AR RIS (XS AS -5 @ D 28t T T S JINE ),
o AR RATAERR DR (BN, R55H 18 L AR A ) e 4 FOU0 i o 41 A5
B, FEXAERET, RO MRS RURREPRE) S Azt Eim
PR AR DATI I EDIR SR LU BB &, AR5 PRSI W R i A . IE— 2P, 3k
AT P L8 A B i 2 i s A8 — TPy B 4 B 1 R 24 AR MR P A 25 PO A 1
it o FRATARYEAE 2 i 22 A0 R BE TN AN [F] A 2 SRS 88, g i 22 88 1) 2 SR 5 J3E
BN, FRZ Rz = R IE .

143 BT n IGEREBENRCREEREITEAR

PUA X T T P A 20 8 e O 0 s 1) s PR L 3 RE B T A U B Dl
T B, SRR A B ARG BR FT . PRI G 2 i 2 AL
TR ERE N PRI T 250, BT YRR G I MR A A RO AR TR, AR TE iR
REF B Pl — AT AN R R A R s AR B, R s B B oE 2 A i
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B o RIANSRAN GEAR S b B AR AR5 e A ST i TR A E
(2= 5 T RE ST, REASM XS B 22 R 0 — 22 0o R FRAT 4R A =
] S 3 A B G IR 22 R BE S B D73k T I 22 1 AT T DI ot A
AR RS T BOBC LI R — A T B SO FA R il s AT
— R AT INZRATIN U 1A A PRIE 2 B e R DA A R R 01 i 22 777 T 14 14
e .

1.5 ZJEP4HA

£ QIDE LA A I

51BN T AEPLa IR R S RS BRRIEETT A T AR
SCOFTCEE R I T B, H2a i 7 AR SCHY DTk Ve S 8 ST R 25

5 2 BRI TAEM LSRN Zod R R A B SO AE, Xl
G RERE N T SR 5 LSRR A SR A A ) 11 S (AR A2 S3CML 1Y i
e T AR, BALTE SO SFHESE, DA PR AL S 1] P RO 1 112 H A 2008
FEE R R S — 2 L

5 3 FE A2 LA B U SR AR AN BEUN R — > Token By LR
SCA—E R (B LB B A st ), 7Ext s T ), 42 Hiiid
MRS 0 E A SRR AT N IR S Bl S R ST UL M 22 /E Ty, It
A A AP i Y O M (5 ) S i s 9 L ) D R AT T R

o5 A4 BEAT AR 22 170 B A0 IR ™ g B R P R F 5, H
BTG — DT SRR G2 2 5 A ROX AT AR e ) [F) T, 42 H e e e SR i
W A2 AT LR SCERERREEE N T IR A i 18] EL AT P i RO SRIE T i 100 25
RAATAET n JCSCAVTEORTH Y77 SR PAT A Y LASE A 72
AR AT E PR -

55 XA SN AT A, R TOTRAERI AN, TR T b2
FEI5 Tl o
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B2E WEYLBREHFPEXELMTFEAHAR
21 5|§

IAEE A R G B bR, B <5, Gk Y. X =R
RHEAG: “F e —EHEEE, —EtEEEREFRBNEEMF
HERA , NREHRIREEgRBA; b7 M@ ESTE “fF” WA b, 3E— 5 I S0
Rk, HERE IR I I SC Ry RUE BRI, R T TG e 20K
—EEIFEE, FEIEGRSUE, HEMX R SCHKT, RIEFRIE SO
REAR AT I EE ARVERELE N 3280, IRBLE B 1K1 BB B e
ATKPE A EAREIS SC B “157 F 87 IR EOR . AR 4 n A 2 ML g Bl i
AR @B SCRIE TR Rt . AR RIEE T “F. 5. HE
BEbRE A, WA 5T b — i i v SCIEA T e 51 B 51 R o )T e
Far 2B TRy R, AR ARTE R R i SRR M A L SRR S SO
[ T TR

BT BoA B A 2L gs BHEHE SR A ) < 30330 > RPE IR E T
g5, W OB T B AU T TR GO PERC R 2%, (BB RS2 1 40
ENgEdE, M2 TXHESCERRE 5 E B AR, BIE SRR E X5
ETINHHAREE RGFFEN RS, RIS NT A BRiE SO 5 g T
PARERS A R B SCRN 228 3 S0 B — B mi e T i E N2, R Retg
GFHb 2] I s SOE e R B AT e, ST S R e . PR AT, XA
ML 2 AT SO SR I S — ki

— I — MR ) AR 2 A E SR, S RRIUEA
FE? 7 BEW] B3 AY “what is the weather like today?” 1 7] 1% 5 “How is the weather
today?”; J3—J7 TR SC 2 52 B I SCHTAE LT SO B SCI T 55 12, i
52 AN [F) P s I i an—1m] 22 SCER I SO A B AR TR & Pl A1
IR, P— )7 B B 3 S R ZEUE LA I —1 T XA,
FEA A RIS, AT L —FhRERS U BLA (10— A H) 7T REA7AE 2 Fh

24 1 R R I e 2 (R SO E S, W U EA TS AR KRBT DAG R LA R W2 — 2t
PRI T AT AR S, WE SR AR . RAF AR TSRS 55— R BT LR ) ORI 1
S, WEHRAR T FIIR RS SEAR S R FORGE . — Iy TR TSR B R, — 5 T i SCAf 5 3L
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R S ST AR ) 11 S8 (B A4S RL. (Sentence Semantic Space Conceptual
Model, S3CM).

AT T RINE T, AT E NG LRC A X TAE, TR
24 S3CM AR T A AL ARl BT T T~ 29 R I R ad A v i SORS 55 1 JEE A HE U
IR IG 20 R FRAT] Ry S G SO 5 BART G LA 24> B R 1) S AL S 52 31
A5, d R BRSSO FHESE . FRATHCRHIALE SEBLTE SO0 5% H Aw
P B ME R, FERER S5 R0 o0 A S e R R I R T 56 B, 3R]
FFHEA R 2 R AR 2 MBS R BT, @ s R B8, 2%
AR, XA LR T W T SOM S B T IR T SCOR R R 1Y
W4, WmiEm#iErEeE, I HAERA 242530 8dES By BLEU #2751
Cily LR

22 MBXIENAR

A 2B O TR A LAS B 2N0AK T 5 A {5 Bk
$R TR IEREMI DRI (R ST o DA I Y T8 SORSR mpILas B3R 1 RE S 1R X
PRI PN B TARRE T A AT S —J&l i B A SO 3 PR 4R 5
Bh), ISR TR SE BRI G R T AN [R] 2 T A 2
221 EBREXNBZEWNRIE

Tu <5 (2016) SFEHRFEET R A A2 (0T 17 - 2o 25 (0 5515 B 4
S B EER AR AN R A, Rl g R R ORI
DS, A5 a5 1) B IR B B I AR B R RE R ROR Y B S, X (A5
B REAS 75 TE O 2 TR B 1] . Zheng 2% (2018) SF 4% BUA HIFH 2L
o T PR A E R A B B S AT B 0T 8 28 e ) R R Y A T AR 1 17
BE—B R TR IR B S E B R R A AR B AR R WA, X
PR F ARSI R AR . B ORRrL ], G AR R i A T 2
TR EAAESARE, SONRE IR IE 1T O RIREAR B A R AR

AEAERT, VR AR R T SO SRS F 0 53— SR 2 O P RS S L, R L%
BN T — R T X BFIE I £
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222 RANEBEXERHITARM T E

Song % (2019) Z 5% THi% 1% X #% (Abstract Meaning Representation,
AMT) f/E I HE S EJEERR 4 (Graph Recurrent Network, GRN) FilA T i X
e bR s B HE S THLESRIIRMERE. Zhang 45 (2016) (VNMT) ¥4 A 23 4
T A5 3 /) /R #E4T mean-pooling J& P28 i il 157 I 46 25 48 I SRR A5 21 1 F A%
AR S, d a5/ M KL HUE R 2 HRAE T IR AL e 5 . 59 43 frikH B
AT R ol S5 Y B A5 21 110 S0 6 1 SO [+ s 2 D8 S I s 45 ) 1) B i A
[7]. {H Shah FI Barber (2018) 1A VNMT i i i) Fe 22 B A1 25 A% 5 7Y Bl RS
EMEIIER . A, FEsRRH H I HA#DAE T, VNMT PREg™ & N, Yang
55 (2019) $ b B/ MR IR 2R I H AR Z M 2 5, Hodim 2R Al H
PR 43 T 2ok X 40 F 1 A i i 1R B F - mean-pooling Iz B H i A K4S
], AHK AR B2 X 18 SO S B G R 75 S IR R HLZ2mE T H ARG
e

2.3 BRIBEBNIF

TEATTH, FRATPRE TR /433 152 Hh i) /) 18 S TR A AL DA K B
AR 1 CHUE . (Semantic Divergence, SD) Sk RE S AN S 3L
SCAFE (Explicit Semantic Alignment) 5| AR =R/ HT M LG Token %
AU TAE B TE Sl Es  (Semantic Extractor) , RfJufiH X /Rl
PR g a] RS UM 4% (Broadcastable Integration Network ) ARG} H ARiE:
SRR B 5 IR RN AR R Z GO P RNE S (R S 2% (Semantic
Mapping Network) o FATRFG 1A R IE SO FF 2R 1A S L35 B AL a4 -
SAMT,

231 ZXEMAFEXZEHSER

BT 2 HREI— M)l H A 2 E T B BB A AE S
JUZAAEI S, )T SO T B A E AR 24 2 2 X 2 7. A
FOREE T, AR BRI X A —XF 2 G A 11 S AR SR - A7) 1
(T SO AN S T B [ S R P R Ty i, i@ — el S D A e A

2 ANFCAT A SRR AR, 2R
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P 0 Y0 L P — % 1o e A RO s ) DXt . DL EROOR B, A ks l], — M)
T SR AT A E N — A B A — A R sy, AiE] 20878 R Y
S, O ARG [ R E A, SRR L e Rl 1
B, IR ESERIKNRI A (EE— KOS LB mE R 0) 5
RESA BRI (18 LA Co iy B s R B O, r D 2fA) s o0 1 i) o B A )
TR S TR] Rk AE = SRS [R], — AR SRR AT AR B A — A
TeIE B HE AR B BB

A =

X

Pel 2.1 4[] B g 4 15 S0 TR R R B Y

Figure 2.1 Sentence Semantic Space Conceptual Model in Two-Dimensional Space

232 EBXEE: AFIENITFAN

MR 2.3 195 G A 31 s (MRS, FAT T B A B 1 S )
D BLHIAR B R 18 % (Semantic Divergence ) X5 fEWII, [R5 FE A% 0
Mg r, IFSRZUNE T A E 00 X TARRA I - H Aria i LRoR FERT (s, 0),
ENTRE SRR Loo(s, ©) TRERDT -

me= S -t
lIsll2 Itll

dis = ||s —t||,

0 = arccos(sim)

L (s,t)=S)-dis

Hrb S) RHATHKAL 0 B2 1 ESTR AR, v 2%t 0 dEATRM 45
AR AR . S(0) AZH & AR
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o [ 0 FRI I

o [ifi 0 HA (JLHZEY 0> 7 )

o BEMEHAGARARIE, DARETE SCHUZAEREA YN ZRE] vh s 1 2L
FATFE T AL IR R A TV

TS —FRZ ) SAMTHsim 1 5y, FRATE R PN TE LKs ) & 1t
FATENAAVEE R — A B 2R, XA RIS 0 B M Ry 5
PE, I HIRATRARMESR B — > R W Ml 4 — > SUAE -1, 1] B &
IS RRE . P FATSEX AS S pEATAHe, AR S A TR E R B ot A7k 4 - ot
Fd R

var = —sim + 2.0

S(sim) = &0 4+ p

XFF AR sim, FATE S HIHH RECRPAGS S (0) —S0 B, AT E
fith 3L 2.0 2 SE BN SOH I A SRR : [-1,1] = (1,31, #F—254th, 3
TS 1A B var T 1 6.0, DAREsREUE RERSXT 5 A8 B fd/ MR AR L BRURK, JF:
HARPA BRI R . Bt b I T UREAIAME, TERsSm T, FATHHE
PEEH-1.0.

HHR A 0 SR PO IR e B AT L AR APE sim B E M. X
ANAEEH kR, RAMRE T8 R vk, 10/E SAMT#ang, ARFTJAH, PiREZ
[R1F £ BE 0 FOSE R [0.7]. ARAE2.3. 19548 1 ) 71 s IR AL L, FRATT B
G332 WIANE LA B A EAE (0, 2) EEW, (H—H#d 7, PIhmEER
BEFEE, RATRAEER . WG, ST RFETEER 0, Hds s Eod H
AR 25 XTI [5.7] L 6, Hy=AEmiisEhER. Hit, 7
SAMTH#ang J7kdr, FATH S) BT Bea s, F0A 5 KA R AL Bk
TR
0
0

300 % (1.5 — cos(0
S(0) = ( 6))
OX30+10 L p

<3
>z
-2
1E L, 240 (0T [0, T10F, cos(0) BIfEIRA [-1, 0 /. 5 EE RIME P41k
RIEF—A T, REEATESE, BN EMRSIERA AE, h TIREVIS
TEST, BATEWMAERE N 1.5 (KT 1.0 MH) . A SO E HAb R B H 0ot
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— B RO B AR N A AR A SR A R AT s BB . b TR BOsR BUE.
1 m AbiESE,

JIT A5 V14 72 450 0 23 50 T = 30 e R B 4 6 50 ot 283 5k 3 & X b e %
W, hTERRI, AT E .
233 BT n TIERIE B S

N T HRBU) T HAE SRR, TRt T— T A5G Token ik A Hhi 4R
P T RIMRAE BRI ET n JUSORRYTE IS . AR D Refs AT — 4
TR — T, Rt EwY E, — MRS E R R BT
G — T g SRR . BT, R, AR Token
ftx AZ5[H] (Token Embedding Space) 241 f-if X %5[H] (Sentence Semantic Space )
)72 SRR IE, 5% d, F d; 5350387 Token i A 25 [R]FlA] 118 3L
SRIMAERE, W d, <dg. B, AT S CFOREEE, SRR
Token x AU, FoATTTHZE T Se R H M= EB Token ik A5 [ 4 B4 FE 2 A% 7K
IS4 JRy ) SCAS TR AR . 3 n] DAE I JH X A6 3R 1] 1Y) Token ik AN AT £R 172
PRy, B LE—NERA d, x dy BRI, 25, OS2I X L
FEe 4 1) 27 T8 [FDRE U 7 91K BE 4E BN B AT AT P IR R — R ik B
FT n USSR RS S 2

TEET n JUSOEAMTE XM 4, FATE ol 1 4EB R SRR Y 1o
L 29030 3 JUSCAA 4 JUOCERIRI IR R R, BRI R L AR/ 1, 2, 3
4 BRI . P AR 28 1) i A EICER AR TR] , (E e T i S e s
e TEAIRTE, MERICn B n JTICEFIR, %5 Token RIRHYAERCE d, WIFRATRE
R R R A EERERIREN d, Wl EEEIRE N 42" N TR A3 (]
AT n JCSCARIRIEZ R, FATRRS IR B AN [ A A LMl ek %, 20301
Hp: relu, elut, tanh Rl tanhshrink’ . — Al AR BARE) AR 2 Y, (H
R HCEAR A E R R S0h, BERS SRR, RSP n ouok
DGR SERE—A BN SCUEM, BFRATARYE n Jo SR B 80U A b4
TS R IT. R, AT R R AR B X et i R AR R,

e RUIE €z SIS R
“https://pytorch.org/docs/1.0.0/nn.html#torch.nn. ELU

Shttps://pytorch.org/docs/1.0.0/nn.html#torch.nn. Tanhshrink
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B, FATHERE relu f28—I03CHK (1-gram) WSS eREL, PR relu HEEW] S —4>
RIZF N sigmoid W24 (TRIEEAFIM%E, Deep Belief Network, DBN) 5, J5
AT MR e A A I 0. e (2-gram) T, BAEKR
SR ATEF BT LTS5 —JCGAR S B2, HARRROEA R, Hit
AR B D B AR, 1T elu B AER . 2T =703 (3-gram), R
TERANIATEERINE, EFERZEAFIL T2 IO, B AFAT R R A — A4
AIRPFEE N, ranh FRFATHEOR . T PUICCE (4-gram) B, XA E T
n JCSHERA RAGHRYFRAREE ST, Bt AR = 03RRI, By FR 1 Al AR
fEER, tanhshrink BCONFATHIES
BT RZEE B n JCSGRTEE 5 2B R ARRN, 8 THRBUE B 281
GO, FATEHZ 22001 (Multi Layer Perceptron, MLP) Al 5% n JC
AR G AR VI FOR Z AT M, ARFEBEIER n JCSCRFRR SRR
A3 R (B A 58 B E AT 0 B . X ] DA i B AL (Soft-
Attention Mechanism) 58 B, AR RULAE -3 2R VR 28 (Query)
MR n JUSCEF R MIBEAE i (Key) XAENME (Value) . SR)5, ARUH n T
SCEFR T R R R B IAURIRAS . e, AR BIRA R0 1 oo
3G 2J030GA. 3 JUSCEAMN 4 JUSGEFORPHGER , FERIBRE G 1 1) B R,
M= LM AR BT PO s LR, TR — DR MRS AU TS
FIEE AT SR
PASERA B, A SCIA IR 1 A m] AR AN
h = W emb(x), a = — %h.
s ’ T, &
g, = attny(a, relu(convy(h)))
g, = attn,(a, elu(conv,(h)))
g; = attns(a, ranh(conv(h)))
g, = attny(a, ranhshrink(conv,(h)))

s = tanh(W,concat(g,, &, &3, 84))

PAET AR, N T fRIGE DL, AR EMAZ B I 1w B, h N a 2 A4
(PR R TR . W, € R4 W, € RE™%6 gy,
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dg =Y,_i(d,/27). emb F&7 Token i ML, attn, FI conv, ZIEHIHAIL
FAMZE, Hp k=1,2,3,4, s N2 &3] T umiE X ER.
VSIS LR AT i 2.2 . BRI R, ZeR-koE4 E

N-Gram Semantic .

|
|
|
|
|
| '
| ! |
I - |
| v |
| Z X |
g [
| "g : Concat :
: g |
Y |
I
(@ e ® :
219 i :
g | Z oo
5 : : [ Attentionl ] [ Attention2 ] [ Attention3 ] [ Attention4 ] :
eI e = S A SR =
g : [
g ! [jmm
[} | |
: T T .
E :
S : relu ] [ elu ] [ tanh ] [ tanhshrink ] ' :
9 W Vol
z | |
| . .
| g(;D . [ 1-gram Conv ] [ 2-gram Conv ] [ 3-gram Conv ] [ 4-gram Conv ] X :
:§ R !
< |
| S—
|
|
|
|
|
|

Embedding

2.2 36T n o SCEER i SCRIRZS
Figure 2.2 N-Gram Based Semantic Extractor
FEL 114 AL 0 B R A0 I ) R s 4 B
234 RMEATFRIEXEEHAT EBEBRME
RIE] T AT RE X ER I, T A AR S SO SRy AR, FAT R R

BRI ER A X, BT ISR RIS R IR Z AL, FATH ALY
FIAJR IR ETE X AG SRS g b, ik 2.30R .
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Decoder

+++++++++++++ a

Primitive semantic

High level representations

Pel 2.3 el i ned o i 1 i

Figure 2.3 Information Flows to Decoder

R, FATATIEXA S AR AR A AL AT AL, R — e
PRARE B RRAS B S 15 SRR Mg i gt i R ds i A Py 20— A R T
PErb, FATTREX A i B S R T AR AR 25 14 1) A TR R 24 B 45 - AR D i 4
AR ], AR A B RS9 B 0 AR U S B AH RFm o FERAM
Wb, FRATIR] B SR SRR B B 2w A ) PR A RN R B, SRR
—AMELE R g S B S AR TR SRR R R K . N TS T
Fon (iddst i) PEATSCH., FATRF LA BIR G A MR A 115 R B %
SR FON AR o th T g i SRR A A B B AT ARG, TR SRR
ARG RIEER, FAVTFHEAE YL EX T SRR AT . I IRATFR IS
PRI TRA Al )RR A AU 46 -

235  FTFRBULPARIIE XRG4

JRUE S AL 2P H AR T SOR T A [ 4E Z 1Y) Token fix AZSIH], - HLLAH
[ )7 B, (Eg A REARIE E TR AL TR BT s ) XK ek, S 1
TESOMFEUEN, FRATTE o B IR b 1 37 A H i 1 37 WU 21 A R Y
JER . BT B, FAMUBERE RIEN JFum (5 5., XA LA, Ff]
VERERF H A 15 7R WS IR S 1 s BT DX I, X ARAORE O 1 e i 1 S
PORDEATIRS, PR BLBE T LA S AR M RE R RS T R . IRZ 22
KA ELA BB U T E (Goodfellow 25, 2016), RITERUZ B CHE 5 £ 5
G TRI R 22 M 265 BEAS DMT B0R BE A — e A0, R BEPET, A2 (1]
— AT SO N 2658 A i 7 SO S B i S s E] o FE T SRR
2, AT I e e OO P 25 R I IR TR o Db S SRR I I e, A
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R BAT LS S5 (4 0UZ B8 I 28 Ao P T S B A AR . T SO (9 45 1 45

Hana 24878, Rl A BBRZEER RS T) FIRHER M, EhHTER

A Il B s ) Y R
il X X X X X )

| |
| e 1 \ :
- :MX Add & Multiply by sqrt(0.5) &= |
v i |
Z I Add & Norm |
=18 ! '
. |
(00000 @
Q3 f |
© : R~ Linear |
29 |
- a |

c | o |
c | |
= relu |
g 129 |
o | M ] |
o |
| ' |
| Linear I
I / |
. J |
e

6 d Input Vector

Pl 2.4 JBEs R it LS M &

Figure 2.4 Bottleneck Structure Semantic Mapping Network

TER S T2H, ARG R h— TR N W, € RY [y
R g B Rk —2F, B d, = 2d,, ZJ5R A IESEEOE Y relu BTG, K
J5 SGEIT T — TR W,y € R [ 5245 47 F2 Ay A ) BB IR B 2
oA T AR P I S i A5 B A% (Covariate shift) P14, $% 1 Vaswani %
(2017) Hfcss, FRATTRHIS S s ARG L VR N T 3R 25363 (He 4, 2015) 3
Kk 5N E AR AL (Layer Normalization) (Ba %, 2016) AR, FA15%
T Gehring 4 (2017) B BUARYT , THRUCUHHT S5 M 1) A2 BRE AL I B3 1 235
BETER:, HHLERTE L V0.5, B5 R TR RANWSTEER, ERE G
A TIZIG, TRATX AT .

24
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2.3

.6

BB FIER R4

TERTEAI N T, AT A il LS R SEARS, 2%
BIE SIS FE, RN T g ASTHURIE R SEEIAN Y. PA Trans-
former ZEM R ALY, FM148H1 T SAMT RyE AR ZE Ry, ANl 2.5F1R

ER, AR AR AR A TAEG AR, HAR o 4R ) Transformer

[GIA T T8

Output Probabilities

il

Linear
{ A
I_______} _______ | Add & Norm |+ Nx
: : Feed
I Source I Forward
f—:> Semantic '
————————————— I I
R R k | e e I Add & Norm  |+—
" o I I
! i WSD Loss ' tommm e Multi-Head
............ i Attenti
: | ention
| [ p \ —Lﬁd_a
' | Nx | ~(adden e ¥
| Semantic | X o J" Broadcastable |[!
I Mapping : Feed I'l IntegrationNet :
| Network I Forward e -!
| I
: : Add & Norm
| | —| Add & Norm
" I Masked
! Target. | Multi-Head Multi-Head
| Semantic ! Attention Attention
! Extractor \ \
| I j—
| : \_ N——] J . ] J
I
—————————————— Positional Positional
Encoding @‘G{) -;- -© Encoding
Input Input Output
Embedding Embedding Embedding
1 1 t
Inut Input Outputs
nputs nputs (shifted right)

Pel 2.5 i SO ST BSR4 SAMT A%

Figure 2.5 Overview of Explicit Semantic Alignment Architecture, SAMT

2k, “WSD Loss” 03118 X HE (Wrapped Semantic Divergence, WSD) #5}
BN GR B AR L G A, i SCBUEE AN E WAL IR A, Xl A
SR o 1 SCRMA 48 Ay ] — 2 0 i S 8] ) H b i SRR BEA T3

EAF—5Er, BT EE B TS AT noe3ak, A58 Sl R

9%6

=
=

OB T SRR R VI WP AL, PRAE R 2 00 2.3.775
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BT A NS5t HAT—E AR P B RE T, DR A A AT AR RAE B A
SN N E TN B HENE i R NET PN NS

237 MRMES: BENIALS

FEBIA T AT AR , PR PR SCHUEVIRME N, & T BALA 5]
S 7 KAV OB T . 4R, 41T Transformer vk B RS,
B R LT IR 00 E B, RS A B XA
FLA I 0, B/ MR AT Bk ) 017 X% s A B2
CHVLFRER ML, SRR, RATEILLHE X4 (Semantic
Collapse) BLGJth T LEb et BRIH 0 1 bl XA R Gt T s
XA S

hy T 2 SRR , AU LA SRR A E bR X e
PR o2 T HEIE . LR, XTI Wk H BRI X
FRURBRIN%E, TR IR, B2 P12 e T %
FEBLERSTREDCH R BT ORISR LO SR S, I
HAPBERSHOT LO SENMLI AR (5% TS BMEnm s, &1
M2 e LRGN LO TE T AERES W 2 A BB Tk . T
LO SEHOR TTRAAORFIE R ATEEH: LO UM BRI L1 SEHLEA IE N2
B IR, 5 TSI EI R E S MR LFOR, AT R A
FRUE SR T L1 205 B LA )7 X R T2 0. AL,
WM AR AT

EI(X’ y: ®) = El(s’ t) +A- (£1(S) + £1(t))
Hrprs, t 73R A H brinih LFRoR ), BTG A A

s = SourceSemanticExtractor(x; ®)
t = TargetSemanticExtractor(y; ®)

t = SemanticMappingNetwork(t; ©)

DAt FEAS W DR s SO AR TR, (ELE: A A o SO ) BUROR AT A« 3K
il B L1 5k i S By A0l 17X AN it B4R, FATxF L1 $iskik
EFENLH, — BT L1 SR s 7 B BE, oo EEn]. i
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g T R R ARAR . BIERY L1 5% 515 SCRURE R 2R PA— P in Oy =X
—E TAE: WERE SCHUEII R AL /N, W22 m i) L1 i s g, Rz IMA.
FATHE D2 B G AR W R A X i B A A 2R, AT T A
R T RARMELT, EMRG T g )

Rk 1 BIER) L1 SR BE £,(v],v2)

Require: d Z[n) i vl, v2 (02 @ F[EEN)), BIE 2, A TEERER €

- if v2 R E then

2 loss=Y0 |vl; - v2

—_

3. else

4: loss = Z?:] lvl;]

5: end if

o: THRUGHI R loss = loss I n
7: if loss > 1.0 then

8: HE-H loss = loss?

9: else

10: TTEAEEL loss = 1.0/(loss + €)
11: end if

12: IR [A] loss

2.3.8 kRE: JIZEBER

T SCHUE BT A G A AR, i b o311 300 Zom A al g
P, O TR RERS 1A, FROTFFEEM A R TR ZRiE . eI ZRid A
e, T SO SE HARE T B 5 A2 S AL, SRS IR B R AR HE AR PP 4K
e BT AR KA ARA B WG 501 SCPUE A RGRSE . 5 DA B JEAE
N, A TN RUIZRHE bR, Hd T 305 Token £

£(0) = %( (@) +a- £WSD(®))
N T,
L:(0) = Z Z logP(y;”|yZ.,xm; 0)
m=1 i=1
N
£, (©®) = Z( (8" t'")+£l(xm,ym;®))

1

m
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24 SKBERS5HH

N T BAEA T TARR B R A R, FANTBO T EZ MR RN 2 G
A LTI, X KR AR I TR O AR A e . AR, 3K
TR N RS2 I T AR . H T R L RS, BT Sk
B GBI TREMSTS, RIS SR A R AT 0. AT TAES A
T ZABINALNT, FRATTIE BE— 25 14 i IR 42 ) 2 8 ) ST 30 DO A T i S 38 oK 2
B A LR BB SN o Sy 7 R HE AN T AR e A S LAY LA
FATIRZ A T INGRad AR A R AP SR 2 A 5 22 R ERAT TR BT
WM SEE R IR UE B 5 | AR EESE R i) -1 SO Bt 21 B A 5T 0 A B AR
ARATER SR BCEVAT TSR AT BRJE, FAT A R 2t S ke
7GR A T 3 B AR R TR R GE R it

2.4.1 SCIG¥HRE

AR BT © PR (EneRo)  HEERIEL hSC = 35iF
(Zh=En) PARRHIBLISEE = 515 (En=De) BRAES LT T 90, XX
BBALS55, FAIN S5 SCHEAT TR ICHR 4> (Tokenize) , 8]t multi-bleu.perl
AT ) BLEU {H (Papineni 4%, 2002) S DAl il 1851 £

YT Zh=En Hdfi gk, IIZREE LDC iERbE 2 HL, iy 1.25M /M) Fxf
17, & 27.9M A~ ¢ Token Fl 34.5M AN35 3 Token, FA113564% NIST 2002 (MT02)
BRAEVE R IGTFSE, NIST 2003 (MT03), NIST 2004 (MT04), NIST 2005 (MTO05).,
NIST 2006 (MT06) #1 NIST 2008 (MTO8) s £ 1 A%, B HEE T
878. 919, 1788, 1082, 1664, 1357 AMj¥-. A1 EAE AR TILR

XfF EneRo $flide, AT H Lee 55 (2018) Fisb B AYTERHE, ZiEEL
PEALE T 608K ANMA]FXT . FATE A A ATT R 4 2 1999 A~A) - ZH B B TE 4R
Ak .

I T En=De ¥4, FoA 1811 il tensor2tensor (Vaswani 2, 2018) it
1) WMT16 iR, ZIEEEA S T 4.5M A1t . JATfEH newstest2013 4
HEIELE, newstest2014 fE AL, BEATAHM AL E T 3000, 3003 M1

T )7t 3 B2 AL LDC2002E18, LDC2003E07. LDC2003E14, LDC2004T07. LDC2004T08 7
LDC2005T06 [ Hansards By, 3 1,252,977 A~a)% .
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242 XftbEZ

FEAMTEE 1.2.295 FR 52 B B4 24 il fie e bR Transformer 541 FEL R S .
243 BITEE

FeAI14% | Sennrich 55 (2016) PIME , K5 B RIAEBE AL T BTG« FRATTRT Zh=En
B RIS 0 F ARG S0 T4 SIS T R VER0H 30K i T i 4D (Byte
Pair Encoding, BPE) AR, 7247 29M 3¢ Token Fil 35.1M 4353 Token,
T4 O AN AR sk h BB 5 ) 32768 A~ Token 1y s Al H
PRSI, MTFE] 5 5k 32768 A1 29408 /4~ Token KB . H b
WIEFE, IR T I%EE4EH 99.83% 1 100% 1) Token® . FA14 HNHHiAL
Bt EnesRo idi4E . En=>De $iid e &Il HORBE, Jol UG
FERE BRIERH A, S5 XD R VERCR 40K, 32K 5245 %
GRTHE AR, ik RA NI R 40K A1 32768, MITiZE L T £ 34976 i
32768 NI A%

BATEE— D EH LI T H AL fairseq (Ott 25, 2019) FSCBL T A SCET
Transformer A 77 . BRAES AV, FRATHTA AR fairseq” ) 2RIA
W, TEFTA ST, REARIIDARIRI BB S0, PABRIE VISR R P R &8 A
I B R R S BRI A AR B IR 4% 5 (Curriculum Learning) (Bengio
4,2009) A%, HTWSHHENHEIE, A1 Liv 2 (2019) FOMEETEMRE
T TAEYSE (Decoder WT)  (Press Al Wolf, 2017)'0, >y 7 38 f 5 o
15 SRS ST AT 74y, FRATXARAD BE A A BH% (input feeding) W T
p=02HiiEFR GAEFH) HA, BMRHER p & H IR Token (75145
75 BOS [44h) ##ey UNK, 3774 T H BRI EEL .

%} T Transformer#tbase #i7H , Fo A 145 4 PRSI AR IO &5 102 BRI B 6. T
I E AR 4 512, BTBUZ A PIFLE I 2l 2048, £ Sk Ty B kY
FORHSCE N 8. AT THESR A 0.1 f dropout (Srivastava 45, 2014) AR, 1E1H
BRI, BT T AHE R 0.1 B IRE T AR . AT

S F R EE B A RAETAI 1) Token, EIZESMH (Out of Vocabulary, OOV ), FRA T4 B # K
BN UNK 475

*https://github.com/pytorch/fairseq

YA & 1) Token Jij AR EE BRI softmax 2 BTGtk AL B IL 224
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Adam (Kingma Fil Ba, 2015) {4t 4%, iR E#SE =09, f, =098, =105,
F IR Ot 45 (2018) (i, FRATIBE P MR 43 By 2 Ry =X 2% ) A
I 4000 YNGR LRI Z Te-4, 2 J5 T - SUNGAR T MR B 5
o XFT Transformer#big, ARG Ott 55 (2018) AH[F KB E

TERGI AR, AT A R BB R/ N WA, Bl 1024 T
Xt 5L T Tansformer#big FRRAL, SZBRTIFFEVEIR, o AR Bk AL A
FHIA] o 15 SCBRG 28 TR BE BN 20 R TS4UbniE B, A &R 0.1, T
BE n Bh 2.0,
244 JlGAT

FATREF G I WSD #3754 2 s BV TR K5 R , BIYIZRH bR 2
0 a DA 0.05 Wy RERLAMERS S| 1.0, XTE T Transformer#big AR, o E
H0.02. h T OREFEMGE R, FATERHG B p 2 A 5 ABEILEE, RIZET
ZRe RS AR PR A dropout, YRR, BA/MIEREFEA (mini-batch) £
BRI 32768 (base 155k 4096x4x2, big %k 2048x4x 4) ANEumak H bx
Token. FATFERE 1000 M llZ2Pad 5 8K 58 8 T X GR AR — 56 174 3k [ B P A
A, DMESERIZ ISR BRAES AU, 7 AT AL I RN Ry 4 5
Wi (beam width) FEATMRERD . YT TR BIEATLST, M T2 e SO K
FES (length penalty) #'E 4 0.6, Fk{T7F CUDA 9.2 I fifi f 4 5Kk Titan XP 51
EShiAT A Sl N SRy sakit

245 SRR

XA ) base B, RATRARAGIGR IS, ARG EAERRUEEE b B
RS R Y BLEU {ELYIRZLSS

% 2.1 T Zh=>En B R BIFAL 55 b NIST Bk SR il 42 iy SL g 45 21
(R/NEAER BLEU ) . 763 2.1, “#Param.” (RS HIEE, “0
FORGIR L H I TR (p < 0.01), 1 “1” £ p < 0.05. Frf B& ke
A I8 T H BYEER A (paired bootstrap resampling) - (Koehn, 2004) SRl & (1,
Horp SLER IO 1000, REEELHIN 0.5,

MR 2.0 P T AR A5 Hh i BT D iR SE R S R O MR eI i Tk 2k,
BT HBIERY T IA SAMT#sim {1 5T/ BEI )7 7% SAMT#ang, AT THEFEL
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System Architecture ‘ # Param. ‘ MTO02 ‘ MT03 MT04 MTO05 MT06 MTO08 | AVG
Existing NMT Systems
Meng 1 Zhang (2019) Transformer#big 277.6M | 4532 | 44.13 4592 44.06 4478 3533 | 42.84
Meng 1 Zhang (2019) DTMT#4 208.4M | 47.03 | 46.34 4752  46.70 46.74  37.61 | 44.98
Our NMT Systems
Transformer#1 #base 91.0M 4533 | 44.10 4599 4476  44.02 34.59 | 42.69
Transformer#2 #1 4+ Decoder WT 76.0M 45.77 | 4492 4582 4566 44.16 35.14 | 43.14

Transformer#3 (baseline) | #2 + pyord_dropour = 02 | 76.0M 46.60 | 4532 46.78 4535 4489 36.23 | 43.71

SAMT#ang 100.7M | 47.51" | 46.80" 47.75" 46.33" 4518  36.58 | 44.53
this work

SAMT#sim 100.7M | 47.43" | 46.90" 48.07" 46.89" 46.00" 37.53" | 45.08

% 2.1 NIST Zh=En Zlls ERIVEAT 55 50400

Table 2.1 Results on the NIST Zh=En Translation Task

XN AR RIS R R R R RS AR ) S 6P cos A m/2 DX AE
PRRIZL, TAE 0 AR AP Y 2 I

# ‘ System ‘ Architecture ‘ #Param. ‘ En=Ro ‘ Ro=En
Existing NMT Systems
1 ‘ Transformer (Lee 2, 2018) ‘ Transformer#base ‘ - ‘ 32.40 ‘ 32.06
Our NMT Systems
3 | Transformer#1 Transformer#base (Decoder WT) | 62.0M 33.20 32.82
4 | Transformer#2 (baseline) #1 + Puord_dropour = 0.2 62.0M 33.49 33.02
5| this work SAMT#sim 86.7M | 34.22" | 33.61'

% 2.2 WMT16 EnsRo MRSETIEAT 55 20585 4

Table 2.2 Results on the WMT16 En<Ro Translation Tasks (Test Set)

WRYELE Zh=>En 4 FR9RE 45 R, KATMHE EnsRo, En=De $#i4E
IE SAMT#sim ka3, 3 22015 2.350 4151 T4 WMT16 EneRo Fll
En=De [JSEI AR, SEIRBAAE S0/ NI sl BT ORI B 4 b, FRATT AL
BRI TR, RS Zh=En Bl FINSH IR CH 24, WA
BRI, A SR UM REFRE TR
2.4.6 HRRSEIS

BT AT TAEG AT 28N, BIE SIS « 15 OB R4 )4
LM, GIAT ZANAERNER, B0, s SRR AR oo i RS vk
T RARAMEIE, 7 A AT TR R S, JRATHEAT T Rl T
BRI AL B ZOR I IAAE Zh=En #dla 5 L PEREAL ALY TH RSE Y . 35 2451
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Systems Desc. # Param. | Test
ConvS2S (Gehring %%, 2017) single - 26.43
Transformer (Vaswani 4, 2017) | ensemble 213M 28.40
RNMT+ (Chen 4%, 2018b) single - 28.49
SNMT (Yang 4%, 2019) - 276.8M | 28.92

single 209.9M | 28.40
Our Baseline

ensemble | 209.9M | 28.60

single 243.5M | 28.75"
Ours + SIM

ensemble | 243.5M | 28.91

4 2.3 WMT16 En=De SRR S5 52585 (big B8

Table 2.3 Results on the WMT16 En=>De Translation Task with the big Model (Test Set)

T SHANMLE . SHESFP RN A KRHRSEREIR . fE£ 2459, A
TR R G A R E AT SAMT#sim SR 7 igfbidh. FikiHl, “-Semantic
Extractor” 45 tH 455 52 AT 11 -F-33 Token {ix A B i i H AT o0 ) 118 CR
INRBAT R PTG AR, WA RN T TSR AT tanh AR

L.
# | System Description #Para. | MT02 | MT03 MT04 MTO05 MT06 MTO08 | AVG A
1 | Baseline (6 layers) 76.0M | 46.60 | 4532 46.78 4535 44.89 36.23 | 43.71
2 | SAMT#sim 100.7M | 4743 | 4690 48.07 46.89 46.00 37.53 | 45.08 | +1.37
3 - L (s, t) (Semantic Div Loss) | 100.7M | 46.53 | 44.92 46.83 4587 4538 36.20 | 43.84 | +0.13
4 - L,(x,y;©) (Modified L1 Loss) | 100.7M | 4647 | 4546 47.14 4632 4499 36.13 | 44.01 | +0.30
5 - Semantic Mapping Net 97.5M | 46.26 | 45.64 4742 4629 4546 36.76 | 44.32 | +0.61
6 - Semantic Extractor 849M | 46.08 | 4391 4650 45.61 4378 34.84 |42.93 | -0.78
7 | Share Semantic Extractor 923M | 47.17 | 46.65 48.04 4742 4573 36.85 | 44.94 | +1.23
8 | Non Modified L1 Loss 100.7M | 46.88 | 46.39 47.14 46.06 4531 36.15 | 44.21 | 40.50
9 | Baseline Deeper (10 layers) 105.4M | 46.51 | 45.19 47.14 4591 4478 36.60 | 43.92 | +0.21

% 2.4 NIST Zh=En 30 4155 TRl K 458

Table 2.4 Ablation Study Results Results on the NIST Zh=En Translation Task

FER 2.4, WS LATEIEE 4 ATIEE RRAE , AT A BE CHUZ B IR L
PR LA AT BN A RER G LA, B e hrLE o, st
FEARZ . WS SATINERRORE, MRS 1. 247, 9 73RS A ITERE, THX
WS AR R AR o T PSS 1. 2. 6 AT SRS R, i IR osE 2 &
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KEZW), R TERXEESEIERE SR NS, HRBAUATAE, [FEge
5510 20 TATHISS R T AR, B fn H Rt ii SCHTEGES , BB REER
G AR, FRATHE IR RE 2 K o SOl 1 b i = i e Le St [m] Jg 1k
55 8 AT SLIR A R RIBIER L1 ik 2— A REHEE, "AXMHEE, 55
PFETHHCBATR, 8 X = I AR R S R 22 Transformer Hr ) B [B] I ARA 25 fE
HE AR AK AT A RAR 5 118 X AR LF B 2. R T5IAT 2
BB, AT EA TR G| A T — 2 =S40 100.7M (FHX T EL 4
A5 76.0M) o FoATHE B M | Transformer#base BRI HEAT 7528y, %A%
) g i as ARSI A 10 MU AL, £S5 ESIRATMEBILCE0H
(W52 ). ARIEES 9 471945 SN Transformer#tbig H 24550 (32 2.1 P45 1 47),
FATRT AT B b AR RO R T2 3R i R 2 th T LA T HUMNA S 801
PR

2.4.7 %5 BLEU g%

N T HAFRINGRad A Tl 25 H AR5 e A PP B P BE B AT 9 BLEU {HAS AL
R E LR, FAT e 2.6M1E 2. 78R 1Sk H AR AR AR R 5 H
R R PR R A R AR B GR i B A I, R R AR
G MR R DALERE], Brol AR SR8 (BT SN PR :
T SCHUEFME IERY L1 2R FERE A b —E AL T 32 St (6 AR oL
W, HAH BLEU ' AR AR A5 R doe/ MO L R 3RAG 10, AT A7 /2
F ) 10 S ) AR AR R A AN W A 40 B A

248 XS

— 7, AR R, AT SO R B R, I BT ATk
Y, KRR S FR 3 AN A B A S AT TR A A PR .
BEFATN RIA R T18 SO Bh T3 3 X Bk iy A& k. Ak, FAT17E NIST
Zh=En M4 b4 5% BEL AR Base . SRyl SAMT DA KMk RE 5 FL 4L
RETUAT HE P R IR Comp (PEAENS2E) HEATARAD, H A LA P 14 41) - il
ST TR R AR B BB R . 3R 2.580 T i i AT EAS [ AR RE A O
(“p” FRFRMTHMESR p Xy AL A) B FE AR R R A - ) R REEAS

UIRATAESS 28 SAE RN IRAT T BT AR
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Pel 2.6 ZRfd ik (RGO, log R)%)

Figure 2.6 Curves of Training Loss (word level, log scale)
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Figure 2.7 Curves of BLEU
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MM ERR (C(%) HalEmH A P HE UNK G0 E ) DA EAMRATESF
TEA R FE EE G R i AR RO FRAS R EE (452 PL"AVG MTO03-08” #% =0 B, Ri4y
{1 BLEU {2 MT03, MT04. MT05, MT06. MTO8 F¥IHE). £ 2.5H045 5
T, FEARFRRESRBAT, R TR Comp Bt —HH L T R
AT R Base, X Btk 1Al A4 o SCAT B T 14 5 AR AR kK g A
S

Model | p=0.00 | p=0.05| p=0.10 | p=0.15 | p=0.20
C(%) 99% 94% 89% 84% 79%
Base | 43.71 | 40.10 | 3645 | 3297 | 29.66
Comp | 43.61 | 4026 | 3674 | 33.11 | 29.77
SAMT | 4508 | 4135 | 37.64 | 3393 | 3041

% 2.5 NIST Zh=En 4y 1-Zifi L5 BB s R

Table 2.5 Analytical Results of Sentence Level Semantic on NIST Zh=En

7 —J7 W, BATEIHLAMSEAPIRME BT (18 2.3), gibSas i (Token
23R ) M SR (BT JRG T ) B2 ke 1. BRI
g, FPRH AR B BT TR AR I AR TP o X G B 8 i DRI ST
ki NI AS [ 1) dropout. FATFE] 2.8 70 /R T 41X A AR dropout (1
RERIER . NIRRT AR, 15 R AN Ingnhh sk e, BIER5 i 1
60% , VEREW KRB NI BEAh, xiE o /N T 0.01 fyfH
SEPRBHIT, B ELF- I A2 AL, (BRI A3 2 23115 v SRAEAS A A T g e
PR TR AR AL 1 BE AR U AR Beam Ay o ARIE DA EPRRBIGE , FAT TN AT g2 il B
BITE SR P U T 4 B AR

FATAEAE Zh=>En PO 4E 1015 SCF IR I 4 BE > 5% i vk REEA T 1 95580,
FIRERANZ 2.6/ . K 2.6MEREN], 15 A R uCE T R i e
IR B AEERE . X PE— UL T FATR IR A 18 SRS P — e
A2 TCHEIN 7 I A IR AL Tk e 2 on i RERE R

Py YRR 512,

g I
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= L = L —— MT02
45 A MT03-08

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.85 0.90 0.95
semantic dropout rate

Pel 2.8 ZRahih i 1R SCAAE M RIS ERER B R A A P FrE A 5 i

Figure 2.8 Influence of Encoder Output & Semantic Representation on Decoding Performance

# | dim | #Para. | MT06 | MT02 MT03 MT04 MTO0S MTO08 | AVG

1| 512 | 844M | 4692 | 4557 4753 46.72 4551 36.44 | 44.35
211024 | 100.7M | 47.43 | 46.90 48.07 46.89 46.00 37.53 | 45.08
312048 | 161.5M | 47.04 | 4645 47.57 4633 4482 3691 | 4441

4 2.6 NIST Zh=En A [ if§ CHERE IR

Table 2.6 Results of Different Semantic Dimensions on NIST Zh=En

249 BSESH

TR AR T, AT T — S Em SRS, AR H i oy
AT S T IR SRR M A i SO 2 22 [ — J2 U AR o SO
W25 R depth AUE IEY L1 4535 g AR BIE n 2547704

VB SRS R 28 R FE Y 2

e b, W5 S A B TSR B AR A AT R AR R, B
VE SRS 00 2 B 2 S0 L A ) R 250 1) R A S8 I i T S 7 B SH 31)  i
VB TR AR S T I e 0 18] B A It 9 245 1 SRS o 245
AL, 2.3.577 R 2 ) 45 B R B2 100 pRAIORE FE B OGS DR 3R, DA G SIS 19
FRESHAR . A I T8 SRR 1 R RS PR 808 b e 15 LR R 5%
WRAEFE , EFAMKIR T A BERS B BN R 2R A HH— 2. Aok,
IRt R F AT 5 S TR 5 T 21 AR ) P4 B B P o oy SRR B, ol 1 B Y
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AJFORTETE SCT W SRR AT, FEAT BT ST B T3 T LA Bl i ML RE A4
BN, FATR] DA i EARE I f) 128 R S R EHE T SO A5 X 5 B AT i
SRR YE, WL BLEU (AL R 2 T8 SO SFF v e . AR 2.7/ T
£ Zh=>En e FAIR IS MG M 45 R P SR A R . SRR R, H%E
T SO IR LR IR, BN O J2 (CANBEFITE USRS R 2% ) 21 4 )z, B pERE
SR PR XFATRFTIAEAR - RS SR I 28 ] AR S A R ek %8, (EAE
A R IINZR IR SSRGS 3 2 SRR A b T UG
K, AR 2 B I R A

# | depth | # Para. | MT06 | MT02 MT03 MT04 MTO0S MTO08 | AVG

1 0 97.5M | 46.26 | 45.64 4742 4629 4546 36.76 | 44.32
1 99.6M | 4698 | 4635 48.01 4643 4538 37.15 | 44.66
100.7M | 47.43 | 4690 48.07 46.89 46.00 37.53 | 45.08

2

3 2

4 3 101.7M | 46.89 | 46.54 4852 47.02 4583 36.75 | 44.93
5 4 102.8M | 46.97 | 46.27 4735 46.82 4632 37.61 | 44.87

4% 2.7 NIST Zh=En if§ {5t 8 M 5 5 45 R

Table 2.7 Results of Hyper-Parameter Depth in Semantic Mapping Network on NIST Zh=En

fEIERT L1 $5i5k S{ERI R0

AL HH RS R SC s, FNT A B > B R B TH L3R ) B CREA
BEA/IN, 75 )20 s g 13 67 58 4 R A, SRl A A SO ) 6 e
e 2.3. 795 o BT B E AL B IE L1 B ol 71l AR ER . B,
FATEERIE 1P E T — 444 threshold WS H n e il & 5 B & . 38
XA SRAEAT 1T, SSIRE R INER 2.81/R, SLIATRERVIBI(HZ
R WS Jibf e 2

2410 BT
AT AR (Base) M #HAEAY (SAMT) 7EHiESE MTO2 b AT
firtth, Sk BLEU{H (%) 43510 46.60 Fil 47.43, MARIGEEH b B AN R A2 itk

AL NG
B depth” AT ST T IR MR 2R, M2 4y “Mx 25
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# | threshold | # Para. | MT06 | MT02 MTO03 MT04 MTO05 MTO08 | AVG
1 1 100.7M | 46.97 | 46.51 47.48 46.65 4596 36.99 | 44.72
2 2 100.7M | 47.43 | 4690 48.07 46.89 46.00 37.53 | 45.08
3 4 100.7M | 46.83 | 46.44 4787 46771 4596 36.53 | 44.70
4 8 101.7M | 46.99 | 4590 4747 4721 46.11 36.86 | 44.71

#¢ 2.8 NIST Zh=En {%£1F. L1 i &P i B S 90045 1)

Table 2.8 Results of Hyper-Parameter Threshold in Modified 1.1 Loss on NIST Zh=En

o RFPMELALARAD Y B 520 Bl PEA BA) Y BLEU

o TP AR a) 11 BLEU 22{H: BLEU(sg 4p7) — BLEU(s g 4 5 ) FHILAH
[ %t BLEU(s pgs) = BLEU(s 5407

o XIPATFEL ) BLEU 25(8 BETHER -
FATHESAT AL TR T AT AR DR AN BEA T #4 :

o [EE—MEAMRH LKA TS5 5P RLE— R TR

o fERE IS ) TAETHAE BLEU (AL A9 n JU3CRTRORY
JEH 0,
I JEFAT4% BLEU 22 (R H S )RR BT e 22 AR

o fff: max(BLEU(sg ) — BLEU(s gyg))s

o fiZs: max(BLEU(sp,,) — BLEU(sg4p7))-

29BN THE DA ERRFF R AP R B, e 751 AR s AR B
155 818 M) i fil. fEZ 2.9, “src” UREIEISC, “refl”. “ref2”,
“ref3”. “refd” EAHN IS H IR TR RO i fE—F780d “Comp”, #All
B T AEIZREG] M Base #1 SAMT #4500 “BLEU, VUL n {iri n T30
R (%) BIgER, Hn=1,2,3,4,

2 2.9 By AN EEBIAR I T 3T B 5 th B 7 VAR S 1 ST AT S
VB R R, A B ) BLEU A OSSR (R i
AR R IUREEI S5 7).
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sre | fH S A L ORI B AR [ At 24T SR ZE L T e AR S .

refl | but chretien seems to have changed his original position after he went to hold talks with bush in washington d.c. last thursday .

ref2 | however , jean chretien seems to have changed his original stance after a meeting with bush last thursday in washington .
ref3 | but chretien appears to have changed his stance after meeting with bush in washington last thursday .

751 | ref4 | but after chretien talked to bush last thursday in washington , he seemed to change his originally stands .

Base | however , it seemed that chretien changed his original position after holding talks with bush in washington on thursday .

SAMT | however , chretien seems to have changed his original stance after meeting with bush in washington last thursday .

Comp | Base: 42.63, 80.0/52.63/33.33/23.53, SAMT: 90.71, 100.0/94.44/88.24/81.25
sre | X R YA AR DOk B 20D I K- 5 DAk .

refl | this is the first sandstorm to hit north korea since this spring .

ref2 | this is the first sandstorm in north korea since spring this year .
818 | ref3 | this is the first spell of sandstorms that hit dprk since this spring .

ref4 | this is the first sandstorm north korea experiences after spring comes this year .

BASE | this is the first sandstorm in north korea since spring this year .

SAMT | this is the first sandstorm that north korea has experienced since spring this year .

Comp | Base: 100.0, 100.0/100.0/100.0/100.0, SAMT: 54.11, 86.67/64.29/46.15/33.33

#¢ 2.9 NIST Zh=En 554 MTO02 |-1¥)if SO 55 B EREB

Table 2.9 Translation Examples of Semantic Alignment from MT02 on NIST Zh=En

2.5 AREING

TEAT TAER, AR 245 G5 10 1 22 175 B 135 Hh A S 3 171 9% 31 ) D e 463
SR A X BT e A R R R — B T IR S sE, R TR A
Bl e A 2B ) S ool SO SR A, w5, FROTE # A — A Reis i
FE— M) TAAEZ AR 1) 11 S AR S AL S3CM. 53t 1718 SCHIUE Y
X FEHEN R ATHAE SO 57 . SRJE, FRATS I ALERZL:: BT n goSORmIE Sl
s T AR GG Token fix A Hr R IR E SUE B H ARG UE R, 7G50
ZERF I e RN R B & 2RS4 s AR MO AR TR i . E At i
SRS B[R] — A5 LAS R TG WS M 4. e, TRZEMR T8 (i 4

, AT BT TSR RE . RISt B R R AR S, TR
TR KA N, I H S3CM WIEH 5 G WA RHIE, AR LAEAE
FORM R AR AR TP, XA RE S A E SUE B EE R Y B A R
GEAk o PR R I A 32 A PR S — NI SOW FFAEZE, BT DAKS SR T DATE
AR R AR
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FIE ETHSHESHRALESEZBRICRER—IHR
3.1 5|§

L2270 bR 2, 2wt e L 3 =P A e 41 2] SR A 2R 2 B T
it —TRAD e 2R, IR S B By s AT U G o ARt REp, Sy 1 3~
—> Token, HALRSEEANJ i Fr 1) M1 58 A 1R AR Y > H x5 41 (Ground Truth)
P BT SC, HoA R H Ay 41 nl FE AL -

K * k K

yﬂ< = {ylayz’y3’y4a o 7y;k_1}

Horp yi FORRFHIHRYER @ A Token, t N RIRFHUAYES ¢ 4> Token, y* KT
GRayTRE i H brdi i 7o 2RI, AN B, T A s i) 1, B8
EPATSE AL TR H msn P41, TR A AR IT AR 28 RS B 20 B Arii 17 51
KA, EFAIE AR N

y = {yle’27Y3a J’4, A ’y[—]}

TEy 1, y; BN RRRD 253 32 IR T S AN BB 23 A2 U B AR 78 {31 Y2, V30 Yao =5 Yict )
PN BRSNS e AT AT AN SR A Token #5451 A A2 5 Bl
B JE SR, — A SE EMKITIR A U P A WP IR A R % T
TEYNGR I 56 45 A BT AR R X AR B R A BRI T BEAT T, X 22 53 ]
AE 2 HO L A A% B TR SO™ E i BRI AR U SR el iy, 51 AR IR R AR
%, M S8R .

H M Ranzato %% (2015) i X F w2 (Exposure Bias) [FJ@IPAN, BF5E
NGOG BT R T A, aTREU A I Wi

e Token Z¢ H|/J42%: Venkatraman % (2015); Bengio 4§ (2015); Goyal %
(2017); Mihaylova 1 Martins (2019); Zhang Z& (2019) 3 1 75 Y11 25 1 F v 3 5 3
PEHEAFAESR R BT SCHEN R, ARG e AN X o 22 3 ) U B

VRERIML, M0 =1, FRA AR H AR T RGP SIRL LG4TS (Begin Of Sentence) BOS. 7E5KFr i
TEdr, y* Ry EE—FF532 BOS, AL R RiAL iR A .

PG M 22 ) AR A A AE B AUIER I BRI B B () i R R IR . O 17 3RA3 SEAr stk g, 114K
IR 1] T 5 22 M 25 B — DI RE R AR 8L, T S8 I EAE I B BOR AN AT 15349
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o AN Ranzato %5 (2015); Shen 45 (2016); Shao %% (2018) ff-4=
SRt PSS A N 2R H PR REAS B, Sl I Sl oy ) SO R TN, ISR
AR e e 2 Y 7 X —8, AT AR R (BT B T i A2 e o
JITAT I 28 YR B A RIS T Y B T 32 e Token 2 5% Bt B4 7 BT A
FLARI IR AR R R R SCRIE A, B AR IO R RIS 93k ik i
(AR ) B e P81, A )R N T A7 AR BRI R SO BB Y 52

ARIT AR, FATFERF G 22 A U Ghad AR -5 s Befgas b1
IR =BT, B B AT A AR AR SRR (training procedure )
TR T, A e XA 2 A PR A 7 e o ik ) B 12 ) X T A 2R AP BE 1A 52 i)
Wt BLo) T BAER A . BB W A REAE AN A R G Y iR T R E
ZW SR PR, TERFFIEREA TR I, A SOt IR A B G i 22 )
RO T SO ST S0 o

TEAEH T ORI A A, FONTRE B 587 2 B AR S A ' I 22 17 AL i AT
K TAE . SRERZ T A Ge oG 22 DR A AR JE, Rt i HE X ) ATk
BT, B ERBCIRAS SO IR S R 50735 . 3558, FRNTXERLA TR R &
RS AN R REREAT 20 AT, A BHE A T SR80 A A e R P 1 = ot A S i
W RS R — P NSRBI R PERE , FRiZ0T N B2 AR IE « AT REAEA ]
MR, Z AR 2 ANE S X BT 7R, SEIRATRRN], RIS R A
% R LE I I FH RS AR BV BRI, e K2 B0 ol R RS LS
REPERERR T BA, BATEWRA DT T AT NA SALA TAER SIE, HF
B85 MR A HA T AR X AIFI R HEAT T3 e, FRATRAR I AR

AT TR,

32 HEXIIENER

309793, A Ranzato 4% (2015) & H BT HEERA 22 9 45 10 2 51 L)1 25
TAER LN 22 FAGE , (874 T — RSN E MR B s TAE. EATRETA
SERVATR S s — Rl iR N S A v B S MM AR B R Y B TR SCPE S
N5 R BRI 45X IR 22 57 A KUY BE J7 Y Token AR F)—Ff

SR IR T IR A SRR R4 BT 81, A S A T R Al P ) — S BRI B, (R

AEM LB BN TR
2 U AR B T SR I A B B R AR R
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AN H A Token LA H AR, TREAR BT 21 (AR AR A5 433 b B R BE R
I8 H AR E A BBARYIGRERY, AH Y T [ a7 kb T X B 22 5 P 9
3.2.1 Token ZHIRZHE

Venkatraman 4§ (2015) $& 67 2 25 100 5 802 6 15 22 1 ) B A4 Ak A B4
#2], IES I GEHEEA “REE (demonstrator) * Xof 2225 i i A v 7 AR
(IR ZHATIEIE . Bengio £ (2015) {4 Fl—Ffit 4] R A (Scheduled Sampling) PHFE
F N, RN AR B IE R AT —A> Token 158 4835 BB M AZ N
A A 7 Token 82 14530758 Goyal 25 (2017) #E—5%} argmax #4512
AN B PTG, PA T3 RIRAED L. BAh, Mihaylova FI Martins
(2019) F1 Zhang % (2019) 43 HPRE X RALBARFL A E Transformer Z244

322 RFINRIRE

H T B B R R A XA B A 2 I TR Y, PR AR — A5 1A
BTSSR rh RS R iR 28 (40 BLEU H) , TR 23 )2
(DRI, AT 3 G 22 TR O 00 A, 3, W] DA AR Ay — o 2 g B o Ml 22 [ 7
W7 . Ranzato 55 (2015) T — i i 55 Ak 2 >0 5 2 B B U A M ARt o8 1 174
JERRFANRINGEFIL . Shen 25 (2016) St T —FhAERS ELHAT X B AR RIAY
JER AR SR/ NS ZRUEN . Shao 25 (2018) #2117 —Fh Al DA T
S AL ST HEZR I B T AR n-gram PERCHY AT RUT 9GO 25 HARRY /¥ . Zhang 45
(2019) 38 12k 53 i AR MY AP AE A DRI B AR, AT B AP O PRA 2% ) SRS

3.3 ETHNHRSHENIRRERATE

TEATH, FRATT I 2 0o B i 22 [P0 A7 A 1) L4 S R AT R4 A, ki 4k
B SRS B R (B EERIE) SR n] BE BRI SE M . E1XF RS IR , 3
TR H ek il A 7 O 22 1) PN AR X A B bR ARG B AR SR AS W el A i A 1|
AR B 22 R, BINERIRESEES (Internal States Fusion) .
3.3.1 BtimERERIES T

W ' i 2 1) A SR N et R AT S B B 5 — > R ) 71 SO TAD
77 S0 H 5 3 1 R s FHARAS T — 4~ Token I & A iU FR 20 H B 177 91 B 7S
AL, i R il P AR A dn S Tk, ZEYI SRt BRI B B

43



PRZAL B o SO 5 5 B I 22 DT 5

TCZERP DI 0 B B SR Y1 Sy i A% (0 WS ) 402 U 91 e
W i S X I E I e A AR BEAFAE 22 53 04 i A0t 8 A D i A AR fiE
T, e i a0 RRSAE U Zhad R AT R BB A R 22
H ELUNSR R 22 57 5 5 SN AL T, o el SRS, A7 (22 1) i
FROCHRBORIE S | % n) B A] RE R A HE

JEHIR B — AKX B AR 22 57 (4 i A58 I BBRAE HE AL o AROK Y
Wi 7, EIZEAR R A S rp ) — N EE AR, BRI S R R g 3
e H M B e A R AR

3.3.2  StxiE) RSk IR AR

AW TAER T Y4 /i 5 Sk ) Transformer ZE44 ,  [A RS 55 — 2 By 4
i kL7 (Masked Multi-Head Attention) #HuUR 327 A A AR B A BiE (LE
NI WA, RS 3.3 BT, EERAE YN G AR B
o dmzE. BT 2 KR J) /& Transformer i B SRR 2 — (Domhan,
2018), HAEBLAL A I ZER N TRAN, Z Rk & (el Eash) #2
WBIFFAEAEIRIMA , B2 28 TP I 22 B R SR AR, AT X e 28 T 7™ A
oM o T HFA TN AT R A AR TT U6 D0 i 22 TR0 AT, A ) A 2
XSRS DAY B SOR B RESUR R BE T o FRATT 3G T T4 2 0 28 1) P S
BAG—RROIRAS, BRI 2ol A ot 58 4 IE R AN AP AE A TR G B S HEF T R Wl
PASEAS AT E M B Hh B d ol B AR e R R A (AR I AR 2R U B840 B AR
34 o

N TG THER RIS, BT ISR IES, TR A K
iy 7 R 23 il 7 AR 58 A IE BN AF AR B DR N AR S o O T SEEDULRY BSR4
SIA TS LR E @S 4% (Vanilla Decoder) FIMERSfE4#: (Noise Decoder) .
e 1 R e R BT Transformer 5%, 117 W FS fif i #5 JUIAE Transformer
A 2 PP 2 — R A SR — I S R AT T RS R S R A, BN ARIR
SREATTER, BATRAER TR NA g X T XA gk, f{FEEEm

SUERABE, LA — £t 31 A dropout Fe RN IS AT, TR BEA T 31 M
W RS ARG, PSP B AP AE 22 5, o b 22 S 72 S5 R 4 S 2 0
Mfthang 45 (2019) (/) TR BAE SR B A T ARS8, BRI BT
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= 73 o e 5 Ju—. .
IR ARSI SER IR (tied).
| Output Probabilities | oo Output Probabilities
| |
| T :
I I ' [ !
:‘: ! L2Loss |+ :‘:
: Linear I " © Tl Linear
T fteeeodzzzzzzzo - \‘\_.
o r N ' . - N
: + NX [ (“Add & Norm _J— : , ' ((Add&Norm J— | NX
| Feed P Feed
[ Forward | o Forward
I — I _
[ I
| I Add & Norm Iﬁ | N e D | Add & Norm Iﬁ
' X
I !
| Multi-Head : : — Add & Norm Multi-Head
| : Attention ) Feed Attention
I - comdo | Forward —<
I |
| Add & Norm (I Add & Norm |+
A I . Add & Norm
Masked ' Masked
| ' -
| Multi-Head |, : : Multi-Head Multi-Head
I Attention |, . Attention Attention
Li ' A [ >
N R == (I ‘ —
l . 7 I . . 7 . 7
|Positional ' Positional ~ Positional
lEncoding -:- : : Encoding -:- (-P Encoding
! Output | .. I Input Output
I Embedding 1 Embedding Embedding
: 1 ! 1 f
| Biased | I " Outputs
| Outputs | nputs (shifted right)

Pel 3.1 & TR AR B SR IE B

Figure 3.1 States Fusion & Qutput Rectification Based Model Architecture

FAMKpas TS mmes (18 3. Ut ) Fgs s (18 3. 152
). TATE Feistr &l s, ERZEEILMNSE P i ABLE, J]
i % 78 A A BHSTE 28 3538 A i 4 J RE 8 2RAS- 0 I 22 R IR I I 2R . i
fh e — 2 0k AR TP SRS, FRATIBA TR s A a A%, Hokan A5t
PRAFAERAR . AEXA AR, RIS R SR B T
T4 S B R J) - (Scaled Dot-Product Attention) HIREXT YRS HEATHR, Il
283 22 3 TS 1R W i 1 25 AR 5 12475 100 AR A 45 s A (A AR ) 2031 1) 1
25 LR AS TR G R M LU BT &S, 0] 3.2 e e 2 00 Sy 33 AR A 8 o
I 22 S B, A0 A M P g P A 2 S ek, “Biased

TR T O AL, ATk LA AR e 2 ) T )
AV 2550 — R 55— NI K R b T 1 23 RS R BT A
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' Linear '
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R ooy 1 .

] ' ]
' Linear : ' Concat ' E
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[ ' ' . a

] . ' )
=1 ' ' ' L ! :‘:,:
L Concat ' ' 'z
e ! ' ' Scaled Dot-Product Attention g
£ ' . S
z . ' ' VO
[ ' )
"g (- . N . 2—-

Q L} ]
II : Scaled Dot-Product Attention : : + + + : b
& ' ]
ch S I ' 5
: == 2

] [} ]
g . . =
F2 : - [ g
2 ' [ ' 7
: C 8 | 13

,,,,,,,,,,,,, .

. % n : = CES SRS LR

' [ Linear ] [ Linear ] [ Linear] : : [ Linear] [ Linear ] [ Linear] '

o — — C mm—e T —— P e—— s e— : ]

P 1 Y ; ' T Y, .

| o o @ @« @« @« @ o o o fd c o @ o =« o« caecaeae  o=soecoeoeeeeeeeeohkhooeoeeeeeeese ]

Positional é Positional @
Encoding t Encoding t
Output Output
Embedding Embedding
t t
Outputs o .
(shifted right) Biased Outputs

Pl 3.2 PSR Rl £ D2 el Bl Pl

Figure 3.2 Detailed Illustration of Internal States Fusion

Outputs™ FRAAFAEH A A B
MR L2245 HIA B PYRIR S A R T DUl

g =e"Wq, ¢q' ='W
k* =e"Wg, k' ='Wk
v*=e"Wy, U ='Wy
qa="F@".q")

k=F(k* k")

v=F@*" )

o = Attention(q, k, V)W

XL AT A b s, FoATHF R AR AR B A B R 8T, K5 MRS R R A O I A s
RN s’ AR SEVERERE, BRI AU .
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Hor e* Al ef i R 20
e = dropout(emb(y) + pos(y))

X HLY emb il pos 735124 Token fix AFIN: B ARSI, y Fmfim Ak, Flg—
AREE R, HIEAT:

F(s*,s'Y=a-s"+p-s

Horpa Mg MR RE, BANEATNIALRPYRE=1-o, RFEAA
BEHH

34 fEFHHEEFESHITIERN X

WA 3.3 A T LT 58— AR AR s 0] - 5 A g A e
ffet s, EATE W BRI T2 TR A AL, RISk B I FEA ) 58
A IR B AL R AR B R 4 H AR 91 o ARy, FRATTdk— 20 H R e 32
56 4 IR A a0 AR 0 AR A0 2 1 B — )2 i R AR N B B IR 5 S, PR
PRI -5 MR RS U5 TA) 0 BE B R e B W s fogp A s F R 2 b Tt T oA [ 5 BE R 242
X FR N Z 2 %R IE  (Layer-wise Output Rectification, LOR).

341 YIGERPEEESHT

A B A PR Ze AL e AT 2 — AR 95 52 U (Cross Entropy ) 1N H#EAT I 25 0
HAAH, 2 NS5 TE A Y Token Xif b X§ 4iiiE % (log probabilities) 3Kk,
SR TR T e p T R T I A . BRI, AEARRDAS T, A AR B e
T EIAL B T — SRR AT BRAR , WUERKFZEEARIETT, R — IRIR A o 42 1 45
BiH o — 7 TR EE ] AR M 28 2R BE T, (B0 — 7 T ATE TR 2 1 i 4
B 2 AR R A TNEE R, 54 W IERR G R TR T B0 JoR i
Ja, BTEARRK, oK E T )2 A B 5 S AR RS AR T iR R it
B e HE B R B AL o SR VI GRIR B 2 M 45 b SR X B B B R0, 2R R
A RSB A e ] £ i R AR DA B BB ] DA e R R i A
R, FRATE 3.3 H E LT 13RI R F S & 1.
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342 P AMBREEXNEEFBKRERES

TEIBAT KRS R AR T, FRATREE AT AL B 4t P e s g
ar B — 2 I RHIE . YRRl AR A AT IR S W i A e e A IE T, (2
Mg S AR A 2 P 0 A P BEAE A e, L M K S A D 2515 380 1 iy S AR SR 10 22 |
MRS RS A 45 3 P 25 R S 2 AR L . 32 IHZ8 1 (Knowledge Distillation )
(Hinton 4%, 2015) JE0 ERYE &, FRATTHE H 25 ) HT A5 A b v 45 3 X
SN FRIRSAE MBI BHE S (W) R4 AL TM R 2 i e S g A 2R 7S
(ZFAE) o AL, AT FH L5 00 A AL 45 1 2 1 i 1 AR SR 24 TR R 75 AR R 25 (1 A
FLE RS . AR, FRATIE I L2 F1 5 R0 (Mg 7 A 25 10 it 4230 T AH ]
RSB R s R D o TR, 5 b A R 53 s At T AR s R R P A
MRS e @ 2004 RRE, b i AR, WXEER @ R AR A R i A 5K
W

loss; = ||h] — hill

BEAh, Eh TR AL g A R i 22 (P AR B AN TR, AT
D S BAES DU RE BE AN 2250 B, RERISHEES R ] — X PR 22 R EK
DEESHEAT G AR, TR 2 AR A3t T, 7 A B 2R BB, T g i)
AEBOE R T, BEE R ESHHIGIA, X220 B REAE BB AN . Rt
FATTXF A 5] 4 J2 i S B R A A SR AN R S PE 2, B AR, i 2575 P
K, AAGRPGEUN . FATE IS A AR TSR L2 55520 FORS 4N A R
RSEBX AL, FE = HRFAE A L2 358 55 B XA i DA U8 2007 U 58
GELE

LT)I =a'2i_1

w; = exp(w;)

EB AR R, o BH - ERBIIE R, 0 MREENE, w, 2
YA 1R . RRIRATTOEE)Z 2 BCA AU A W] Bk 2R R AR, #px
XA YN 22 i R IE
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35 WEARMSI)I%GER

LRE 3.3°0M 34T R, FRATH B AR AL A A 3. 1R . EK 3.0, A
Ze BN R MRS AL A . A Al AL A o A EZ R AT ARG A
BT, HARZH A Transformer JFUURZER, FRATTRME B4 FI AT 6 g AR
HAT T hRIC. MEH AT DAFE H, WS AR A 5 ot O i) 35 38 A A 2 7 284 b 58
B BT DY “Masked Multi-Head Attention” #2144 [ A AE #H4T
THhME, TXAERsFIER 3.375 2 N RS Rl & A AR, MRS S ds
A8 i g i M S LR, BATRAI SR, 7 — M Rici B L2
Loss” ffi & 3.475 H (134 )24 AR IE T VA DR o

AR TARRP ARG PR A BT RAUAE T MLE J] T &8y
YE DUV P 25 B0 M B 1 5% 4% 22 it PR DEA T 20 R ) LOR IR, 4R3I 25 H
PRAAT A5

£©) = 7 (£us(® + 7 Lx(®)

N T,
L0x(©) == )\ Y logP( [y, x"; ©)
m=1 i=1
D
w; - 1A = Rl
1

N
L x(®) = Z

m=1 i=
Hp T 3278 Token %, N FRZRiE R A%cE, D Niidas
HeB I ZEL, v B— T4 LOR s ¥ ffE 409 MLE () £2%%, &1
oL

3.6 ELWHERSH

FANTIAEZ AN BARR R 2B T X B3 T 7560, SRIREiRRN], AW TR
$ IR AR, FATRHRRA G SL R B A B4R . X e
BUARG. irMSEAE . “RINGRTNE, RIS SERESR I AT 0T
MR TR AR, ST S N E LSBT IS, Fd1iE
AL R WCHE P ) — S HEA TR R SRS R A A HAE R A T A R PR i, Bl
JEIIR 7 81 A AN T 35 P ARDX - 2 R G el
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3.6.1 SKIGHE

BATRAE 24195/ F 0 LR E T2, B 608K 15 < B e
& (EneRo). 1.25M H13C = #i4E (Zh=En) PAJ 4.5M #iiE = 4% (En=>De)
L
3.6.2 IfLbEZ

FATHL A A 12,2705 P4 20 A9 24 Fil fe ST 1Y) Transformer 5141 R E 4 R 55
3.63 IBITELE

SEHGHT, AT A RS IR 2.4 3950 BT T UG . X T Zh=En
Bebidl Frosess, FRNTRENG 25 a WE N 0.1, T ERBE R 0410, RATH
JTA SEIG I S — B RS A A R a BB R 0.1, R R BERZBCE A2 1k il

AN 3300, BEEE, HEE . LOR P24y B4 0.001, i
1T En=De #iiiaskl 011

251

201

151

101

T T T T T T
1 2 3 4 5 6

Pl 3.3 Ul AR A 2 2de i 32 i 2k

Figure 3.3 Double Exponential Constraint Strength Curve

3.64 SCIGZEER

ST AT base BIAL, FATCRFFBIBUNENSL, SRS HAAERIESE L
SR U 5 1 BLEU (A0S 5 . X1 T Zh=En $ciie FIosss, R4

ORI ERAR I S MBS, WA, TRl THER SR 55 A T 00 B
U S 8 I R % LA R R A L T M X L B R
AL, SRR E TR,
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AR/ INER U BLEU fH, W H B AR AR W45 /NG U@y BLEU {H.
7] 2.4.595—FF, “f FORGIRBELTTEL (p <0.01), 1“1 FM p <0.05, fr fy
S B AG I th R 8 e o6 B B EE SR A (paired bootstrap resampling ) (Koehn,
2004) MY, HASLRIRECH 1000, RAEHGIN 0.5,

#‘ System ‘Architecture ‘MTOZ MT03 MT04 MTO05 MTO06 MTOS‘ AVG

Existing NMT Systems (single model)

1| Feng %5 (2019) | Transformer (base) - 4474 4627 44.16 4329 3472 42.63

2 Transformer (base) 4533 | 44.10 4599 4476 44.02  34.59 42.69
— this work

3 Fusion & Rectification | 46.86" | 45.87" 47.52" 46.38" 45.34" 36.04" | 44.23(+1.54)

Existing NMT Systems (average model)

4 | Zhang %% (2019) | Transformer (base) - 46.89 47.88 4740 46.66 - 47.21

5 | Zhang %5 (2019) | Transformer (wo) - 4742 4834 4789 4734 - 47.75 (+0.54)

6 | Zhang % (2019) | Transformer (so) - 4831 4940 4872 48.45 - 48.72 (+1.51)

7 Transformer (base) 4726 | 4643 47772 4693 46.31 - 46.84
— this work

8 Fusion & Rectification | 47.99 | 47.02 4829 4727 47.04 - 47.41 (+0.57)

#¢ 3.1 NIST Zh=En ¥y ML 55 a8

Table 3.1 Results on the NIST Zh=En Translation Task

% 3140 T NIST Zh=En St AN R4 ERysEmaiit. 56 1 A8dE8 3
ik AT OB R LR S SR IR P VS AR T S R 24, R T
FSGHEBRA M A S50, 91.0M. 3R 3155 2. 3 SLiss RN, it hy
AR LR PIR T %, BB ERES USR5 I PERESE T A 5-8 ALSEn ik
A, WA RS TES Zhang 45 (2019) BTRZ RBASSE T KB 2
HA S AR

7 329 R T I I IERAE /NI EnsRo MK En=>De WMT16
PITEESE SR G R . R 32 ERdRAE BRI TR, R
(075 RERS 42 22 PR 22 AU B 1 25 B 50t 1 U5 — B v BT

HEIRTE Zh=En $¥i%E D IERER T B2, (HAE WMTI6 ##li 4 (EneRo,
En=De) - {URI M BESHCE  FATHENX Fh22HE d T AR E AL 40 5E (Press

23 3.1 45 Feng 55 (2019),  Zhang % (2019) 3 A [F—AMF5E4. K75 Zhang 55 (2019) #E47x
b, FRATHRXTEIRLIEAT 189 (S AR I meeval-v11b.pl ATEAT RSy, WSROI FATTAR R
WIGAEA KL, M fTEE 30K A2

P32, < RIS IR R S A A WA . £ GRRIC RO R 2 R 2
S (ensemble) 321,
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# | System ‘ En=Ro ‘ Ro=En ‘ En=De
Existing NMT Systems

1 | Lee %% (2018) 32.40 32.06

2 | Vaswani 28 (2017) - - 27.30
3 | Feng % (2019) 32.85 - 27.21
4 | Zhang % (2019) #BASE - - 27.34
5 | Zhang % (2019) #SS - - 28.05
6 | Zhang % (2019) #OR - - 28.65

Our NMT Systems

7 | baseline 33.20 32.82 27.26
8 | this work 3322 | 3322 | 27.91"
9 | #4 -Decoder WT 32.21 31.88

10 | this work 33240 | 32720

2 3.2 WMT16 EnsRo. En=De ¥4k [z sk it

Table 3.2 Results on the WMT16 EnsRo & En=De Translation Tasks

1 Wolf, 2017) $¢ 35 I 2y, RIAFAD AR Token fix ARLFEFIHEAT softmax
U —H A LR PR R AR SR S 200 o FRATTHR HH ARG i 22 P AL 4 8 S i 1 At
RXANBEIT N I BEIR 73X A5, TR ORI R MMl 22 Y A S BB e 0t
FrER TN B 2 [P e A B Ak AR, B E W22 I LR . T b s i 2]
THH., AT Tk A415")5, 3E—257E EnoRo Bl RikT T 505,
3295 9. 10 FTA LA B IESE T HATROHED . XA EOL T, AT
AN R R R i 28 % L Zh=En I EneRo #RJ2 4 5 (R A
WA ARIEIELE G ARG 22 ) A RT DALEARZAS B ROK IR BE () PR RESR TT -

3.6.5 HRhSLLG

K TIRAIRIT 3.3 3.4 ik S B R R AR A Py sg ], FRATIRH
BT T IRRRSEE , g T F RS AR, Wk 3.3 . a4 #ERY Description
FRBATRAE B AR R ATy ST . - RERFRNTAE N GRad R rp A RE
AR PR R %0 . “noise input” ZAEFATIE XS H 45y 51 B A AR by 7 00 5
BRI T FE RO RAL BAFAE AR DRI ALK, T A 2 R K 20 A A g e 2
. “from scratch” KN AT LT R E LRI, “geometric mean” 3£

AR TP R RS, Wa=p= .

33211, “-Decoder WT™ J5FA 1A B ARAD A AL B GBE $275 .
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E5E, AT VPR AT IR O [ ER r  EE A, FRATTBR i A A A A
g1, R THE Zh=>En JRsEBIRAL 55 ERgrEReAe . K335 1, 2, 3, 4
SRR, FATH N ERIGES R & )7 IR BB S T AT, 1 73 J2 0t 7 1 1) B
AR TR AR5, 8 THRG ISR SR (I E3F) lhEHy
R IE AL, FATBEIAE AT B RS s iy, )R DARLA AT
TERS RS A BT RFUCOR 2 s rp e T ISR, 28 3.3 AYER 5 AU ARS8
(5 1 41%di) ARG, RPAZDMEH I 54 #4 B — e SR Y 5 | A M5 JE B T4 7t
FIFEPERE . AR T A — Moy SO B S R B SC AL ), B
T B HLRF-H2 EVR 20U 204 i P 221 Sl 25 T 4 B R R I kA A 1) I s 12 ) 25 5
TR 5 6 AARARAI R R LR WA MRS T), RRIRETPREN], SRR A3
ARG TR SO A U . BEA, AER T LA R AT DAE B
NI IR E ISR, 3.39 B A L RERS G Bl o . o0 8 AR IPIR
AR T AR 2 E

# | Description MTO02 | MT03 MT04 MTO05 MT06 MTO8 | AVG | A

1 | basline 4533 | 44.10 4599 44776 44.02 34.59 | 42.69

2 | this work 46.86 | 45.87 4752 4638 4534 36.04 | 4423 | +1.54
3 -fusion 3754 | 3493 3842 3493 3495 2533 |33.71 | -8.98
4 -rectification 45.84 | 45.73 46.72 4553 4474 3524 | 43.59 | +0.90
5 -fusion & rectification | 43.75 | 41.77 44.15 41.75 41.87 3291 | 4049 | -2.20
6 noise input 46.48 | 45.64 46.87 46.65 44.89 3599 | 4401 | +1.32
7 from scratch 4556 | 44.89 4638 4514 4393 36.17 | 43.30 | +0.61
8 geometric mean 46.14 | 45.21 4695 45.14 44.69 35.72 | 43.54 | +0.85

7 3.3 NIST Zh=En Bia 5 BHVRIT 55 I 5 45 0L

Table 3.3 Ablation Study Results on the NIST Zh=En Translation Task

T FATRBRG AT R R, IIZRdE AR J5h Transformer 45
BRI, AR RE R BCE T ok Dy 58 BB S A IS TR A SR Y 1.5 4%

3.6.6 EBISHT

% 3.4J/R TAE NIST Zh=En ikl MT02 _E7p 5 di BRI (BASE)
FIRLH T AR SR A5 20 )2 i R R A2 (SFOR ) BRI~ Bl, i g4
BRAEREA RIS B BLEU {H7) %074 45.33 11 46.86, “src” il /f) 1, “refl”,
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“ref2”, “ref3”, “refd” WARRF LT THEESE, W4 DSHFEL. N2 Obr
TC Y A s R S R B A 3, i R e iR s R E 2w 1
P R - AR AR AR AR LE B A B B 128 o SR DA S B SC i 1) 7 o

2 AR B ], FRATAURCR S T S ER RS SE R B . 2R — 51
T, A “pull out” FETE Y LA R T “military retain”, {HIXRA 2R _E T 3C
SRR, BT " VA R g 7,
BB, FrA S TR < B 55 5 S5 R O “and” B
AR AR . SRR AR B B ) OISR, SR AR 2L
PRUETE “dbxst PUBESF G G MBI AL T “the chinese embassy in spain”,
ARFEA “the spanish embassy in beijing”, XZ5E &R, AN LU Wi
BRI ELT " " 2RI AR SR I A 1 SRR PR A A
JE o BATTHEX PR AS S I SO 13 R 1 T DR AL 45 D el e ' 22 5 20y SR AR

BR.

ste | FIHOFR DAES) M PR fik4s AL 2 IR
refl | white house says isracli military withdrawal from west bank only a beginning

ref2 | white house welcomes israel ’s first withdrawal from west bank
315 | ref3 | white house : israel s withdrawal of troops from west bank only a beginning

ref4 | the white house call israeli withdrawal from west bank a beginning

BASE | white house says israeli pullout from the west bank only starts

SFOR | white house says israel ’s military withdrawal from west bank only starts
sre | X it IEEA B BID A dead pBES BT . R B R
refl | the group of north koreans stormed the spanish embassy in china last thursday and expressed their intention to go to south korea .
ref2 | this group of north koreans has intruded the spanish embassy in beijing and they allowed to go to south korea .

664 | ref3 | these dpr koreans broke into the spanish embassy in beijing last thursday saying they wanted to go to republic of korea .

ref4 | these north koreans broke into the spanish embassy to beijing last thursday , indicating that they wanted to seek asylum in the south .

BASE | last thursday , the korean people intruded into the chinese embassy in spain and made clear their intention to go to korea .

SFOR | this group of north korean people intruded into the spanish embassy in beijing last thursday and indicated they would go to korea .

#¢ 3.4 NIST Zh=En 53 UE4 MTO02 L iyl e {2 B AR5

Table 3.4 Translation Examples of Exposure Bias from MT02 on NIST Zh=En

3.7 SHEXIERSINGEE TIERX AIFE R

1 Mihaylova I Martins (2019) #Et, FATHY I VAR AL AT KGO BT RY R
FEo ) SR AE DL R LAE, Sl — 2 s T Ml Zhang 25 (2019) MLL, 3K
IR EBEEAEA AR U SR 2 HERY T D0 3 E S A b A g o, HLAN
NI R AT, AR B RN 5

N T SRANIIN AN (R s B SCRy 22, AEIGRET Beg | AR RS 2 b 20
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1, R A AT RY, ORISR SE & th R . SR AT TS 050 St g
FHE BTN 2% (Generative Adversarial Networks, GAN) (Goodfellow 2%, 2016)
Rt Pl ge B TAR S A TS R (A0 TAES AR S HIshPL S
Bk EAEA AR AR:

o BUNTHEREBIER TAESI A S RIS e pvm A (B A /Y
Pzh), — RIS R P PRI TR & B4R, DA T Jo 4k 3l
WITETE A o s AAFAE U NS A5 B e SOm B A < RIZL 3

o BLT A ORI 2% 1) ARG e kA T IR X URE A, 1 omagisy
XFXFHUEARY X 73 fiE

o FRATTE Hbsuid A Tim 4 - R hbs | A7 B M B B b A P A2
AL P 0 A A T 5 A R il AR
FL b, WATHYTTVE AT A SR 2Bl g B A 2 i B 1

BORUE, TR E A R i 22 ) S HEA T T R S PR e T ik
%5 &, AT TARR M ITIA S Z R r i dm ARy R To ¢, HARMER 5
VRS R

3.8 EKE/MG

FERXT LA, A5 TR IIE: WIS G AZ 25 AT IR, DA
Bl A R R R 22 0B b R I A W i 2 A 1 IR A
SN GRAIIN B B 2257 o [RIINE, AT TR A A 5308 R 5 4 IR A 04 H A )
T PR 8 7 A P PR RIOER 55 Ay i B M B A5 ok g TR i AT Py s /R 24 o
FE e A A2 R A o el TR0 R SR R BT 1 SE I, FATHHEI AR S
BRI RE S S S AN RS PRFE LR, KBTI Rt
Gto WAL, T INZRET BOMHRE T BOWI R R an 2 2 AR, B 22 )i
ZAFAE, ATTIRA—FhARLEE A RS 2 IR T TR 5T
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$4E ET n REEEREMBREREMRETETR
41 5|F

5 3T R A, v v 2L e R R o R A B A
PEATTI T~ — > Token (1) | R SCR—8,  IX ARG (i 22 5 R AT 1 223 18 18 i
RE IR R, PECERE NI N IR 2 8O0 TS M 2= 78T (1) TAE 322
PARSZMERE (40 BLEU {H) fERRIA T2 (B3F) IR R AN AR
Peo SR, FTENLGR BT, WG 2E AU Y TRV RE T e — AT
F0F, RIS ZE AU LT 5 E S W EIRALH PERE Bengio 55 (2015), H HAE
REFGOUT SOBBPERET M. B7 ik SEARE L iy PR REAS 2 T 4R THY
LR IR SR TH LA B PE RE D A 2, (R AN BEfR] B R LA R Hh 1 22 A
T B 22 7 A

3. TR I 22 NS 1 RS IR © 2 2 A ¥ e AR g 4 A8
Fe MEERE T 1> Token SRAMSEREMFHINTT 2, (EFFHOE M2 MAEULT-A
AES, PUOAEIZRd RE s, T SR OSSR A B S R AR T P RE AN |
e g, BAEATRRER 7 s AT, SN TH Ay BT SOl 6 5 T 2 106
(MR BRI 22 I R B A A e 7 B S W B 20 e B 4 e S A A4 1 2%
RITIRRIBE T IBAEALAT o S UL, XA, PR R 7%
A AR R S5 5R DA R e e e (R g &) A S A AR R
R WRICEARLF AL, WX B OF TR A BT o

e b —BEPRATE LN 1IN Ay G AW I (i 22 0880 T A P40 AH 5 AR EA T T R A
B, AR T —FhAEAS ML I 22 MBI THERE Y TR . AT LARE
FATT I U] o PP A 5 TR A R B 5 Ml 22 190 AR A A 300 DA B QA 1 A
FROLRESE, FLiAh:

o QRN T HOTIAR B R GAEN AL ERYPERERI X LA $E T, FAl]
REAR (R It T2 1 W e 22 1) Aty SR Fg e 7

o WERZAWIFEARGAEM S ERVEREANZAK, FRATA ik ) Bl e

AR eI SR R R B g A — B, BIGRERT S, X e I R L B o
SRR AR .
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%fig)) (anti-exposure bias capability) 25551 2507
N TR DA R, FATE A AR S R TR SUR R R G ATIE PR
SKARIUEE T n JUSCAVCECRS B GE T, JEX 88 331 7 Y AEAS Rl AR 22 4~
WEMZAEF N DRI TIRIE. SCIRL R, ML TREEMFRS,
RS B R SRR A AL S B 1 5 T G 22 RE T IR R AT -

o U VN R G 22 1A AL, Rk S B A M R, BTG
Tl 22 BE I THBAR € 5

o WHIEARGMERESE THIY W E S PRGN 22 8 ) 4R THIY B3 5 T A8
PRARS

o WHETXFTAMMSHELE, BRI BEESEEA—E—2

o WX T n STSOERIRE R A —E —EL

TEARFTAL RN, AR 8 e/ i ANAE 7 I Bk o7 IR 22 it
i 2 ) AU S8R TR R 56 AR SRS 4 AT TR S ik 5V TR AR i T8, I3k
AR PRI v . e, A RAATERG 5 RAIAT N GG Qe £t
AT . BRI BRI SRR ST & A gt st 7 in Tk
NI R RS, SR TARYE DA F2P BEASBI A EAR T 451E . A% DA
RN ZANRG (RS 208066 Z2MESX) T 7585, FFRTgs
RIATTHRAD . BT, FADIAI AR AT T 545

42 MEAXRIENE

A X Ty T A A 1 i e A s 2] i A AL B PR REAS 21 T 4R TR W]
e T O ZE R, RIWTSE N Bl A it BLEU 4 i3 i 45 R RAE B A AT TR 75
RGO ZE R, SR X AP A B ARGk J7 . R y—J51i BLEU
XA EAR N R R PG BT, A5 T AR i 22 ) 2 A L 7
PEERE IR, (HRIFAREE E N 1B RS2 3R Th— 2 th T ik
Py Rt . Zhang 45 (2019) 7& “Effect on Exposure Bias” J5 {3 i A b
WSEg R IR 7R S T 32 2 i ek T 22 MR, B IR
o M Zh=En FHI¥AT:55 1Y 9| 452038 & h BEHLIESE 1K A 1%F
o NP AR H AR RN B SR o S A 1K A X v 4 5 DA 21 93
SRAHURIEIRZERE I E S B R GEAE LA A0 P Wk b TP E R 5 SCAO T
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AR 4311 5

o GEIFITARFE AR A LFAIRII AN KL N - B b i R AR (A oh A AT 42
HH AL A I AR 43 17 DR T I I B SRR AR R 07 TP )

o 1 C Fm BAriminli S8k, THHE IR NIC;
AT REINEE R, 65.06%, ERNMMN IR, WA, X AHERIAER IR,
/MU N A7 R B AT TS L8 S A8 7555 -

o flAITTED 2kt & FHEATICRS, MIAEURE IR HE A BRI T2E ST 1
ANE AT EA

o RIS, —Old argmax BREGE H IERAIE,  RIARAR S 1l AR (R R
TSIFOAT B Ay ), T R s 0 e T A i R A AR BT, S AR
Hixt KNG
AN, RAEZEERE T 0.5, HIF A NGRS, FHAE0 RNk
TEFRATOT RG22 1) PN A A T 2 R, A TOE A TR E

BVRUE, MBI A — A1 77 SR RS F SRR AL 38 B R R AR 1Y
PETHZ R T B 25 100 R R, SRV ARN 2T R Ml 2 10 A ) AR TY

43 EF n maETEBEREREITEATR

HITSE R, QPR RERFUE IRt T S T Bt 22 1) ok T AL i i3
PERERYTR T, T TE AR R el 22 PO L) AR T, i e AN A X e (i 22
MR HE— BT . IR AT R RATTIF R TP b & B R G R
D205 THI ) BE S B SE R FR R 58 - B SR Tl AL BR 2 A ey ) e 45 2R

43.1 MILIREAER

Fh R Ml 22 PR B DN o A b R R ) o B R0 — 1] B B T 1
ERSOR—8, AR RS TP TN AR T 3RS > 2 T i

? Pereyra 45 (2017) $§H, JETT 0 A LA oyt 437 T DAR A28 I 462 30 TE L R, BRI REE—25 110
RPN 22 M 25 Iz AL PERE .

RRDES, U T8 I 2GR AR T I EbR R T T AR, PR RRAS AR TR AN B L
I —EAY AT AR DA B R A LA B R GO P TR U

> B GAAAE  rad AE o X PR RIS HEA T T Ay, ERBLMERRER TR KIS , IR AR AN A B
BB — AN R SO SRR B SERG , BI e R D B I A A A A5 K
RSO R R U A B B DR AR, BET OV ME R L5 B VR R A B T R ARG M
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AT AE TR i 22 77 T BE R A4 TE e R 1 S L M P A A A 4
W ZERE Ty, RV ALTE S 5 (Y 35 A AR [ A DR R SCRO T AE g, AT
PRI LR SCH DRI PR A B . BRI BT Ak S T U R A r m X
HAE AR MR . e e, 0T ISR DY, AR A T —
NHES% y* ARIF IR R 37 2 5O R M A A 0 SO B e
D'

* k k &

y* = {ylayz’ y3a J’4, o ,)’;y}

o, <y FRHESHPE i 4 Token, WL ETE, HESH y* M
Ay

y, = {yT’Day;;’Da o ’y’}]k“ }

"0 AR E TR IR T UNK A75 . TER, Bodeny O B L
7, PAEBITOURVEZE B

432 BITXIL RS

FRATTLE 43,13 4 B 1 6 RS A0 W B 4 DY (ORI F
B TS ISRt B b, FRATTR ) TR (%, y*) EFFUIZRRT, T4 ¢ /> Token
B T SCRIREIES (1) x RIE M4 LM T IR ye, , FLikH:

k K &

yit = {#a )"T, yz’ y3’ y47 R y;k_l}

Hepr e [1,T,], “# [LEFIRIETT BOS. FILESdEgE D’ I, Hill 1 4~ Token
BT SO IR TS x FIE Gl A2 TS y L,

y,<z = {#7 J’T, |:|’ yza D’ o ’y;k_]}

h TR RE IR KA AR, FRATATA AR ORI TSHCEHT) e84k
D' FBfTIIGART, HEMBALHON T —~ Token iy b N SCHT & HYAS IR AT A
o, BV EEE D' P AREFRAT R e S AR EE R aiT, FAT
TE 4.3 10 P @R A R RS D' I, 6] Z SN B 8 TR p 43
S p=0.0, p=0.05,p=0.10, p=0.15Fl p = 0.20. FRAT5 HIXF AL FL L
BEAL G B W] R P A il 56 D7 EgE ATt

ZBESIE .
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433 WEHITE

oA TR G SR LT R SR T 432977 Y 0 i 1 )
FOAHA G . DA N AR S MR N 0, KT m A
TRBEAS (X0, ¥)), EA BEAM BT R A BN IC AR 9,0, BRI R4
BEARBOTLE TR 5,0, MR MG E (T T4 A BGE v, M4 5%
v B n TESCHE BRI UCIE n eSO . BRI, Tt
SREAGEH DA T A TEALIRIA L n TE3CHEBORAITIE n 6 SO

o (v, §): HELBUUTIILS BA T4 AL

o« (vh.9) FEABHBMSRMA T HES% 1

o« (v §): BCHERTINLS BAT T4 AN

o (v5.9): BB T 5% 1.
B RRATE A IR B4 BT SROT 119 n TG SO RSB (DAF AR n G
SCREDCIUEIE) . LATCAL (v, §) B, GRS m MREA A R n TTICE
BORRITCEEA n IG5 9 #roral) V. #matched ) ¥, W TCAITERA
WA 10 n 7E S0 DO B TR AR
N smatched? Y

T
25:1 #totalg v

= pi =

=

P(y,sy) — Z

FATM LB YE ValidAndMatchedNGramsStatProg(seqy, seq,, n) K A7PA I
G AR, BIGETH—Xb P9 R R n JeSOE SR S VERCHY n oo SCREcR, g
REANGRE 207 . AR, BATE S M A S LR R L v i -

1. 2% 75 seq 15— Token ARERFHIEIHFTS BOS;

2. ZHJ7H seqq T E HALBR AL & — NTF IS5 A5 EOS;

3. T2 seqy TS5 75 seqq 1K BEAH ] ;

4. JFHNE (seqq, seqy) HIARKIE NS TH seqq H EOS ZHITHT (%
EOS) KB, i0AE length;

SR, AT LI SO TR -
e SubSequence(seqy, start, end) I T 7 HEAE, BRI seqq W% start
3| end A~ Token, 405 i ML HE 5

SNt FATXE EOS MM A RN AL, PR RS, MBI A iR RSk b B, 5K
PREZmE T 5% .

61



PRZAL B o SO 5 5 B I 22 DT 5

¥k 2 ValidAndMatchedNGramsStatProg(seq,, seq,, 1)
Require: 2575 seq, 75 seq,, FFEeith n STICEERTEL
1: seq; = SubSequence(seq, 1, /ength);

2: seq, = SubSequence(seq,, 1, /ength);
3: seq; = RefineSeq(seq;);
4. seq, = RefineSeq(seq,);
5: counter; = NGramCounter(seq;,n);
6: counter, = NGramCounter(seq,,n);

7: total ) Value(countery, key);

= ZkeyeKeys(counterl
8: keys = Keys(counter,) & Keys(counter,);
9: matched =), keyekeys Min (Value(counterl, key), Value(counter,, key));

10: Return total, matched;

o RefineSeq Jyxif 7| HEATE IEMARFF , AT LA RefineSeq SE B 4 [
FEA R SEAT 5

e counter;. counter, JyMFIHIHLEII n TTSOATT R, BRI n
TUSTVAAE RS, A TR e

e NGramCounter(seqq, n) ;& Xf 7% seqq 14 n [ n JCSCEFTE VT4 2
JER TS A R AR T 5

o Value(countery, key) 3R IURGTZ5H4 % d5 countery i key Xif IV EF 4
(=

o Keys(counter,) iz [n[ BRI 514 %4 countery Fh T A HE A #AT: 5

o keys P4 n JUICIETIHLAT countery, counter, HERCHE, RIFL[FEIY n [
n JLIE;

o “&” TR

e Min(a, b) ikl a, b PER/IMERIFETF .
BEAh, Tl AR f AR AT

o total: n JLICIETHALAS countery 1 n [ n JECEEAL, R AL n Jo3CESK

e matched: T FFVCHCEIA S FFS0) n B n JC3CHESCE, BIPCECY) n
TEER G .

62



545 BT n SUSGAVERCR O M Z TEREEAE T R

BRI T RENAS, TR EW AR, FoA1 553472 6l
B B, FRATREMEREA (x, ") DURHRE M p = 0.20 #45E MUFELE AT IR A
x,y"):

Y = V195 V3 Vs Vas Yoo V3> Vs Vs Vi D

Y = {15, 95, v 0L v, v, 0, 05, vy, @)
SR 543 40 IR 43279 J R A 5 AL AY i AR B T U AEAE A IR A RE A BB AT
HAGFE &5 :

y=07.0.55 5, 0,v6, v5, B, yg, v, @}

¥ = {0555 V5 0 ve, B yg, g, ¥y, @
Hep W Al “@” 53 BUCRIAFEAT PAD I T-45R4F EOS. MREaAS T3 77
W, AT A EBHIEAT TS, AW UEECH n JCSCERSETTHE R INER 410058,
HAP A& B n Je3CEE 508 11, 10,9, 8:

Prediction Compared toy’ | Compared to y*

results § from baseline | 10 |6 |4 | 2 | 8|4 |1 0

results ¥ fromenhanced | 9 |7 (5| 3 |96 (4| 2

A% 4.1 7B VSRR n oo SOk g B

Table 4.1 Matched n-gram Statistics on the Example

434 iSRS %ER
e b, FATERGA T Wi SRR A S ok 525 A (A
WA FESH) FHRGHESETHRE . @dgit e, AT n 7ok
I 4 41 n JESCTEVCEORE BERCE , B POTS) . POTS PO g1 POTD | ghfi
X [R]—A~2 % N A I AR AL n JeSCEVERORE M, B0 A BOdE A n
TCSCYA VLS FE U 2 BB n TG SCEEERoR B, AT
APY = pé'® _ po'9)

APY = poy) _ po*)

XFREE, GG ot TG HITMAE S
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L AR FTAE n B n TCSCHRAVUBORS B2 223 K T, DU e 5 e
TSR ARG 22 190 A0 TG P TSR Ay

2. WSR2 B 2 R AR BE BT R, DA A O s AR A O
IR 7T B 1 B 1 T SE e

3. 3T APY FLAPY Wi, (0 TR T E A SRS

435 AT RIER

FATERTE LT RN EE T ET n JUSOAVL RS BERY PG 77 SR 2514l
JER Y, AEATT R, AT %07 RV HESL.

AR, XSFEA R DS H NN D

D* = {(x},y1%,y2!, -, yRE)|m=1,2,3, -, N}

A1 IR 4.3 195 (5 AR SR I T AL B, BV AN ) 4 A AN it 7 1 T
NGS5 Y E IR B R AR R RS D'

D’ = (D},D}, D/}

Hrp C W AR E MRS, WiAE 432735 PR3], AT Z FE A
EMEMEE p I E N p = 0.0, p=0.05p=0.10, p = 0.15 F1 p = 0.20, N
C = 50 X{l‘?ﬁﬁ\%%&*}%% D, ) ;H\:EP k = 172’ o ’C:

D, = (x5, y1, ,¥2, ,=,yr, Jm=1,2,-, N}

FRATT 4 590 I i S5 ik AR BRI O AR A XA B SR Th A S DR B
&Z% b 4320 WA AT B GSATUN AR, AR AR T 45 2R 4 e O
2GR RN n JC SRR #roral), FIVCELAY n JCSCHEEUR #matched),, Hh
r=12, Ro RIFEATLARCT 07 5O BAEAR @ R & F R de By
n JCSAIEECKS L Py (4 AIC4IM R 4 4> P)

SR | #matched!

YR #total!
BFEATOAR R & AP S (E B AR AR . B R AR AN O AR 1) T 45 A X
T BRI &S PG R P A bras il th &, fRdE 4.3.409 JLA0E CEPAT
XSS BRI 2 BE T B THS 2R B 28

Pk=
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$i: 3 ValidAndMacthedNGramsStatProgForDataset(D*, p, n)

Require: X% 4E D', HFIHEFAMENE p, K n JTT3TEME n
T 0, ¢ Coforallo= 1,2, ,n
2 T 0, ¢ — Oforallo= 1,2, ,n
2 TY) 0, €%  Oforallo=1,2, - ,n
5 T o, YY) —oforallo=1,2,--,n
5: for each sample s € D* do

6: s « (x*,y1%,y2*%, .-, yR¥)

7: for each reference y* € s do

8: y' < WordDropout(y*, p)

9: y < BaselineModel(x*,y")

10: y < EnhancedModel(x*,y’)

11: for each ordero € 1,2, -- ,ndo

12: 3¥) 0¥  ValidAndMatchedNGramsStatProg(§,y’, 0)
13: 0¥, 0¥  ValidAndMatchedNGramsStatProg(§, y*, o)
14: 1Y) 0¥  ValidAndMatchedNGramsStatProg(¥,y’, 0)
15: f¥¥) ®Y) — ValidAndMatchedNGramsStatProg(§, y*, o)
6: Téy,y’) - T{E?,y’) +t(§7,y')’ ng’y,) - Cg?,y’)_i_c(y,y’)

7. Téy,y*) - Ta(?,y*) + (Y, ng’y*) - ng,y*) G AT

8 Tgi,y’) - T{Ey,y’) _H(y,y')’ ng’y,) - ng,y’)_i_c(y,y’)

19 Tgi,y*) - Ta(y,y*) + (Y, ng’y*) - ng,y*) G A

20: end for

21: end for

22: end for

23: for each ordero € 1,2, ---,ndo

&l . P _ = ! - y, *

pay) € pEy e a6y e pay e
A o vk < v vk

0 To(y,y’ )? to T(gy,y y» T o TO(y,y’ )? o T(Ey,y )

24
N ! & E3 = / & ok
25 yield P(Ey,y ), P(Ey,y )’ Péy,y )’ P(Ey,y )

26: end for

BT n JUSGR T ECRS E BB 22 ML BE PPAN 5 S 1 kg JE 22 4 b T AR X
UNSAE 3R - SA3A 3, WordDropout(y*, p) ZH T Z 57 #24E, RIXTF81] y* i
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TR MR p B UNK, {HXT45 R EOS AitfT#:4F, BaselineModel(x",y")
1 EnhancedModel(x*, y") 7J- 5|2 7% B LA AU IR g A I ARE A (x*, y ") B
PAPPA AR GE AT YN RAR e e A T FE F AR e

44 KWHER5SH

LA FARMINAE T, Fol 1B AT T A8 A 77 P68 33200 T AR
TR, SRR, 4 3R B A A G IR 2 P, BT
G 2 A
441 IRHIE

FRA PR 55 3T S H S B A R T 5, 2 15 1 AR
ARSI BTN LR, SR (B R

# | Dataset & Description System & Description BLEU
Baseline (Share & Decoder WT) 33.20

1 WMT16 En=Ro: 608,319 Enhanced (Share & Decoder WT) 33.22
o newstest2016: 1,999 Baseline (Share) 32.21
? Enhanced (Share) 33.24"
Baseline (Share & Decoder WT) 32.82

: WMT16 Ro=En: 608,319 Enhanced (Share & Decoder WT) 33.221
o newstest2016: 1,999 Baseline (Share) 31.88
! Enhanced (Share) 32.720
LDC Zh=En: 1,252,977 Baseline 42.69

: MTO03-08: 919/1,788/1,082/1,664/1,357 | Enhanced 44.23"
WMT16 En=De: 4,500,966 Baseline (Share & Decoder WT) 27.26

° newstest2013: 3,003 Enhanced (Share & Decoder WT & Fusion only) 27.91"

A 4.2 VPR B e e LA

Table 4.2 Model to be Tested and Configurations for Evaluation

% 427, “Dataset & Description” F4tiid T Il R 24 Bk S A1) 1 X BRI
IAE M FEA £, “System & Description” §1Ifiiik | RGE 4R SanfTicd, H
i “Baseline”. “Enhanced” Jfy KLzl | pieifFA%iZd , “Share” FERpazil (g A
%, EPYEEAH AR AL SR, “Decoder WT” A R ML 2% (5 FH AL 5546 & 4%
7K (Press il Wolf, 2017), T “Fusion only” 3%/~ RAE T H b i N ERAR
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AHE R 3.3, “BLEU 914 th TBURAEN A 4 F19°F43 BLEU fH.
442 ZRERBAH

FATTRE R 4.2 6 410 HURTRY STt T PPAG 58, 1B 4.1, K1 4.2, [514.3, K 4.4,
K] 4.5FN1&] 4.625 Hy 1 AH ) P10 25

FERXSE P, FEANEISA 1 TR 2 OV 3 JCIBVAR 4 TR LR
TREIA. BT, B AFA EAPAE R A 5 AR B X 48 255 i ]
LI IR, R NIRRT A AR B R A58 B R D) i S
PR FIIAG B R . SE AR B R G551 , B R AR 4551 . K&
(14 il 28 2 e AR T 28 2R 0 g AR TSR ORI, AR R X B 5%
TWHEMER., KNS, ST FREPm 4 &L, B15 4337 s 4 4
TCLLIRT R S 2R UF

o REFEHEL: (v.9);

o BOIEH LB : (v",9);

o KE=FMELL (v, 9);

o WAZFIEL: (Y. 9

TER 42X 6 HIE [ T BLEU {H T RIER 5 4H8d s, AT
SRBI LR EAE AT, 2t TIRATH BAEAE B R A i A R I AR 2
UNK, [H AR R DA SRy 2 B B8 101 00045 5B I, 4B UK, R
AR TN RESS%, B 3T E L 3RE /AR, 420, 5t
BUETN S, $ETHRRRR /N 4 255 5 4 (+1.54) FI%E 1 40 (+0.02) %, H.
AT ST RE R, a3 NG R MR SCR IR B HIE R L 1
PEBESRETE o X LB XT B TP A 25 R IR 1A 4.1, & 4.5, DS A BHE R 4
BHAENS RN G R F I T A e 22 8 iR THE BT . 45
EE4IE 42, KB A3FE 43X PIA LRGSR AE, MFRAEERT S
FHESHER M2 T B S TOURIRR . B 46MEi R ER, UV
H 33T A ARG M 25 8 ) R, (RS HHRFE R R, X b2
PEAEZHTR/ N M6 HIEPRESERE, SRS, 2 3T ERHE TR A
W 2 HE 1A 2

TSR 4.1 DA AR AR R 22 1 G RAE AT AE I B A BE R I 1) JC SR DURDRS B L B T BE i
HEEE R BRI R, AR S5 R B, 9 HE SO 3R XA R R B
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En-Ro 1-gram En-Ro 2-gram

X X

c c 351 x

o o T

(2] %] e,

S S 30 A

g g -

o o

el o} 25 A

3z 2

‘@, L -

3 40- 5 20 e

g ) g @

o T T T T T o T T T T T
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input dropout rate input dropout rate
En-Ro 3-gram En-Ro 4-gram

X X

< < 15.01

@ 207 @125

|9} (9}

g g

S 2 10.0 A

3] 3

S T 7.51

© kel

@ 10 A .= 9] |

a T T T T , a 5.0 T T T T T

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

input dropout rate input dropout rate

Pl 4.1 420055 1 410FA5 85 4 th2k: En=Ro (33.20 v.s 33.22)

Figure 4.1 Curves of Evaluation Results for the 1st of in Table 4.2: En=Ro (33.20 v.s 33.22)

En-Ro 1-gram En-Ro 2-gram

3 604 3

SN 2 35 A

§ o5 5

2 - -3 30 1 R O

I I N

o 50 T S on

- - 251

[0) [0

0 45 5

S B 20 A

() [0

S— 40 - T T T T T 5— T T T T T

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

input dropout rate input dropout rate
En-Ro 3-gram En-Ro 4-gram

2 £ 15044

5 5 B

@ 20 7 @ 12.5 1 \

9 ] "

& 15 5 10.0 A :

© el

& & 75

g 101 8 501

o T T T T T o T T T T T

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

input dropout rate input dropout rate

Bl 4.2 Fe4.2vp 55 2 A VEAL S5 h2k: En=Ro (32.21 v.s 33.24™)

Figure 4.2 Curves of Evaluation Results for the 2nd of in Table 4.2: En=Ro (32.21 v.s 33.24™)
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Ro-En 1-gram Ro-En 2-gram

3 60 3 a

s & 35 4

S 55 s |

@ G 30 - ™

|9} |9}

50 g

s 5 257

§as

3 3 2]

5— 40 i T T T T T 5— T T T T T

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

input dropout rate input dropout rate
Ro-En 3-gram Ro-En 4-gram

S O X 15.0{8

Z \' \E \\

o 20 A "\ S b

] ]

5 154 5 10.0 1

el kel

3 3 754

L =

© 107 ? 5.0

o T T T T T o T T T T T

0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20

input dropout rate input dropout rate

Pel 4.3 F4.270 45 3 4LPFAL 45 R hZk: Ro=En (32.82 v.s 33.22)

Figure 4.3 Curves of Evaluation Results for the 3rd of in Table 4.2: Ro=En (32.82 v.s 33.22")
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= £ 15.0-
C ..\ C
3 207 N 3 1251
|9} (9]
g £ 10.0
o o .U
5 157 S
g & 754
8 10 $ 50-
o T T T T T Q T T T T T
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Pl 4.4 Fd4.20 55 4 1PEAG 45 2k: Ro=En (31.88 v.s 32.72™)

Figure 4.4 Curves of Evaluation Results for the 4th of in Table 4.2: Ro=En (31.88 v.s 32.72™)
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Zh-En 1-gram Zh-En 2-gram
X R 25
§ 501 5
G G 20
@ 45 - )
a a
R 3]
o) fe. o)
— '.. —
o 35 A . ]
9] O 4
5— T T T T , 5— 10 T T T T T
0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20
input dropout rate input dropout rate
Zh-En 3-gram Zh-En 4-gram
R 12.5 R
5 561
‘@ 10.0 @
|9} 9]
g g
S 7.5 2 4
el el
2 it
= 5.0 1 =
3 827
o T T T T T o T T T T T
0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20
input dropout rate input dropout rate

Pel 4.5 42055 5 HLPEAG 85 R hZk: Zh=>En (42.69 v.s 44.23™)

Figure 4.5 Curves of Evaluation Results for the 5th of in Table 4.2: Zh=En (42.69 v.s 44.23™)
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4.6 A2 6 HLIEAL 55 S Z:: En=De (27.26 v.s 27.91")

Figure 4.6 Curves of Evaluation Results for the 6th of in Table 4.2: Zh=En (27.26 v.s 27.91")
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4.5 IKREING

FEAEE AR, H TSR 22 1 AU B A 06 SR 1k FLSS MBS 2B M B I P4
TR T —AN S v AR 25, AP T ET n ST VTR
JEMBGIMZE RPN T 28, B RN T

o THALIH: XoFBEASIIX A IR 1E 4 S5 B N R ff M 1) 1) 25 A
AR IR B AR I B 4 5

o BT [FIIAEBGH BB AN LAY 1 DI BB AT AT (N
TTSROEH) , PAFEN I TAAAAR IR B ARG BT SO T 45 R ;

o Hitt: MR 2500 AT S R SN S AR (A DRSS
%) MBI AR n JCSCERVLELR n JCSCETEL, n=1,2,3,4;

o T THEBUEERION EFABRL LA B n TT A VEEORS FE ;

o St RIS B TR AR DA s R RG2S\ i
2, MR 434751 B HEES.

AT T — X AT 5, DAY L b A BT 1) O Y A R R
Sl 2 0y T P R atE AR B B 22 1 PO T . FEZ TR, FRATRIE T R4
AR 7 R G SRS R A B I 22 7 TR R o R, i T X 4518
5 LBAFIS SR, SETRELZ SN2 DR S, S Rl
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51 RA&%

TEFE R NRIE IR, AEBALIR b, H aa il K i h 5 S s 2
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