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Abstract

Abstract

Machine translation refers to the process of translating source language sentences
into semantically equivalent target language sentences through the use of computers. It
is an important research direction in the field of natural language processing. Neural
machine translation enables end-to-end translation from source to target language solely
using neural networks, which has gradually surpassed statistical machine translation
in terms of translation performance and has now become the dominant paradigm in
machine translation research. Neural machine translation models mainly represent
the translation probability from source to target in an autoregressive way, where the
translation probability at each step depends on the previous translation results. As a
result, the model can only generate target words step by step and is unable to fully utilize

the hardware’s parallel computing capability, leading to a large inference latency.

Non-autoregressive neural machine translation is a novel kind of translation mod-
els that assume conditional independence of the target-side distribution. This leads to
the parallel generation of the entire translation and results in a significant advantage
in terms of decoding speed compared to autoregressive models. However, in practical
applications, there is a large performance gap between non-autoregressive and autore-
gressive models, specifically manifested in over-translation and under-translation errors
in the model output. The major reason of this performance gap is the mismatch between
the training method of maximum likelihood estimation and the representation power of
non-autoregressive models. Like most generative models, non-autoregressive models
also employ the maximum likelihood estimation method for the training, with the under-
lying goal of fitting the distribution of the training data. However, the task of machine
translation does not satisfy the conditional independence assumption. As a source sen-
tence may have multiple correct translations, there is a strong sequential dependency
in the target sentence, which is beyond the representation power of non-autoregressive
models. Therefore, in machine translation, non-autoregressive models are theoretically
unable to fit the distribution of training data through parameter estimation, so they are
unable to correctly learn to translate through maximum likelihood estimation. In re-
sponse to this challenge, this thesis is not limited to the training paradigm of maximum
likelihood estimation and improves the training methods of non-autoregressive neural
machine translation models from different perspectives. The detailed research content

is as follows:
1. Sequence-Level Training Methods based on Reinforcement Learning

To address the issue of inaccurate word-level cross-entropy loss, this thesis

proposes a sequence-level training method based on reinforcement learning to train
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non-autoregressive models at the sequence level. Non-autoregressive models cannot
correctly learn to translate through maximum likelihood estimation. It is practically
demonstrated as the inaccuracy of the word-level cross-entropy loss based on maximum
likelihood estimation, which independently evaluates the translation quality of each
step and ignores the dependency between target words. As a result, non-autoregressive
models only focus on local correctness and neglect the overall quality of the translation.
To address this issue, a straightforward solution is to evaluate the model output as
a whole and directly train non-autoregressive models with sequence-level evaluation
metrics. This thesis points out the defects of non-autoregressive models in the training
and proposes a sequence-level training solution based on reinforcement learning. The
reinforcement learning algorithm is customized for non-autoregressive models to reduce
the variance of gradient estimation. Experimental results show that sequence-level
training significantly improves the translation quality of non-autoregressive models,
reducing the performance gap with autoregressive models while still maintaining a

decoding acceleration of over ten times.
2. Training Methods based on N-Gram Matching

To address the issue of high variance in reinforcement learning, this thesis
proposes training objectives designed based on n-gram matching, which enables
efficient and accurate training of non-autoregressive models. Evaluation metrics
for machine translation mainly assess the accuracy of n-gram matching to evaluate
the translation quality. Therefore, directly designing loss functions based on n-gram
matching can enable more accurate and efficient training of non-autoregressive models.
This thesis formalizes these training objectives as minimizing the distance between
bag-of-ngrams and proposes an efficient algorithm to minimize the first-order distance
of bag-of-ngrams for non-autoregressive models. Furthermore, this thesis extends n-
gram matching to CTC-based model architecture to model non-monotonic alignments
between the model output and reference, which overcomes the limitation that CTC only
considers monotonic alignments. With the optimization of n-gram level training objec-
tives, non-autoregressive models can achieve comparable performance to autoregressive

models.
3. Training Methods based on Dynamic Reference

To address the issue of mismatch between model output and reference, this
thesis proposes training methods based on dynamic reference, which dynamically
adapted the reference to an appropriate form for training the model. In the training
of non-autoregressive models, the model output will not be correctly evaluated by the
cross-entropy loss if it does not follow the format of the reference. This thesis presents
a solution based on dynamic reference, which does not use the static reference but dy-

namically adapted the reference for the training. The dynamic reference should match

v



Abstract

the model output while keeping the original semantics of the reference. This thesis rep-
resents it as an optimization problem for the reference, and gives two solutions based on
diverse distillation and rephraser. Experimental results show that the dynamic reference
can effectively work together with improved loss functions and help non-autoregressive

models achieve the same and even better translation quality than autoregressive models.

Key Words: Neural Machine Translation, Non-Autoregressive, Sequence-Level Train-

ing, N-Gram Matching, Dynamic Reference
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RS BEUIRAS sjo1 MRS AE RS b BERE ST, BRI = T IR BEoR 2 AL
KA, 1FERFEE SV a;

eXp(e,-j)
Sioyexpler;) l
HHr, vas Woo U, ABRSE BiJG, BiAT ISR ICE SRR yos BUIR
A sjos FESEH ap VE AR ECS ETE BRI :

Sj = GRU(yjfl, Si-1, aj). (1-5)

L
eij = vh tanh(W,s;oy + Ughy), = aj = ayh. (1-4)
i=1

., AR EBSARAS ;v MRALEE N vy R o RiFE L w18 1
AR
p(yilX, y<j, 0) oc exp(Wy, - g(s, yj-1.4;)), (1-6)
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Hrp, ¢ AEETRIBAHZ MZE R SEZRME T, Wy, Dyt = Ho B 3] y; 24

FETIHEIAHZ M 2% 1) RNNSearch A8 (1) 3= ZLER A A I ZR8CR BAK: HT1R
PR I 25 BRI, AN ]I A) 20 B SRR S Z TR AE U AR o &2, S BRI TT
AR B _ESEIIH AT, YIRS GPU B ARG, 2017 4%,
Vaswani & 32 1T S8BT R IR Transformer #5580, 45 75 1 7 471 A%
HRITE RS, IR BEE AL 7 A2 _EIFAT IR, BRI 2Rl s AR TR
Fto Transformer AR ZEA 41 & 1-1 7R o

Output
Probabilities

Add & Norm
Feed
Forward
| Add & Norm ;
R Mult-Head
Feed Attention
Forward ) Nx
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
At 1
\ J —' )
Positional D @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

1-1 Transformer #1224y, B 5] A Vaswani 21,

Figure 1-1 The model architecture of Transformer. The figure is cited from Vaswani Z[1),

Transformer HUHAIE (R SECH BN AP BRI, R
HHGINBERGT, SR A AR G R
PE(pos.2i) = Sin(pOS/l()OOOQi/dmodel)’
PE(pos,2i+1) = COS(pOS/]_OOOO2i/dmOdc])’

Hrpr, pos ZIRAEA]FHHINLE, dinoda ZR/NIUHIYERE o AR Gt it e T A\
AN S BIRASRI IR it as i n M EEHARREIEAN, BRFEREEL
Sk HER IR B M 28 . 223k BRI LA RBRE R N E Al
RER TN =P Qv Ky VIia®, a1 F=UFR:

KT

Vdy

(1-7)

Attention(Q, K, V) = softmax( )V, (1-8)
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Fefn, d U K AR AEARTAR0 FIVERE TR, 4 Hebel A IR
Q. K. V. BUMINFFAIR E S HOIERTES. MoOh, (EEEH 2 LR
L BRI A S A R LI TERES, RUR
R LI IF . 20 FERTH SR, FE G — MR B2
HRPELHR A BN, I LT

FFN(x) = max (0, xWy + by)W, + bs. (1-9)

Transformer S &F 280 S 9mtdas 0L, T EAR RO A A Mo —
NI XFE RIS, A RS as vT DO ) S AR T A R 1 LSRR B 7R
S MAE RIS, S A E -8R O, witas i HAE A 1-8 R
K f1V, ST Somas 2 R EsE. H50, BT SCEMME
) 2B Y L TR AR RS IR TR) 25 JC TR R BE THIAOIE S, FIr DARRAS 4R B T Ak
SINT — X AR, AT GRS K/ M E N 0. ARAS R A5
H B B B3R 6 K/ )N, 185 softmax E T EIFSCAIIER p(v1X, y<;, 0). B E
B, Transformer AR N F T AR Z7E D B IH— LU0 FE A KA
BRI %5 o

1.2.2 IEEEFHEZSEENZF

b Vaswani 21 32 H 11 Transformer (AR B4 3741 2 10T _ESCIMIEA Tl
S5, BRI A TR RS RE BT UG 2 2R 55 1T 06T - Gu S PR R B Bl b 42
HLER AL, P SO A TR I A e T M g A%E, JF3ET Transformer
SCIL TSR TR, AR TR YBT3 H [51)9 Transformer [
PRI BRI -2 7 o

LETEA TS X 5 R Y = {yn, Yo .. yr}s AE B BB
X 2| Y (R A A -

1~

p(Y1X,0) = | | p:(y:1X.6), (1-10)

t=1
Hrp, 0 FORBTREZE pe(3:1X, 0) FoRRLAENT B ¢ X F bR B v, A H#E
W o FERLAY AR B 0] R [R5 R0 Y 58 SUIR 0 K BRI A -

L£(0) = > log(p (X, 0)). (1-11)

FLnlipydE B [B1H Transformer #5035 F [B] JH Transformer 508 (1 28 42 3L AN AH
[E, AUFAEJLAEZE S TR B BRI y, IEASE T HoAth 5 bR B
PRI ANBEAS 1 [ VAR — ol H bR i 00 SEAE D i AN o Xt , AR faispm)
WX TR G g i N — B S A, Gu SBT3 T RS T DL O k.
ST R DL, R R A\ TR N 5 Ho 8 DU2 H bR, VE AR
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[w][z][a][w][vs]

. $ $ ? T J
[ Target Length Predictor ] /[MLP ] [ MLP ] [MLP] [MLP ] [ MLP]\

! R

[MLP][MLP][MLP][MLP][MLP] -)[ Multi-Head Cross-Attention
O ]|

Multi-Head Self-Attention ] [ Masked Multi-Head Self-Attention ]

e - e

& 1-2 3 8 [#] )3 Transformer BEHI 4244,

Figure 1-2 The model architecture of non-autoregressive Transformer.

~\

w0 BT IR R T AR AOPE DL, FEATER NI B A . H R g 12 5L
FURIAECH |, AR R IR Eﬁl?ﬂﬁ?%ﬁﬂtfu PR SAT ARG B AT 0]
P Ul E B R B brdm e 730h, TR as YA AL S B AR i SUE R, A
AT EAE H IR RS O A1 IS R
SRR AR B R R EHUE B P SRR L, PR a3 30

NI, SR AL S — A BT ARCER, DAASROG R £ 7~ B e 28 SR N
LL%@W%H%MﬁﬁﬁMwiﬁﬁ FEYIGRIT ARl 225 28 SR 3t
Frigad, FRHIMNZRAC SR . MR, BRI H SR,
E@WM%@ﬁ%ﬁ@WK%EM%Y:

¥, = argmax,, p;(y|X, 6). (1-12)

BARE RN AT A A B3 BRI (HELAHRY AR B BT Y
PEA Eﬁﬁﬂmﬁﬁﬁﬁﬁﬁ,@ﬁﬁu&Aﬁxﬁf%¢oE%%%,$§
(] AR ) SRl T B S RS M EE B, FRA e E SO R — 2 E R
e l-1prR, AR B B e kb 7 that”s "and” SRR EA, FFRE can-
cers’s “aggressive” BLALHGI 1 7K, IX AR B AR AR A RS E
SRIFEIR

1.2.3  JFEEAREEF 2% @R

3k B [ AR AEATL BRI T 55 LRSI R R e [ 1Y, 7
MLAFEIIEAESS R, [ FOCE A 2 MIER RIS, Flin IR NP 1%
B AT LA EIEE N I ate pizza this afternoon’ B} “this afternoon I ate pizza’ . K,
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# 1-1 4 H [ BRI R S 41 -

Table 1-1 A translation case of non-autoregressive model.

JEC Es gibt Krebsarten , die aggressiv und andere , die indolent sind .

Z:721% W | There are aggressive cancers and others that are indolent .

HFJH | There are cancers that are aggressive and others that are indolent .

JEBEEIIH | There are cancers cancer aggressive aggressive others are indindent .

H A i Y BE SR 50 A0 P REAAAE 221> e, T X 20 e P (s 7 FRAT THE LA E A 311 2
AEH BEEA, Xt ETE B BN I 2208 ]

I EE b, AR B BIARR A A 2 I AT RE ST, Rl Te kit
SHEAG LA YL BRI GEIR A0 . BT 28R e, 4k 3 B AR
1R FRRADSR AL 1A 7 st T 2, Ay AR REAE LS I R BRI 0 A e B
WAEIGEGRT, AR T TG FMFESCS 2. &R A
MR G A, A “Tate’” 55 “this afternoon™ %% 7 50% HYME=R. FA1M0, 4EH BIH
TR TCTEAE A ISR I T EBOX — Bk G 0 A o AEIE T AR AUZAA TH B I 25
T, AR HRE B M BN G, A —MuE N T 5 ‘this” %
b 50% HIMER, S5 LB T ‘ate’ 5 ‘afternoon’ %% 50% FIMER, FRrfSECG 0
AEL-37R . AT, BT AR DEARRE IS A A 2 I It AT e
HICFE B IA T 22 S B E SR BT 5, ARk SO R T RE AL
“I afternoon’’. “this ate’” Z=Hi G A& B B o

50%—25% 50%—25% 0%—25% 0%—25%

1-3 iz [ [0] YRR T 3 S A6 5 e A B 2845 o

Figure 1-3 A case that non-autoregressive model cannot capture multi-modal distribution.

FESLERJR AL, 22 MR AN B (RS R A 4535 R TR . AT S
T ERANEIEUR . BTN T 52 SRR LUR 9050, EORRAE
T OB H 225 P SO B AL B 115 . RIS BRI 2RI A2 5 T IE R 33C,
—HZECH SN, WP U R AT A 5 2751 SR AL
ARSI A H o aniE -4 PR, SRS HY oA “this afternoon T ate pizza®” 227136
A “1 ate pizza this afternoon’” i, ARG H T IEARAYRIFLE R, (HAESS Rk
HITPAL T S TS B A H 0 R R B T S 228 RSO B R 3] o AEIX AR 1 25
AR B RIS OE LAAR ORI S0, R SR T AR A SRR A
SECTESE R (FRESWNEIE A BRI g DR R R

B IR I, Utk R AR RS B S ECT SEERLTCE LA I B8R 1 5
A, AESEE B8 T AN SR PR R R A TR, X 3 TSGR BE T B AR
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Ry 1 ate pizza this afternoon

IRBUEI © this  afternoon I ate pizza

1-4 22 SR HR R TCIEER VT A B [0] R i ) 45 R B 2451

Figure 1-4 A case that the cross-entropy loss cannot correctly evaluate the output of NAT.

A EE IR . WRARR TR TR, AZERAR B R
RAE BRI R G TR B [BIRR R I 2573
HUREAT R T A 2 W MDA SR R B S AR BT R g 28 e

1.3 HREHEA

A EIA K, AR A AL AR B2 P ) 2 1 A e B S 80T RRIIT AU
SUNGEARR AT, AR B2 T BTN RI AR5 R BONHERR . X T T
BREE R SRR AT E DI R o ASOA B IRTFAR B T I 2R
MR EE AR B R g B R IR 0T 3%, RPN

1.3.1 EFREFINFIIRINETTE

FESE T, PR IRI S SRR T R PPAd S R g 4 A T, AR SCHR
XFAE B BT S 50 20 45, M 512 T R A TP it A T iy 235 SR Tl i
T AENLa B PV 2 0 B e ) SOl AR, (HIX SRR bR i 2
B, CEERN TG R, ASCRAET 2 IRl &
AL RITRARE BB, AR DU KA R TN R B, I B S e 2 >
SRS THINZR HARBIREEE o SX Rl R 7 SR 32 B2 B0 Al T A 7 240
SERAEYIZRI AR, IR REATERE o ASSCRI AR B BRI T4
AL, B A HLARBIE PG TE RO TE DL, SRR R T skt e ) 8k,
IE B BT RETS . Ao E ML e S Al HE R o

132 ETF ntHAREBEKINE L

RS = WOFHr, FERFSis S) RIREBGS MY I, AR SR AT n ot
DERCSRBETH IR Hbn . RERZ S WERHINZRAE B [EIA R BLas B PR
febr (40 BLEU {H) EEET n U9 DEECHERR R PP AR A B Bt
I, BADE—2HEEEET n ST ITECR BT U R, T RERE S AT
BEEEA T, SEWERG SROHIIZRAR A FUEREAL. ASCRXT n eI iR e
R E/ME n SCARAE 2 TR RS, FERIHAR B AR A2 sl i v 15
TREMERRIT R PR R SR (R A EE R RE B R LA/ ME n JC4LiE
SRR BN GR H AR e ASCHE— 2044 n STV ECHY RS e 8 7 &L T CTC RyfRY
2, ERR R NIES RS BT Z5H . A RERE S 13 S S A e Hi [R]
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HIRRRS ST, JoiR B e Bl P R A AR Y AR B SR IR o 414 CTC Teih
ACFRARFRIRXSFFAY I, ASCEET n JTAHITEON CTC HR Y= B 55 A T A
SRAD T PRI PR R BREE (AR I 2k BN o

1.3.3 EFISSEFEXNINEGTT A

FESE T ANEE, FIXZ SR R SR e AN DEBCRY AT, R SCHE Hi 5
THESHFLRIINGTTE, BB ESHE N G BRI ARG . 52
SRR PR BCESR AR B 1 5 225 B SO RS 57, IR 2 HUE 00T Toik
MO PPA AR A H 4 R o AN SRS 5 SCRERG T i H Y s aSTRBE L S U
RHMERPERLREG 2 5 2GR . BT IR, ASGRI T RTS8 H
iR JT &, RS F SR R IS . AT S0 B fUR AT 255
BB, (EHRERECRTY B SV IERAME, SO St AHC G . AR SCES
TR 2 HEE AN S S MR S 25 TR 2 RIRITRE
BIMBTUR M Z 2530, TR SRR H i DT ECHY 275 3 SORIIZRER
AR TIENRSIN TS deah), IRya i X 2% 5 s AN S, IF1
FREAR B PR BOR PR S e BB R A2 B0R, LhaAe 2 I 7 SOl SRl S v o
XA T RS RS TR At 45 tH B IL G 225330, BT X251 5
TIPSR PR A RE EERR I AR o WA, X RDEE T BhAS 225 13 SCRY 1)1 4k
I S IR REOT TR BSOS & (IR RERS B E— D4 Tt

1.4 EDHRA

AT EATHASEA I B -5 R, BRI -

BB T HLE R D R H AT iR A L g B, LUK H [
VARSI R e ADAR B B AL e BT 5 e o AT A28 1 AR B Bl
ZHl B PAEAER RS B BT RYSCEET %, FFE T A ST EZT SN A

BN T AR E EANLAEIERI AT SCBUR . SRR B Rk
RESTS SIAEA R BT RRAD R . et 4RSS BT

S FRR OV AR B BUEAT R 1 3Tl 2 T e G0l g5 073k FRED
XPRARLHEAT A A A PR L T S22 ) B, R B BT RS MR . FoUE Il
ALy PP FER o

FHVFEET n ot ILRCiR ) 1 /MU n ST IR I ZR B AR, FFEEXT
Ik B EIAHRIZE T A X — I 25 B AR R 2

FBREPE D n STAHILRC T 5y 2] 73T CTC jyKIRIZE g1, 2 CTC
P FR AL 7 A R XS TR RE ST . SR T CTC AL TEvk AL B B 57 Y Bk
B o

BT 2B SR SOER A G TR SIS H L, S
ENFNFESHEM 2 AR 2% 3F 30, BN S HF R —1
RINZAT o
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Figure 1-5 Chapter organization of this paper.
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£28 FEEEVREIFEFARIVK

ZIEMENEE I B2 TR E U S I GEAR A, ek B3
TR RS A5G R RO VR, (EARRIME A ) B IE TR R T =, B
RS RE EE I H 255 N T RTHE B FIHBR AR RE
WFFE AT VR 2 R8N 2 W [P SR 2 M, SR BER] LA R 248
WASRFGARES T SINGAL R VORISR . skl iRk . AR JFS:
w7, BA TR XTI IE B BARGT S BRI 48 o

2.1 HEMRZXIE

Gu S5 5N FI AR SR 24k B EHAR ) SRR R 2 —
FIRZAR I B R foRs — I KA 22 W 8 AR (O RIR RS 25 7 — A /NI A 22 (o 4%
(LR NPUR NN iR B G € O/ B2 U1 EIC NN il € O/ I 3 Y G AR I
RZR IR H R k22 A B SEUT R R TERE . fEPTIRSZ IR 5%
AEZ N o LG RBRZR R T B A LS5 B (BOSECN K, #
ISR TN E 0 A0 q(vlx) . “FAERBRIZEON 0, BNZER N p(ylx, ), WA
IR IRZOR AT IAU S ZUMT ) A7, 35358 AN T -

K
Lxp(0) == Y q(y = klx) - log(p(y = klx.6)). 1)
k=1
Kim 5130 ¥ S0 AR 7 v B R E] T LB, Bk gL nings
AT BRI o ST 7 T B B 4 2 A MR A NN [ s 2
STHOTBARI 5T . (BIRIAZR/NH V], MR

T V]
Lwoaxn(®) == > > alye = kIX,y<) - log(p(ye = kX, y<,0).  (2:2)

t=1 k=1
PP AN RIIRZRAR 2 4 2 AR AR B e A7 A1 2= [ _E LS AOm B g o A, FHAR
PRI R BT

Lseqro(0) = = ) q(YIX) - log(p(¥|X, ). (2-3)

R B P A AT RERY RS, RS RLE IR, NI JCiE BT 5. Kim
SR — AR AR U 204, R BT 2 SCHER O 1,
HABPE SR 00 FTulh, BRI BIE 08 -

Lseqxn(0) ~ = > 1{Y = Y}Hog(p(Y|X.0)) = ~log(p(¥|X.0)),  (2-4)



AF A EUAPREHL GBI I 2507 3R 5

Hr, Y MRS R RS R RS MITE 2. RIS ARR AR Bk
Fike s (1) JNZRZUMRRL, (2) BRI ZREE A Pl ORI K A5, (3)
A5 -5 O SCE A A B ZRet AR AR

FEAR B FUEHL g R, RS B AR BOR A 5 B R 2
AR, SR PRI R T P AT A BN ZE SR BOR BRI
SRR Y25 SO O B AR R EIFELE IR, 8958 1 ARGS9 B E
P, (AR B AR R 5 W6 B rsm AR A, BRI T 20 SRk Y R Mo
HRT, ARz E 2O THE B B RIER — MR &, Ao
AR H EEARA SR H -

N T RFE PN ZE R E VI R R i R AR, Zhou SR SR T W T
PRI IR B SR RIS LRI R AR, R {5 BB s AR B R A H i S
SEOMA R ZE B0, SR BEBGR AR F AR S 2 SCRAN i E MR, R 22 0 R
B E . I, Zhou U XA AN IRZAE R AT AV E I T KT, RELE
LA R s R vl 45 BE A AN BRI T B A S 2R B, BOMASA5i: , TZ8 1 4K
PREEHY A E AN AR b . SR IART ISRk . PRI, MRt A2
RSIRGBT, AF E R 22 AR 5 5 (5] U5 A O AR BE ) 32T BO A RE & 14 B
T RIZEIBRCR o

Sun S5 2B X PRSI NTRARAR T ik st . AR ZE R e rb i A
EM SIEUST Sk OB UM S 2 AR R . fEdg—Se i rh, & 5eH
ENEIPEY EivaeegtiEs €t SAPNE S NEIDRY: Bichsi 2 el 2Ny S aE R = | E Sl il
WA TR R AR LR B [BIR . A Ry, S5 22 A4 i DU RCRR 5% i
$eFt. I RERE AF ) Zpp Az AR

Ding U815 HUNTHZ A AE S AL R IO BRI, B BV SUmR Fei ser
HUER R 2 BEE AR IR RR 2R B [ 22 Al g B, b TR B A [
T AEARATOR B A i AP AE — REBRBE L i 2R A s RURIC Y He -5 50
HRABARMZE . X1, Ding 55 USRI A 20 AV E D9 B0+ Fe B3 25 e 4L
A tE AR AN TS T B IR AR A RO TR T AR g 5]

BT SRR 2R U B9 IX 28 7 ¥R REA R0t 8/ N S W P Rl R O 2R, oK
Ese Tt 1 AR B RUEAR R EE R RE . JRTIT, AR ZR IR T I M B B 20
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PR AL SIS ERIISES

PR AR T VA — M RO AR 5 s (B B RS . SRR As s
5 2R, WIEHME LA BOHE BRI B P AN ETE . R KBS AN
R Plhn, R EENTRGEEE, WA A KT THEE (A “Tate
pizza this afternoon’” 55 “this afternoon I ate pizza’ W R ] GEHIBIIRLE R, SilgdE
[T SRAFAE . IR R G RIRZ , ReARSIHER 206, WAL 25
I AR R B AR BN HE o SR, AR REAR A I i oy AR T
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Sebaas i, WURERA R I AR B0 22, AR IR DAVEERA P00 524
FENGS MK Z AR ZE R, R IR — AR Bl 52
R e B2 1 SCVEONBRAS B, IO F X B3 B B T st =5 T SR 33 SC I
W FEBA W NNZRRER o X T XAMERD, Qian &8PV 4 H—Ffr g A A A ke
FREFERRERSETEENZ D, B R E LA R T R A X — B .
Qian &P B HAN 275 F SN — & I HERD R N RIS s AN . AR BIAR S5 00370
SR MBS e o AEIEZCYNZRAT . RIS T — IR IR . AR S
SHEFILLRNZESR, NIMHE SRR ZIEPE RS . 2B, AR
22 etk i, TS T/ NI AG LR B, 4 R A e 54 1 28 O MR BRI/ N 2 g
P B 2 A B BHERS L BE T I 2 o

2.4 IRTHRRDREE

AF B RS B S5 A SE AR RS (L REAS FRAT ARG B A 3R 3L, RIE3R T 1
PR, (BT T — BRI, — LB E IR IR R I AR
RESE = I U RO ARG SN . BFEF B B AD . HEMUREAD . Fl N SCARAD ik
AL

[ — i R A 9], AR B AR — AR B AR5, S T
IR B EH A EL g B AR B o 2 5 [ AR g ARl B e 4 H Y
YL, ARG AT A EAAAE A RIS ], §EE R A T R
IR B FUAAEL, S50h, Ran S22 14 7 2 AR RGNS . A HAR
Ui Fp SN S D93 N AF A, AR F 5 R I BTG Wang 503 $2 1 7
RE B EIHSAER BEUHAARS AN, B B R AR Rl H ARy 51 R o0 36
W, FHAEE BB 1Y o X AR A RE AR A E 2 H BRI, BE
P R BEER T E 2% (BRI [R5 98- 5 e 9 BRI R K

Stern 0%, Xia S 52 1 T HENUARAD SRS, &5 B [RURARELS AR E [R1H
RIS ARSI, RERD IR TN Bk sz = BB, EESAEEE
VARG ARt 22 A R SR B, P [l AR A B IR X 2R 1A 2 A5 A 5 PO DR R
HIRAN SR JE 45 5 DO o VRN AT RO AR S 25 R o SX RS 7 CRERS
PRUE e 2R 1230 B B AR B S0 O SRR, [ I i = F e A 25 B/ 1 H
[l AR

Stern 4511, Chan ST 42 1 T HE A GURAG ARG . A5 A BB — I
R AR RS, TR B 2 GGG R, FHATHI XL &
ARG FESCREEN T B, @ AU SRR IGAE )N log, T, K1Y
FOI RS T2 2% B NS R AR T X4

W TSR RN B AR AD SRS 2 AU AR B B ARAD i Lee S8 0° SR LR
fi e B AR N — RS AP E i A S S R A e YN TR i 2 E A A
PR, BRI RIFEES R BE)5 . Ghazvininejad 551 $2 1 TR T4
=TI A 0 7 30, AR SRAHZ HE B o — B IS 7518 30, AU REAS K 2]
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AR TR AIEB S, FERFEADE - AT IO o ARSI, A AR R IO 5 15530 5 4%
Lo SR AR BN BRI PSS SR, A6 — R Er oo iXFhigas 7 el
[ Ok R 15 H BUASR A S R RE, 51k T IR8 &z
FeyE B Gu 21921 $2 1 T Levenshtein Transformer 5578, 38 58 22 56 A9 4d AT
PREEVEX RS R TIE R . Geng Z O R EE THE IR, A%
RAKEI L ar B R A S &, P S B THE S . Qian £, Gao
SO BN T BB EOR 1B A 2 2D AR AR B B 2%

2.5 BT

FEAE B B ASRLAT 5% 1) BB B, BF 58 N O E B RN AL G 11 2505 3 5%
T, AU Wang 100 £ R B 8] AR 1) EE 52 B3 RO 03 [l A s gk o) 5
Jiik, FINEET RSP e 7 LR A0 B R Yoty SO 1 1 DU A TR B Bl A AR 1]
Yo AEFRATTHEHAE B A1 ASARL H G eR AN HE TR 1 TR 5 10081, g 161
27 A | BRI 25735 LR EREG , I A B AR AR I 5073 1 ekt

FE XA 5 225 3 S CATREAS K SF I R, Ghazvininejad £ 10 12 H 0 5%
A SRR, 1 S AL BOE R B AR -5 225 3 SR S LR X 55
BT AR T BB R BRI Al . Du SEU0 gE—24 K7 X 55 148
FAS), NS EER A S 225 3 RIS IE R 5, R R
HeHh B 55 I BE S5 S 3] T fa I A

M, Huang &1 bR { BUEBRIGYIZ:0% T80 L8, fehdEm E
VAR SRR RE I AR R B, ToiE e =M A ISR 7347 « 25T, Huang
SR T T A A I ZHERE, AT 455 PR B BB 43, 85—
I3 AT A S AR AT KL B, B4R A AR A A, 65—
A AR BRI AT 2 A% . Huang 25U gb— 200043k B AR 1
L —EYNGTTiES 2] TIX—HESR R, a0 _ERPRRRE: X0 55 1 38 Sk

BAAEAE B EUEA YN S5 772 B TAE S BAALRR R SN Z510, n JellT
BLlO7N, ZhsS 5 3 U =845y TR AT, e S AR5 E R T
TEALFEFREICAL A T 3 — 29T Guo 2574 Y4k [ R NG B 1E 2 2
REAR IR AL 22 ST IR, N P AR S B R AR UL 7 T A HE bR . Li &1
P T 2R ER AT, WA R AR R T I3 7 P Al 1
b, BERORRPRLEE N I S5 5 R I 2l

6 n STAHVCECTT T, At A I 58 B TIX— NIRRT )I1 2k HAR. Liu
U A S TR SO E n STHM LA H o H3ET n THICELIZIT TR
TR AR o Du SETTVE R R AR BRI ST R R 0 ST, 1R
n JCAHZ T BN &) 3R B A BRI H 5 2 3 2 IR, JFET
AR n TCLH DTSR e 8. Ma 2202 22 s 2T 10 JE R E 19 3 1 115
i 4 2] DA-Transformer, | F B2 R0 S/R AT RS H T 1HE n STAHEH
MR R L, M2 DA-Transformer B LA n TCLH VERCHYTERS
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2.6 INEE/INEL

A, FATDAR B FUE LG RO BRS040, AR
AR BRERIKRE ) SIS BT ARG SRS s BOdEI R i5X Fomheiodt
B o FIRZE T IR RERIL B irim A B A, AERCR R 1 B/ N et (A
SRR AP RE B P FRATT AT AR L 4 AR At B 22 {5 R R 5 Al B Rl
R ZRIKREST . HAER I Ml & UM B A1, (HX APy sCREE _EARELL
B TR/ N B MR o AETE RIS A g | N FGA a ml LA
NBIE AR AN E P, 1 F FR A AL DA B RE R A ) PR A (HL 2 A A
RN M2 AR R A 72 e S50, Rl LAGE I 33 HCAth ) Ao SR gt ok
fe B R e, (HEELAE—ERE 8 bR B e, FRATTAT
A JBBRTFAR AR TR IRy, St SR BEE TR B S
YR TR RO S W I A R A B o AESR2-1r, AR PR &5 1 SRSk
B [E A L R B SRt T

7 2-1 ¢ A [BIIMLARRIF Y ERBOE T %

Table 2-1 Mainstream methods of improving non-autoregressive machine translation.

FIRZE B A I R AR AR Dl NI R B 2 ik
e SN BTG RES B R AR B BRI Z5Hy
FINEAE il B R BR R R P AN E
BRI SRES | S H AL SRS, B 2 A AR e B e RE
BN TT % R RANIRA T B 0 HA I 250732




A H BT s AL B IR D 5
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Vool

£3IE ETRAFINFIRINS

3.1 5|

MLasBIIEE H AR TE S RO H — D EEM I, B EEA Lok
Z R FEE A R e G TR 7 > B T I W, J T IR A 2 I 28 Y
FEAAENL A BN L BUS T R a7 LA AL I R m i
- AR E LR, Rt as WM LG IR ) gt o R S 287 . R AL ) 25 73 DI i 4 A
(NG H bR 7o BRT, AEHLES A e LA BH P 7 206
M 21 H B B MR AT L, 2D S BRI AR R T 2 AT R
BIIRLE IR o PRI, AR T ) B3R 2 S e SRV St N SR iz i, IX (A
SRR TR AR RS TR 3] AR 3 A 7 USSR AR A ) i ok
JERE, UHEAEA A AR SR IER .

Gu ZEBHE AR B [H AL 28 B4R (Non-Autoregressive Neural Machine
Translation, NAT) SREERHEIFEILEIR o H [RIABIRG H AR uq i BESR A i T
SRS IEARS  RESS CURRER IR U SCA I AT AR IO A 1SR, BT A R
& EARRT B AR BT SR1, HE B AR5 SR F IR 2058 SRR N
PG RAL, TRIZRPAE TR VER AL AR B BB e t S 3l 1] e Ay
HBIPRE DTS B T A I AENLAS RS, [ — FOCRT R 2 R R I3
3, XEEECAE A ST E A ZE S, HREFRIAHEE AR L. SR, S
PR REIXF IS, (AR A 5 228 300 A8 0 55 I A RE I B Pk 6
A . — BARE RERA A 1S i e BEEs R 28 Uk
e BA R TR EHEVE R AR TONZE R, 28 AR E. B, 58
RS S bR A R R R R A DG R RS, IX 45 B BB Bl g ok
TR, XA BEAG SR Y BT Mo

WmE3-1p7~, REREIFH H “T have to get up and start working.”” 527 %
S “I must get up and start working now.”” A E I TE X, TRIZRAS LIRS b 2
SN ERA S ST AT S AR m &S] (R SRR B T,
FRL g HY 1SR BESS A 1IE 04 “T have to up up start start working.””, 24 1EJ5
R Ay A SN ARG, B S BR B B R SO B 2 0 X X Fh B G HY A ot I
PRI A8 SR AR A S MO P EAd B L B B 2R P, A 25 & A1 N AR OC &R
iR B [ O JR T A L A 1 1 240 T A R 3 o o

BERF IR A IR PR 6 TCT A A A A Ay 1) TR, FRAT 42 HO R B (R
BISUFFN NS, P51 2 BRI R i H S5 ST I i B . Bk, 3R
(1A R R LA LA B B P R PRl Fedr (4 BLEUT®N, GLEU®)
ROUGE™ %) . X rbril i 4ba By, TTILEEA TG, Fit, &
TR AET A7 ST I TT 2, BRI B R R E N 2 F, B DU AL I
BRTNNGH IR, IR 7 S E R THIIZR BARRIRR . X FiZR 7 =X
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SHEEX ‘ I | must | get H up H and ‘ start ‘ working | | now | D

R A ‘ | “ have H to ” get H up | ‘ and| ‘start ‘ |W0rking | . ‘

o
R [ Jome] o] o] ][] [t] o] |

Bl 3-1 A IR i -5 225 3 SO X S I

Figure 3-1 An example of NAT output that is not aligned with the reference sentence.

) = B B R R B A T 7 25 . SEUSRAE YNGR e E R, IR B
FarE. FATFIAIE B BUHSRIH TR B R, FE Sl BE e Febr o 1t
B, SR R T b S S ER, BRR T BRI T 2, R E BEAR R
AEIERR . Feud HLORL e A G FEbR -

FATEZ MV EIEE RS (WMT14 En>De, WMT16 EneRo) EHETT
SEERIIE TR AR . LIRS IREM , Al ZrRE B GEEE FH
PRI D, AR REREUT ) B ARRL 1 [E] I RE AR e A [ [B] A
A5 DAL FO RS i 28

3.2 BEEFREM IR

M SIGTA bRl S e Las B BORE H R ELH T
IS L ER B R PG TR AR O, TOYR A T
o Ak, BEFEEAT R a2 TR ZHEDE KR ORI 23
MR L R B B 5 F b -

L) == p(Y1X.0) - r(Y), (3-1)

Hrp Y FoR AR SCF A, r(Y) FORIZIESCRORET, Gl w6 Y2502
XY 5Z2% RN BLEU fHe T3 SCE RN F R, JACikE
B T ORI B, 1EH 212 M REINFORCE S4B SR Al 5

A -
VQP(Y|X’ 9)

VoL(8) == D p(YIX.6)- — 5=

-r(Y)
=~ E[Vy log(p(Y]X.0)) - r(Y)] (3-2)
=~E[) Volog(p(i|X.y<.6)) - r(¥)].

SR, FATAT DAL LA R BRI s B R B OT il 1
« LB X, MBI EER 2040 p(YIX, 0) FhRAFH — R3S Y .
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s PHRFELY RFRFEr(Y).

o REPAUR BB LAY TCAR AL T Vo log(p(YIX, 0)) - r(Y), FAMETHH A
ez i

MR, LIRS BRRFE I ORI BRI SR IR, FF e
FORME NI . BB RS2 R B SCHI RO . R B AL
B, RZMEE IR XA R R EXN BRI T2 I mAT, (HZ
B BRI S SR X BB A T A A R s A T 0 22, R R R T ol
ATRIINZRS REA BRI R o

AT EERIAG T E EEORIR T E P EEE . 55—, ES0E R fc 1A
R, BUAE R RS BirA el — MRTEM ., B A B BRI B TR R I IR . 94
17, PESCRIFE R, R 2AT DBU LA B BRI T8, m—E
I 2507 U X L R 2 X 2 oAt oy 1 IS SR RO B, (AR R O e
BRe S HlgsEFE R PG T bm 5 #ROE SON IR, RIS AT L S 2
) TR R oR A SRR, AN A HMIRUR A SCHEINAR 1, S EONZRBON I
o HHTHA — Leff T SRR PR B A TH T 22, K] 2 B o 50t £ 7 i 2 )
FAIANEEL L B JRTT,  IXZR 7 VR e ZE L AR R 2 A 45 SRR fon
FE, i B 2 A A B R A AR T R, (EIX SR B A A ]
Mo

33 AFEEFERNFIIRIIZ

ARATEELIN- XS HE B BUABRL Y P IR T T IR sg SUR 4k
TeIR IER AR e, R A A B RE L LR B R L R PRI 25 E bR, W
BLEU . GLEUU®), ROUGE"™ N ZREE Pl fatr. IX L fabrd e s
B, O EBEH T IZER, R R B BEER i 5 gl 2507
P, A DU R R TR 25 B b

L£(6) =~ Z p(Y|X,6)-r(Y). (3-3)
Y=yi.T
B, (V) R LEEIER T FE AR . B BLEU . XFfeinEs 2&E T2
TR Y AR Y SRITAE R TR, SRNE LR r(YY), ESHEFEL
FERTEIL T, FATTLAEIE R r(Y). BIRIZE BAR MRS T 78, (HiX
FRIZR BARANELSRASR LA S BR A, RIMBRAR T 3F B B f 2 S M
M A, FTRAEECRIE T LI oA BRI 0-1 434, HtAEE [H]
AR A e KR B A .

SEH 3.0, A RO AR K6 F LT, BER RS AL p(YX,0) =14
0-1 54, £+ Y = argmax, By r(f/, Y), Paara &N GEYE T 353890 H o
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E. ) )
CELO)] =D PaaalY1X) D p(YIX,0) - r(Y,Y)

Y~paata ?

== > P(Y1X,0) Y paara(YIX) - (YY)
Y v
> — argmax, Zpda,a(Y|X) . r(f’, Y)
Y

——argmax, E r(,Y).
?diatu
O

EIAERLARIE TR L RE D AU 33U R R R SR, OS]
IR/ INRARELY . BATCEl I B P Fr A i SOR TR k. XL, &
TR A SR T BIYNZRHER , Sl O M B EER T i il 11 -

VoL(0) == Vep(Y|X.0) r(Y)

T (3-4)
= —Zva npt<)’t|X’ 6)-r(Y).
Y t=1

E NN, S E RN AERIIIZR )71, BE#is H REINFORCE f
HB kA B2, fiv4 0 Reinforce-Baseo Bf5, FRATAALT KA TIEE, A
s R A) 2 FOR YNGR, T2 A R AL B L 25 SR e A M7 ) R 28 5
%7154 440 Reinforce-Step o 56T 1M, FRATTDAH AR S 1m0 Bh B AR AS 1 Y
A, TTE— BB AR TV U7 22, 3% )7 154 444 Reinforce-Topk. /5, FRATTHI
ML R PR A PE BT, XA B R A T S BRI, $2H Traverse-Ref
SRS IE X 225 RSO DT R T R . IR AT T IX— RA

IR 2R

3.3.1 Reinforce-Base &%

R, FATAT LU AR B AOKF I, FIHZ A REINFORCE Sk
firitst3-4:

T
VoL(6) = ~E[)" Volog(pi(yX.0)) - r(¥)]. (3-5)

=1
MR bk, BB X S T AR A BRIRIOMER A0, S A
Kb MT Vo BR, RAOTFEFIC Y AU AR (8, A3l

AR ERELAE , SRAS XS A pR B T 1 T AT 1T Ve log(p(Y1X,0)) - r(Y). &
LA T Reinforce-Base J7 1 1 HAR I it 12

3.3.2 Reinforce-Step H’ %

LT U5 R AR I SR B SORSRAT X R AR R e Al 3, (H TS
AR 2 R A, XA T TR B 2 A & i T 2. B ER,
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%32 1 Reinforce-Base
Input: probability distribution p(-|X, 0)), length T
Output: the estimate of Vo£L(0)
1: Vgﬁ(g) =
2. fort =1to T do
3: sample y, from p,(-|X, 0))
VoL(0) += =V log(p,(y:1X, 0))
end for

construct Y = {yy, ..., yr}, calculate r(Y)
VoL(0)=r(Y)-VoL(6)
return V,L(6)

® 3> 0 B

B E EDEARUANE] B [R]85 B T 25 ROZ AR BN A28 YRS R AT
HRTHITMEE R ye, WA HA D IL R b B UIRAEI N S AN ()2
XD O BEAOMSZ O il T, 3R S [ s RE TR RO FEARE TR 2R/ . ATk
IMBEERGTHRO T 22 0 NSEBNX— B0, BATR AR AT A il AR e, K 2(3-4R9
R BRI RIS R B D UM Z5 SRR Hh ST R IR 2 5. AR
Mo, FATUER] T A0 ERE

EHE 3.2.
VoL(6 Z D Vo (31X, 0) - r(3), (3-6)
=1 y;
kP )= B B ) =
JiEBA.
T
VoLl(0) =— ) Vg npz(yth, 0)-r(Y)

t=1

~
—

D Vol X.0) - | | pitvilX.0) - | | piiIX.0) - r(¥)

J=t+1

Nm
ol
— =

T
2 Vor il X.0) - | | piilX.0) - [ ] pioilx.0) - r(v)
Y j=t+1

Vop:(y:1X,6) - Z Z ]_[pz yilX, 0) ]_[ pi(ilX,0) - r(Y)

Vi1 YVe+1.7 = Jj=t+1

—_

Y1:t-1 Ye+1:T

-
ZVHPt(yt|X’9)' E E r({)

Vop:(y:1X,0) - r(y:).
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3% 2 Estimation of step reward r(y;,)
Input: probability distribution p(+|X, 0)), step ¢, word y,, length T', sampling times n

Output: the estimate of r(y,)

1:r=0

2: fori =1tondo

3 sample y1.,_1, y;41.7 from p(:|X, 6))

4: construct Y = {y1.,_1, ¥, Yi+1.7}, calculate r(Y)
5: r+=r(Y)

6: end for

7. r=r/n

8. return r

3 3 Reinforce-Step
Input: probability distribution p(-|X, 6)), length T, sampling times n
Output: the estimate of V,£(6)
1: Vgﬁ(@) =
2. fort =1to7T do
3: sample y, from p,(:|X, 9))

4: estimate r(y,) by algorithm 2 with sampling times n
5: VoL(0) += —r(y;) - Vo log(p:(y:1X, 0))
6: end for

7. return VoL (0)

W BN, FRATG )RR 0 il BRI [R5 B, A T AR 36
B iR B R B S R A B IOARCR AT, 1R 5 e SR [ 8 24 525 A
gELy, R B IIE ., BE)S . FA156EiE H REINFORCE &k kAl i b=t

VoL(0) = - Z Z Vop:(:1X,0) - r(y:)

=1y

Vop:(v:|X, 6
=—22pt yi|X.6) - ;”(y@p'( 9>) () (3-8)

— - Z E[Vo log(pi (11X, 9)) - (1)}

B A3-SAYME— XRR AT r(Y) 2R T IR r(y,), FATRR XA
ittt )73 FR N Reinforce-Step. TR FZF NIV A& LAY, IR LA 52 4F
RUEKAFEEAN T, EEE R RI2E ¢ ISR v, A E R 55
AR TORAE, THECRIEH A PRV T . EAEZIIRE n iR, BUn RT3
M¥ﬁﬁ,ﬂmﬁﬂ%%mrmﬂwﬁﬁ%ﬁoﬁ%%ﬁﬂ%ﬁ?ﬁﬁﬁ%ﬁ%ﬁ
WTik. BT, FiE34iA T Reinforce-Step J7 i IIZRISHE
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3.3.3 Reinforce-Topk & %

Reinforce-Step J5 VA4 B A 16 BE 40 Al BB I [RI2E L, AP IR EE i) 56 |
Jiv A A R HRIZER BRI INBGR A, B8 )5 iz H] REINFORCE S5k A+
I 1B S i < S Bl N ) AP ZN 1 Ve = S G B S il ot AR i PN
PRAE— DR B Al T 7 el SRR A 17 2 I SRFRATAT LAk Py 84~ 35
FKHEBEAS3-6, BREHmE AR My METTI T 2. 280, BTz R/ AR
TS, X ERMITERAKEE Bt B, OB E— MR 5 %,
PO R Y — SO AR 7, PR SRR A T TR BB 4 R BB o X T
XA B TR F 8, CNIZAL SRS Y XS A TR B EE Y 3R], AT RE
TERFFEARIIZR A P 52 A R0 M AT )5 2

TERLER R, P MR Al AR T Iy oA, LSRR
PEER A AT, HAIR AR Gk — A s . 51, softmax
BRI IR ST R AIE T BERAR/ INA 3D 1 AR A B AR /N o 4, FRAT AR L
B, MRS AR R B A T B 3R] o A DI TR) 25 ¢ RER S0 A 4
MR/ N S . AT LABCGE B NERT & B3R, CROZER ST T . 1F
Fiior, A1 Py RoREES T RATATRIIEERM, & p RREBRIX LIS,
R B A1
Pltc = Z pi(3:1X,0), p:(y/|X,0) = { (;’t(yth,H) i;% . (3-9)

et A

FATPEINL S R R B 3-60 X T T e, FATEE i i+ 2
CATHIRBEL . XFRAYIHE, BATAH— A p T — R FER A THE TR
FERE . Hik4flik T Reinforce-Topk J7iAHIIZRidRE. RV ERLN] , 1XA7
DIREf 2SR R T m A 11

EBE 3.3.

T

VoL(0) == > (D Vep: (31X, 0) - () + (1= PL) - E [Volog(p(y]X,0)-r(3,)]).

=1 y, ETII Ye~p

(3-10)
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#3: 4 Reinforce-Topk
Input: probability distribution p(-|X, 0)), topk size k, length T, sampling times n
Output: the estimate of Vo.L(0)
1. VoL(0) =
2: fort =1to T do
= {words ranking top-k in p,(-|X, 9))}

&

pi=pi, P, =0

for y, in T} do
estimate r(y,) by algorithm 2 with sampling times n
VoL(0) += =Vop:(y:1X, 0) - r(y:)
Pi(y:1X,0) =0, P += p;(y:1X,0)

end for

e ® oW

10: p: = pi/(1 — Py), sample y, from p,(-|X, 6)

11 estimate r(y,) by algorithm 2 with sampling times n
12: VoL(0) +=—(1 — Py) - Vg log(p;(y:1X,0)) - r(y;)
13: end for

14: return V,L(0)

EHA.

T
VoLg = — Z Z Vop:(y:1X,6) - r(y;)
= 5

= —Z Z Vop:(y:|X,0) Z Vop:(:1X,0) - r(y1))

~1T
I

t=1 thTt ytiTt
S pi(y1X, 0
== 2D Vep(lX,0) - r(y) + (1= P - > = th Valog(Pz(Yz|X,9))'
t=1 yteTkt )’t$Tt
T

== Vop(lX,0) - r(3) + (1= P) - E [Volog(pi(y|X,0)) - r(3,)]).

=1 y, €Tk’ Ye~p

3.3.4 Traverse-Ref %

H T a2 8K, Lk Reinforce-Topk Ji vk R REIRIF AR A — 1> T8k 1,
T AT T 1B R AR A T o XF— R 2B R AT, AT H BB X TR IT ¥R 8/ N
AR ZE . KBNS EIRIES b, S5 A LasBliFn = I TEbn o iR
aﬂiﬂ‘]ﬁfﬁﬂﬂL‘iﬁiﬁ?d\ﬁfﬁﬁﬁ)ﬁ%?&E’Jlﬁl%ﬂéﬁ%ﬁ3-6 SRR B 2
PR FESR (filln BLEU?I. GLEU!SI, ROUGE® &%) | jX $E45 4R 3= 218 oL i
T 5 228 3 SO VLR BRI i Do, AP iR al n st 52
FERRCHRENESE, WYCARIER RS B, A5 H RS

28
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3% 5 Traverse-Ref
Input: probability distribution p(-|X, 6)), length T', sampling times n, target vocabulary

V, reference sentence ¥

Output: the estimate of Vo.£(0)

1: VoL(0) =0

2: V; = {words in the reference sentence Y}

3: randomly choose a word w from V \ V;

4: fort =1toT do
for y, in V; do

estimate r(y,) by algorithm 2 with sampling times n

end for
estimate r(w) by algorithm 2 with sampling times n
for y, in V' \ V; do
10: r(yi) =r(w)
11: end for

e v oW

12: for y, in V do

13: VoL(0) +=—=Vyp,(y/|X,0) - r(y;)
14: end for
15: end for

16: return V,L(0)

o, K T A SOOI L g R A EA R A S
cHIf it A 2B (SR T T L R B 5 SO D DE PR3
B ST

RS 3.0 FATPRIE BREL r(Y) WVCECHRIA B, e e tEi: B0y e
RAMEZ B SCh A RO A A EZ 53 SCPRYIAR, r(Y) BIERFEAAL .

e LIRAAT , HLEHBIEEC Ik 2 BV A H R A DR A (7,
FREERLR ¢ (BN v, IR . USRS, AT
FEBH ST v BITIRSI r(v) M —E RN 4%
BORBUR DTS BER . TR AEAR AR R (5 S0 PR 4 o
W XTAESH WA, BATTLURPTE (TR A3-6. TR E5%
BSCRI, TSRS IR, B0 UM AR — sk
TSI . NIRRT, SN e LA, /N T
A/ N TR R, R T S T 5361 (A L T,
PRI RE PTG TETE - STMESHIA T Traverse-Ref J7 i HL AR
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3.3.5 & RIE

ANEERE AN 507 TR TR B SCAS AR, T3 3028 [ A K/ N TR U
e AARAE EHLOIA LAY MIXHERIRR AR AR AL A B TR ], Y
(Ht— BB PN, SRRE LA T AR ISR R, FATR A BN Z A
FUI it . SE I SURIRAR TN S, P AR B4 H A AL 27 S0 5 TR A
i

3.3.6 HEEHRESHT

AR B DR AT DA A4 R R 0 A, WA TR A T B
Bristr— R, A E B ) SN 20T ik A= IR GPU BT
B SR, XTI ILEOR IR 2 T R B ER A M THEB R, R AE
CPU LA R R JATR R R T BB E I R AL, T
HESE R, n AERTT IR B R PR AL, k 405K Reinforce-Topk
JTERIZEL A2 FRGH TIX—RIUTRRI RIS A . — ROk, (51115
W0 AT 2 N, I TR 2R R

# 3-1 REEFTHRITIEMIN [ E AR
Table 3-1 Time complexity of the proposed methods.

Reinforce-Base Reinforce-Step Reinforce-Topk Traverse-Ref

Time Complexity o(1) O(nT) O(nkT) O(nT?)

3.4 FAXIE

[ 1511 4 o 2L e 2 AT A0 B (] teacher forcing ST EA T2, IX
PRI 12552 WOl 22 [0 RS I B, RIS L R sl i e 21 ) 2 AN [ P
Bl A e YNZRRT, BB A2 25 13 SO R R 1A i A SR PN i T 0] T30t
I, AARLELT H B 2 ARG EIELE ORI — Mo i/ Mg ZE . THRIRAE
7L R I S5 SR 225 B OGR & VE IR N, (AR I 25T
WRERRMARE) H B BTN EE TR . SR, X2 & U i e iR 5 275 13 30 5%
BEA T RIS SUR IR O HER P o AERXPIBOL T, e SIS Al AR bR RENS B U M i
AR R 2 R IR S R g RO 22 1 — P A S PRI AR R T 52

M TR 5 B bRl 2 AT SR, S8 I s iz i T A
[E] UL i B R AL P P A 23l 2570 . Ranzato 2501 poBfg T #h &b g8 B
R e 22 R/, 932 tH MIXER 8035k 28 G 1] 2 5 U5 5 i 41 23011 45 H
bR, AMZEMEOL M ZE . BfJ5, Bahdanau 4712 £2 i A 586272 SJHA 1 actor-
critic J7 LSRN PR BRI P 50 201 2k He S50 2 R 272 > By )11 25
EIAR, A4 S ISR ) BRI R SR 45 (B AR E N 25 . W S 08T 7 —Fh
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B TR R BT B PN I GLEU fR Rk 15 S AL 2R Yu S5 421 17 4
) SeqGAN [P A A RAEZR . W BAR BoE A ki . 255 AL a2 ) iR
TR T HIBIGR AT BEJR . Yang 5515, Wu SR Rc AR T2 T 2
HLasiliFEr. Wu S0 s g 27 5] 5 IR AE AR AL B 0 2 R 48 T R840
Hr AT 5%

FREET IR ST RTINS H A A REAE 81 = T ZRm et Las
BIFEAAY. Shen 25100 Wf/INXURE I 209 # BEAL LAY . Norouzi 45 P00 44 F7 4112
BB B R T ARG THIAESE D, Edunov 5507 RFSE T — RAVEHX P 812E
AN 2 H bR, Ma &% 52 B TR 4e i 2 H AR AR, Shao 55171
fe BERAL n STTHBASKAS B 3 S 900145 HAR AL 1880 3.

W _ER AT R, RV R P RN GEAR Z 2] TR E B2 R0,
HBlC&A THEIRNIOITE . AR E AR L, X5 s TR LB K
o

3.5 SLWHERSH
351 ZW/ERE

B WAEEABIIEAESS EIGIE T TR A )75 : WMT14 561 < fiE (EneDe,
2450 AR« WMTL6 3eif « B @i (EneRo, 2961 5 X)) o *f
T WMT14 S8R, AT K/NG Bk BLEU R R ITAd AL Y #1150
L3500 newstest2013 F1 newstest2014 {/E IS HEEERTMREE . XHT WMT16 F 2%
Paee, TATHA/ NG AR BLEU {ER PSR R UL, 43044 newsdev-
2016 H1 newstest-2016 VENHUEEEFTNIAEE . FRATH 32K EE/EH IS BPE #
TR 1001 St ) s A B A iai, AT H bR AL 0m 2L

FRZER AR AR TP 2 AR B AR ) — TS ROR . AR A
BRI, FRATHR P SRR AR B, o gs—4~ B BRI 3
Ui, PR ERIE IR ER SR AR RSS2 S R X SRR i R TR
%o wJm, BNV ZEBIREIRINGRAE A [FIIRRL,

FELRR A TR B Y Transformer BRI (50 | [RUREGEAAA . 4RH
[l g S 2R A 5% A Transformer FURRUZ5H) , BT OO i BT T #EAD
FEFEE L, SRRy B LB RER 2T A HAB G BRI E R FATRAF
95 VLY 7121 SRAT AR AL G BN o FRAT TR AD & T HE N — M E TN 2%
AZh A i SO IR 2 A A SRR S JEE o AEDIERIT, M ar BN 275330
P AR, AR Ar I RE i BT D E

ZHRE AR, BRAPR . FAPESRIERE n 300 10, Reinforce-Topk
MIZHECk 300 5. ) ROUGE-2 f8ARAEN BRI AL. AETIZRE Bt WMT14 &
TSRS RN 30 J5 22, WMTL6 LB HARGEm 800 15 T8 15
SRR B, IR 0470 3000 250 AETUNIZRIT B, batch SK/INA 12.8 J7], £E4M
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F 3-2 REPIRITEAE WMT14 34E o 155, WMTI6 351 o« ¥ DR i HRae b
At o
Table 3-2 The performance of our methods on WMT14 En—~De and WMT16 En—Ro.

WMT14 WMT16
Model Speedup
EN-DE DE-EN EN-RO RO-EN

Transformer 27.42 31.63 34.18 33.72 1.0x
Vanilla NAT 19.51 24.47 28.89 29.35 15.6x

NAT-FT! 17.69 21.47 27.29 29.06 15.6x
LT 19.80 — — — 3.8%
cTCk4 17.68 19.80 19.93 24.71 —

INATD8! 21.54 25.43 29.66 30.30 2.4x
ENAT!2! 20.65 23.02 30.08 — 25.3%
NAT-REG!®! 20.65 24.77 — — 27.6%
NAT-Hints!'®!  21.11 25.24 — — 30.8x

Reinforce-Base  23.23 27.59 29.67 29.85 15.6x
Reinforce-Step  23.76 28.08 30.14 30.31 15.6x
Reinforce-Topk  24.68 29.05 30.73 30.88 15.6x
Traverse-Ref 25.15 29.50 31.12 31.34 15.6%

P B, batch K/ 51.2 J5ia. KT WMT14 S48 54E, dropout Lt 75 il
ZRI 1N 0.3, AR IR 0.10 X T WMT16 S92 54fi4E, dropout Lt #4)1%
4030 FAEH 0.01 Lo AUFE R IMANFEFHHA (€ = 0.1) SRR N
Bo FATH Adam it SRS, HSHCH B = (0.9,0.98). € = 107%,
M)A 1 T NIRRT E 5 - 1074, 2 B AR = . AT 8
jk GeForce RTX 3090 GPU R Rl 2ty , FHgk-RAE batch K/NA 1 HIZE T
T o A AL T

352 FTEILRER

FRATEFL3-2H25 H 7 AREE i 7712 (Reinforce-Base Reinforce-Step . Reinforce-
Topk. Traverse-Ref) [T LLgw2H. Hrr, Vanilla NAT Jh3E B[R] H Y B2
AL, RATAHABAREIIA I Vanilla NAT Gy MK ATLVER], XA R E
FETHE B RERRL R FE L, RS2 i B i) Reinforce-Base J5 i i REE 1 45
[N RI A4 Vanilla NAT #5081 PEREAE WMT14 Sef88df e BT 3 BLEU {6
DL Eo XN 7 ARRRHE T IERARNE, R PGl 2Rt TR0 25 0 1E &
Ak B AR

XL VY B S RN 2573, T AR B FRATT42 H B9 9/ Ml 1 07 22 B B R AT
DLt — 42 THE 3 AR B R e P . 5524 4iliHY Reinforce-Base J7 i HHLL,
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Reinforce-Step 4] 24 4% F o it R 248 %, I3 EIETH 749 0.5 BLEU,
Reinforce-Topk X B L (1) Jr) (S0 J3 >k Y/ M i1 75 22, R — 2427 7
#)0.8 BLEU, fx)5, Traverse-Ref 25 Hi T —Fpil i MAIR I ITE, #E—0GE
THEFE . AT HEERL, Traverse-Ref J714{UA#) 3 BLEU {H M BB
B, RS 15.6 FHfEIE L. M TR M T, Fagiig
TR T AR B AR OGS, A5 T E I RE I B

3.5.3 JHRhSCIE

FAE WMT14 BRI & 5 LI T IHAsLE:, DA IR AR Jyikp
— UGS, ARSI T R I BUR] Reinforce-Topk J7i%H k& YK/
WERE AR T ARG T AT DI e bR AR TR A, DA
KT RECH Bk 23 A R R, 2250 ek B3] 1y 51 2011 25
TR B ANEREA R E MR I o AREEHE H YT B R UL I AR, A
Traverse-Ref J7 VA B RALE RBONICRCRIZ T o R, FRAPHE = Fh 248 3T
ﬁhﬁBummlmﬁwmﬂmmMEﬂmWﬁ&ﬁ FFiE I S A A E R
—FE N EE . — 7, FATEREHX =FEin o E B R, AT
(ITHIPEREA Yo J3—J7 1T, FRAIEFH WMT16 DAseg De-En £ 5 BTl jX L8
b 5 BRI IR RO . IX—BdREEH 560 HEHRA RN, A
PRI B3 OIS, BAT AR B 2l fein it E BT 25 A%
TR HY B RIMH G R, DA TP X SRR O U 3R . 363-325 T FRATHY SE 56 25
Fo WTLLEE], X =Figbrill 2 j5 10 BLEU HREIH A ZE R S Ak
PR HEOCET . BLEU 355 T HABPIFe xR, iX%E T BLEU £EA] 20 Ad
FIORFAEYE. BT ROUGE-2 55 GLEU ({1 REZ B4k, {H ROUGE-2 H1E 2
TCAHEM A5 2% 3 CILH, TR R, FATHRZHEH ROUGE-2 {E
AP HN RN 5 R EL

7 3-3 fE A ) 22 5% el BN /E WMT 14 SLEEESE B BLEU B, PLROXtedkn 5 A KT
3 B BEJRFRAE R R B
Table 3-3 BLEU scores on WMT14 En-De validation set when using different reward
functions, and the pearson correlation coefficient of these rewards.

Correlation Reinforce-Base Reinforce-Step Traverse-Ref Average

BLEU 0.389 22.58 23.01 24.12 23.24
GLEU 0.482 22.56 23.17 24.16 23.30
ROUGE-2 0.483 22.39 23.14 24.25 23.26

W% H Reinforce-Topk 7y i ok X 1) 5 HH i B ) — 043 TRl 80 77 S o/ My
W, HdamhdH ko2 — P EEESE. 4 k5 0 R, Reinforce-Topk Ji
iEHLIRIE N T Reinforce-Step. 24 k “AialZ K/ [V] I, Reinforce-Topk J7 %5 BE
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155 Traverse-Ref M [FEIRIIERE, (HAE X AKHY k Lz Sl gh FEAARAN N 2%
18 P, BAFHEEF— I EIEH & ERPETUERERTI AN, FRATIAE
WMT14 s i ge BT 108, R RERG R Pk H &k AU dh Zemi A2 1
K]3-2/1,

Reinforce-Topk

0 1 2 3 4 5 10 20 v
k

€] 3-2 Reinforce-Topk J5 ¥4 It ABRE & AL 12k

Figure 3-2 The performance curve of Reinforce-Topk as a function of k.

MERTLCE 2], BEEEPEH k0 HRE] 5, BIRAgIEREA# w5 1
o WPECH & S BERE] 10 B, #SORURgMEREt A —EiR . 3 & 10 #1
720 B, PERERVIRTO LR 1. (HIRABEZ N Z A DS RTHERAS
I,k HIBUERZAE S £ 10 Z[RE N EiE. 77h, FATH Traverse-Ref J7 i 2l
T k= VI REPERE. MHCTHRNG kIS REA BERIERERETT

3.5.4 YZEE

FEER3-1, FRATTA S FRT YA BB [ 2 A= T BB o AEiX B, FRATdE—
A SR B A TS PREAE SR IS [A] o FRATTH CE IR ik, #4 RF
VESXT Reinforce 45, {E363-445 H 138 R HIATEHE 19 U7 71 2011
25771540 FH Bk GeForce RTX 3090 4ZbFHE—~K/NA 6.4 J7R Y batch Fr g i HT
o MR, SRR G R, UFRE 1.2 Pt resb st 6.4
Jil. Traverse-Ref JjiAd i fklg, FH2E 63.2 ¥ JUEIRIT W SI9)IZ5 )5 1%
RS, (HEEAR BB AT AHE A N o FRATTR FH A ZR SRS /2 5 28 U0
PRI A8 =15 25, B P PN RIS =125, B F 52k
HIARHT IR 2 AE AT 5T N

K 3-4 AR5 3 ) 5 X L o

Table 3-4 The comparison of training speeds for different training methods.

Method CE RF-Base RF-Step RF-Topk Traverse-Ref
Time 1.2s 2.2s 16.9s 31.3s 63.2s
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3.5.5 fRAEDERE

A B FVASTLREFAT A B A0, A A A B FOSEIRARAR . AP R A
KA batch K/h, BRI EL 2 00+, H BRI EE—ERRE EX
PR IIFAT I ERE ST, X —ER A EIE5 IR B AR B O 1
FEAR B AR X T T A IR . FATFEAR batch /N T 43531
B AR A R R B AEIR A WMT14 SefEilil e EgtfTaess, 45
WnE3-3F 7

¥ AT

NAT
10° 4 -//
3E v

Latency (ms)

10t y y T
1 10 50 100 400
Batch Size

Bl 3-3 A [mEAIEE A BT BRAEAF batch /N T BIRIFEIER -
Figure 3-3 The translation latency of autoregressive and non-autoregressive models under
different batch sizes.

MR AR, B 65 batch K/NRGEEAR, R H [EIERTE RDEAR
PSEIRE 2o R, el B AR A I SR Y _E Tt B — 28, 52 A7 R/
(BRG], B PE S FF B batch K/NAy 400, A A B (BT D= AR ) A K24
e HEERR R S A5 224y o IR T AR H BN AL & batch K/NE 375 T
P B BTSSR AT S 2 O JEE A3

3.6 BN

BIRTIR A SURG IR TC IR A P A A R Ayt P (Rl AT tH xR E [B1H
eIt S I Ul = e By WA Y I G N o (o = A A (R R S WA ARt ey
VESEALZE S TR BRI, AT LA RAC TR R FON N ZR HAR (s T 5L 2 >
SR THR R RIRR L o SEIRZE RN SRRty I M 2505 T RE f
Se tHEE EUERRL R R o, R SIZNI 2R BT iR 2l 25 0S5 R H 1R
VARARL . Fifife . FATRHAR B BRI T A AR, S HLar B P e
PREGIEDT, $EH TSR RTA R — RS0, LV RO AR LA T T 2
BE— 25Tt 1 AR B BRI o
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$£45 ET nnATEMRRERRIME

41 B|E

AL A BRI AT FH il A AR AL s HE R SE I 7 Im B AL A B, JTHL
1574 N8B B E" Eask, JET R E Transformer #5578 1 5 AR
HIIN i LA R D EEREBUS 1T RIR$R T, BN 7L as By s
Transformer #AU ¢ 7¢ [ 7 F RIS, (IR RERE AL 7 21 = E EIFAT
TR YIGRCRIFLURIESE T SR, H ETA A2 ds B Ase il 5= 20 F 3 (515
FLEIR AR 2 M, BIRLAE MRS T — IR I b 2 LA _E A 3] i A0 5 SR AR
BN, RICAERERS I TCT2 A ] Transformer BURFAT P ERTREE , SR A AFAYS

Gu ZEBI HEHAE B BIA M AP &5 E01%  (Non-Autoregressive Neural Machine
Translation, NAT) SREETHERIAMFILHEE . I B BB g 2540 5 H 5]
BRI, 0 RE T a0 4 284919 Transformer B8 o = FLHANHE 1
TR B B EASRG H AR i 25 A0 B MER A8 7 S A, R AR G s
T 2 A2 BB T 5 SRR ot N, T2 B e G b s Y 3] 1) o A\ 2 29 96 DLI
RAEN RS NE 5 o BT IXMgs ., JE 3 BERA AT DA T 10 AT A A7
B A0, IER A argmax SRRGIFATAE BOREOC, RIESE T 1A ) A i

SR, XTEE B BAARRE , T AR RALSAA, T 58 R 2 Te 5 B H AR
Ui ) PP AR 2R, R ECHRE BR A S B DU AR GR35 . ToiEME IR M P A5
Ry 25 5 o 38 SUR R (LB AR R AR B A B AR iS5 13 SR 3R], AN
SO A R IR E . Bln, EE4-1, RUERRIEG I “Thave to get up and
start working”” 525 IR LR, (HH T B S2% 3O A E ™
FEXFE, IXFR H M2 B B m PRIl AR RN, 50T RES
B A IED) “Thave to up start start working™”, IXFPIESCAYFARAB AL, (HEFRAY
PR 725 o A8 UM AR B IX AP A 20T AR B 1RE AR R AR H A
WP FIMR R 2, RIS A2 I R R AR 4R . Boh,
TR SRR AR S B A O PR AR 55 . A U B AR I 2R Al B 18] R 18
T BT R A REYI 2R B S

HLas RN RS febr (40 BLEU {H) FZET n U4 DU ST 2R PEA
BRI . R, A REE R T n JCAHM VLECR T sR L, wiRe sH ik
i SRt IZRaE B RIARIEL . fEARZE R, IR n T4 DCECIE A0 A ey L
55332 AW n e4iAE4S (Bag-of-Ngrams, BoN) FEES, £Fx%fdE [ B H R
e B/ ME—Br n AR 2R Hbr. BT BRI H 5253308 — &
FERFEI, FRATAENZR H AR BOA X 55 I BR S, 12 Bz m/ME n STAHIRAR ZE
o 417N, n ST RS B IE H T AN 75, 0 EE P A A B
. T H ARS8 RS AR, EEREIMG X )I s B An i
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HEE: | must get up and start working now.
b | | 9 [ SZE: | must get up and start working now.
\l \[‘\ |

HEEHH: | have to get up and start working. ~_

™ ~_
e .
FELIE: | have to up up start start working. REMHIH: | have to get up and start working.

LR AR nTTAITHREEE (n=2)
Bl 4-1 22 UM 2 Joa il 4R B B R R

Figure 4-1 The illustration of cross-entropy loss and bag-of-2grams difference.

HRAFAERC R IR ME o 1Ll T A BI82.840 3 i 2 1 FH 3R A 2 > 80 SRAG X 466 B )
Tt it (BRI T ZEER K 7 L — RGNk, A6
Ak B EEARER T — RPN ST R BEAR A TT7 22, A5 T0TE 5E T bR 1T
Ji 2=, I EAREE ISR K FEARTE T, FROTRIAHIE B BRI AT AR
REPEITT T REMER T — B BE B mrUBaE . R B [EE TR RE B LA/ ME n
TCHTRS B NN B bR. X — Ik HAR AU R :

o n JCALTRLS I B RENS ERARE H FRUR I PR IOC R, SR R A DG

o RATATFEMUTATMTT, WL n JeAIRS I B Mot T

o n TUAIREE B RT3, AN AR N, BENE BB R I ZRABi

BN MELABIIE(TS (WMT14 EnDe, WMT16 Ene>Ro) _FXf T /72t
17 SEB AR 25 RS, n eZH iR A8 B S EF R A SR M, &ML
X%k B bREE R E 42T B AR B . 454 n tAliASH RS T
—EEASRAESITTIE R B TORRES R U ST, B8 T 5 A B AT
[ 1 BEZK o

42 WKRRFRE: n TARKRN—MIERS

4% (Bag-of-Words, BoW)!'"™ &3RR3R B — i HIRHAE, 15 H IR
FABUESS ARV o ARG SRR AR RS, RS
BRSO BLRY R, (Bt 200 7RI PR BN SOR &R R AT RE 22
W SCA PR — S EHE E. n JTALIALE (Bag-of-Ngrams, BoN)HO 107 Jg jRl A5t
H A RIE A, AT LA SR 2 SRRy SRl 45 iR BN SO R FORREI AR
B AL, n STCAIFEAEN LGB PP TR ) TR BN . BT R NE
AP BT A TR bR 2 BT n ST DE RO VE BRI A B i, SR
B EARBORT n STHIRARIAIRYZE 5, R n SCAIRAR R A BRES R/

FAT n SCALIRAR A BT AR B AR Y FR K B AL, B e R R AN 2%
FEOCHY n TR RMBOE A E . FREXS AR B BEAR T &80T 5 n ST R
IR, sorfa AT 5 225 S R — W n SCALRARET B 7
%, Ui/ IME n JTALIRAREE BN HARIGAR L. Ik oh, BATBE H T 456Xl
25 HARAH AL 22 1 T TR I = B BOJI 2R oA
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421 EX

TNV n TTHIRLE S — DN [VI" 1A, HA vV RRTERITA N,
[ b Y B AN Y n T g = (81, - - - 8n) > IX—HERVMEMEE n JTH ¢ HIHH
BRE X T— A HFR LY = {y1, ..., yr}» FATH BoNy KFERTFELY 1 n
LA 5, F BoNy(g) 7R n Jed ¢ XMW AERERME, BP g 7330 Y HRTH
WAL, oA E S

T-n
BoNy(g) = > (i1t = &) (4-1)
t=0

Horp, 1) MR sRE, ARSI WEEUEDY 1, A NIMEDY 0,

A6 LT FATT4 T A ) 7B n TEALRAINE L, R SOy ot i 6
B T AR A — 5 X TGO L5 PSRl 0 BSR4 35 19 2 BT
S IR X R 5 S n TSI S T RSO B )
. Bl DRI Y 2 ORI n TS . AR ZHE0Y 0. AT
BoNg FER BRI AL i) n TELLRAS . 1 BoNg(g) %77 n TE4 ¢ X RI4ERERIME . T
SULE S

BoNy(g) = > p(¥|X,6) - BoNy(g). (4-2)

Y

422 BRITE

MR SO R 2 L2 FE A . ROTTTCiE B € LA n ot ¢
SR H B AL BoNg ()0 X H IR, T4 B R B IR R A
PUERRIFS RS T, FAMREXT 420583k it Bt 5. A,
AR B (B VAT N7 e 7 B B E R AT A, (S BATTRENE A H b
BRI AT R B MSZ o A i BTN R noocdliaAS . B, xR
HIRAASR, FATRT LK -2 5o LU

EH 4.1

T-n n
BoNo(g) = ) ]_[pm yiri = &ilX, 0). (4-3)

t=0 i=
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fl] @) @ @
get %\ ~N@r-. -}
up I~ \@‘\\\7 \\\\~7
AHIHEEEE
O[O [0 O
o] (o) (O )
N A N h\
[ Softmax ]
[ NAT Decoder ]

4-2 {4 4-331 57 BoN, (“get up”) Y74l

Figure 4-2 The illustration of calculating BoN, (“get up”) according to equation 4-3.

JiEBH.

~
S

BoNo(g) = D p(YIX.0)- D 1(3stsn = 8)

Y t

Il
o

~
S

p(le’ 0) ’ 1(yt+1:t+n = g)

M <M

p(YilX,0) > prnirrlX,0) D p(irwsalX,0) - 10ei1an = 8)

i Yitn+1m Yit1:04n

=

I
S TNAT TNAT T
TIPMT IMIT M

Z p(Yt+1lt+n|X’ 0) : 1(yt+1:t+n = g)

+1:t+n

oy

n

= Piri(Viri = 8ilX, 0).

t=0 i=1

o
~

O

BRI H T RAREL n JTALIRAS BoNe(g) HY— Rl k. FAILTAEE
H IR T A 3 A B3 2 — KN n B, AR RS ALE T
Honotdl g WAH . SJEHAAE R ECRAIT RN T n otdl ¢ R H I
{REL BoNg(g) o X T IEATR BMULMA T, BEASIERG. SRChIT R n ST
4% BoNg HERAEEHIE, (H B OOMAR B AR, Tt 2 B IFl
AR 4225 T HaX MR R O “get up” BIEEACH 1R

423 w/IMLIASES

T B BRI F B VA i Hh 25 IS % S0 1Y 7T
URSSEE . AT B4 3 S50 n TEALRIS T I, R % S0Py
54 n AL g . AFIT IR R EL R g IR, E AR R A 0. ST
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FATTARME SERETT BT n ST IR A% M) i BoNgo RIS FRATTRE S T F 48 v 1
R —EE, THEEKEN (VI B R AR AR R TCIE R 1 . ME—
MIBIANE n = 1 HIENL, X n JC4LIRAEIL A T B HA91R4E (Bag-of-Words,
BoW) . fEIXFIENL T, FATHTEXS A A B AR AT KA REIS 2 BoW, .
XA 1A BE B 2 P BT RE bR, 10 Ly BEES. Lo PR ROZPEESE, KA
AT DAE BN, X LE bR Rk B R P 1Rl A s Y B 4 P75 BoW-Ly . BoW-L,
1 BoW-Cos 1E R R EL

424 B/NMEn THRIFSES

T n > 1RENL, BATTEET RTS8 A n JeAliALE A i BoNg ., [AIETE
B Ly BEE ROZETE SR R IR, S2isryE . FATLBIM &
ZIAJH Ly PR, fA5 00 BoN-Ly, AILAREERL. HERMITHE Lok AR A &
BoN, 2AEH BN, 4RI R M. M, BESHECHY, Bln
JeALIA AR A B BoNy @ AR F R By . (R BB AR A AR M, Bl
AT LLRE BoN-Ly 5~ Aok s M HAU

EPH 4.2.
BoN-Ly = 2(T = n+1- > min(BoNy(g), BoNy(g))). (4-4)
8

JER. B, FRATUEWI A BoNy Fl1 BoNg HY Ly JuEIN T —n 4 1:
ZBONy(g) = Z Z L(yr+1a4n =8) =T -n+1.
=0
D BoNy(g) = > > p(YIX,6) - BoNy(g)
Y

= > p(¥IX,0)- > BoNy(g) =T —n+1.
Y

8

oQ
~
oq

BT, FRATRER—Br R RS BoN-Ly ¥4 frifi P :

BoN-L; = )" [BoNy(g) - BoNy (g)|
8

- Z(BoNg(g) + BoN;(g) — 2min(BoNg(g), BoNy (g))

2(T —n+1- ) min(BoNy(g), BoNy(g))).
O

4-4rf1, BoNy(g) 1 BoNy(g) ZIaf e/ ME AT LABAE A2 n JCdl g AYDLAC
BH, PG Lo LA e S0 RN 25 R -5 225 3 SCRIAR DERCHY n JCZ4H AR
Ho FEE2], A BoNy @R EmEH, X4-4hiy5/IMENS n otdl ¢ 2%
FEOCPI AR AER R, R, IAMTHTEXZHFEOPR n oCdHOR, A
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ﬁ?ﬂi 6 BON-L1
Input: probability distribution p(-|X, 6)), reference sentence Y, prediction length 7', n
Output: BoN distance BoN-L,

construct the bag-of-ngrams BoNj for the reference sentence
ref-ngrams={g|BoN; (g) != 0}
match =0
for g in ref-ngrams do
calculate BoN,(g) according to Equation (4-3)
match += min(BoNy(g), BoN;(g))
end for
BoN-L; =2 - (T-n+1-match)
return BoN-L,

R A A R o

SR SRR A 5 BoNy, XKMRFEAL &AM, (HIERITRES R WA
BoN-L;. HiE6Z5HH 7 —Wr i E BoN-Ly HY R4 H IS .
FATTREEE B A0 2 [0, 1] IXTA) P SR ORFr R R E R AR E R X5 T
AR, RAMRFFR LR BoW-Cos A2, K BoW-Ly H11 BoW-L, FRLAH 4L
2T RAE NI BREL
_ BoW-L; _ BoW-L,

‘CBOW—Ll (9> - oT ’ EBOW‘L2 (9) - oT

XEF n SCHIALA, A TR HrEERY BoN-Ly BREAHEL 2(T — n + 1) KA N5
IR o

(4-5)

BoN-L;

froenn(®) =57 STy

(4-6)

425 JIHERTE

TR PN F R0 B DI 2R . S8 A ORI IO 26, P A=
SE Y n STAIRIRBIARTY . 740, AT B4 & AT K AR 2 —
B RRACSE I T, R = Bl 2Rk SRl e o IR 25 SR TT ik
HERHPPAG AR B AR RS (HE B AR RS, & e fskaE ]
XSCRRIZ R I, BATTES — B B S U R AR B 2R AR B [R5
AT n JTAHIK T LIER . S80t A B G 5 225100 n T E
5. RIBRPEE A BETTE B, BT ERAALE 5 BUGOAAR B B 55
WS RN G B A8 . TR AR CPU b TR St 8 LA B 09 7
%=, AT = [ BUH 28 — =Ry Traverse-Ref J7 5000 AR B RUARRL, 32X
— B BN BUR B D o XRN = BN R RN BE S 1455 HR K BRI AT 2
SRIRTHERL R B RL, TR ZRiA i H A ARV E R N
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43 SLWERSHH

FEARTTH, AT SRR G e e S el 25 TR B SERRRCR . E e
RISERIE, A EENSEESR, Soaxt s iRttt atr.

431 LBIRE

g FAMEE DSBS ERIE 7 A HY 7% WMT14 353E © 7815 (EneDe,
27450 J3ERE) . WMTL6 3iih < B 4 J@iiE (EneRo, 261 5 PMa1Xf) o Xt
T WMT14 S8R, JATHK/NG BUKR BLEU R R ITA AL A H1E 0
53 K newstest2013 1 newstest2014 VEFCUEEFIMIKEE . X T WMTI16 JEX 4L
AR, FATH /NG AGURE) BLEU BRI AL BT, 43144 newsdev-
2016 T newstest-2016 AF 55 ESERIMIAEE . FRATH 32K ARk G BPE 15
IOV S 1P A E AR, AR H R L s

RZEW AR D 2R B AR R TSRO . AEFTA
BALSS T, FRATHR P SRR AR B, o gs—4 B BRI 3
Ui, PR ERIE - m ISR EE SR AT RSS2 SRR X SR i R TR
Fo wJm, BN ZBBIRERINZRIE A [FIIRRL

FELRR AT B Y Transformer BRI {50 B [BURIGEEAAR . ARH
(] 9 ) FE L AR . 5% ] Transformer FURCRIZEE , FRATSOGS i Al s A TE = #E 0
FEFEE R, SRRy B LB RER 2T A HAB G BRI R FATRF
95 VLY 7 121 SRAT AR AL & BN o FRAT TR AD & OO HE N — M E TN 2%
AZh A i SO IR 25 A A SRR SR JEE o AEDIZRIT, e BN 275330
RPE o AR, MR AR I RE i BT D E

HHF AR, BR T ERGR U AR mS ER A BRI SOFESC, AT
AR EAMEE IS, I T AR NS, RS S
B A FERY R SC REETIMN a 25 tH Y SCIREEON T 1, FATREA X RISy
[T - B, T+ B, BBERAN 2B+ 1 DAFHERE. s, FATHERIH
PRI TS LE S B, MU RIFMER X ST 40, R B s I3 S0
NEIEEER

ZHORE e, BRARREAII, RATE n STHB K NEZE N n = 2. (£
WM BL, WMT 14 8B SR I 220800 30 J5 2, WMTI16 Je 8 KRG iyl
G RON 15 T3 AR BN, IR A0 0 3000 2. £E5E =W B
PR, IR 50470 300 250 AETIIZRRET BE, batch K/NA 12.8 J73A], 1EG
WY B, batch K/ 51.2 Tl XF WMTI14 SEfE%0 4845, dropout Ho i A& Tl
I 0.3, FERIN A 0.10 XT WMTI16 3eF %3 4E, dropout b {53414
7030 FATMEA 0.01 Lo AEIZ AR IHEAR (e = 0.1) RIS IE N
tbo FATH Adam (b as ol SRR, HSHOh B = (0.9,0.98). € = 1072,
SESTRAE 1 T WERIERTEE 5107, ZJE 1% EIBCE T AR . FA1H 8
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F 4-1 KEPIRTTEAE WMT14 345 o 1575, WMTI6 351 « ¥ DR i HRas b
At o
Table 4-1 The performance of our methods on WMT14 En—~De and WMT16 En—Ro.

WMT14 WMT16
Model Speedup
EN-DE DE-EN EN-RO RO-EN

B Transformer 27.42 31.63 34.18 33.72 1.0x
¢ VanillaNAT 1951 2447 2889 2935  15.6x
Reinforce-Base  23.23 27.59 29.67 29.85 15.6x
RL Reinforce-Step  23.76 28.08 30.14 30.31 15.6%
Reinforce-Topk  24.68 29.05 30.73 30.88 15.6%
Traverse-Ref 25.15 29.50 31.12 31.34 15.6x
BoW-Cos 23.90 28.11 29.72 29.69 15.6x
BoW-L, 24.22 29.03 30.08 29.93 15.6x
BoN BoW-L; 24.75 29.41 31.01 31.19 15.6x
BoN-L; (N=2) 25.28 29.66 31.37 31.51 15.6x
BoN-L; (N=3) 25.13 29.47 31.29 31.40 15.6x
3-Stage RL+BoN 25.54 29.91 31.69 31.78 15.6x

5Kk GeForce RTX 3090 GPU KI5y, FHSK-R7E batch K/NA 1 IE T
T A ok

432 FEILKER

PAEZRA- 125 7 A A R I 25619 B [RDH A Transformer FI19E H
[ A5 Vanilla NAT ({1 GEKSE, PAR 5 56 B 1A 22 S TR FIARE n
T TR Vanilla NAT YRR . 730k, FoA Tt 2260 FH =B Bol 2R ok i ok 2
G LLETTE (R, Traverse-Ref, BoN-L; (N=2)). MFEH, FATHLLN
JUAE B

L AEETIRLE (BoW) BYIIZR AR, L BEEI SR U BRI 1. T
% BoW-Cos. BoW-L;. BoW-L, {8, BoW-L; i BLEU {ifx &t B &5 TH
PRI, iR Lo BE RS RS S N R AR Z6AE B AR . 34T n
JTEAHEE (n> 1) SRk, BAAREVITE L R, (HERRRMELER L i
B AR EE IR . BT XANKIL, L R O A2 B kR T, X
RIRIERI S M N TIRZ o

2. FEHET n AL (BoN) MR HERT, N = 2 B FIOMEURE, JFEL
TS ER (BoW) IR STk, MU T 562 R4 IAFAAAEA%, n it
LRSS RE BT SURT R IO R, T AFHBIT (090 HH A EDYE, BLEU (it
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Fien TSR BoW-Ly o MHELT 504057 > TV Traverse-Ref, n JTZHIAETTEA
B A T, IR R RS /N, £ BLEU PEEE Bt —EMLH

3. =W BEIZERE REA U s & 5 A 22 S TR n T TT 1. 25X 250
FERAFEY T (BP Traverse-Ref 1 BoN-Ly (N=2)) #i{7T = BLllZi)s, R
REIAZ T B, KgIELAti Vanilla NAT [ GER =27+ T 6 1~ BLEU {H LA
b, KiEg/NT AR B EEARLS F [EER p M REZE B

FEFRA2, A AR 75 S 2 a0 ot TOEREREM 76t Hn
FORBEHT AN ARER, RAOTWITIAS B IRABI 2 8] 1)1 58 2 8
{0 2 BLEU £y, T 4R 2800 9E B R . 6 9 M1 3G T e HE
JPie . BRI R T, 5 8 R R RE 22 R 0.8 BLEU /iy,
It HABRELREE 9.0x FAMH L o

16 EIRSEE R, FRATEEIE T n JCHTT X B AR 5 PR A Rk . iF
— M, FRATHR S Y AR IE AR B BB o FRoA I A RS Tt A
(CMLMP) VR, AR 5o U 740 . /£ WMT14 JEfiii=
£ ERysER g R mnE4-307R . AL, n T T EAE S REARIR B N VA RRUE R
PBF, HBEAAEREEARR SRR, U 2 BBl Rk 2 RS A 4
IR TR RE o AR I, FRATI T2t 0.4 BLEU [NEESRTT,
JRIL T HAEIERTE B B A RUE .

28

=¥~ Our method

CMLM
274
26

254

BLEU

244

231

22

lterations

B 4-3 3R A 1B CMLM FE40 i Ja BIRCR 5 b
Figure 4-3 Performance comparison between the iterative CMLM model and the finetuned
model.

433 JYIZRFRIE RIS

FATEEH = B0 SR &5 538 SUIR g oifb 24 ) ik LA MR B2 T
19 n JCH e AEARTT, FRATIFIX P R A mE AT S S IBEf 704 Fefi1H CE
FORA IS, ¥4 RE VEAXT Reinforce (U4 , (E384-345 H T &R 7128 H
Pk GeForce RTX 3090 4bFE—A~k/NA 6.4 J7 il batch FFaE i fEl. AT 0L, 32
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K 42 KBRS Z Wi TAERHEREXT E o

Table 4-2 Performance comparison between our method and existing methods.

WMT14 WMT16
Model Speedup
EN-DE DE-EN EN-RO RO-EN
Autoregressive
Transformer 27.42 31.63 34.18 33.72 1.0x

Non-Autoregressive w/o Rescoring

NAT-FT®! 17.69 21.47 27.29 29.06 15.6%
ENAT!102] 20.65 23.02 30.08 — 25.3%
NAT-REG %! 20.65 24.717 — — 27.6%
NAT-Hints %! 21.11 25.24 — — 30.8x
imitate-NAT 108 22.44 25.67 28.61 28.90 18.6%
FlowSeq!*"! 23.72 28.39 29.73 30.72 —

NART-DCRF!! 23.44 27.22 — — 10.4x
ReorderNAT 4! 22.79 27.28 29.30 29.50 16.1x
PNAT ! 23.05 27.18 — — 7.3%
FCL-NAT!!1%] 21.70 25.32 — — 28.9x
AXE!®! 23.53 27.90 30.75 31.54 —

EM 1] 24.54 27.93 — — 16.4x
Imputer ! 25.80 28.40 32.30 31.70 —

Our method 25.54 2991 31.69 31.78 15.6%

Non-Autoregressive w/ Rescoring

NAT-FT (n=100)#! 19.17 23.20 29.79 31.44 2.36%
ENAT (n=9)!1%% 24.28 26.10 34.51 — 12.4%
NAT-REG (n=9) %! 24.61 28.90 — — 15.1%
NAT-Hints (n=9)!1%%! 25.20 29.52 — — 17.8%
imitate-NAT (n=7)!1%! 24.15 27.28 31.45 31.81 9.70x
FlowSeq (n=15)“"] 25.03 30.48 31.89 32.43 —

NART-DCRF (n=9)!"! 26.07 29.68 — — 6.14x
PNAT (n=7)!1%! — 27.90 — — 3.7x
FCL-NAT (n=9)!!1% 25.75 29.50 — — 16.0x
EM (n=9)!!] 25.75 29.29 — — 9.14x

Our method (n=9) 26.35 30.70 33.21 33.28 9.0x
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SRR B e, n JTH )7k JE R, Traverse-Ref Jiikf 8. L, (e
EWNRIRME IS, Wl 7E Traverse-Ref J7ik FI K EITE.

K 4-3 ARG T7 3 ) S XS L o

Table 4-3 The comparison of training speeds for different training methods.

Method CE BoW BoN (n=2) RF-Base RF-Step RF-Topk Traverse-Ref
Time 1.2s 1.5s 7.1s 2.2s 16.9s 31.3s 63.2s

T LRI, FRAOTEZH LU AR ISR . B, kA
AT LAXE Traverse-Ref J735H n ST T IEF A TINEL,  FH PR T AR SR A0
R, Hvk, AT & A SUR RSN n JC4l T IR & S TN A, FR K
H n JCH 551 Traverse-Ref J7iZ 00« 45 =FhRmE AT = Fr Ber il Zx, SBfl
H Traverse-Ref J7 i, /5 M n T TT % e AR SR ,
SeffiF n STETTIEROE . Tl Traverse-Ref 753k . AT CE 387838 U
TR %7K Traverse-Ref 7534 BoN 3&7R n JCAH 75, FE3R4-44h T ixX VU Fh o
(1) BLEU {E LA K Y25 [A] o

# 4-4 il 8 5K GeForce RTX 3090 JIZKI, A [R])I Z5 SRS B I RIS 1] DA Be £ WMT14 S&48
k4 i) BLEU fH.
Table 4-4 Validation BLEU scores and training time of different training strategies on
WMT14 En-De. The training time is measured on 8 GeForce RTX 3090 GPUs.

Strategy BLEU Time
1. CE—BoN+TR 24.56 65.6h
2. CE+BoN—BoN—TR 24.82 93.1h
3. CE—TR—BoN 24.63 63.3h
4. CE—BoN—TR 24.69 37.5h

EREIR, BRI H) BLEU i 5, (HIIZR A WAR . 28 PUFhsk
W B 22355, BLEU fE{UIEART 55 —FP ok, (HYIZRRS R RIES A . i T3 UAE
i BT Traverse-Ref Tk MO I I A GI0R . AEDIZRI R B BT AL 25—
S =MTE . LAE AT ] T AR EE A T X R 2R 5 B
434 SEEREMNMAEXAE

B EA . BT n Ju4Lia AR B R RO A5G pR BORE B A P A T e L
R DT AR OGN FE A SURTHIUR B I o AEARTT TR, AT R R S Rl B 2
IR S E AT E e FRATIE ] GLEU fESRFRRIIE e, OV BRI
RV PTEPPAE TP BLEU BEOMMERGTS . 014 WMT14 SEEIG IR 375000,
kR AL 3000 A~ AyXte AT A Vanilla NAT ASER X 56 ik G2 ¢ 5 ) 0
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WM A SRR n TEATRE . F (R RDR L S A0 3% 300 GLEU
. BT, TATEFRRECT GLEU (522 IR /R AL

T3 AR . B TR B SCR B AT I — e T n TCAL A B
KRB M 2T —n+ 1) i Ly BEES. BT n 0 2. 3. 45115
R n AN FIOATERE. AT CE Fe73a SURE . Jn = k #o5 k o4l
FSS. SR RIS

# 4-5 TR R B ST BT R 2 1] Y B ZRARFE R R B
Table 4-5 The pearson correlation coefficient bewteen loss functions and the translation
quality.

Lossfunction CE n=2 n=3 n=4
Correlation 0.56 0.87 0.84 0.79

RGN, n JUAIRAEIE B S B I AR DS R I T A SR R A
n =2 NS Wy, 158 1 0.87. T ER|, Xt 5584-14n = 2 11 BLEU
(ER& ST n = 3 BYSEIREE R —8, SE—H, FROTIAE AR I A5 R
FAMEHI T o BAVBRIEIRA] KBS IS NP, B—E8% H 1500 148
AILHA, B8 A E 1500 AT . FrATT o B X R A 40 Y 2 ZR AR O
REL SR INFEKA-6/7R

K 4-6 155 R B S W S B 40 AR A AR A T W BURARAH R R
Table 4-6 The pearson correlation coefficient bewteen loss functions and translation quality

on short sentences and long sentences.

all | short | long
Cross-Entropy | 0.56 | 0.68 | 0.44
BoN (n=2) | 0.87 | 0.89 | 0.86

ATEVER], S AR R R R B A NG, 117 n JTAIRER IR A)
BB BRI o A A B RIAKEARRE o 58 SURHR R BORAS ¥ S 27518 3
FERERT T, AR AR, X X557 RYZORAAT HANIRNE, K2 A RAICE
WAL, XSG ECCURARIE S B TR Z IR SC REE K. L2, notdiA
RIS, AEARNFFRYNG O T L REMERR PP AR e i . RGBT
PREFR R R AR R A

435 AN

FE BT, AT AT TANE A T IR R A B B Z IR, A
n ST TR SAE T A I AT IS R L T IR SRR G o AT, FATTE— 24T
BT R AN BLEU B, DA AR5 6 R 20 3 A R 1 B
R REFEAH N AERTI MR ERYOCH . 7E WMT14 JEE50IESE F, FROTIRAEIR
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S 1B R B ) 70 AR AR 78, R BT 4R 5 [ 4
LM BA TR T IRAX LA R A 7486 ERY BLEU {H,  £52Rn1&14-4 Firos.

30.0

-0 AT
27.5 4 Ours

—#— Vanilla NAT
5.0 _’/‘\.___—-—..\‘_‘
22.5 B—
)
& 20.0
o
17.5

15.0 A

12.5 A

10.0 T T T T
[0,10) [10,20) [20,30) [30,40) [40,50) >=50
Source Length

4-4 AR HE A ] ARSI IR A AEA R A) K T B9 BLEU fH.
Figure 4-4 BLEU scores of autoregressivee Transformer, Vanilla NAT and our method under
different length buckets.

nERTIL, R A, AR B PIHERAR M RA I T AR,
DR th A R Z2 o Bl AR EIN . Al B (8] VA B EASR ) 3R 33 o
WNFE, AT RS B AR F A B A BRERITERE . X B
HIME RS RARE W & o BEE FOICHYSEN . S SURHR 2R S R B Z A AR OC
TR, SECEA BRI AR A R RER S . MO, n STTAIRARRK
FEACA Bt S @ B, IR AT AR AE Ay Bt RE AR A8 1 0

PR
43.6 THEZEM

FEARTH, FRATEEF4-THR R BER AR B R AR B BHBR 1307
FERIALE, AR FRATTR 5 i e 42 7R B AR R $E i . R, Source
NBOC, Target KRS E, AT 2 H BIHE AT, Vanilla NAT Z3E H [5]15
BRI RS, Ours S2 AT AR, ATLAE R, 3 H [HIHEZ AT Vanilla
NAT A B e A8, UHEA R R A PSR 2 A,
{1 “without without’” . “shadow shadow’” 25, FAh, P HYZERE B AR, Gl
DI ZAT I o X0 T IR UM AR R s P B ML B R T , AR R
it Y 7 AR A T3, SRR B [ ARR DG TE JRy i B TE A R 1 22 1 AR
HIRIE TR R, FRATAY T YA BB A H AR Y Fr SR C 22, H K R A S M
BEFUCR IS ME S, Y2545 20 A AR Hh e S e B P B 2 FO A 15 B i
ARSI, ®E R A B GE .
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4.4 AREING

AE E DR P A58 SR IR SR AT i A H AR i ) e SRR R
RO RO RS« AFAR R EET n JCALIRASRE RO B AL, HflE
FOERIAHSCIESR, REASIERT. mRutIIZEE B AR, LI s R BoR, TR
JTIERERME D2 SO B A R A B R . B GE TR A RO

# 4-7 £ WMT14 fEGEI5EEE AN BIE S -
Table 4-7 Two translation cases in the validation set of WMT14 De-En.

Source Es gibt Krebsarten , die aggressiv und andere , die indolent sind .

Target There are aggressive cancers and others that are indolent .

AT There are cancers that are aggressive and others that are indolent .

Vanilla NAT There are cancers cancer aggressive aggressive others are indindent .

Ours There are cancers that are aggressive and others that indolent .

Wir wissen ohne den Schatten eines Zweifels , dass wir ein echtes
Source neues Teilchen haben , und dass es dem vom Standardmodell

vorausgesagten Higgs-Boson stark dhnelt .

We know without a shadow of a doubt that it is a new authentic
Target particle , and greatly resembles the Higgs boson predicted by the
Standard Model .

We know without the shadow of a doubt that we have a real new

AT particle , and that it is very similar to the Higgs Boson predicted by

the standard model .

We know without without shadow shadow of doubt doubt that we
Vanilla NAT have a new particle le that it is very similar similar to HiggsgsBoson

predicted by the standard model .

We know without the shadow of a doubt that we have a real new
Ours particle and that it is very similar to the Higgs-Boson predicted by

the standard model .
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E£55 ET nwARERIFRIEAXNFEER

51 5|5

B H B2 ML an BHFE® (Non-Autoregressive Neural Machine Translation,
NAT) REMEHATABITA RESCHIE, BERA T HELER e 1R o
SR, T = G IER IR H R, JE 8 BB R 8 A4 T8 2 ARG
BRI AT o JE B B — R AR DSR2 07 =, A S
TE NP RE . 28 SRR K ER A 5 25 S0 M 5%, (R B ER
RS = FEER R R ECRIE_E T SR, fEflandliEt, H— SO ReEA 2
RIS, IR 22 6 (Rl B A it ME LA S 222 3 AN 5%, (58
PR TCIEMER Tl A B R0 A ey H 5 2R

FH T 38 UM A0 2R S X 0T 55 Y B SROME AT 2, — 8 AR i X — 28
SOk BEEI S H AR B0 Horp, BT RS, 42 U [A) 43 28458 P! (Connectionist
Temporal Classification, CTC) 1R300 GBS 2 [T A 5 225 1330 HL
X R AEARENE R, AR EE T, 2 H & KR —FhE
[ B YA 2t g 2427500 B oot 55 AR AR S ey 2 AL it 5 25 13S0 2 AT
KT 4, TOIE AR E B XS 8 R e WES-1A, B PE RO AR
CTC & ip)iE 1R 5] (Automatic Speech Recognition, ASR) Jw g5 2iE H
1, AT AR SO 2 R R AR BRI e o SR, AEdLes BliFEAE55
i, BLE 2 [AE T LAREEE P, R AR SR 552 T A IS o WElS-1r
TN, Y4B EPE N “1 ate pizza this afternoon” {HAS f %y H 25 S 2 “this afternoon
L ate pizza” [, RUERAHH 7 1E SOETRVEE R, (H CTC Joi A BRI ARl L
HIXTFF . SRR M AR T X — iy H 25 TR

FhixX—a i, AREHH T AT CTC R | BN 2 B g fei g B
PRSI FFITE . T CTC & Znt 5 G5 A (HFRA TAfE DA B R i AR E R X 5%
TATE R —Fh B CTC 8L, FREAN SCTC, 4523 [y 2|
e T, DO R LA B i R P R IR o ANEET B SRR, 3R
T THE DATT 8 i Sl A H A S SR BT A6 55 3R A - HREAR i 4 28 F A B 1 B
XS FE R AL O g BORESROASRL i H 5 228 138 U2 R S22 X055, 1
A B U1 X AR s . st AR B R0 7 SR B 55 . 2R
i, JATE—EY BTN, BEITASSH AR, WHPH
TCHS ST n STAMER R UCEC, Y112k SCTC KRR & RAL n ST DT
BoHy FLAH. f)a, FRA1EIE] CTC f&AUH, 534 SCTC 5 CTC Z R ER, 1£
n < 2 WIEE RBAE SCTC B8 _E n JTAVCRC T35 3] 17 CTC Hho JlidiX
T, FRATREAERIARESI SR AT CTC AR F IR A R0 5%, 248
T TR RE

BN EZ N EEES (WMT14 EnsDe, WMT16 En—Ro) XS 7%t
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target I ate pizza this afternoon target € I ate pizza this afternoon

P 22 7 o

output [ ate pizza & this ¢ afternoon output  this afternoon I ate pizza ¢

f L } f

input Wm e input AR TFHF K LT W
CTC for ASR CTC for NAT

Fl 5-1 CTC "B FAR BRI . 212 CTC 7EiEH IRAMES LR, &R NS
Ak th 2 AR R AR RS, A ERE CTC AL RIEE 5 ERRA], FFAEdiE
FriRB BRI e A EH, Fnt2EA R
Figure 5-1 Illustration of the monotonic alignment assumption of CTC: (left) CTC for ASR
where there is a natural monotonic mapping between the speech input and ASR target,
(right) CTC for NAT where there exists global word reordering that induces
non-monotonic alignment. e is the blank token that means ‘output nothing’.

17 L9 RiE. G5 REEW], FRATRYJTIEAE SCTC AR CTC AR B R R4
FE3T n STTAHVCEC N ZE BRI T, CTC BBRIOGH T FR AL A A ki ks 21 ££ 28
BT BT R PERER P, AR E B m] A A

52 HiRE=

AHE TARR S8 CTC BHERIRRIFN . TEATT, BAACHIR T &
B2, LR 1 T HLRS B SRR T CTC R 4 1YL
",

5.2.1 3EE BN 2SENIF

IE B B PR g RS BRI AT A U A SCRA], R T T
RIFIERIE RS o AR H R H A B EE 20 A (OS2 AL, I R B -

T
p(Y|X,0) = ]_[pt(yth, 9), (5-1)
=1

Hp, X NBURAIA T, Y = {y1, . yr}t R ERIRHIAIT pe (3] X, 0) R e
t YRR . BN, BIRIMMEA R S 2533080 S U
i, BORMBIERLE ¢ 42 NS5 SCRYRT NI -

Lex(0) == ) log(p, (yi]X, 0)). (5-2)

t=1

FERGRGIS , FERRAGAR B BIIAR 2 fF — AR . LAGw i ar A BEUIR Ao
AR SCH A IC . B, AR PR A WA B A A A i TN 4512 L A
I, I argmax AFRAL AT B A AV

Ve = argmaxytpt(yt|X, 0). (5-3)
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5.2.2 EF CcTC WIIEE B BSENIF

SRt AR B BUEARUE WA T E G . 55— R 2 S SR A R AR R
5223 ST, ARPLER B R I 2t S BUR R DS 2 %
SCRFFF L A SRR TCTE W R A AR (B H 2 TR R B R R AR T
SEHRE SO, B S E KA S K TINSE AT REAERS, (ARt
HBEHOX KA BOFSC, TOIETEMRA T S MG 0 SO

3T CTCRY R [ R ML S Bl AR RE S AR R L4 H 5 22 S Bt
XFFF R AR, JEEA R A KR CIIRE ST, B BTS2 N —FhaE
[E AR TS5 o CTC — S BSR4 Ee B AR R A, IR i i
SIS 2 A e fEAR A AL, — RS Birimiia g imAa—1
A €, BTG, BELREA MRS aR iy K B e AR K A 15, H
A RKT LS. NER LA, 5IASAIE e 7. BRI H M SCas 0]
VI REI T Y, NV B YA —Fh X — g R Hp, YV — 55
23 [ 315V B AR 1) o0 2R AR A A 13 S S AR A 2 R B — RO SR .
WA FFAEN Ta, FRATESLRELB(Y) RV T, E&EFEY WITHEKN T
55, BRIECAFESCY IO 25 00 BRIREE B - Y > YV HMXFF A BIE L
Y (s, HAP SR, EeR ST A R A AR A I R
HAP A2 FRIER R Y . WES-207R8, X535 A= (€,a,a,€,a,b,b,c,€,d)
XM IESCN Y = B7H(A) = (a,a,b,c,d), HHXFE A FE il S pi B e 5]
FELY HHo CTC MR R R A A RUSA TR I 50y 20, Tl it sh 2RI Bkt
I X7 BOMESESRA], e KT B BLaR 14k -

logp(Y|X,0) =log >’ p(AlX,0), (5-4)
ASB(Y)

Horr, XSFHMEER p(AlX, 6) faE H A5 Transformer AR A5 :
Ta
p(AIX,0) = | | pi(alX.0). (5-5)
t=1
FEMRADIS , —RE RGN argmax #6375, AL TURER &K a;
T HR 2O 55 R R Y RS Y
d, = argmax, p,(a;|X,0), Y =pB"(A). (5-6)

AN, WATLR AR RN, ERERBPREESIEY . AR, @
AT LAS I E BUHI ST 16 5 SRS T 2 O, AR e H bR an T -

Hep, o f1 B X E F AT P MR FEAGTT IR . SRR B2 FRATRY AR A TS
%, IR A s AT — e 2 M, H T AR SRR A R B AT o
LML TR, IRTIHC R A S AR TR (T AT AR I
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A=(ga,a,¢ a, b, b,c, ¢ d)

=S\

(a,a,b,c,d) (a,a,a b, b, c d)
CTC:Y = B~1(4) SCTC: Y = B:1(4)

Pl 5-2 XIS A BRI Y MR . CTC B B SERBRXSFH M P AIE SR R
W, BEBREPMELSAW. SCTC BB 8, UL FHHIZ i €.
Figure 5-2 An example of target sentences obtained from the alignment A. The collapsing
function of CTC removes repetitions first and then removes blanks. The collapsing

function of SCTC 5;' only removes blanks in the alignment.

5.3 EF CTC AR IEEIAXT T

FEARTIH, FADSEET CTC B AR IR T T 5 TR, LA
PRAP IR XS TR B EE o B, FRATAES 3. 1 g — P fE Al SCTC A
RIVMRIAC o0 A BT SCTC BERL, FeAT1ES. 3.2 hdg ity 7 b DL AL 20 n
JCALIC R 5 AR AR RS 55 o Bl . FRAT4ES.3.3 79 [E] 2] CTC A, JpAfr
SCTC 5 CTC 2RISR, Kift SCTC M _ERY n ST IR AT J#2 1 CTC
B, fa, FAHES 34T 4R T 456 BT S AR IR TR R IIZRANE o

5.3.1 SCTC &8l

f£ CTC Hr, pR¥ 71 B P MRS TF A BRI Y (1) RERXTFE
AHPrAE RSN ES R, (2) KERAEEE 6o XM MRELSSAE &,
TFPESCHIXTSE 250 B(Y) ARG LA o (R, FRATESeté H—FhiEi Ly CTC
B, FrEy SCTC (Simplified CTC) , BRYXFF 2SR S5 B, A BT
AN HES AR SRS . 735N, 1E SCTC _EA5 H Y45 SRt Xt 3
1A AE CTC AR BRI AT A AR B o

N TR FF S [ S5, A5 B AL ] — FHRAEICRE X 55 A ey 213
Yo — R AGRLEERASTT A I SR E S I, BB 2 2 BRI
WIZIERES . B, HTREY = (a,a,bc.d) PESESNELR, Fratist
HICIHERMAT 2] Y, EHIEIEHERRIAZOR 0o 75— T sUR I BRAS 57 A FIEY
ZSHE, XTI NG, BRRFRERNIRFEAL. J35h, XWFFERRAR
SRR, LY RS RS RIARIER . —ER Y HArA A Ta - T 4
SHIERAE

HATPREXF R e BT FR Dl SCTC, JfAEE(S-2Hp o T CTC 5 SCTC 2
FIZES. £ SCTC & T, FAMRFELY BXFFRISE B (Y), MK A
BIFESCY (TSR B 0N, IROTAT DL shaS M S5k SRS B AR
p(YIX,0)o FAPEGHTINZ R . (s) & SNMRT ¢ DXSFFALE ar, FIHT s TESCH
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By BIBIERER, BRTEAH @i (s) AT @ (s — 1) SEAAHTH TR |
@, (s) = a,1(s — D)p(y51X, 0) + @1 (s)p. (€] X, 6). (5-8)

T SASKIER 2R TR 2L 5 o, (T) AUR PSR RIFEREE p(Y1X, 0). A,
FATFFERE S 5 R S 25 SCTC A5 -

£SCTC(6) = - 10g CYTA (T) (5-9)
5.3.2 EF SCTC pIEEIFRTTT

WATESEAE SCTC TR AR AN FF AR %, ARG AR L
Be 76 n ST IERC )T o

53.2.1 ZEPELE

N T BRI T FRA PG T 2SR B (Y) 47 RO ARER M AR 55 2
] ys (Y), ESCATE:

() = U A, (5-10)

b, 1Y) ZoRFE3CY FATER AT ARSI ARG IS (A, B) RIFTA
AEZIN (A, B)) = {(A, B), (B, A)}o #IIME IL(Y) . FATHJE TR FT A T P
VARER P REPERAGEEAR R XT T 25 1] o (V) o BAREOL T, BATA AR T ¥,(Y)
RSB XS 55 SR TSN $R G R 4K

Loum(0) ==log > p(AIX,0). (5-11)

SR, F TSR 28 RN R B, FRATTICIE PR 2h AR SRSt g %ot
FERRAN, ARAEMER LTS BRI R AL Bk, AT 2 ME B — A
BB, DA S R SO Ak -
Lnax(0) = —log Arerfé)p(AIX, 0). (5-12)
JRUE X I AT %ot 57 S SRR AZAE R IRIME AR H Joe ekt 55 2 T LASE 22 0
SR SEIN o S5 Je 28 T RO o P TR ekt 5 14 1) e
A S PR DT RC ), R 0 R S5 U SR AE O(T) BRI SR A B, 3%
TAKE & IRAE LR (X 57 28 8] s (V) NESAECA T, R Y RATARS Ta-T
A2 FA R T A HEPIA B 55 23 0] R, FRATTAT LA IR 28 3] S5 AR ) Tt 235
REVEMAHEE N Ta BT R, AT R AB I ki Se, 3B N
SARIBUE . B, &5 ¢ ABIIACE 517 w 2 A IALE K log p,(wlX, 8). -
H AN FF M T BT fUZ A e VS D, e A UL o HR A 32 B A A gl
e xS- 1209 1E.
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5.3.2.2 nJcfALHED

RSSO REA SR NE , FA1TCE R S A 3% Sk Xt B A%
FERAN, AREER RS- 110 0N, XRRIAMEDLZ RN BATTER A 55 5133
FEREULHC . S EOE LSRN EC ok it 8. fEstgkry, T ilasiilhiEhas
ZUENE, RS VLR RO AL Y ER o IR ORI i 5 22518 302 TR e 4
XEF5, TR EEA T IS5 A EE B, ol md LA B SR A 7 AR R B X
ite BN, FNTHE LY RSTFA M, FRITA 525 ARG £
ZHlar BIE A T s LA n JCALDCBCHER SR PR B D O T 20, FRATPRE 575
225 SCHI n STAMARRIRAY VRS, JIZRE:TRE 55 H) SCTC Bk K
ft n JTAICECAHERS R . 2 BB ITECHY AR, FRATSIAMERAL n TR
IR AR r] o

HATH Co(Y) KR nItdl g = (81, -, 8n) FEFEILY FHHIHIBLREL, H C(6)
FORPRIREIAN X~ ZHON 0 FBRTLRRIEERL n STHITEL, 755 C(0) s
TIRA) X U, B s 678 SCTC. #ERAL n TTAHITHEUE U A1
n JeAl g KCHBIIBCRAD, 41 FER

C(0) = 3 pVIX.OC(Y) = ) p(AIX.O)C, (B (A).  (5-13)
Yey Aey*
C3(0) PG SIT S RACTII RS A5 TEIRTIFAIAT 20 TATOE M3 (0) e
AN 5 2302 1 n T4 g FOUCRCEL (R FE&IE T Y DARfFOR) . 3
T
M:(0) = min(C,(Y), C3(6)). (5-14)

FATRGINZ H Froe SR AR g 5225 3 302 () n JCZA R AR HLR ITRC,
AT G, KR n STTARES . LA n JTAHDLRCH R sl A [R5 2k

aEik
2ge, Mg (0) 2ge, Mg (0)

oo, G0 M= Gy
AT Wst R LA 35 s B KR . o S K — s A e
EEIR T, B K B B A I, . TR b st
A BER, BRICIEEM I S B o . R, FRAIg5 6, Sl B RN
n JCLHICHE R F1 48

Pi(0) = (5-15)

2 Yeei, M(0)
Yeec, (Co(Y) +C5(0))

fE BRI T, M(6) Sy n T g IIUCELEL, (034 Co(Y) 62, Bl n otd g
UESH4 P SCP MU R, B, AR FHESH 0P n il g, HE
BT Col0) IDRIARETE, MBI SE LA Te A, S, Co(Y)
IEAHHT —nt 1. RAVATAENS I Lyeq, C(6) WHFLITIE BIMAIL,

L£(0) = -F1,(0) = - (5-16)
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BT ZA T Co(0) T Zgeq, Co(0) MR, A BEKAS-16/F ALY
EAPNES -

SFE O THHENS- 1Ry 7, IATHZH TR C(0) MRS,

Cs(0) HEM n JTTH g WA HBLIREL, 75BN Fir A3 S0 sk A, 2R
AR IEREEA HIL, FATE SR 2O S- 13 M ok ps/ N 22 25 0] . AR
o, BATUERA 140 F ER AL :

EH 5.1.

Ta Ta

Z Z Zpu 811X, 0) ]_[ i Pic (81X, 0), g € Gy, (5-17)

i1=1ix=1 in=

A ERKINATAXT, 95, Ej R-ML B i B E jOgmE, &3l
T
0, j<i+1
Eij=11, j=i+1. (5-18)
Ht z+1 pt(elx’ 9)’ J >i+1

IR AERS-137, FRATTA Co(0) M 7 an g -
C3(0) = ) PAIX, 0)Cq(B;(A)).

Aey*
fE B, Co(B5H(A) 24 n JTd g AEIF3C B (A) I BLRE. AT i1y =
(i1, o in} RERTR n T ¢ = {81, 8n} € G AEXFTHATRERT AL B FEALE
it EA—A notdl g FMT a, = g WA k € {1, ...n} HKOL, HIXZ AR
Jir A FA IR N 23 ] €0 Al I D P A RTRERY iva . FRATATLLRE Co(B71(A)) B
PR~

Ta Ta n
J=> > Z (ar, = g0)x| | L1 < i @ = 8o @4, 411 = €), 8 € Gy,
i1=1is=1 in= k=2

S, 1) RAREA RSN, WY 1, S 0. [
BATIETERE E S, By FmE (SR BIGE J RORER, WA T4
f

E, i = P(ik—1 <k, Qi +1:-1 = €|X, 9)~
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FRAE LA B3, FRATRILAXT C3(0) Ml T 28 46 -
C3(0) = > P(AIX, 0)C, (B (A))

Ta Ta Ta n
= ZP(!‘HX, 0) Z Z e Z 1(a;, = g1) X 1—[ L(ig-1 < ix> @y = &k» Qi +1:0,-1 = €)
A

i1=1ix=1 in=1 k=2
Ta Ta T'A n
= Z Z cee Z ZP(A|Xa 0)1(a;, = g1) X 1_[ L(ix-1 < ig> @i = 8o Aig_y 4 1:i5-1 = €)
i1=1iz=1 in=1 A k=2
Ta Ta T's n
= Z Z - Z pla;, = g1lX,0) x np(aik = & X, 0)plix-1 < i, @iy, 411 = €)
i1=1i2=1 in=1 k=2
Ta Ta Ta n
= Z Z s Z Piy (gllX’ 0) X l_[ Eik-1,ikpik (gklx’ 9)’g € Gy.
i1=1i=1 in=1 k=2

O

MRIEEHS. 1, FATRT LK IR C(0) HITR R R E 2R K] O(nTy) Y
ZIAE AR, AE n BUNTRENS SRt C(0). T, FA14 HHAE n HUEL
(B0 1 A0 2 BRI A:

Ta

C3(0) = ) pi(211X.0), g€ Gh. (5-19)
t=1
Ta Ta
C3(0) = > > pilg1lX. 0)E; ip;(2:1X.0), g € Go. (5-20)
i=1 j=1

SR, XIT n > 2 (IROL, TR Co(0) MINRIZ 2 I5HGR . 2VIZREEN
S, AEXE, ATE—BLHHE IR O(nTy) FEARE] O(nT}) BTk,
FEPNTIHMTRL n HRERROH TS HBERAL n TR Co(0) 0 M S-1THIIE
L TP E S SR R n B EB R AL, E RIDY /R AT RS
FEME . A RAET RS R IR B LL— P Y BiPRAS HAUE pi, (81X, 6) A,
FANTL AT LOR R T n B RAS MR AT 2R RS- 1R TSR B, 3A75]
AN RIVRESE R s, B sk BYEEN Tao FATSEEA sk BT sim 25
HHARTSR R A

Piy (g1|X’ 9)’ k=1
Z,?Z‘_lzl k-1 (k1) Ei_in Pir (841X, 6), k> 1

HRPELL_ESE SO simr THEL s ISR 22N O(T7) . IG5 s, A TS 20
N ONTZ)o A5 T ERH, FATEY T S-17RI4 1A s, oA 4E LT SRAT,
AL 35S LTI TR A2 2R B FT AR O(nT3) -

EH 5.2.

Sk(ik) = (5'21)

Ta

C3(0) = ) sulin), 8 € G- (5-22)
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JEBR.
Ta Ta
Z Z Zp“ 811X, 0) l_[ i-vic Pic (81X, 6)
L Ta TA
- Z Z Zsl ll nElk Lit Pi gk|X 9
lgTAlllTAl

_ Z Z Z §2(i2 l—IElk i Dir (81X, 0) (5-23)

i3=11i2=1

Ta
= Z Z Sn-1(in-1) X Ei,_,.i, Pi, (8nl X, 0)

in=1ip_1=1

Ta
= Z Sulin), & € Gy.
=1

O

SHEE A B, A 7RSS 16 TR ERURTS . X E, BT
GBI T A, BN S RO Y e, Co(0). FATEEH & n =1
AR LR O, LER A SRAT AT AR S VR TR, RIS A B AR A

A .
D1C0) = >0 > pilgilX.0),8 € Gy, (5-24)
8

=1 g
XFFn > 1RIEIL, EESRFArSER T EAAUN AR T, HBAT AT LR A Rl
HITHETT e BT Co(0) E LA notdl g IR BLIREL, X, Co(0) 2 fl 1
n TTAHAYII R B IKE. D7 n TTHEH S 1 Eéﬂéﬁlad\ n—1, [A
AR LAEET no = 1 G RERAR RN n > 1 EIERISRANIZ,

DGO) =D CyO) —n+1. (5-25)

8€Gn geGy

533 EF cTC BIFRIFRTT

fE_ BT, BATHEET R 57RY SCTC BUSE H 1 PRk B S
ARFERYIT %, 08 AR UCECAN n ST DERC. AT, FATzl XLy
EYT RS CTC BRI, fili CTC ARt BT R IR X 5T RO RE

£ SCTC BRl, JEFRPFTA5 0] v, (V) AT OB BN A, &y Y HAre
WS Ta - T A2 EAR AT HESV AR TR 2500 A ARERE S X 55 1R]
TGO R DL RS R, SRR f 2 U LSRR Az it ST, £ CTC 45
RIch, XSFFNESERY B I BB, X RO TR A ] s (V) FPO 5 a8 A 1A
FIREANI 3X FEFATICTE B & A R ETE R R AR U 55 RGBS & DL fd
J7i%AE CTC AR R Y A AR BRI LA o
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sEisfE , FATE SCTC AR _ERY n ST ITECTT L RES A B B AT tH CTC

BRI n SCHIEEC T . CTC 5 SCTC HZEFAUN EATRA — X155 A Wt
T ARIFESCY o MHET CTC 3L 71(A), SCTC B33 ;1 (A) U2 H

ATE%%EEQ FATR LA et E XL EE AR A 2 K, 285 M SCTC |y
ZERTPRBRIXFIE . H5G, BT CTC FAIBERAL n STl EUBuEUE X

Co(0) = > P(AIX,0)C(B7(A)). (5-26)
AeY*
Tl 15 L Ry(0) H9 n = LI} C,(6) R CL(0) ZIAIMZER, F% CTC il
S AR TR T Ry(0) MR

P 5.3.

Ta-1

Ry(0) = C3(0) = Co(0) = > pi(11X, 0)pr41(211X. 0), g € Gi. (5-27)

t=1

JEBR. UERH b e FREEM TR LA ks
Ta
Cq(0) = p1(g11X,0) + Zpt(gl|X’ 0)(1 - p,—1(g11X,0)), 8 € G.
=2

Co(0) HIE SR Co(B7H(A)) WIMIERAE, Hrp g7t W MSFFRIESCI B, 5/
BRI IELLINE R I, HRERIIAE A e EI, A5 A E R w
g g1, HERT—MIEAN g1, CIASHMT 87 Bbr. Fit, AEH
RN R, I Co(B71(A)) BAEARGAR AL

Ta

Co(B7(A)) = Uar = g1) + ) 1a, = gr.ar1 # 81).8 € Gu.

t=2

ET UG, BATATLK Co(0) SR Mg, RIEN] 1A EH :

Ta

ZP AlX,0)C (A)) =plar = &1|X,6) + Zp(at =g a1 # 811X, 6)

t=2
= pi(&11X.0) + Zpt<g1|x, 0)(1-pi1(11X,0)),¢ € Gi.
=2

O

FHEWEBOCAEMERE T n = 1 FBEN, HRNGESZOHTTE C(0)
2 Ce(0)o KT n=211EMN, FTNE_TCH g = (g1.82) TN g1 =g T g1 # g
Wi o XELLEE AR A S HE R T I0H g1 = g WEH, B
IR B — RS BRI e, I ZE(EN Re(0)o 45 28—t g1 # g0 HIEH
ERFEAER, LAES-2286], XTHE—DX5F A = (6,a,a,€,a,b,b,c,e,d), SCTC
AL CTC a2 78— R It {(a,a), (b, D)}, B —JtH

60



55 E BT n TR AR B XT R

MEH seeMm . I, AT LAEREXN n =2 BIENE H C(0) BIME, W FAr

TN

_JC(0) —R(0), g1 =g
C:(6), §1#8

T n > 2 L, Co(0) 5 Co(0) ZIMFIB AR ARIFIRR T o RIMEK
ITERAGUEHS 1 —FEX HARZ R, ERPBHET SCTC i zs, JHHE
5.2 O(nT}) EAEREEWAFTE . Filt, f£ CTC £IR, RATAHES
J&n > 216 N n STAILRC. e, FATES-14—HE X CTC AR IEACAL
My (0), F54% n JTTAILECHY F1 AR/ AR 25 F A -

_ 2- deG,, Mg(a)

2 2€G, (Cq(Y)+Cg(6)) .

C,(6) g € G. (5-28)

L.(0) = (5-29)

5.3.4 IR

FERTIEDL T, BATRH T ey SCTC f, Jf/E CTC KT SCTC
BB EHERER ST 1 AR BRI FE I 515 IR AT S BT BRI SR I A
SRR G, AN AT RE 2 L RN “pizza ate I this afternoon” IXHEI A%
JEIA S R, FATE o 2 ORI 25 SCTC af CTC A, Fxs
TR SFEA AR LA R BRI X 55« SCTC AR ] LA 350 e DEECAT n G4 UTHE Y
TR, CTC B RER] n JTTALVCEC T VRO . IFH n AUHUETERE
{1,2},

54 ERERSHM

FEATTR P PR L R S UEAR PR 55 TR R SERRRCR . BB 4
RISLEIE, FHHaHEENEESR, Soaxt e iRotfratr.

54.1 SLISRE

AR AR B [FAVLAS B FH P A e g EIGuE 7RI T
%t WMT14 $54E « 15 (EneDe, 24450 J7 /M%) WMTI16 HiiE < B 4 Jg il
1% (EneoRo, 2761 710 o X1 WMT14 BEfEHEREE , AT newstest2013 H
newstest2014 VE S UESERTAEE . KT WMTI16 9B 5 a5, AT newsdev-
2016 F1 newstest-2016 VE M uF RN FATH 32K R EAEELS BPE i
AUV S Py oI 0 H bR inlil . FRAEIR A B AR i . FA16H BLEU
(B SR PP AR P 3R T o

AIRZEM AR AR D 2 AR B B R R ) — IO R AR . AR I B
BTSSR, FATENY P A BARZEEEA, EelgG—A 8 BIEAER A E
U, P ERIE Y AR, RS 3 CA R SR A A TR A
. &lE, RAOMEHZERBERERIIZAE B BEE

61



AF A EUAPREHL GBI I 2507 3R 5

SCOLA AR E R Transformer SN 1504 F [BUHAYEELZL . CTC
1R ] Transformer IURAUEERY, I AP 245 DU U5 IA ™ SRAEMR 4R 19 %
No AT CTC FRRyIE RAELLH] A BEE N 3, RIEAD s HO IS BE 2 i de A =1 o
X WMT14 S840 EE . dropout FEBIAETIIZRAS N 0.2, AERURATT 0.1,
X WMT16 22 5 fatE . dropout FE B4 0.3 (EHIIIZRET B, WMT14 3
PSRRI SR RO 30 J5 42, WMTL6 LB R GEm b 800 15 7. 1
ToRRT B, IR0 6000 250 AEFIZRET B, batch K/INA 6.4 J5ir], AE4
PR BL, batch K/ 25.6 J7 3. FRATH Adam (Lt as ™! SRR, HZ40
B =1(0.9098) €=10" R | JTLNEMRTTE 5107, 2515
HOP IR 320k AT 8 5K GeForce RTX 3090 GPU KA Zt . I Lk
RAE batch K/NA 1 IGBE NI AFADHEE . FRATETHRAMIEL fairseq!!
ESEBATTRIRR

R T H R, BT AR AT, RO NSE N 50 KT
AR EIAORL, PAT1H argmax A /7 2R AL 0% S X CTC AR, FfiTna]
LAGE ] argmax f#A5 535, TOMBER O RRORS T, PR MO R SC. 501, kAT
WoR AL R T, RA/NEEDN 20, HEEMRZEREEIFELY. H3IA
A RGeS ST 43 0T S 0 I AR AN 75 BT 2 [0 4%
FHE, ©AET Cr+ HSREBLY, (R AR AL BEAR S B R A AR
o

542 FTHESKER

TATE S WMT14 SEEEEREE FibTa00e, HeReE T A R B O 5
BRI ZR B AR RE . FRATE H A L L B 4035 13 (15 Transformer 557
SeathAE B AR Aanilla-NAT. SCTC #RIF] CTC i, FATH —HBEIUTEL T
TRA n ST DCEC 7 2454008 SCTC #iL, H n STl DCR /7 24408 CTC #ifl. 78
F5-1h, FRATZ H T IXLET7 AR WMT14 Efmlli{ 8 B BLEU {5, LA EA]
FERFT (B AR () i Lo

MERS- TR SLEG 28 1A, FATE AN EZ LRI : (1) BT IR R4
H AR REA SR THR O SR P RE, 72 SCTC A F £ 427+ T 1.53 BLEU,
£ CTC #i%) 4/ 1.23 BLEU [(efdt, Ui 7 iR i x5 ) EEE . (2)
SCTC #AIAESE H BEANLAFBIIFAES LRI CTC A5, FRoA T4 M /& i
XFAEE AN ER SN, BT HECP A S EE N, EXFEL T,
SCTC [{xf55a3fa] B;H(Y) /& B71(Y) 75, XA HE S5 SCTC 7Efl s BiF 55
HERERE /159 T CTC. (3) ££ SCTC |, nyrHITHJTIEAE n = 2 A3 T &
HHIPERE . [BI n JCALVCE 2248 CTC _EFEALTE n > 2 B ARRM:, X—%
IR HBRATRTTE BRI n RN GAERL, tWBEK T iX— BRI . K,
PA AT Y S5 i] LAGRSE i F BLEU SRPPAL B i

thttps://github.com/parlance/ctcdecode
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K 5-1 FAVH 5 15 HHLAAAE WMT14 S8R L ArEREXT EL o

Table 5-1 Performance comparison between baselines and our methods on WMT14 En-De

test set.
Model BLEU Speed
Transformer 27.54 1.0x
Base
Vanilla-NAT 19.32 15.5x
SCTC 25.26
+bipartite 26.13
+1-gram 26.22
SCTC

+2-gram 26.79 14.7x
+3-gram 26.66
+4-gram 26.62

CTC 26.34
CTC +1-gram 27.16  14.7x
+2-gram 27.57

PATTIG RS- 1R S i 1Y U7 38— e 00 7732181 5“4 NMLA (Non-Monotonic
Latent Alignments) , ] AT F/x B [BIHFER, Tter. L mAm R B a5, 12-1
PN 12 JZRASETRI 1 2D A AL IS KD IR AR ZR R, 520
1 NMLA J7iEH P RE S < AT REBY AT T X e FTLAER], CTC B B A
AEIFREIETUR, (O TR L T A AR e RE . X EE
JRT CTC ARG BRI S5 A, DA B RES SIS E B KT R G, 18
IR B FR X 55, NMLA #2544 CTC BaBIH PR REFETT T4 1 BLEU {H,
TESN B _LARE 2] T 5 A 185 Transformer SRS HI7KF, FHABIAE 45
DL ERIE . 6 R RANE SRS, NMLA (U— R fARAS I 1 RE 5t RE
7 B [R1JH Transformer A58 5 HA ) ik AC TR B RNEAAY, SR 0] 11X —J7 50
AR

543 NEHEREE

T2 CTC #7, NMLA J5iE 51 ARIBIMIZAAAN N T n Jedd
PERCRIRSRIG « FATEAAEERES. 1S NMLA J7 %R i [ 20 At 7 e
Hro AEXEL, FATHE LR B SRR I Zhid . FAT1ET 8 5K GeForce
RTX 3090 GPU Ry E KA WMT14 JLfEsiflife Eill&E CTC A1 NMLA [97)Il %k
W, H WPS” FoR R AL ERAYIREL, “Step” RRYIZLEL, Batch® FoRilllZk
[ batch K/, “Time’ ZoRai ZRYYIGRITIH], SLIe SR ANZS-3/R. rTLLEH],
NMLA {J WPS 217 CTC [y, X2 A8 NMLA [k s &0 B e
SR, AT ERATDAA T/ N ERIBOR, NMLA J5 5 R A2 A S, A
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Table 5-2 Performance comparison between our models and existing methods.

WMT14 WMT16

Models Iter. Speed
EN-DE DE-EN EN-RO RO-EN

Transformer (teacher) T 1.0x 27.54 31.57 34.26 33.87
AT Transformer (12-1) T 2.6 26.09 30.30 32.76 32.39
+ KD T 2.7 27.61 31.48 33.43 33.50

NAT-FT®! 1 15.6x  17.69 21.47 27.29 29.06

NAT-REG [ 1 27.6x  20.65 24.77 - -
AXE[®! 1 - 23.53 27.90 30.75 31.54
GLATPY 1 153x  25.21 29.84 31.19 32.04
Non-CTC  AligNART*"! 1 13.4x  26.40 30.40 32.50 33.10
NAT CMLM B! 10 - 27.03 30.53 33.08 33.31
LevT!62 2.05 4.0x 27.27 - - 33.26
JM-NAT ¥ 10 - 27.69 32.24 33.52 33.72
RewriteNAT 6! 2.70 - 27.83 31.52 33.63 34.09
CMLMC! 10 - 28.37 31.41 34.57 34.13
CTCP?4 1 - 16.56 18.64 19.54 24.67
Imputer !> 1 - 25.80 28.40 32.30 31.70
GLAT+CTCDBY 1 14.6x  26.39 29.54 32.79 33.84
CTC-based REDER[" 1 15.5x  26.70 30.68 33.10 33.23
NAT + beamé&reranking 1 5.5% 27.36 31.10 33.60 34.03
DSLP 28] 1 14.8x  27.02 31.61 34.17 34.60
Fully-NAT 26} 1 16.8x  27.20 31.39 33.71 34.16
Imputer !> 8 - 2820  31.80 34.40 34.10
CTC w/o finetune 1 147x  26.34 29.58 33.45 33.32
Our work  CTC w/ NMLA 1 14.7x  27.57 31.28 33.86 33.94
+ beam&lm 1 5.0x 28.35 32.27 34.72 34.95
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PP B 0.2 £ HHEC NMLA J7iEa ki al LRSI, XML 2R
[A]_E A/ NI T2 mT LA SZ R o

# 5-3 CTC FIZ5A1 NMLA B3 2 [ B Il 2RI 1] Bo 4%
Table 5-3 The comparison of training time between CTC pretraining and NMLA finetuning.

WPS Step Batch Time

CTC pretraining 141K 300K 64K 26.4h
NMLA finetuning 60K 6K 256K 5.0h

544 MRIORE

BT CTC HRR S i I SR A T ¥R A A . IR D e R HE
FAAY AR A AR, FHERITREE R, R — . 18
FIRRIGIS T REPRE A RO AT TR RE B0 . IXFPSREE AR o (H B AR
FY batch K/INEORI , TXRh BRI A) BEZ FRARAR AL AR, X ASEIRL A ekt s Ac i i o
EIRRIX— R, AT TR AR S WMT 14 SCfEMNCERRT . ££ /K [F] batch
KNI, FRAEES-3H RN 1iX— 45 R T F R, F 68 A9
K batch K/NA 4000 7 LAF £, NMLA J735 A8 5K batch KN TR H [E]1H
BT 2.4 ARG I, JF LB R S H FDEARAR Y, NMLA+beam&Im
7 AL A AR 8 B B AR B R o X B SR SR R T R
B R SR BE B S — IR, AR AN B X SRR A A BB AR T H [
BRI fJE e o

16

—¥— Vanilia-NAT-19.32
NMLA-27.57

—®— NMLA+beam&Im-28.35

—A— Transformer(12-1)+KD-27.61

144

124

101

ZM

1 10 50 100 200 400(MAX)
Batch Size

Speedup
®

Bl 5-3 %24k B [H 5 B [ A ) BLEU {6 RAURAEASF batch K/ T RIS b o
Figure 5-3 BLEU and speedup of NAT and AT models measured under different batch sizes.

545 RSN

FEATTH, FATDS T A KRS RO b AT, ARG PR NMLA J7 3%
LRI AR A o AELA N SE8e T, SRATAANE T T T RRAE WMT14 i
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P S EL TR EL B

NMLA #8 B iFHIBFE KA T RATE LW 58S MBI AR [H] ] 5 19 B35 i
o MIWSFHIECNKE, BATEMKES KL T 21 BEAELHFE, 8107
LA P REXRINEDE. FRAOTH N £RHirmN A, AT 283 RIH
Transformer B4, 5353154 A H A4 9 BLEU {8, 25 R U585-4/r
Ne BYE, FATATEAERIEARIYAE B B Vanilla-NAT (1914 GERE 5 A K50
AGE T . XORIAEH AR — MR, FEVRRKERKE, B 525
AKX ATREPEBE i, S 0 sRBCE A HER . (ELE4E CTC F1 NMLA i,
TATA LD MELE R . CTC BB HG ) BRI S5 NMLA #2258, [H%
REZ= ME bl A IS IS Ko X i LA SR 77 AR AR, AR, B
PP A FTRETCIE AL, SRR R B AR 1 . AT P AR () 38
fto NMLA J7 XTSRS 55 AT AL, PRIsR AR TaX— il fE, ey B
PR, 2 E RS S H 2BLEU LA E.

2% 5-4 HIEIAIEE A EEBRBAEA F A K _ERpHEE.
Table 5-4 The performance of AT and NAT models with respect to the sequence length.

Length Vanilla-NAT CTC AT NMLA

1<N <20 21.27 2483 25.68 25.55
20 < N <40 19.49 26.81 28.05 27.82
40 < N <60 16.21 26.54 26771  27.74
60 < N 10.69 26.69 2644  28.89
All 19.32 2634 2754 27.57

NMLA £ THRIE A5 . ZHLEREE g 2052, s w5
MATRES B2 MIFE LR G, SRR A s SO Y B 5 k. NMLA 7
BRI GERARAL n JTTAULECR FLE, S ERESL ISR A sl A% 3T
MAEZFESCIR A, NIRRT BEE . N T RIEX 548, FROTEEN
AT AT A I 0 O ME 40 A, XA Y B 5 BSOS SE Ao FRATHIME 20
R BEE, FEEMITHEARXN H(X) = - X.crvp(x)logp(x), Rk
R R AR M R A R B, R B S o AT WMT14 056 B3
TR EZE R, 0 BT I A BCE BRI B ) B E B, SL g

MELS-507R~. PTLAER], FahiyaE B IR R Vanilla-NAT 1 5 {5 E#1K, CTC
1 F {5 FEAE L Vanilla-NAT 5 T1RZ2, 1 NMLA J5 53— 20K E] 7 0.061,
Ui B B RECOR AL TN I AR S ) BB, AR R T 22 U1 [l 52 o

NMLA $27+ 7 PSRt H T (3 R sy M A B2 4 35
FESCE A B B0 A R A RSO B . NMLA ik
% n TCACRESETEA . BERMIA G 5 2% PC— 509 n 041, B98I RE
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# 5-5 4k [] Y ASERY A2 T B 1 P 44043 JEAR o
Table 5-5 The average prediction entropy of NAT models.

Vanilla-NAT CTC NMLA

Entropy 2.098 0.260 0.061

TSI . T RRIEIX L AT R E WMT 14 JefE e 1
HIRESCR I R T e Tt o FRATIAE WMT14 S8R EIlgk 17— n o
AUEFHIINOT IR BRI T IS, LAE S R A N 2R PPk 25 R s
RIFTFSCAN A “Gold” RIS 1 SCRYH e . SEE S R INERS-6f 7. Al LA
AE], FEARARETY Vanilla-NAT £ SRR 2L, RIFESURARI . CTC A 2K
JEBAK, (BB S B EERTI AR . NMLA J7ikist— 32T 173 CHI i
P, USRS N s 42.6. 1 [RIAASERY A DR B 2 28 HE 22843 SR IR
XA RIS Z R TAE—2, BIE B R A im0, (HAlRE2 LA
RSO D S o AU 1202

# 5-6 BiALLE WMT14 SiEI R4 _E 33 S0 A R
Table 5-6 The perplexity scores of translation results on WMT14 En-De test set.

Vanilla-NAT CTC NMLA AT Gold

PPL 597.0 3155 2588 197.0 216.2

55 ZRE/NE

BT R FTRY CTC HRLRENS % & T -5 275 13 S B 5 R Al i
B, FRALMRERIFECRES), & HATa 2 RER — PR EIARR 254 o
SAT, AEMLER RIS T, ARRRXS TR ARG, 11 CTC Al 35AT
BRI ST RIRE T . AFESR HIONET CTC RYAE B B4 L A B AR A A
PR, R TR AR ICECAN n ST LU RO AR AR B DERC T 5. S
RraE R EoR, FATN AR B SCE A B b, (U T B i A it A 21 L
ZC T B RIS PERECT, A B BT R A% I o
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Vool

F6E ETFIHFRBHINETSEIFNL

6.1 3|5

B H B2 ML an BHFE® (Non-Autoregressive Neural Machine Translation,
NAT) FEATRERS I RRIE (S AR A g B A2 ) 72 K. 281, dEE 1
VAR R T S B R A K 22 g, Horp = S IR K2 22 e (), R
5] — R SCATREA 2 PR R 30, S %32 BRSO R i —Fh . 2 20161
[ ], AR B Y B 25 SR T RE s 5 28 3O — 30, LI R 2 I AR
ARSI . 2P RSB 1 8 R AT 5 IR PP A8 )
fEARAE B [ TC TR MRS R B2 2T B 1R R BT =X

ey v il 22 W () — B LR G2 EE B DAL E BRI R e — P
PR AP 7 22 P AN AR ZE I, dm it A [ ASR p Se R i R R R H
bR ] TR/ N R Y 2 1 o FNIRZR IR RE MR SR 0T A, Wl
s U, PR RE S A I 25 AR AR, H AT E RO TR B RS A — R bR
HEMGE . 281, HHRZR R RE S T HR N SR 8dm Ry 2 161, JF B 2R ]
VRIS B DB e 25 2R, e TR B DA I RE ) ERR, AT
PAE— 22 K IR AE 5 AR A )

H TR — BOSCRT REA 2 FOET RIS, RATA AN HE S 253530
AL, 1 N A S 28 PR Y an H SIS EE , E25 1R Re e SRR i
VCRC o ELfRHE, FofTHE i 2 R85 k¢ (Diverse Distillation with Reference
Selection) Z5GMIMRINTT ., ZFEZMBHCA A ORI Z AR S %1%
X, PRI Ay AR R Al A I S UK R . G
El6-1r7R, ZFE2 TR A e B9 27573 3C “T must leave tomorrow”” ]
“Tomorrow I must leave’”, IR A IS K B B MER 0 A B R2r “T must
leave tomorrow””, [AIIEREERIIGEI . WL 228 5 1F00ERE, BIREER
A IENZHIFE AR RE, KIS T IER . 558, XEEIZRRgFE
A BRI R 2 A — MR I U RERL, T 25 13 S0Pk b
RS, XTI T AEE BB R ae I _EFR , R B BB R REAE R
kAR B

AR HiR A 2t a2 515500, 52 ML A BlErI AT
55 HFR—3 FAT IR 7 —Fh R AR 75, PRy SeedDiv, B M
BILEYN SR HIBEALIE , A AR BENLRR -1 25t 24> B B R A2 il 22 FE Y
PEo AT RS, TATRAA M R M S SHEGHTIE, 1k
B SR N AL N S S CRIIGEEL, XD A TR TR M 42
WIZETTEL, HERINEUIMT TR/ N S350, FRATTX ORI T iR T8 e, &
RN G F AN X NI S5 135 0>, 2 G FIE SR £ 2 ik
S E o
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ﬁ%ﬁ% R EIES
. 1106|]03]]01]]o01 I
I must leave tomorrow ! i o P - 5 |
—————————————————————————— 0. . . must

1 wxws 1

= e 1l 0.1 0.1 07 | |02 leave
i T must leave tomorrow ! i
| 102 0.1 0.1 0.6 tomorrow | |
. Tomorrow I must leave ! !
7777777777777777777777777777 LBl (B2 (B3 (NS4

SR s s

6-1 AL S IR SO BRI

Figure 6-1 Illustration of diverse distillation and reference selection.

PAAEAE B B LA B A P9 A 8RS (WMT14 En—De , WMT16
EneoRo) 7T 308G, 5578, DDRS JiiEREARUMIEE T CTC EZtiRi i
PERE, JFRES EEEIY NMLA J7ikgh 6, R TR stReis 2 7F WMT14 &
TR EE Lk E) 28.63 BLEU, /%R K/ NG, DDRS J7% 8 2 GELL R R AY
151 30.06 BLEU, [tAEH [R5 SG kg KA 2is 1 BLEU LA L.

6.2 HMIRE=

ARESEH 2R S SCERAS G, EHEE 223 EdE
TR, Hrh SRR IBREON A TR I L P ANER 2% 30, 1255 H
PR 2 FELA BIFEAR L, R LA I X e SRR 2 G T IR0 T R ST AR
T, FATR PSRRI AN 2 AR Las BRI 58 1 5 (80T FA 2

6.2.1 FHIREIRZHE

JFH AR 750 (Sequence-Level Knowledge Distillation, SeqKD) JZ#H1ZH]
B IER A AR TR, ORI ZRRE 1355 B S AR AR A
UM T 25 R o 25 @ SRR Y A p RO A0 Y 50 A7 g, F
IR R BN |

Lseqrn(0) = = ) q(¥1X)log p(Y|X, 0) ~ —log p(¥|X, 6), 6-1)
Y
Hf, 0 SRR BH T RO R A AR RS T st
1RSSR, P IR 28 5 125 T UM AR A 3 SORIE AU Y 43
A, U E BRI AR A O 3 T
FP IR AR Z B BARTRAE g (1) IR, (2) ZIMERIN 1125
SRR ORI R RS, (3) (R 75 SO i SCLRR 0% b e A
Bl ZIRIEINEIRE — R E ZE AL, e tksEmtY, FikgeE il 2k a
[EERRL,  HATE Oy 1R B AR A — iR I
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6.2.2 ZHENIZREFE

Z FENL A BT 55 1 H AR B A il 2 9 B B iR e 3. (BUX
SEFN Y, RRER—dE SO (Y, . Y, IR 803 B it | B 3
N2 F L 2 A~ BLEU ki, 104F rfb (reference BLEU) :

rfb =

bl W

k
> BLEU(Y,Y,). (6-2)
i=1

TSI I3 22 AR BT A SO I 2 [] Y ~F-24) BLEU EK AT &, 3C4F pwb (pair-
wise BLEU) : .
1
pwb = Tk ; ; BLEU(Y,.Y)). (6-3)
P27 AR BLEU fH ofb @5, FoR@Eiis. I 0mmz
[E]f) BLEU { pwb #flk, FoRBE2FEIEbker. —Bokin, #Erie 52
ETCIENAGHY, A T IREREE LI — B U AR SE B IR 2 A . Li
S, Vijayakumar U2 5] ) GEC ORI R R 505, SR =
FEHIER 52 B SOR RN 2. He ZU2Y, Shen U @R & £ R IT 5L H
PRI RS N A i, BT ARIR R AR i 2R AN R B e 45 R o Sun £ 1120
B30 Transformer AR AR T R8 7 )Sk SR ARSI 260 . Wu S5 %)
BRI ZH 3 A il — AR, NS 3 99 A FRR AR R S5O AR IR [R5 Li
SSRGS IIGET N EA e R G R ENEEE N, TEARRNREA
2SI AR A ] ) B A

6.3 ZHAMBSIEERF

FEARTIH, BAT SRS R SCER AWMU A . SRR
MESGRMZ AR SR 30, FE S AR P 7y H 1 DU ol
BB FESORIN AL

6.3.1 ZHEEIE

Z R H bR AR i) lFSR 2 > 20 Hom P i 2% 5%
X, X5 2N EERESS bR —20. i, AT AR HIA 1) 21
R ORI T AR AR U SR, AEINA SRR R A, Bl
i 5 2R TR, — MR E DA A — & B o ARk S
BIEZ AR, M2 RSO N B S 20t AR B 1B AR ) 0338 o o 0 il RY
] o

N T AEAST M E P PURL AT N SC BRI 2 AR, AT T —F i Ham
BRI, WO SeedDiv, REME B F I FEHL R 142 FARL I 250 ) BE AL
TN 22> B AR A s 2 AR BARHE, 25 @ T B RS E U
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B 6-2 & Fh ZAEHLASENIR ) /e WMT14 SR 4 E BR85S 2.
Figure 6-2 Translation quality and diversity of diverse translation methods on the test set of
WMT14 En-De.

k, TATEHEM k DAR B RIIZ:452) & AD/RE R E BT Transformer
R, o, BEFLRPFad] TR 2 RE i — S ENL R R, Bl BRI ia .
WIGEARHIT . dropout Z555 . 158 k MBS, AR RS AR 2 7 2500
WIGREEI A TR, 153 K DARBIPEC . X TIAR T, SeedDiv 1) —
A B A HAR AN T B B PO R SL IR 2 A, RN B AL T e O
o5 AR g B R PR B

FTAE WMT14 Jepssiim g B 75056 LATEAl SeedDiv J5 3% B2 A E1E
FATMd FH Transformer F8Y B A B IAGINZ2EBGR N 15 T120, FAFE I
SCHGR k RN 3, HABTEMSEGEEN6.4.17 . T SeedDiv J7 iR Zll % k
B, NG N T k£, AL T — P55 A SeedDiv-ES, A58
AL BRI RO £, BI S 548 74h, FRAMSEIL T JUREAE 1Y J7 7%
k5 SeedDiv J5 LRI, 335 Beam Search (##2%). Diverse Beam Search!!?],
HardMoE!'*], Head Sampling!'?®! f{] Concrete Dropout!"?’!, [&6-2f&/ T X286 J5 %
B e S 2R . Bl 27515 3¢ BLEU {H rfb K7, ofb s R~ B
PERRYT o Z2FEME FH P Z [A]) BLEU {H pwb 27K, pwb @GR R EIIFEZ A
PEBRYT o

B ZE R WoR, SeedDiv AMUAEHN P EARKICH, #EZ A E AT
TREEIMA T, HA HardMoe J7iLEIN 2B LF, (HERIEETEA KR
M FiE. SeedDiv J7ikME— RG22 A S, BRI FRATH % FE 554k i1y
SeedDiv-ES J7i%, BHIEIESUE FIERTEE R TN R A pr MR, (BAERER
2R ML T K2 EINA 15 IXULHTET REALF-1-HY SeedDiv
ITERGE A R LRSS, IR SeedDiv 75kt T2
FEZIE, AEEA 2 HE i s 3 RS
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6.3.2 FEE

e MR, BATHEACNAINER GBI ZH I SCRIIGERL. N ,
PN PESGERBEMIEA N4, WG Z 2% 05 PR REOR T AR~
ITE R S B0 B B T3

6.3.2.1 MERFORIT

TELMZERIE, BOINGERGNIEG X #H kK DMBFFEL Yo LML
Blgs Bl L BRI s 7 h e U292 — s e — A S ISR — IR
ARG, I XL e 2 R AR -

1 k
Lom(8) =~ D log p(KIX.6). (6-4)
i=1

SRTAT, JXFPHRK R EO A B AR H A AU H e 22 5 H A — A
SV HBHGE , AEHMSH T LTRSS BLME. [Hil, X
FERIINGR T A SR 22 S 2R R B 720, S 2 S S Hi Ao
N2 FPIE SRR A o

AT NA R % AL R RTT R 225 3 30T IR R, MM Z 4
S IR A TG — RIS . Firise 27 13 SO 5 128 gy H e T
B, AR R BG ZA —E M . BRI S B3SO IR B
PR R UG, FRAT—— TR 225 SO IR USRI
i KH e SRR LR 2% 130, IRIEIX—Z2F ORISR

Lmax(0) = —log max p(Y;| X, 0). (6-5)

1<i<k
LA R AR] LLBE SR RGBT A 2725 350, M@ sl e 4 i b i
H—A, R P EA S WSS HRIURY IR H iR, Hoh, XFEIZRRAE
BN R — MR E R ZUMARL, T2 REM L1225 Pk e st 2
>, RXERTE T ARE RIS R RE )RR, s HA AT RERE B B [ ) AR R

and>
[a)ay
o

IR RS B BT 2% 3 ORISR 225 3 SOR PR . BRiitZ
O, BANTEA —FhIr kil M KA S H B CRIBER A, R

k
Lia(0) = =log ) p(¥iIX,0). (6-6)
i=1
FREN T LN BH I, RSN S BB R I 2 %1830
AR, AL S S — AU,
6.3.2.2 IRIEFES]

fE_ BT, JATEH T =M2 2% 05 P RIIRREL, Hrp T
VIR Lonax(0) RERMERGHPEAG IR A 4T i FLAt PR PR R RE AU B
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RSN ZHIERE o N TEEENTHS FATH—F AR B IR
TT RN . AR — BB, FATMIRG Lo (0) ZMEHFA A HEIIE
Lnia(0)s B BB, BATHFZH VIR IET R SCEFHIRE Linax(0)o FATH
t M T RN LR YIRS TR RS 2B 5L, IS A RS — I B
JE, REHIBIR RN :

5(9): Tlﬁmid(e)—i_(l_Tl)ﬁsum(a)’ tS/lT ) (6—7)
T2£max<6)+(]-_T2>£mid(9)’ t>AT
Hrr, T M T @ LT
t t—AT
T, = T 2= T (6-8)

B BEERTHNGR, AAUAINX S MM A 2253 30 ), X ] LAZA 15
fet H2HAYALR, M2 S BE I RZR . B Hr BT H0R AR i
JHa M IE RO 225 3 S0 ), X REfe B HERM ARG 5, (EARI 22 > 511
R ERE T =

6.3.23 BXTE

SR AR B (BT A2 A i A 1 B B NI S Y A RETH Y
B p(Y1X,0). NIt TR &k D25 5 SCRIBIERER ol i 2t il i
W2 k BRI THAE, XS A KR BT sEizfyjg, £T CTC fyHE
BT U= IR S g A e < JSE (0 R 0 ) 7 R, IR R AT T R 27— e, i
BN EE R B NS5 SRR . ER6-1r, FATLMER frds
BEATRYET R RIS TR B AL, ] Forward® Z/Ri [ 1145, ‘Backward’
FORRAIE, 8 T ARSI ERK Liax(0) T Louwn(0) BFEITHHEAA
CTC M RIAE T EIX B R IR R i RaT AR R, AR B
TRKRIPESS . TAIEBATH CTC BRI i o

F 6-1 R BB Lrnax (0) T L (0) BITHEARM o
Table 6-1 The calculation cost of £,,,,(0) and L;,,,(0) for different models.

£mux(0) £sum(9)
Models
Forward Backward Forward Backward
AT kX 1x kX kx
Vanilla-NAT kX 1x kX kx
CTC 1x 1x 1x 1x

6.4 SRS

FEATTER BT PRI S0 R S LR 22 A 2R - 12 SO0 TR SRR RCR . B
T ARSI A, AR EERRRER, SarrRa Rt T ot
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6.4.1 SLRIRE

g AR B FDAVLAS B FH RS A EIuE TR R T
i: WMTI14 #iiE o ffiE (EnesDe, #7450 f5MA%) . WMT16 3iiE o B )8
3% (EneRo, 2561 7M1 o KT WMT14 SefBsfaes, FA 1 newstest2013
1 newstest2014 53 HIVE AN FUEEFIM L EE . XTT WMTL6 X 5dn 8, FRAT#
newsdev-2016 F1 newstest-2016 53 I/ IEUESEATIASE . FATH 32K WIRAER
kA BPE #5080 100 Sy ol Al B AR il JEAEIR A B ARt =1m 56

RZEW AR AR B BB R — TR SRR . AEREZR Y
AR B BRI A, FRATIR T SRR Z AR BASK L H brsm A Zds A o 3K
{11/ DDRS #0rhr, FAT s 2RI 253 308k 500 3, S T 3 4L
UTRERI AT SRR ZE o AEINZRSE § D EUTRRIRS , FATPRBEUR RO(E T
B 0o

ZRE BATRIRERES IR AEREN 2/3, HIEE—BrBagilgs S Frail g
R 2/30 A PREEERIBEE Y Transformer A58 M 24 |5 Bl R SEAAA , CTC
IR i) Transformer FURAULEERY, I F1-F-29% DU A SRAERR A 4R A9 %
No FATRE CTC R RAELBIE Y 3, RIS e HOIC B2 it ae i) =1 . 8
11 Adam (AL &3O SROCACERL, HZH0 B = (0.9,0.98). € =10"%. (%
YIZRITHY batch K/MSN 3.2 J7 1A XfT WMT14 JefEsdnte, FAPRIZRL 5L
1#h 30 J32, dropout Ffii TN 0.20 XfF WMTI6 e 2% fute, AL
H&H 15 74, dropout FLfifis Tl 0.3. 3]0 1 FANEMRTT 2 5107,
LRI EIREE TR S b8 FATTH 8 3k GeForce RTX 3090 GPU KK JI| Ziid
R, FHESKRAE batch /NN 1 AYBRCE TG ARAGE EE o FRATAETFIRACADHEZE
fairseq!"" ESCHL 7 IRATAIML .

fRS T B R, AT AR B A TR A . RO/ INREN 50 XS T CTC
BB, BATRT LA argmax f#A% 575, PR SR RYR 55, AR O 3% 5
FON, BATER AR R R TT %, RANMEE N 20, EEAREBRAGR A
Y, IS A B GG S BRSO A 2 R A T T
MR AERITTE, EAET Cr+ FYRRCEIL, R G AR A [B] AR
AR

642 FTESIKER

fEF6-2511, RAITHH T ATt DDRS LRI 1T kRO R 3
T RORFESCIRE . & = 3 FOR = IR SR P TR
Tter’ FR ARSI FEIELHUY CTC L, DDRS Jriki TAIiR
JHE 1 BLEU fHLAE. 3] T DDRS Jikiaricte. YEme). 4 =8k
SEHCRIEFTAN SRR (0T CTC BURIHR TR IS, X RIIRA T

thttps://github.com/parlance/ctcdecode
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K 6-2 AT 5 15 5IA T5 B EREXT LE o

Table 6-2 Performance comparison between our models and existing methods.

Models Iter Speedup WMTI4 WMTIo
EN-DE DE-EN EN-RO RO-EN

AT Transformer!!! T 1.0x 27.51 31.52  34.39 33.76
+ distillation (k=3) T 1.0x 28.04 32.17 35.10 34.83
NAT-FT! 1 15.6x 17.69 21.47 27.29 29.06
CTCP4 1 - 16.56 18.64 19.54 24.67

NAT-REG %! 1 27.6x 20.65 24.77 - -
AXE®] 1 - 23.53 27.90 30.75 31.54
SNAT ™! 1 22.6x 24.64 28.42 32.87 32.21
GLATP 1 15.3%x 25.21 29.84 31.19 32.04

One-pass CNATH 1 10.3% 25.56  29.36 - -
NAT Imputer ! 1 - 25.80 28.40 32.30 31.70
OAXE! 1 - 26.10 30.20 32.40 33.30
AligNART 7! 1 13.4x 26.40 30.40 32.50 33.10
REDER ! 1 15.5% 26.70 30.68 33.10 33.23
CTC w/ DSLP&MT 8! 1 14.8% 27.02 31.61 34.17 34.60
Fully-NAT 26! 1 16.8x 27.20 31.39 33.71 34.16
REDER + beamé&rerank 1 5.5% 27.36 31.10 33.60 34.03
iNAT 8! 10 2.0x 21.61 25.48 29.32 30.19
CMLM ] 10 - 27.03 30.53 33.08 33.31
RecoverSAT %% N/2 2.1x 27.11 31.67 32.92 33.19
Iterative ~ LevT!®% 205  4.0x 27.27 - - 33.26
NAT DisCO 0! 4.82 - 27.34 31.31 33.22 33.25
JM-NAT ! 10 - 27.69 32.24 33.52 33.72
RewriteNAT 63 2.70 - 27.83 31.52 33.63 34.09
Imputer ! 8 - 28.20 31.80 34.40 34.10

CTC 1 14.7x 26.09 29.50 33.55 32.98

CTC + distillation (k=3) 1 14.7x 26.35 29.73 33.51 32.82

Our work DDRS w/o finetune 1 14.7x 27.18 30.91 34.42 34.31
DDRS w/ NMLA 1 14.7x 28.02 31.80 34.73 34.76

+ beam&lm 1 5.0x 28.63 32.65 35.51 35.85
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i8] B b e ot 3 AR ) A R G R B R R B, TN £
FEZRIB S 3 OGRS A0 7 2Ok, SEUE 7540, DDRS HEIEIERE
5 e gt i AR, (U655 T B 515 Transformer #8550 7348, FATHE
%3 DDRS J5i%k5 _FER NMLA )15 BAn ARG EAME . H NMLA J5 k%)
DDRS B A8 5 . AR e 2 T — 2 i KiEE A+, #F BLEU ff L
AT B BIHY Transformer 71, 5 YN G50 0E 1) 2 8 HRUKEHELL. &
J&» FEMORE RIFERGTHE SRR, IS 2 s T IARITE, I
SREE RN B B 5 G5 BN L o

PATE— 2B A B K B AR R ST R B T2 AR AT 5006, AR R
DDRS J7i5REIA R RE LR FAT#E A Transformer-big 55 /E A TSA
FEE AR 254, FFiE—23 00 3 A 2N /18 (Right-to-Left, R2L) #{
RS E SR, LI eE R unZ£6-317~ . DDRS-big 1Y) BLEU {H 4 28.24,
5 EER R THIE L. f£456 NMLA J5, BAPEREERE] T 29.11BLEU,
P BIE TOR R B AR K I 1 [l Y Rl o B AR A i
R k%] T 30.06 BLEU, #43F 5 BRI X —HdRE L st ie st 7k
2BLEU, BEZ320T H [HARRTE X — 3R e L i stk

# 6-3 £E B R MR R SPAIE E R I EAL T, DDRS J5ik4E WMT14 SeiEiads By
Mg
Table 6-3 The performance of DDRS under larger model size and more teacher models on
the test set of WMT14 En-De.

Models BLEU Speedup
Transformer-big (teacher) 28.64 0.9x
R2L-Transformer-big (teacher) 27.96 0.9x
DDRS-big w/o finetune 28.24 14.1x
DDRS-big + NMLA 29.11 14.1x

DDRS-big + NMLA + beam&lm  30.06 4.8x

6.4.3 SHRASCIG

FATE L A SL 9 Sk K ik DDRS 535 th - B R R AR AT, SE8 45 2R AN
RO-4ff7n. Hrp, RIS, BHIS—BrBOIZsmIiK, BLEU; %
/YIS ERY BLEU {E, BLEU, S/nilli{5E £ BLEU {H, CTC EZtiRIE%
UEEER) BLEU {24 24.57. B, FATFMAIRE Lowm(0)s Limax(0)s Limia(0) F
AR, SRl AT A YA R o R Lowm(0) HIRUERS BLAARIARZA
K, RHEENZ 2% 3044 B BAERF A Bt 51K Lnia(9)
1 Linax(0) FRIAXST CTC FEAMRAT A WRIFES . A2 FEZR I 5 300
TR TR A RER IR .
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fe . BATH B B IR 22 >0 7 SORES G X =Rk, R6-4hfy 5 AT
T 2R BUANRERT ISR . Hrh, A0 0 R &8 B RN
Lnia(0) ITIEE] Linax(0), AN 1 ZIR LG H B BL BRN Lown(0) EIEE
Lnia(0)s ATLUEE], DREEE ] TT IR SEREAT A 51X =R sRAL RIS, A
RIVERELE UM (E AL S — PRI AR AT B 1R T BARLAE A L 2/3 BRI,
LT EREMORE SCEIF I Linax (0) #15452TH£7 0.3 BLEU.

# 6-4 7 WMT14 SefEHR4 BRI SE .
Table 6-4 Ablation study on WMT14 En-De.

Lsum Lmia Lmax | A4 | BLEU; BLEU,

v 24.61 25.97
v 25.23  26.90

v 2531  26.88

v v 0 25.41 26.99

v v v | 1/3| 2548  27.13
v v v [2/3| 2559 2718
v v 1 25.45 27.09

6.44 BEFEE _FHIZE

DDRS J5 i@ AT AR B [ V4L 5 83 i 22 R IR H A — e 2
JrgE s AR E A R T URFRC s H IR i RERE o TR, Bl TEA
Tirpxt DDRS JrRAE H EAROR ERGRCRBE TSR IE. E36-5, B4
T B EEARURTARE B AR 5 31 a6 P AT 3t B — 2R AR R B0 5 B 25
R, H Lop FORMUER A2 ISR, Loum~ Lmias Lmax A
BRI 2SR R A PRV R, 7R 8 B ER e 7
HIRFIRR Loum AL B EIARSI EROR S, T RESGEBERIBE Lnia-
Lonax HEFREN T RAEH, TERESS T SS 1 U3 Uk -

# 6-5 fE AR FHUE RN, B EIH5E A BB AE WMT14 SERENRER L rikRe .-
Table 6-5 The performance of AT and NAT models on the test set of WMT14 En-De when
using different loss functions.

Models £CE ‘Csum Emid Emax

AT 27.70 28.08 27.37 27.21
NAT 26.09 2597 2690 26.88

RIRSEEG 25 SR A G BRATHUNAY - AE B [EIR B R s a0,
Ikt 45 AR AT RE S 25 3 SO — 8, BT A28 - 13 S0esF U7 ik RE W 157
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RAEE ICRCA 2% 2650, TR0k [ FSR B T e L2, RIS
HER— B teacher forcing BIIA S JEATII145, T2 3 SCRT ¢ AASRAE K
e+ LAY Bk, ISR A AR A S 2% 5, EARR S
AR TP R PTBE M), sl /S P B2 S

6.4.5 ZHt[E

AT HZ 288075 — DA 2 Bl E I 2 & DO, IF e
AU AL — R 25, R 2 R 25 i T AR 2 7 P R RTR 2518 1Y
k f%o SR, FATANIX— 21BN BIIE g v LAz 1. B B IDEBRL Y I 25
AR A E AR Z IR B N ZR iR 5, HA R 2208 o T — e e I, 3R
AT LATE i M I 2R AR SRR AN Z AN U ER T FRATTEE T 8 5K GeForce
RTX 3090 GPU Y& kMl Zxif i), FH Distill’ FLIR 7 ¥ AR 72515 2
FEZRIRIVFERT, ££ WMTI14 Sefifi 6 Bk 700, fEk6-6-h 25t 1 CTC Al
DDRS J7 #EAEANA Y25 batch K/ RS ZRAER FTIA S BLEU {H. AT, RUE
DDRS J7ik Mz A s, (BB batch K/NEN 32K, B S JIZRFER S
64K batch /MK CTC ARV, FFT/N T8 H 128K batch /MK CTC A5, 7
4, DDRS J7i£AE4/]N batch K/N T HIMERENS A B L%, BLEU {H Il 128K
batch /MK CTC FAAE S 0.59, #AR AL E S -

# 6-6 CTC i1 DDRS Jj 44 [F] batch K/ T B I ZRFEIFIERERT EL o
Table 6-6 The performance and training cost comparison between CTC and DDRS under
different batch sizes.

Models Distill Train Total BLEU

CTC (64K) 5.5h  264h 31.5h 26.34
CTC (128K) 5.5h  52.5h 58.0h 26.59
DDRS (32K) 16.5h 15.7h 322h 27.18

6.5 ZRE/NGS

S22 WEPE AR IR, A B BUAARY R R S R AT RS 5 25 0R—8L &
HOE SUR AR TCTE IE R A AL S o FRAT A WG 8 S I 2253 30
SRR, TR M 2R SR SOR R G IR T R, 2RO FEC
e AR 230, SRS BHUREAT i H BT DU Sl & 12
FRESCRINGL . SRR R BoR, FATRYT % s s 1 CTC J4Alfy
BEcR ., JFRES L TR AR BRI T T T B A S ok g PR AR RE
AR B BRI i e R LA 2 H 558 1 B (515 Transformer A58 Y

PR
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Vool

18 ETUSHNIESEEXL

7.1 B|&

B H B2 ML an BHFE® (Non-Autoregressive Neural Machine Translation,
NAT) R EEd A w5, BAERFE IR B B RS R ER.
A B B AR 5 R A B B R R 2R R, R — JROSCAT REA 2 F
IEMREIESC, T2 SR IR SO — e SR ey HH i 45 2R 5 HAth 335
BREEN, BT SHFECHAERN A UM Rt = 2a i s R RAE . ToiE BT
AR A o AR SR DTN, JE B BB ) 28 5 2 FhE SR A I 4
R, BESEAG-HERERIFGE EE, PR E.

ey v il 22 W () — B LR G2 EE B DAL E BRI R e — P
PR AP 7 22 P AN AR ZE I, dm it A [ ASR p Se R i R R R H
it 1) 7Rl N R Y 2 o BB AN, — PR ST L 2 10 FH R AR TR BRI 555
JE SR B R R A 1 B0 I — B Y L S R E ) B
[ 5 ARSI AR H AR HE SR 4 Ay 102124250t A BT 9 8 6 3 4 R B s gk Sl gz 22
m%,[\i E/(J %} HIJEJ [69,70,77,135] .

HZ RS TAEARR, FATMNSHFECNMAE L, AN HERSR
S PG RL, 1 B ARYEAEL A HH SAS EESEC, HREAS SR
HICEL. /£ E—FH, RAVGH TET 2SSO ENER T %2, N4
S5 PR R S E I — RN G . SR, ZREB RN BT . I
HARWNZHF B WL AR, A —Erasmiragail. AR, RIE
T 55— MBS SH MR TTZ, SIS &5 B S5 RAR PR 1 A
SR EZ2H . ET-17R, 425130 “T ate pizza this morning”” {H
TR A 25 5800 “this morning T ate apple’” I, USRS IME— 9 T 55 152 /2 %
PeEHE N T capple’, (HEST 25330 E B A SR F RS0 BT A i H A0 B AT
BRI . IR IR TRENS S 25130 S S S gy HY UL CEY “this morning
T ate pizza’, 52 SRR AEE AR M P4k AR ) iy HH &5 2R

MBS HEFE X R B TS IR, I an Il 2645 2 AR Y o s
R IX—JEIAZD A BT A XN S BRI E G S, AT S
A BRI B R AL, I s 2 S T RIS S & o B G, USRI
B S5 RN SR B [RIBR fry da H AS DU L, DA G 58 SURTHR 26 I 2 S B0 )1 25
AHERA R Hk, B SO SHEFE IV ERMS , AN SCES
o L, KT RE N S PER S, 8B 3R AR I 2RI Y K
BEAX, B0 52 NN E R E SRR K R T2 77
RINZRT , 205 e b REARFE T i3 S80S 2% 300, S Ry
SR TE A [E N SRy USRS, XIS SR AT BE B4 FH IS 45 SR )1 25
e H BARRL
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sEFEL 1 ate  pizza this morning

BEmE  this moming I  ate  apple
I | o |
WEZR this morning I ate pizza
7-1 BSHE R XAEGYIGERIN, PR A0S de i 45 R 0 =40 o
Figure 7-1 An example of the desired rephraser output when the reference is inappropriate

for the training.

FATAEAR B AL BB A PO 2 82 (WMT 14 En>De, WMT16
EnoRo) BT 738, 4R oR, BS TR EZ R AR B Bl IR SR_EAR
A RERIRTT, BOREAFRIBELREEA RS I 14.7 5 R[]I K25 B B
RUAFMULRS B2 o i

72 WHRE=

FEATTR, FATAR B R L g R R LR SRR R 2021 FAT]
X Zormt) 1, Y = {y, ... yr} Fon BIRIR 22330

Vanilla NAT FA]—/8 4 Vanilla NAT /R EEatIAE B BURRL, ©XHESCHRT
AT AR O ST O 2R g, FF 3T Transformer 544 SEHL T 3% SO A T RAD
EVIZRIS, Vanilla NAT Bfgades KERASFFECKE T, 0 RE0RE N3C
BEGERESE

T

Lyar(6) = = ) log(pi(]X.6)). (7-1)

t=1
EERBATEE B R A — N A, DO s 1) 7 Y S A 5 SR
VEE ARSI T o AERRRGIT , BORSS RN H SR, A T4 0L
FEER A
CMLM CMLM & —Fp S 15 5 58 (Conditional Masked Language Model,
CMLM) , I ZRA0fAE S35 2% PR AR AS-TRIN Y 7 e AEVIZRIS, CMLM B H AR
Ui R SN EFEATLB AR AE Y A ad e B0 ISR i A\ A A A -

Lemim(0) = =108(p(Vnask | X, Yobs, 0)), (7-2)

HrP Yook T Yops 533678 H AR 12 S0 RORE a AR AT b o AEARAGHT
CMLM A5 #3881 4 - T ) 5 A A A o FE 28— BRI, M Y
NI AR SRR SR ETh . BT RN A R T B AR R &=
BN _EAERY , AR EE X L A SR AL 133

CTC 25T CTC 4k R 02251 LA A s KOO RE 1, AR bt
AR, R S SR B IR . CTC B
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JEFEACER , T 2 2 (RO R day tH 1 3 51 B B AR P A1 2, e v H e 2 b e
G AN E A ARG, W B SRR L RAGFRIGEIFE LY . (£
kR, CTC FREATAX 2% Y ftHFes] A, FHl shaS i Eiek
FHESCY BYRSEAIRIRL -

Lere(6) = =log ) p(AIX.6), (7-3)
Horf, H S A FORER p(AIX, 0) Hiofk 1 1) Transformer Ml

Ta
p(AlX,0) = l_[pt(ath, 6). (7-4)
=1

73 ERNERMIES@EFER

AT, BATSET USSR shE2 5 F UM 4. B, A
R TR S d i AR B BRI R AL o BEJR . BA TR I 250734
TV, AFEa e SRS S T BN S d . AR T 20E 281 Zr Al
BRI B fn, FAINE 7RSS gty R 2 oAb AR B BT8R ERy 7
%o

7.3.1 REMEE

FEFE 7200 3T R SRS AR AR B EAS SRS ) . BRIGEERY
I e A A 2 A O, BRATSIN T S A DR AR SR A iy tH 405 275 153
HAreza e B BRI AL E SIE 2k A iR USSR TIIZB B, AR
AE B [BUARTR AfA AT AOR] A A5 AN AE

WET-17R , B B G AR RER 27513 300 S 0 S0 P LR &
ARRYIZRRYIE . AL, BUS E s A R AL 8 225 3 SR H 1A ) i
PIER T o AT IS Btk H] Transformer FURTULERY, IREHIA NS 5 3CHY
RN, BRI PRI 2R AR A a A BT o 500, S A AR
WS EHAS%EL, LREABRRISSEE, SNISSCRSRET
fEo A, BATR S GE R0/ NE N, = 2, FF AR B BRSO T
LB GER, BRI R

T
pr(%1X.Y,0) = | | P (5/1X.7.0), (7-5)
=1

Hep, ¥ = {0 BN EGEHENKNELSER, p FRYEERIOMESE, pf h
WG ERAENLE ¢ (IR . ARG WRIEE ST G, RATE R argmax fif
WHPSEMEER Y., BN ELEER Y, 1EABIEREBI I H IR, L mE
AT

L£.(0) = - ) log(p(y/1X,0)). (7-6)

83



AF A EUAPREHL GBI I 2507 3R 5

()NATloss: £ = L + Liength ﬁ" R‘Toss R?"’”
(2) Rephraser reward: R = aRgim + (1 — @) Rioss | Y, Y
£length [ Softmax ]— share__ { Softmax ]
[ Target Length Predictor ] | iﬁ — 1 -------- 1
A Al Feed Forward J | Feed Forward J!
Pttt f-——-—-—--- \ ' 4 | ' 1 |
: [ Feed Forward ] : | Multi-Head Cross-Attention ] : Multi-Head Cross-Attention ] :
Nx ! 1 o Nx ! NoX| [} !
|
. | | : : ) !

X —'[ Embedding ]&’[ Embedding ] Y—’[ Embedding ]

Encoder Decoder Rephraser

Bl 7-2 B S AR Y BRI AR A B AR BRI 54 . R AL EAE ARG 2 )5, T
AR S aE R ZR E AR, JE B ISR T B0 5 4 B SR T 588 SURS 15K
5 S BN B AR A AL AN B B i B, 43 R R B DA f 453 B ek 5 45 2R
BZH R CHE SO E -
Figure 7-2 The architecture of the vanilla NAT with rephraser. The rephraser is stacked

behind the decoder to provide a better training target for NAT. The cross-entropy loss is
calculated based on the rephraser output. The rephraser is trained to optimize two
rewards, corresponding to the loss of NAT model and the semantic similarity between

the rephraser output and reference sentence respectively.

732 YERE

FEATHR, FATI R A G TTIEBOR AN 2. T BCA N SUE &0 BRI
BET . BAPER S a B 2R AN BT, Il Al 2 ) T iR
Gawo ISR T IENERAT, FATTIEXS S St Zr AN B O AR AR
A, LUBHR IS 2R IR NSRBIt . FRATRIUE SR BRSSPI R 43, i i
—MESEERERF 2 G EXTU G SR R, XS BEN S S
FHERYRZM, PRUBATSE T — PR KORMER S s R 2

7.32.1 B{kLFES

T AR NS S BRI EE S, TR R L7 ST 07 e A S 25 o
MUS BRI H AR AR B 1 AR RS B S RS0, X H AR RS B
G, AFERAMERAT LA Al — R 4, I RIS S R R [
VARSI Fr tE DG, A3 638 SRR I 2 S I e D PRI, %
T 223 Rioss SESURINUS SRR I 2402k . HOk, B RO B %1%
SCHOE ERCS . RN I SR SORIE Lo B, FRATVE A Ry M
G SR S SRS AR TE UL o

UERBRERY, = (Vo i} AT R 1 SN IR 12k

X log(p(yr1X.0))

7zloss (Yr> - T . (7‘7)
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LA T A RERFF R FE R E o BT Rioss BomERAEH ]
VAR P & A B P TR, RIS &5 RS 3R B 0] ARy HE e DG
fic.

7T, AR BN GRS S5 RRTE SR RSS  BATH S
PN SUREER R, S, Y) FoniFEX Y 5 Yo ZRRYESHEUE. 45
EZHELY SRGEERY, . K R E XA

Rszm(Yr) = S(Y’ Yr) (7_8)

JERREL S W LAMALAS BFRITO FE bR, fin BLEUT, METEOR! ),
BERTScore! ") 25 Fof T2k BLEU D935 SUR U R e JATH—1
S @ € [0, 1] X LR PSR (ER AT 2 BA0T 2S d  2K BU R 2

R(Yr) - aRsim(Yr> + (1 - CY)Rloss(Yr>- (7'9)

BB RACIA R T gk B hr, %A REINFORCE 83E5 Sl i 5
=
Vo (60) = Vo ). pr(%IX.Y,0) - R(Y,)
Yr (7-10)

= E [Volog(p:(%,IX.Y,0)) - R(Y,)].

»~Pr
BT B3 BATHZEF R S Se it % 040 pr(Y1X, Y, 6)
KA PMREER Y, HRENRAEL R(Y,), FAEXS R T
Volog(p-(Y1X.Y,0)) - R(Y,), MR EIMERERINGRECE 4% T 9/ Mo A
22, BATHINAT K = 2 ORI RORPES R R A IME, N R(Y,) H
AR T EER I A .

7322 Il

FUE SR E TR IS ae it S R Z B N Rl RIS, Hi
28l LR A TR LA o X SRS ST R — M LRI, RO E R
TR, OISR U AT RENLIIA LR, SR RFEEE IR
PPN TERE LRI AL, B RS A B AR R, AR LA th = ST 2 2 AR
R, BT TEXT S a2k LA A7 By AR RS . Bl s P T S 2 >0 U ik
MG IR R, GERMIZES SO 45 R — A&
IR B SR H TG, BAETE L ESZ5 33005, B, IR B
HATS UG fe NS5 B ORI i H 2 o] o B, BT T8 B 52 pR 5
FEMERINGE G4t B D WRESH SO ER SRR, 56 A R
P gy HY Y argmax ARAGEE RIT SRR SR 7300, AERUNZB B, FA1th
BT 225 O RS SUR IR IR B o
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7323 BAEES

FEQE S22 S TR SR G ARt FAIEEH — S S « IR ERIGE 5
LG SRR BREL, X SR BUEXT S 4 A SRR R o A SR A T i
PR 2R T o (8, ISR 2 BAE I A1 XX A8, FAT T
7 —FESR o BB JORBERAGE MR Z A, AT LRI T —Ik
PUEE R RG R4S uitl

WS GBS GO R S5 ORI T 45 R — LS fE o BUE
WE, BEERERIIZHE I, 8 o BUNT, U525 R BRI A
HER . AR, o WA EE R, SEFFRRNEAETHE, &
FAMRER FETIA A MRS o USSR ERIIZH T, S
TR AN, A AR AR I AL, FeAT Tl LAE SofE Ry
a RING S d, BEEHER o fE, FFREBERAER IS ERPERERL. £
X R, BCH SRR NS5 SRR R e, AR R PR RE G 1R
AERTE, BHEIEBIEA o ERITIETRE, FATEE ISR REH X — A
RERERR A Ao

B, FATHP N ES dnaxs @min RIEES o, MR K
HIMESNNG @ BITEIN @max BHTFENRE] @min o RBOX— BT BIRSINGLECH T, T
a AERFTRE ¢ RYBUED -

t t
a = ?amin +(1- T)a/max. (7-11)

fEFX B ORI R, BRPEREXT 2 dmax s @min PIAKEUR, RILIHATAE
FUFAREEX SR, AR BRI SR AR ] LR R A — B 2 ME.

733 HMY R

HaT, BATELTHE TSR AR B FAAR el S g 25 R 15 . 2
G w7 IE AT AR B R A 25 A (SRR BRI, o T LAY e 21 H At o s R
Hre AR, BAPBR S 807597 2] 7 CMLM /I CTC Hr, g 1E7.27
Srady AR B B H T 53 SR 2

CMLM ZHE AL 5 S 158 CMLM SEERHA AR B[R] VISR 2 i) Y 32 22 DX A
TINGRJ71% . CMLM FRLAE B EIHR 70 AR SCRYTE DL T T E A\ P A4,
R BATHE S 27512 STt B AR 35 R IR HAR IR SOARAE . SO AD E HY
ST

CTC CTC B — M rUR e KIE S 25 SCRIETCR . B YK E
AEE B, FAMERG 2% AN RIRTERIAIC, TLCRHE R
TR S adit . AT UG arth T CTC RYMADACRL, ik Hi 5 511 25 B
SRMA ARG E S 5550 . B F CTC MG R KESSHF A3,
EFR AT 275 13 SCE AT iy ) 57 R0 B P55 A I R R AR
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wor YT H OO e JRE B R N R R R ML SR S 2 275 3 SRy TRl Hk
Ao

74 SLRERSHN

FEATTR BT PR S0 R S U S #e T IR R SR CR . B e R
SRR, M ERNERAIR, RIEX IR AR T

74.1 SLISRE

PR ATETE B BUEPLS EE e A A 2 8R R EIE 7R s
% WMT14 55435 o {5 (EnoDe, %) 450 JJAAI%) « WMTI16 3535 2
SeiiE (EneRo, 25 61 J7PMAEIA) o X WMTI14 Sefisfies, A 15044
newstest2013 Tl newstest2014 {F A5G IEEEF TN EE . XTT WMT16 B 5 a8, Ik
11537544 newsdev-2016 H1 newstest-2016 VE NS UEEERIMIKEE . FRATH 32K YK
VERYEE G BPE RN S b ot 1 H A ialil, IR A H bR =i 5%
Al BLEU? S A A 1) R0 128 T

RZEW AR TR AR B AR R TSRO . AEFT A
B, BATER P AT RTRZB RO, B el gs—A B BB E D 2
Ui, P2 BB IR B BRI I RS0 R SO A X SRR 2 T i
%o w, AN ZBBIRERINGRIE A [BIIRRL

BB PAVE =R EFRAAR B BRI SR AT SL g e S il & 4 7 12
FIROR, ELAEEERLAGEE B [AH AR Vanilla NATP, 0% CMLM P! i CTC
BRI, XS T Vanilla NAT #5URT CTC A58, FRATHI PR DU 732 11 ety i
fiEpdas N . fE CTC A8, FA T2 uliG s 48 U555 56 U & A9 A B
FTTRAS AR IL R G,

SN AAEARE L, RO amax N 0.75, @pin 51 0.5, SFFEIREL
KiZHN 2, BEREEN, 5h 2. AT CTC HRyl A A &N 3, [
FERG A DA B R I A =A% . FRATH Adam (AL 81O SROUEIEEL, 2408
B =(0.9,0.98). €=10"%, XT Vanilla NAT BB CTC FiA, FRATEINL Y
batch K/ 6.4 J7 1o KT CMLM B8, Sh T 52 5 i TAE R — (>0,
AR batch K/NZN 12.8 Jrin], LEMERSET R ARk 5 FiAS RHC B A A5 128 130
FEWN SR B, WMT14 SEEEEER R IR 2P 80N 30 2, WMTI6 3240
LN 15 7328 ERUAN B, WMT14 ZEEEERERNIINGSECN 3 71
. WMTI16 3B BRI I 2528800 1.5 T30 AEMRnT, FRAT4ERE 500 2217
fif— AL FR S DR E R ZEECT RS 2 R 25 . FATTH 8 5K
GeForce RTX 3090 GPU R Zfsi L, LK -R R M ARAD 3 o FRATEFT IR
RAGHEZE fairseq!'7) FSCIFRATINAEY
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K 7-1 FATW 51 5 T5 i EREXT L o

Table 7-1 Performance comparison between our models and existing methods.

WMT14 WMT16

Models Iter Speed
EN-DE DE-EN EN-RO RO-EN

Transformer (teacher) T 1.0x 27.54 31.57 34.26 33.87
AT Transformer (12-1) T 2.6X 26.09 30.30 32.76 32.39
+ KD T 2.7 27.61 31.48 33.43 33.50
NAT-FT®! 1 15.6x  17.69 21.47 27.29 29.06

EM 5] 1 16.4x  24.54 27.93 - -
GLATB 1 153x  25.21 29.84 31.19 32.04

Vanilla NAT
Vanilla NAT (ours) 1 15.6x 2042 24.88 29.21 29.37
Vanilla NAT w/ rephraser 1 15.6x  25.33 29.57 31.63 31.72
CMLMB! 1 - 18.05 21.83 27.32 28.20
CMLM + DSLP?! 1 15.0x  21.76 25.30 30.29 30.89
CMLM + AXE!®! 1 - 23.53 27.90 30.75 31.54
CMLM

CMLM + OAXE 1 - 26.10 30.20 32.40 33.30
CMLM (ours) 1 15.0x  18.21 22.86 28.15 28.97
CMLM w/ rephraser 1 15.0x  26.65 30.70 32.72 33.03
CTCP4 1 - 16.56 18.64 19.54 24.67
Imputer!?” 1 - 25.80  28.40 32.30 31.70
REDER 27! 1 15.5x  26.70 30.68 33.10 33.23
Fully-NAT 126 1 16.8x  27.20 31.39 33.71 34.16
CTC NMLA 1 14.7x 2757 31.28 33.86 33.94
CTC (ours) 1 14.7x  26.34 29.58 33.45 33.32
CTC w/ rephraser 1 147x  27.32 30.97 33.80 33.84
NMLA w/ rephraser 1 14.7x 2781 31.53 34.08 34.03

FERT-1, RATAH T =FhEE B [R5 LA 75 5 el 5 48 B s i PR RE
Hrp AT Feom B RIABAL, 12-17 3678 i 12 2 n G a8 R 52 i A0 25 44 1 i
Transformer F571 , ‘Tter’ F7R ARG B X S F TS, KA
NG R T TRAEIR = R SRR R ERIUE T BRI, Hf BRI _EHE
2 7 S HE ST ALY 97K . £ Vanilla NAT |, 205 #RE k2 3.6 BLEU
H A48T 75 CMLM A I, 254~ F##2 74 6.2 BLEU, f£ WMT14 %
i SRR L2 A4 8 BLEU [ REE . 7EiREZMiA CTC il NMLA
b, ERITERARIFRIACR, fef%ikE] S [ A Transformer A8 AH X4 A7
RE. WAL HRET B R A AT .

FATE— B AEEATIE B B _R300F T MU S 48 AR . fEET-3,
AL H T CMLM BRI FEERFECN FERE. 75 WMTI4 [ SR 4k
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X

fate b, SRR S ) CMLM AR A 2k AR B I AR T CMLM 2 i
RUAFUERSET . S BRI 3T TC B . SRR S % J5 i) CMLM
BIUAE A BEAT 2 URARASIE AR, il RES LTk A 8 WRITOPERE . SRS

s T IRAE AT AR AT R

28

i h
& v

27

26

BLEU

25

2 ==f==CMLM w/ rephraser
== CMLM

==f==CMLM w/ rephraser
== CMLM

M —

23
2 3 4 5 6 7 8

Iterations

(a) WMT14 En-De

3

(b) WMT14 De-En

4 6

5
Iterations

7 8

Bl 7-3 FEAR A RFEET, CMLM BEEUFE AR Bk 5 4 15 BOPERE XS EL -
Figure 7-3 Performance comparison between CMLM and CMLM with rephraser under
different iterations.

FE_LIRSEg A, FATME T e IR ZR ORI UM A28 SO
S ICRINGRAR B BURR AR T AT S a7 i X 27532 50
TN, FATIBE— AR A ARZ R F I R 2R LTSk, AR B ar
TR FIRZ S G ROR . MRT-20 R, G475 AR CMLM H:Zehd
R PERE 2427 10 BLEU LA_E, I H AT H AT CMLM Ry, 55y
FHRZ AT LE . 2S48 74 WMT 14 JFasate ERITERE T 1729 3.5
BLEU, 7t WMTI16 JFia%dlute ERPERE MREAE 1 BLEU LAIN. DA EZ2RIEHI
EX— DB/ NI P RE SR A R A T
S HF LT A BRI KB 1

72 HRKUE A ) CMLM B JF i Bia g _ERprERR o
Table 7-2 The performance of CMLM with rephraser on raw data.

G 7 1% HArE A gESE e BURKIRZR 18

WMT14 WMT16
Models Iter
EN-DE DE-EN EN-RO RO-EN
CMLM + AXE[®! 1 20.40 24.90 30.47 31.42
CMLM + OAXE!" 1 22.40 26.80 - -
CMLM (ours) 1 10.82 14.64 23.51 24.25
CMLM w/ rephraser 1 23.12 27.44 32.30 32.07
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743 SHEESLIE

FEARTTH, AT S 4 5 A TR A SRR S i Hrh S O BRI R
FERARUR N S AR A PR EONIR ORI . T WMT14 ek ge B2
T B A SERE SRR, IR AR

BERIONG NG LE S &R 5 NS gt iy 2 /> Transformer f#f5
wrlmd R, —ERE BT B SHOR RIS Al S0k, MUE A8 T IE AR
WGHRJFIATFIEAT 3 T HIR0E, XS LT 25 BRI iX LA
KAl geth ool B EH RSB TERE , FRATE AL CTC Lk 75058
DIEIX LR K52 Mo FRATH ‘Params’ FRAI 2 40ht, ‘Speed” 7R AHXT
A BRI S IR L . nEET7-30R , IR GER . Sl 252 500 CTC A5
I REHS A AR . L2~ S %1 CTC #RL B LT CTC £
LTI PR AR P, ARSI _E R TR

£ 7-3 AN 2 MEEEGE 3 TP EON CTC BB .
Table 7-3 The effect of 2 extra decoder layers and 30K extra training steps on the CTC model.

CTC

Params Speed BLEU
+2 layers  +30K steps

62.10M 14.7x 24.77

v 70.51IM  129x  24.89
v 62.10M 14.7x 24.80
v v 70.51IM  129x  24.87

CTC w/ rephraser 70.5IM  14.7x  25.54

BB VENARTETIENZOE 5, U5 #2024 Y R 3
RES AR E TR R, 12 g B sz RO B0AL) B eR AR S5 07 12 =7 18l
SN o FRATTHE S0 S 28 2R B2 M AT 4304 o D05 a B3 N 228 B SO
BRI as s, S A2 3R S 455 . HAT, F-A1TR A Transformer
MM EE NS AR L5, 28N, N 2, IREE N NS 3R RN, I
T AL R O 2B R a5 o BRMYFTZE A, I0A A fa
WRESZ RS AR N R P i, FRATAT DASS#e e 5 28 P N AL E
DARI A f 0 2 0 g VB IR Z N R R B2 S IR RN
BATEIXFRERAGFRA “swap™ o 50, FRATH AT DU BB E I 20014 P4\ 7
FEAE—A, FH Transformer Jafitas 5 2R EIX—H N, FRATEIXFPEE
FIFRA “encoder’” . LA, FATH AT LIEEMA U #0280, Ban s ki)
WE N, = 1 BRI G S N, = 40 FT-445H 7 Vanilla NAT A8 7R AR 2
B AR N R RE

biREER TR, Transformer fi#fd#s IR ZRA00 T-dntidar . SCHR AR AR 1Y
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# 7-4 Vanilla NAT BRUAEA [F] U5 a2 2204 T BRI PERE -
Table 7-4 The performance of Vanilla NAT with different rephraser architectures.

Models base swap encoder N, =1 N, =4

BLEU 24.06 24.01 23.61 23.53  24.09

PN KU BB W . A5505 B0 RHON, I\ 2 IR 4 T
HAEHORINERE . (DA RO ER) | SO RE R T, L4 AR5 2
BEGREHON A, HENBE B RE S IR

WA 5 A F R B R B I 255 R RIS 225 13 TR SO B
PR 5, FATHEIE ] BLEU Sk 5ol 5 45 R 5 2% 35S0 UHEAE .. Br
BLEU %, A AT LA AR AL & B RO PEAL fiabr ke i i SORDUEE . 140 ME-
TEOR!3® &5 BERTScore!"*", fE3£7-57, FRA145H T Vanilla NAT FiR A5 (g H
AR R BN I ERE . N T R AT BEAEA LW 22, FRAT]FIIS H BLEU. ME-
TEOR. BERTScore iX = Fgtr kit B ERE. FTLAAZ], i BLEU /044
U R BN B A X =PIl s NARR I 7 ERE, BT Il 2
) BERTScore [P RES M B 2= 1 o IX 25 RB N H-T- =8}, K2 BERTScore
TR T T G B Y HE b BRI RE B0 P4k 15 SCRHADURE o FRAT 4] BLEU 1Yy
MHFET BT TR LB n A ILEe, I BRI S,

# 7-5 Vanilla NAT FER4{5 FAS 7] R 6L B2 o B0 P RE -
Table 7-5 The performance of Vanilla NAT with different similarity functions.

Metrics BLEU METEOR BERTScore

BLEU 24.06 52.88 84.24
METEOR 23.71 52.65 84.11
BERTScore 23.07 52.02 83.80

BRI PR KRR SIS o Bl T HEZ dnaxs tmin 1
FE A BIASIR ORI o 3X T SR U AL @A 2 R BURE TR 1, RIS
S LB 2 . O TIESEIX 5, FATREESE @, @max, Qmin} I
FUGAL, THEH B S AAUE A SREFr IR FATH ‘Anneal” 7R IR K
g, M Static” LIRMHFASES o, ERT-6Z5H TIXPIFMEN MM REZ
HESBILENNRR . FTLAVER], BRAIEREZ S S o IR IR, R JCR
W Z maxs Qnin FIEIABIUPERERAR TR R0, XIESE 1B KRS XS
ZAEIRHIC S
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# 7-6 Vanilla NAT BRUAE#E 20 By S UU(E A BIFR3D T REERE -
Table 7-6 The performance of Vanilla NAT with deviation A from the optimal setting.

A 0 0.05 -0.05

Anneal 24.06 24.03 23.88
Static ~ 23.97 23.55 23.63

744 RS

FEATTER BT DB Y 25 R 008 Rt A DA S B AU 2 73R40
B R A o AELAT SRR, BATMARIT A 7 A A WMT14 S48
[ N REE S

T EASE 2 W PERER N, TR E R AR A TR R RE 2 A i % & 22 i
FEL R, PHEATRY TN B (5 AR L, Bl TR b 1R S R S
s IR R TIN5, DARGECS A T3 352 A5 AT LA N2 8 I AR 52 o 3
TIME S H(X) = — X, p(x) log p(x) KA E AR, MR RS i
FIMER AR B, B BE R EGS . RT-THHER BN, RAERERA S5
TN B AR R o e Tt 1 AU S T TR S RE D N2 M (L R 52 Mo

£ 7-7 A HE A BAIBR - 2545 B o
Table 7-7 The average entropy of NAT models.

Models Vanilla NAT CMLM CTC
w/o rephraser 2.07 2.64 0.26
w rephraser 1.35 1.52 0.06

B WA 22U N, R B RIS A 2 R R RE O 2 Pl S
e, Hip RSB L BN EE . ARIENS &8 5152 A RE g ik A2 1A
IR, FRATD SRS e il e A AR A s R AT 0 A, TH SR R S
FIEEBl. iT CTC BIRUA S & 7 R E#AE, FATAE Vanilla NAT BIRLL
CMLM iR EAT508e . SR UNERT-8F7R. ATLAE R, S s an e i A i
SRR EE B R EREL, R TS SRR AR

& 7-8 A [R) AT 45 SR v B L 3 B e A

Table 7-8 The percentage of token repetitions in the generated outputs of different models.

Models Vanilla NAT CMLM
w/o rephraser 10.2% 15.4%
w rephraser 2.6% 2.3%

92



F1E ETHERNIESHEEL

745 BWERFISHT

AT SR T-OH Y 2 5 Z A5 SR R 22 W (RIS M AL B A A E T o AT
LIEE], HLasBf-R i S r e 20k R, 40225330419 “but our loyalty is
clear.”” S50 4y H1 45 52 “but it is not about our loyalty.”” E.£5+8 [E AYE S, (HH
B RBARTT, ST SRR N SRR o RS &% 1%
X, BB GRBEALRS T IRAIE S, HHS59EB R 5 A AR
XI55, 1SR SUR I BRI O A AR i L 32T TR R 1

7 7-9 7 WMT14 fEIEEERE BR—A B0 45 R 2.
Table 7-9 A case of the rephraser output from the validation set of WMT14 De-En.

Our identity might sometimes be fu@ @
Reference
72z@ @ y , but our loy@ @ alty is clear .

NAT Our identity may sometimes be urred ,
but it is not about our loy@ @ alty .

Our identity might sometimes be vague ,
Rephraser i
but that is not about our loy@ @ alty .

7.5 AREBE/NG

e SN EVRE iR NPl S iR RN SO = a2 S @ ZE DA Pad h N
WA 2 25 tH A S IR RS, TeiE IE PP R A Ry tH o FRATTIA AN B i
SHZHFE NG, FFEINBE ar S5 AR 1 tH S S5 25 1%
3, A EMCGERAERFT 2 FURORIGTE S, IS S0 e AP 2 _EITRC.
ARTCRR S g B BORAEAON R R R, NS )Tk S # e
S SRR B . SCRR 2 RPN, IS & T IRAE 2 PR A Bl
B AR R IR T, ROR B RIRTL REAE R AR A I+ A B[R B 21
1R AR AR DL 328 o i
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B8E LESRE
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AR R AL A B R AR AR B EARRT B A RRAT W e, B
R e B B RS AR Z2 0, ER RN TR EIA A TR ITZ: H
PR AE A R FRIK RE ST RIAICEC . RSO AR B [ s B AR Ay )1
AR T T 2mAIETE, S EERCAR B R R 125 H ARk H A
> B IR BT =

AR ICH% BRI 5 R RO NP BT S B 2507 3500 TR = AR 0l o T
A2 TIPS RNGR T BT n ST ICECHINZR T BT 8253 30
WETTE, TRABTFENAET -

FuBay s BT RRALSE B F I RN R T

L BRI G SUR PRI TCTEHER PR AR At R fm )T, BT HO AR H [
VARSTIAS e 5 2, DA FP 8= T R A T Al A ) iy L 5 SRGF DI o 8] 20
FEPRIE AR B, OB B TN, Xt A 7R T e
HIFP SIS T73 . FEET AR B B AR Pk s A 27 >) SRR R PR AR BE Al T A9
Ji7ee SEERAEIRF], BT s ) B P A 0l 25 S8 ks 1 R H R A Y
DR, FTXSAR B RIS R BRAGA TTT Z R Bk et — 2 i s
AE. KME N T 5 H BT P REZE R

B EB4y: BT n ST DLECHIINZE T IE

2. AR A ST RS G R0 i, AT R LAl R 2RI
G, XN SErh i RN, SR EOIGAN R BT Hlae B
PG TEAR EEEEET n ST Y DERCHERM R R PSR B ke, A REE R T n
TCLHMI VRO BT 050 R, sUREEMERA SOt 25l B AR FRATTPREIX
KNk AARIE A N /MG n STCALRARRIRBE RS, FREXT R A RUABERET T
DAt —Br n ST RAREE B Y= AR . SEAR S RERWT . n JCALIAIARBE B 55 28 o
EABGERIARNE, S/MEX—IlZ: B FRaE R 2R TR B R A EiE o

3. BRI TR CTC BRLRENS 25 & I -5 275 13 SCH BRI X 5 R A il
R, FFRAA M RIECHAES), & H & 2R R —FHE B R AR 25
o AT, CTC AR FGRE A AL T ™% B BRI SR s, iR HE %133
St 2 RN A AR BN 55, AR T 2 AL as B rh 2 AR LR . 41
XX, FfTse 7 AT a8 E DRG] n ST DT RS R P R A L DL AC 75
HIREN CTC fi s (R R ST RIRE T LB 4 R R, AT TARER.
FEUGE BRI, (U T RS R A A B R T (Bl 1 RE
KPS BLATSARXS B IR ARAT R A i o
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4. GRS, H—JE SO REA 2 MRS, MEE R
ISR — o SRURBA TS SO U 25 R, S8 SRRt
TR LR A AR At RIS e AT A AN 1 AR A RO 225 3 S0 R
HHR H 2 A S P SOEF 25 G R TR R B SN2 H 0, SRR AR
NEAFOERBEZ AR S5 30, FSCRFRIERI M 2 2% 3 S0k
I A Y AT R — SR SRR R AL SR SR TR, IR TR B
B3 7 CTC BAMTURYRIFE IR, FFRES TR 5 T RSO A & .
AR E [BIEAAL A Fiy FH A 2504 8 80k 3 2k T [ [l ) R Bl

5. S H AR 2 B2 2 ORI AU 45 R, SO Rt =
25 W = PR AR, JCIR B PP BT Ot - 2 RF2IR T RANZ 1251 X
DABERTU e R, SR 2 HEZR IRl T s , I HAE 2253 S0 A th e
AR, A EREB T T Ol BATTRE— 5 INUCE SR M RAR Y A iy fan H 5
SUEZEFIL, fi B G ERERFFSH T FORITE L, IS5 5 A
WA L. BT 3AX NS i HREEEE S, TS der) 2R ey
WG REL, FRld A2 IR G Ar . SKREIR TR, WERTTEES
MR B AL BT B BT, SRS ARy CTC AT R A5
A A [E] AR 2 5 TR AR AR DL B2 i o

82 REE

F1 2017 SRR, A E LA B C 2 AR BI85 T T8
AR A2 A0 5 1 LB S R AT 2 I
AL R T IILAJ7 T RS DFER

B, BT E A LR 15 B B R TSGR TG
BSOS SR RO R L, (LI R D PRI T L ROt DAL,
ASRIBRFEH . WTLAGERI A LSk 1 B RS A £ 4 R 15
e ok LB YA IR HERR . FT 4R Sk 1 U4 %
it

SO TR BB E AR ) T 5 LRI S AT (i1
SRR T BRI AR AR A Ak B 0 e
J LW ST R E EUR RO SRR R R A
SRR e, KPRk 1 SO R B A e
S

R FATRT Al E FUBORI L 5 5 SRR EAE LSRR 515
ST, G HESEE. S RIS, B0 RIGTURR
1 ETRORAE LA B2 SMO SRR A B IAEE R T 2 0
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