—

2N A R ) IE WAL R BIE 5T

e, BER, BOlE, KK

(M RZLTTENE S SH AR SR, L 7534, 215000)

FE: RN RIE R R KB T B o i A2, ENLE R &2 SR R4, (2
VENIRFE M 28 151, wih 28 HL 8 0 PRAS 2R THI I 2 A RE 70 AS 22 B9 Il 3 DL SR AR BE 37 5 B 45 5 B 40
GG EFXTOE RS, AR SCHE AT 1A 2 b R IE 4k £ R (Word Regularization, WR), 38 i X 455 784 4 A
) R BRI AT BE AL RSN, DU H 55 00 R Re S v, DT U0 S 2R St T 0 ) e 2 2 2] B b 4
Gy [RI 2 m B AT T AR AN B B2 A RE 7T o FRATTIE#% Transformer 15284 7 v -5 B04fs A A e v - B
EHUE R BT A SR, 25 R R BRI 2R SIUE AR E AN G B A IS L, I LR

Ji A PR AR T .
KB MAHLAEEIE, Z21kfe
FESHEKS: TP39] XERAREG: A

P2 FNPE (Neural Machine Translation,
NMT) FEAL 28 B BT 55 A /2 — M 21 21 5 21 1)
Ak ) R, HG o B o 1 B R AR 2014 4F
Sutskever 55 NI, %7775 R F 4 1) 25 fif 1 45
MELE, AN € IWHRHIE, 25 H) BT Ge
T ill; 2015 4 Bahdanau &8 A\ RIZE R SEA F
FINVE B IV R e B 3RS B 4T
JEH R T % g0 gk HL 2 BB (Statistical
Machine translation, SMT); 2017 £, H Ashish
Vaswani 2§ AP H 1) Transformer #5714 5 /2 75§
PEMVEREFN R B Bt — P18 3 72T, AN
SR PR AT R, BNIEE S AT
o G R 2 g i R SO A R R R R, B TX
Yo ) () R R, MR A B TR AR B E RS S
FRIRE S

AHEE T A SGL 1 SMT, NMT 2 b 213 1 11 5
R AR — DB, XFERMZ T BT
SCAE B SRR SN AR 45 o IR A 40 ) 245 A
RUBE A T RN, T8 718 RFAE,
FNESE R BRI SRR B SR RE . (H
& B K 5 2% 1 W 4 25 74 7l ok 1) 8L & R 0 it &
NMT ZECHIE 5t P RS & LI L& I 4,

s G RN

PR TR FN B Bz AL RE I A AL, 3B FLSE
Bl BRI BB rERE . R A S B AR A 2
Tt NMT [z A6 RE 71 AL B ik NMT fE(R 537
sea NILPUE(RESTIE

N T RIHERZ A RE /1 0F A R IE L5
SEININ R AH 2 LE R fe] B G, (HR e
AT RO SRBGE 2RI 2R 000, B L — B B
Bl 3 5 AR AR B AT Y e, AR
AL R AT AE I T2 IR, BRSSO I
B 0 AT 0 0 5 IR, RN SOARAE N
BRI AR VS BRI, IR B —
By, R, SR KR AR — D RIKIEH
FRMAT T, P AR i3 55 5K I8 75 2L
B2 MR R AN SRR, B 1 HdE 3 5, IR AL BOR
R AR A RE 7T, BHAE A& (0 RO,
R U A B H 2 A SR IR R PERE R AT IR T, 4
HRA G IR BE I — R BOR, BT U 2R a1
A A 5] B R UM T R 2% S E
Ji BLIE I — 5E A AR B 997 1) 2 3] g sl
{7 PEAE R PR 45 ) 2 5 B IOY . IE UL B A 1) S B
UL f AT 08— TR fa A A 45
), A — R R ORI S AR, DUtk
UERE R )2 AL RE 0 JF BB ki 05, R 5%
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A Srivastava &5 N2 H # dropout, 8 i X 15 7Y
RES o P oL 587, DLLER plis + S A
BRSO ) 48T B 85
BARRT BRI T HIER e A,
Lot N A5 B AT N B Christian %5 A8
PR PRI HOR, A ST J7 R 2 55 = Fh
JE

AT 00 IE MM R, H bR T3
TEXF NMT (1) 4 A5 45 F0 AR AL 2% 9 s PR A N\ 1) gk
1T BRI I SR B B 4875 B M S I B G 5
AILITR, DT 0 1) A5 28T I 0 50 o 2 )
Pk BT SCOREIE B B R, A
BAARE A 7 P A AN F E A, AT 4
I 2uNIIE7 b PN i A3 AN (R 8 T I A 7 )
SN RIE I H S BE 1, MR A, R
AL PR F L E SR i P 2 5 R B LA, T e

25 TR NG T AR A& B R A ST T R

AL N5 AN T T R ) T A AR AT
Wig: () FENR, NHEEAE RS Transformer [
FHRER . MR TAE, MEMEysfEhE
WL IE R EEA s )i IENAL, RN H A SR
B 55 1R 1] 2 ) TE AL BRI AT o (4) S5 v B A
SEL, WUE A OC SEG SR B8 UE A I T AK 4 R 1) RL
Yo S)YEEARL AT, I ASE P B AR R L% A VR
it 1] TE D) A0 PR 45 A58 7 SR 1 5 0 o

1 HERHAR

KA I TR B IHLE 2 AL A8

PL Transformer A1, W 1 frax, &8 1 405
i dR ity . Hh iR H 2 R ERIEM
R 28 A s, TR AN RS & 5 1 2w b %
X R GER A, AL T ombd s, Mgz 17—
A Gt B 2R AR 25 RV E R S I %, R s T DA
T AR E AR S N AT SR S B 3] PR S LR
RARAFAE B H bR 18] B 75 1R SOE B
HAsiE S a1 NGB, BA AR H br il
BERTLAE LA S (D)FTR:

Y = D(Z,E(X)) (D
HAEC),D ()73 3 B g i s MRS 45, X2 4
N B G i 4% P YIS AT, Z RN B 4
R PR R b C 2 AR B AR S 81 (U R
prBUE RS S, BT EARA Ty A — 4
BE] [ BAR] P 81), YA HARED T TR R 2% A
BRI A K Q)PTR:

T
P =] Poxzion @

:/E\:EPY =Y, Y2, 0 YT T 7\% H*ﬁ@%%&}g’ emt
Fe R S, R B 1R 45 2K R B80R] BASE SO A
H(3):

L(X,Y;0,,) = —

( ) ELUE
Horh S TR . BN R, B L H [
677 28 P B

T
o =] Poen @

logP(Y|X,Z) (3)
s

Horby, B Y Fr i ZI A B8 B AR 58], v, =
(V1) Voo s Ve R EH Z © 28 28 BRI FRL 3R] P 271

|
Add |«
1
Feed Forward
|
‘!7 Add
?
Add .
i Multi-Head
Attention
Feed Forward F
Add [«
Add 5
i Masked
Multi-Head Multi-Head
Attention Attention
Nx NXx
X(Inputs) Z(Shifted Outputs)

K 1 Transformer 2547~ & &

Fig.1 Structure diagram of Transformer
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2 MR TAE

KA HE AL B RS RN AR
(A A 78 AR .

PREENL A B 1E 3R GEAE iR A 22 I 25 B 7Y
GTHEMNNSE, MlGXESHOE R FEKR
ERIIZEEE, EREENL ST RIEEES N
PO E IR, 1R WAk A R 1k 5 1 7
o R ZH = FhAEAL A 803 bR F A I Ak 4
N

Dropout Srivastava £ AU7I7E 2014 42 H T
dropout FEA, 1 ik AL FE W 2% H 1S o A 22 T
F BN 0 R4 M 2, AT 93k 2D A5 28 ) Tt
SEAFIE O, Bz AT 0. BAE
28 IV SRR B T 2 ()3 FH R

Label smoothing Christian %% A\ BI{E 2016 4
T PRI E 7%, WX 2 0 KAES TR
BFRZE AT I, > BLSEAR R R AAE TH R K
BRI AR OB, SR A ASE B gl A 4 3 e ) I ) A
RN AT [ A A A B B K B 1) 27 >, JR R 2
ARG T, RS St & 1.

TE DU A5 AR ) = S R AR gl A e - S s ok

P A 7R i R ) A 7Rt 1 R e I B e 2T

A 28 1) TE JUIA 432 A U) B8 22 1) 2 3 ek 45 A 28 38 o 2
W, MR FIRT, AT REI% £
BT, BGRB8 FEREAT 129, bt L2 1F
WIS AR ) 2 B0 B R A i
Lt 1 dropout, 38 sk 58 HL 0K 358 23 00 22 o0 i a HE B
79 0 13 BAH BT 500k 52 2% X 4% ¢ i B0 X 2% 6 44
AN B3 1 X 285 20L& Bl BRI iz Ak fie
JJo EFERINEAAE T R@ A, (HR2IEH 54
—RIEMAGEOR, FEAHI 55 X 45 A% B dE R RE 7T 1Y
AT $2 T 38 T A R A N B B e S 5ok
PRI B A IR B 077, o B3|
HIAR 2 i AR, Cheng 25 NP AE 2018 4E 48 H

IFEARE R A N TR0/ Bl R AT X B RE E Y1l 2k 5

Wang 55 A [0t 7 H 3 e 0l A6 3 9 o AT H A i
N BT ) R A EOR AT i AT BB A 1R 5 e 5

ERIEAT Y B 1) 75 15 AR SO 5 ) 200 E Ak
BEREML, H2AM TR B i Hish, &
SOOI B 2 R R I T =Ml g, A
AT WA 3715,

A SCHE AT ) IR % ) T O AR B R 2 B B
NMT ) 4 A5 2% AR RS 245 9 o i N ) - 100 0 1%, %
FE B SCA KR BB ARV, A R A LA AR
BAEREAG, M TIEaFEE A A
ITR)F I REAR T, Saa 20 PR B /N,
WANE MR E, HHRSEFE . Hk, 14
2 ) (RN 6T T 79 i R B e AN AR TR o X T4 i
Ui T 5, RN S n A 3R AT Bl AL 1) 5 R
KEESRZD, WIREARL2 WRI2MS AR A7, A+
WL A 3 BUE B4 B s T AR A g i
T MRS R N B EE VI ZRIT B A N B E
SAEAERT, Bl teacher forcing 2 & o, #5578
U (1 B3] 06 250 7 A Xof B E A ) A A L],
XA L HORT DUGRIE A 2 (1 M g 5 L n PR AsE 2 fr i
SR, AR R IR AR B sk B M UL H b ) 1 3 8
X WA ECA (072 AN 4, B LA K 4 i i iy N\ 1)
FHFRATDLHI 551X — 9, 1X — fURIBR 2P
A8 FH R 25 SR AR B A 25 1) R AR A LA

3 JE IEM4k

AT A G 2 59) 1E A B HE AR HE Z AN = Fh 4
B SR : KA IR T30 (Sample Noise Perturbation,
SNP) , K ¥¢ AH AL i8] # #& (Sample Synonyms
Replacement, SSR), K A¥ i &2 (Sample Unk Mask,
SUM). 1] 2 7 1E AR 1) H A 2 38 2o 48 5 S 0 )
NMT & fith i A0 A b S F) oy N ) 138 90, LA
PR BHES R BB 2 Fios

XTI TX = xq, %0, 00, Xp» JE X
— M) K En 2R 18 Er IR A A p I 2 0T
BRI A, BRA) TR ER TR ARG L,
R R R I, N1, R Z R HE AT IR T Ak
A, WA 0, WIAPATAEATERAE, MRS I A

ZIWEAE R . R T ARG A K (6):
1y ~Bernoulli(p) (5)
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- X, ifr, =0
f=wrer)={ ¥ A¥I1 ©
’ w

HAWR(, IR IEn, BUE XS B35 x AT P08 - AT
TR, AT T VR DA I ZRr B A\ SCAS
BEATIE AL, T E T BB AR T s . R
FARI 48 =Fh = FE 3080 530 2 K DBl SR

Y = V1,Y2,Y3r =1 Ym

Encoder Decoder
i i
)?=x1,9?2,x3,...,)?n ZA=21,Z2,23, vy Zm
r=010,..,1 WR | r=101,..,0

X = X1,%X2,X3, .., Xp, Z = 71,22,23, , Zm

2 IR R E A

Fig.2 Structure diagram of WR

3.1 SNP

K SCHR 2 B TR #4828 Hh i N B WL 7 2
R LA L R THZ AR 71 1A RO RIS,
T AR SO ) A2 1A il B IR AR DT v, BRI 3R
AT A i N R3] (8 3] RN I N T SR A AL A
AN

e(®)=e(x)+e €~N(0,0%) (7)
Horpe ()RR Bdx; IR HR N, 7] et LA N
0, bRiEZE N RFEM GRS, e(R)2 MM ST
TR o A% F X AN 7 45 BE o] DA PR i 5 N SCAR A5
B, XATLAREE R 1E U B (72 TR
FEM A 2% a R RE /), A 5 HAA 1R
PUTPLRE ST, DRI 0N v 7 M 23 S0 A R 77 A F 4
BN

3.2 SSR

5 R AL SR SR [0 7 R A I SR A
ML EAT B 4 o AN [R) R P AR BL IR 35 ™ 7e 18
BHO T, BATE I ZR I 72 3 & kAT KA

IR, i 1 1) 0 B o 2 805 T I AR AN Ik

A o 45 78 BR]x, FATTH B x5 ] 2 vh e 1A

A% 5% PR B AR AR ABLRE -

X = Sampleuniform(Top_k(Similarity(xi))) (8)
exp{cos(e(x;), e(x))}

Yxev\x, exp{cos(e(x;), e(x))}

Hricos(e(x;), e(x))i & 5x 2 M4 ZARUE,
V\x; 72 2 Brx i 2%, TR RN — k2 LA,
FE XA KR 25 [) N SRAE AR ABL 3] AN S 1R AR 1y
W FRATT T S AR AL B2 i R T Mk i), AR AR
35 5] 3 AT R — ML R BT B e . SSR SRAT:
5k sk 1 MK 2 fros:
1 SSR 741
Tab.1 Example of SSR

Similarity(x;) =

)

J&5i ) :his car was still running in the dri@@ ve@@ way

K #F:his car was still running in the dri@@ ve@@ way

# #:my car is still running in the dri@@ ve@@ ways

2 ik 5 Ko

Tab.2 Example of candidates list

PR | his was way
my were manner
our been path
their is road

o him came ways
15 12 1]
your became process
(k=9)
its wasn paths
he had avenue
gement remains method
Her does course

A LG I AT VR SR A ARk R 5 A
KRRy, B2 5 A ant ) 1 1) Ak g 1 ik
FSAR RS o H 2 23 LA 3l ASFH 5 I ],
. fEiEiE gement 5 his 5€ & ANFHAL

3.3 SUM

o5 =M AR B B AR 1) 7 ¥ 2 < unk >HR
TR S BAR] AT HE 65 o i S 2 AR A AL am] 5 J S
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T i o P R A (B R B AN M O 1), A
BEIRATTZE FE T — b BE O B ) P Bl S -

X; = Replace(x;, < unk >) (10)
Horh < unk >5EHL A% B AR ] 8 4 R 5 5 iA
MRFIRAT 5, BN FZ AN 5 5 R AT 1 B
25 R2 B AL S AR AU OTI J5 A, BTS20 A
MR B SCE BRRALRIE, JFHBT<
unk > EJyiR 2 BB & — AN AT ) R, g
fh 25 AR LR SO AT S 45 2 DIRES, B
ARG R R A T I B AN E T HERS T 5 A4
o, AT R A 7o B2 R, PR A
RN+ 25 B TR, AR TR AL B
(1. SUM SR M7 il a2 e s«

% 3 SUM R4l
Tab.3 Example of SUM

J&i ) :his car was still running in the dri@@ ve@@ way

KFE: his car was still running in the dri@@ ve@@ way

#E19 :his car was <unk> running in the <unk> ve@@ way

3.4 JIgxtitt B AR

] T JUJ A 0 i 5 R A ) 2 P N HEAT T,
IR A S (HE T T YU EE I BE L AN AN
EVE, BB TRIEXER . N TR
AR ELF R A TRAE, WATFIARFTR B, 1
= AR C, X rh RS H () #E 4T #0531
M WAE NI, b B AR s 2R O R i N\ %
N2 FR FRTRDAR A, 6 AR SC A (10 4 ) 255 AT A ) 45
F 50 # CHY H 2 DX 7045 15 T A AR A 1 T A6
B, A e H D H B D) A2 38 A B C X 23 1)
AR o XHTRUR T ST iR I A K (11):

Laay (6% 6,0 = » —log C(H(x)

Xi€EX

+) . —log(1~ C(H(z)))

Hohoc e H S H, x 520 ARG
LAGRIE SRR AL RS IbE Sec S el S el AP 2 il

(11

! http://www.statmt.org/wmt18/

A ANA AR W U LA 252 T, XA NMT #A
F LIRS S A I RAERE /1, JF HEME BT, A
JIH) R TE] R AR SR BE % O/ B SR A0 KT 015 R

R 28 A5 R PR B B AN BT H AR I R4

i Z BRI SR L], A (12). HESE
R 3 s .

L(th, BC) = Lmt(gmt) +1 Ladv(gmt: HC) (12)

Y= Y1,Y2, Y3 - Ym

Encoder 1 Decoder
i t

X=X1,X2,X3, ey X Z=Zl,Z2,Z3,...,Zm

B3 it Hprs s E

Fig.3 Structure diagram of adversarial optimization

4 SRR

N T BRI R A T VE A A, FRATTIE
WrER) Transformer AEAIZER T IREHESE (2018
Third Conference on Machine Translation ,
WMT 18Y) b AT 915 - HHAE (RS- 1) A
T H RSO (RIRR 38 1yseEs, DL AARAESL
PEETE S B Pa e (Linguistic Data Consortium,
LDC) bgfA7 v 3C-383E (faifRep-38) HSELs, Bt
Ak, ARICWAE 12 21 Transformer B8 FiE4T T
) TE A 7 925 (R A PR B8 E
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4.1 SZLEHE

X - R G, AT A LDC -3¢
SPATEX, HAPGEE 125 FA), AMEH
NISTO06 (1664 f]) {ENIIELE, ffi ] NISTO02.
NISTO03. NIST04. NIST05. NIST08 (4 41
FTA)%E 8781 919, 1788 1082, 1357 f1)) & Jyill
WE. N TIRMGEEREMERS, BATRA T X
19w (Byte Pair Encoding, BPE) £ A [R il 1]
RIRAN, Hpdh SRR 4.2 1, SRR A
3.1 Ji.

SFHE-ERME- RS, RITRAT
WMT’18 £-JEPA71ER, HAJIZEads 21 4
), B E 5 AR 4R 2 Sl 2 newstest2016 Al
newstest2017. &k} FEIFE(E A BPE 4bHE, Sb4bh
THAE A L H AR AT E S, AT DAERATIAE FH BX
HIA RTINS, AER KA NA9 TT.

4.2 LS H

SIS K H 172 2T Pytorch SEHLIY fairseq!'®)
MEZE, i H] Transformer fE AT HEME RS, H
LRI 6 EamILE A 6 ZMRAYES, wiUE A
]2 73 508 512 4ER 2048 4k, X T 1ENALEA,

FAE H dropout=0.3 PL LA FH#r 2T Ls = 0.1,

o T AR SCHE AR O TE AR D, s A H BR
Uit S REHE 22 59 ps = 0.1H1p, = 0.3, SNP g
A P v ek 35 AR TEE 25 0 = 1, SSR S i 32k 1]
ik =200 FRATIE =Fh = AL S ws BB T
XPHL gk, 1 3.4 Gifas, Hrh SNP 5 SSR 1)
A=1, SUM i1 = 0.01.

LDC & il il AR & AN S % %5, itk

A SCAF Hmultiblew. plIA I XGE PFAY (Bilingual
Evaluation Understudy, BLEU ) 43 %%, 1 X} T
WMT 18 +-3%, NIfEH SacreBLEU % BLEU
A FEMRRSIS, SRR R KN 10.

43 FTEGEH

FE /N SR T A H AR R s, A
A2 JSL A [R] B 21 J0) A S5 5 R AN [FL R BE R 3 T
Horf SUM 5SmSR TH oMW, il e de-+ k
Flk-3E B4y 04 43 0.98 43 F0 1.55 i T, K
ORI 4 Pron. MRS L, =FEngH
FRes Rk T ARSI, JoHE SuM,
R T 142 2 I3RTE, HE SRR 5 fros. Bk
ARG EE 10 =l IR DU A SR o TR B B
PR BEUR I 57 T HRT LSS A R A SRS R R 1 2
Ft, Horh SUM Fil SSR HEH% (4 Tt iy B 2
F 4 AN [ IE D) Ak S 7E 95 - - A - 984T 45 %) BLEU 18
Tab.4 BLEU scores on EN-TR and TR-EN using different

Word Regularization strategies

LW R it o3
Baseline 22.35 19.49
SNP 22.43 20.08
SSR 22.64 20.56
SUM 23.33 21.04

M 7E 12 JZ 1) Transformer #&7 _F (f) S286 45 B i3k
6 fion, ML 6 21 Transformer £7Y, 75 E |
GINZHE L, HREREZ DL, il
WA 6 )2 Transformer BT, {H/2 SUM RIS KA
AR i ok — LL R THX AR B 1

R 5 AR IE U Ak s £8 - 584 55 B BLEU {6
Tab.5 BLEU score on ZH-EN task using different WR strategies

KRG nist02 nist03 nist04 nist05 nist08 AVG
Baseline 47.78 46.74 47.70 47.18 38.11 45.50
SNP 47.40 46.92 48.17 47.65 38.57 45.74
SSR 48.68 48.29 48.87 48.71 39.90 46.89
SUM 48.69 48.14 49.16 48.74 39.86 46.92
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% 6 A[EIEN AL SIS E 12 )2 Transformer #) BLEU {H
Tab.6 BLEU scores on Transformer with 12 layer using

different Word Regularization strategies

L RS o o 3
Baseline 22.09 19.46
SNP 22.62 18.72
SSR 22.37 19.99
SUM 23.06 20.50

5 BT

5.1 JHELHT

A B AEW T — Fh 1 Dropout 1 Label
smoothing(LS)—#¥ ] 51 Hid H i IE Wk 7%, R
WG AR SR IR =M TE DA 77 32 0 AR R B i 3R AT T
Wit I/t - HHR R B R 8 .
H5E, BN TT S TR R P RE A A, J
R, AR IE AL 7 0 B 1 1 RE R A BT 38 T,

A Rl T B IS M R R A THIX A
WA, HEAKXWT:

N N 1
ppl(s) = \]l_[izlp(WHWlWZ ...Wi_1) (13)

HhS =wy,wy, o, wylE—MA) 7, NEATK
o RERLLE 45 5 M4 b () A) 1 RE 8 3R A5 22 Bk
Ko 50 AR f 1 Ik 2R 1R 45 Bk TR, AH
(1) ppl 22BN, AT DU R S AR 2 A5
P Ao K 4(a)(b)(c) 7 il 7 Bl 2 Hk HE R 4t
R FH 1] T DAY S R AR 2R AE I S 78 o (10 45 2 AR
o2, RSN ppl AL Hh 4 &, LA BLEU
A2 . FHEL T baseline R45, KA 1A 1E N
b () A Y AR U 2k 0 B R R R R A = T B R
baseline /KF 3 H AR IELE - 3R43 BAK A ppl, H:

H SUM SIS AT SSR 55 I it 25 )11 2k 2t % 11 HE i -
# 7 Dropout. Label Smoothing. WR ¥ @524 BLEU {&

Tab.7 BLEU scores of Dropout, Label Smoothing, WR

Ablation experiment

‘ Ny sk e
S Dropout FEFIR X EHER, Fg, I EN _
s v e Baseline 14.88 13.01
T E MR 7 — e R E XA 1 )1 o F ke
, +LS 15.66 13.59
B B 520
‘Dropout 20.58 18.31
\aw
5.2 BERZ A +Dropout & LS 22.11 19.18
W 2% (Perplexity, ppl) A& 7 815 5 Ak +WR 17.28 15.56
S L DA S B G SR Fa bR 2 — o e i 32 2 AR
81 —=— SNP 1201 —=— SNP
—— SSR —— SSR 201
—+— SUM —+— SUM
74 i ---- baseline 100 1 -- baseline

80 1

PPL

60 4

401

201

18

16

BLEU

14

f
124
!

—=— SNP
—e— SSR
10 —+— SUM
-- baseline

20 40 60 80 100 20 40

(a) training loss

(b) valid ppl

60 80 100 20 40 60 80 100
(c) valid bleu

4 YIS FEF UK lossy FRIELE ppls JRIELE bleu AR 4k i £
Fig.4 Loss, ppl, and BLEU scores over epochs on the TR-EN
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WA BT baseline — £ [0 FH#2 %%, 3+ H. BLEU
E 1 LE & T baseline, iE B AT AT BN 25 5 HY
WA HES, DL Rz R D3] T 52
Tt

5.3 KBRS

PR N2 B RSB AL 55 e ) 25 R AR RS 45, 2
Lk 245 it 18 L) 285 it R SRR ME R pg s py A RS MRV AR
PERE B ZL N Z, LN T 40 0T 3 i 10 SRAE A
SRR RIRZ I, FRATTEEAT T AN R SRAFE R 15t b
S

xF TR RAEE R ps, FATE Ep,=0.3, pyik
$£1£[0,0.05,0.10,0.15,0.20,0.25 ] I A% % [X. ] P i3k
79258 X T H AR RAFEME R pe, AT E ps=0.1,
pei% ¥ ££10,0.1,0.2,0.3,0.4,0.5,0.6,0.7] /1 HE % [X []
PWHEAT SRS s DASR SRR (It Re A4k, & 6
s AN [ Y i SR BE % N B AL K BLEU 4k
7 5 AN H b i RAE AN S B (¥ BLEU Hi 2k .

21.0{ -¥- SNP N
-m SSR 7 DY
-e- SUM el °
--- Baseline Te-—T
20.5 -
o]
w
—
o
20.0 A
19.5 A

0.00 0.05 0.10 0.15 0.20 0.25
source sample rate

Kl 6 BLEU 73 $ b 0o KA ME 50 22 4k 1 2
Fig.6 BLEU scores over iterations with different source
sample probability
MR ATLURIL: 5, WX T R A
A EL T H Ardw SN LU, SRR T
ANFER G, AT PR RE AT RE S H AR i AT
LR B3 In £ BUSE I R PSS TR IR
sk, AR R A —FF, =X T
M TR RGE T R R R A E, H
i SUM S it SR A E 3 1 52 0 A W Sk F) 1

‘%, P BLE = RN AL s SUM BT H0RE
JE 5 Fe K -

21.0{ =¥~ SNP

—#— SSR
-@- SUM
—-—- Baseline
20.5 A
)
w
—
o
20.0 4
1959 o/

00 01 02 03 04 05 06 07
target sample rate
7 BLEU 73 $Bt H s b R A A2 40 il 26
Fig.7 BLEU scores over iterations with different target

sample probability

5.4 AL H AR

FEVIZRI R o, AR SO A T et 2k H 5
WAT(B), AT 53 BP0 2R 0 A5 L B 1) 520
WAVHEAT T S A X B H AR BB FNAS B 040 H bR
PR L S ge, 25 WK 8 fros. mIDLE H
FE=ANTE AL SR B b S Bl Ad B bR 3k As 1
BLEU 73 $$2 7t Uk B 1 iZ40 2% H AR A 2t
Hr SSR Z BXt it H br )2 mi i K, BLEU 434
ZEAEAE 0.7 S /24, 1 SNP A SUM M T %A
5 FH O o ok OB B4R - T K4S 0.2 BLEU 4344
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Fig.8 Impact of adversarial objective
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Word level regularization for Neural Machine Translation

QIU Shigui, ZHANG Huaao, DUAN Xiangyu, ZHANG Min
(College of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006, China)

Abstract: Neural machine translation (NMT) model leverages large scale artificial neural network advanced in
superior translation quality. However, NMT model lacks of generalization and prone to overfit especially in
low resource scene. For this reason, we propose Word Regularization (WR), which prevents overfitting and
improves generalization for unknown data by perturbating input words of sentences. We conduct experiment
on LDC Chinese-English and WMT’18 Turkish-English task based on Transformer model. Result shows that
our approach is effective on reducing overfitting and gains prominent improvement on translation quality.

Keywords: neural machine translation, generalization, overfitting, regularization



