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Abstract Machine translation is a subfield of artificial intelligence and natural language processing that
investigates transforming the source language into the target language. Neural machine translation is a recently
proposed framework for machine translation based purely on sequence-to-sequence models, in which a large
neural network is used to transform the source language sequence into the target language sequence, leading to a
novel paradigm for machine translation. After years of development, NMT has gained rich results and gradually
surpassed the statistical machine translation (SMT) method over various language pairs, becoming a new
machine translation model with great potential. In this paper, we systematically describe the vanilla NMT model
and the different types of NMT models according to the principles of classical NMT model, the common and
shared problems of NMT model, the novel models and new architectures, and other classification systems. First,
we introduce the Encoder-Decoder based NMT as well as the problems and challenges in the model. In the
vanilla NMT model, the encoder, implemented by a recurrent neural network (RNN), reads an input sequence to
produce a fixed-length vector, from which the decoder generates a sequence of target language words. The
biggest issue in the vanilla NMT model is that a sentence of any length needs to be compressed into a
fixed-length vector that may be losing important information of a sentence, which is a bottleneck in NMT. Next,
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we summarize the neural networks used in NMT, including RNNs, convolutional neural networks (CNN), long
short-term memory (LSTM) neural networks, gated recurrent neural networks, neural Turing machines (NTM),
and memory networks, et al. Then, this paper introduces the current research situation of NMT in detail,
including the attention-based NMT through attention mechanism, which is designed to predict the soft alignment
between the source language and the target language, thus has greatly improved the performance of NMT; the
character-level NMT model, aiming to solve the problems in the word-level NMT model, including
character-level translation, subword-level translation, et al; the multilingual NMT, which has the ability to use a
single NMT model to translate between multiple languages, including the one-to-many model, the many-to-one
model and the many-to-many model; the problem of restriction in NMT, focusing on solving the very large target
vocabulary in NMT, including the out-of-vocabulary (OOV) problems and how to address the long sentence
problems in NMT; leveraging prior knowledge in NMT, for example, incorporating and effective utilization of
the word reordering knowledge, the morphological features, the bilingual-dictionary, the syntactic information
and the monolingual data into NMT; the low-resource NMT, which is a solution to the poor-resource training
data conditions for some language pairs; the new paradigm for the NMT architectures, for example the
multi-model NMT, the NMT model via non recurrent neural networks, and the advanced learning paradigm for
NMT, such as generative adversarial networks (GAN) and reinforcement learning. Last, we summarize some
successful evaluation methods of machine translation based purely on neural networks. Finally, the paper gives a
future outlook on the development trend of NMT and summarize the key challenges and possible solutions.

Key words  machine translation; neural machine translation; attention mechanism; recurrent neural network;
sequence-to-sequence model; machine translation evaluation
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TN TAE EZA LR L.

Feng 25 \ b AR KR | ST iy JEAR BN
TR EYLZETITRE, SRR NIST BEH
PEERL MR RG R E T 214 BLEUE, [
I H A % 1 1 ) X SRR o %7 9k L A (R TR
SRS LA BRI BATIAY, fE— R Lo
R T Ik BRI . Cohn 25 APV ZE v 2 ML
RS T 2 4R E (Structural Biases) 15
B, fIEAEmE (Position Bias). /RE}K&A:
( Markov Condition ) . 2 fi7 #1 A | XL iE X K
(Bilingual Symmetry) 26{5 8. . SEIGAE S T JE W iE .
KTV JRTTE  HRiE . DO B E U AE S 5 BT,
Hoh W % | BTEC iEkIFE (Basic Travel
Expression Corpus, BTEC), #H Lt T3 =& S &A1l
PR, T 3 BLEUH, MM
G . Zhang 25 NN AR IR & kb A2 B3
EAIHUE A, AE1SZ AL F R RIS 5 AEAS
SARNE EHEF (Word Reordering) 15 8. ERUA
TS D AR o) b R 0% I 22 4 v 3R 3 o 2 R ot
FE.

415 i FERH AR AN T 40 )

IR BH R — A s A R R, B
ANFE AR 43 VA B R e e R R . 1% 1)
TEM AL A BIIE P R AT AE, AR E I n
ZPLARTN

IR [ 4 S R T AR A LA B R IR R
IR I BIHLHRACAZ DT S B0 B, el CH i
FREAREEEREIEEE, WA 13-15 ATEH .
FEIX T7 T, Tu 2 AP3HR 197 25 (Coverage)
MU IR AR TR . 1% 7 1 i LA i

(78 B ML 5 N TR R I AL 3. Wit T
—FpER MR, O REm REE G
B BRRS AR R AL TE 2t O AR BRI, I
PR CURH R RNE AU . SR LR ST HLAs B e
R, T ARUER R T8 5 . 7R L4 B
P, BN S L @R R AR, Tu 5 NiE
HAEVRIE & iR E S &, Balig
RN 5 . X R kAT AR A 5 R
FEIPEA TR i), WORIRIR . BARE A e A
YEZ R, BTSSR R AR T AL 1) B K ik

2 100 R ) 573 A — P g R 0 2 R AE B PRI R
EHIEE S E S EHARE S 6 BEXTERss R
M Lb . XA AR E W, ERREL R IRES
IR H BRE T B 30530 5 R 1R R SR A
FIRE o DR, 24 2E e siial i B 22 Sy IS & R,
A2 R TR I B B AR B ARE 5 B R S X R
— b B A5 T B 0 R R RS R R
S, X MR T B p LA B R kD
(7. X J7HHUR TAE Sy Tu 28 AP RS0
(Context Gate) 7732, FELRUERHFERAIEEFIN,
WPR T BRI RS E . BB HLEIA LR ST RE S 45
HE—L, HORFNE. NGRS A R G IR
B L mE, EERBEMERSME LR
MEEEAREIRE S . HAsiES B F O EERERE,
B2 P ) PR RS JE o AR B E AR TR S IS 52 L
#H,

ik 5 B R AR S 78 0 I L A A AL S R R
FAERIR B2 —, FER MY REE RS IR
AR, 75 EE IR T
4.1.6 REIMBICIZITIE

FERRLZE R 24 rp g A i A2 5%, gt 52
EH, WY RARE NG RIERE . ISR
1207 AN 2w i %1 ) 2 2 o ) (S B ARG TR, T
JE AR, DA SRR 4R K IZRE ST, AE
—LeAT 55 bR] DAIA B i A% Gt 1106 PR A 48 ) 4%
A SNz 2 o 2 BT,

| Yt | | Yte1

| Yt-1 |
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K] 6 MEMDEC #1557 7R

AR T I S I AE o 2 AL i 189 196 10 B A o
Wang % A\PSHR i ff) MEMDEC RS J53% . %7

FREN—A nRAMSMNEBILZ, n FoRig iz RoT

AN, mRIRICAZEICRAN, (RIS I FR T DL
WA NG R, 1025 T i U 5 N Rl 22 1A
RS ALY, Emadt, K 4R 2080 B b5
EEER. WiESE BN IREAE BB AL
B, IR 2R 0 6 Frr, M°ORUEIE S
017, BEE SRR, MPONANEBIEIZ, s Ronkai
RES, Y RARAE t I ZIAE B B FRiE 5 S

XM I IEAE ICAZ Bk B AR A v T /5 2
B2 EPRASE B, B — 2 E LoReh TR
HIIAE, BERETE L7 Hh Y R AP A5 B R Y (1 3R
KRR ST K IR K B B AR
42 FRIRMENF[ENF

TR NZEEIE (Character Level NMT)
N TR AR B FEEY . BT ASAR L AE
] L H ) — P L2 R Y, B U IR
AN A NN HORLEE o A [RDRE B DT 43 s 4 1

7 FR, TREEFORUIEZ A5, FERRR T
Wi (Subword) 2 [a]47) 4.
e
S
i really enjoyed this filmi il real-ly enjoy-ed this film!
g 4 wig b R

| r-e-a-I-I-y e-n-j-0-y-e-d t-h-i-s f-i-I-m
Bl 7 1AL s A

421 FENEILITR

2 HU0h 28 AL 2% B AR TR 0 DA IA) B 1 B i A
KA, fAERE S B, UADGE. H
EEE SRR . A, RSB EZM
EEH, NIsE. RESES, U B AR
iy, RR 7B ZEFIEEZN. & UEE. W
FAE L, “run”, “runs”, “ran”, “running” A
R UASASFE B, 2 T Al 35 2 R 8 A4
“run”. A TR EIRREE, SEEATRH AR

T GAY 7 %, AR LRI 4 nT LU DU P

(1) FRwID TR, WTI0E, PSPy
SR F A2 A A AL, 7R S A3
HRERS L RN AL S . X7 T AR IR Rt T 4h
W9, LT g & M 218 S mlel, %07 & [H
BHAATEA R, tngmtdhi g/, E&HE,. &
BE BRI PE S Z MR, R AR
BRI POERE E o HELE 2 ) .

(2) Wirlgmbs i . Wi gwhs 7 2 F (1 B
PR AL T2 R A0AE, AT USRI PR T =10
LR . 17 2 PRLEE [RIRE A T 45 ARl 2 (],
AN Z b A2 PR s S ARG, BRI TR e
P BRIk, WiAIE R SR BPE ZwfY (Byte Pair
Encoding, BPE) 13319, %77 S04 24 % 454 4%
HEFERL—ABAL, HniaiE “ dreamworks
interactive”, T LAYI4> i “dre + am + wo + rks/ in +
te +ra+cti+ve” 74, JPETHRARK, &N,
422 FFRFHRAHLENLERIE

o FRF YA 22 WL 0 TR G 2 B A 2%
() — iR R/, 4k e s 1 1 . 1X
il 7 B R RN A8 2w 3 b O %

PRE T u A, HARE S I A B A,
R TAE N Chung 25 \FOUR 1 7 5 R gt 77 125
T VERIEE B B RS A A IR , dd IS BPE %
AR, HAxES DRI RAER, D2
SRR M 2 ST . SEE6 R A WMT 2015
Rl JEE N, HARES 0 iERiE. 8
WL VB BOESIUANES X A TR RS,
FrFRFRS IS T el R R . 78 LR TAE
ORI T — ST (L) R ML BE S8 4
B EEZ AR SEs (2) HERE F RS F
Ab R IT RO RF G b o] LUK ] 1] 15 42
B (3) ffpddr, FRPHIREK T T4, H
FETEAZ S0 A 2 R R AR AR

BE S NTR, HEES NIAEEARTTIRIAT
S —FpR . Costa-jussa 2 A\ P4 gmAs 58 (1 248
F AT seoia i 21 ) E D Bioh— N EH
PRI, I SEI - FF BIAE (LR, fgERs 2840
K A VB R AR o X VAR IR oK FH 2 R
fid, BEVSHHITRIFTAAIERAER, W T RS
SR . X R TARRIFER FHAEDOE . HIBSSHR 2
SIAIE F L. Su 25 NPLR I TR R A 2 2%
(Lattice-based RNND, XH3iE K 3T F %N,
S I 1A P R A E AR R D) o0 T sk AT o, HHAE



E& 4% WA 11

NI RN, DA b BV R e b BGE R E )
Sy ARG, 38R DRI AR R R R
B 5234, Yang NP1 g A% iR AT 3
1 (Row Convolution) #HZM %5, H2HI MG
PR A S B S B X PR VAR LA R
NN, ATERTE S e A B SR ), 18 AR
S RS PR S, A bR  HIRE S b
ATHSR ]I o

423 FRRMZEN AR

FIF A 2L A B B R A N RN H 2 DL
FFRFEARRLL . XK VEIBEL R ge . fidas b
074 BIIAE 2 (RIS HLA, AT S 757 1)
KA .

Ling 25 A\ PU7E gt s b3 0 54 317 75 W,
SCHLTFRF RN, ARSI A B ARE F TR,
TR WSV EVRE S 1B RS . X R TR N NAE
BOETERIF I “SOS”, “EOS”, Al na)FH
th. ZEREARE; TN “SOW”. “EOW”, 43R
WTEFH A AL bR . R N 28 SLIL 74 2]
BT, MR T AR RN . TEARND
SEI g, AR ENE A TG 4R
o Mol “EOS” FoRAE—ANTEEMA)T, 7
Az “EOW” FRoRA — AN sE B 1A 1 o JE I X Moy
RS T AR B N A H

Lee 2 A\ PSh =2 %115 8 (Character Embeddings)
FEBENGARZ 2%, Fofa o K B2 s i D)
GYFEH, XA 53 N A B ORIBAE (Max-pooling)
BEUE, 5310 %% (Segment Embeddings). i%1J]
Rt AE N B B2 S E UG, S ANgmigEs. 18
R, R I SSEIE 5 VI s 7 5,
IR B AR E F E /T

X R 7 1% T R [F) 2 A TE TR E 0
AL, B RITE N E B S BAE SR T, K
[ 52, 15— R i SCR T NIEE . XTIk
FERE R AEVRTE F i FH A 22 X 2% 5 7 1 21 1]
TERTB, ATTSEI TR, FFERR 7 RE R
) R AE HARE S o, AR U150 FR 5 R ] 1 R
CINEPUE
43 ZIBSMENFZINE

ZAEEHLAEITE, X Tl —FhE S 25 Ak
— PRS0 —BIE, RREER A — MR SR Z
FIiE S 2 [MBHIE. ST AL 218 S LAk
U5 T 5 8 5 51 2% ST R 2 A4F 45 %4 3] (Multi-task

Learning) B%%7, MK FHT LAY N BE ) 215
B ZIBERIEREE, UAZIER 2B,
431 HiER|ZiERE

HIE R Z IERIERIE S RA—A, M Hisis
EHZAMINEEIEIE. Dong AP k%
12552 2 5 NFA R F 052, SEBLT — il 3
ZABRIAP AN BB T o Z T I Gt B AR 2
HEINT ZATS IR, YRR S R — MY
a5, A HARE S MR — MRS, AR
A H CE RIS, AH R I E] S Y
o

SEI6 SR KCMAE R ZE (EuroParl Corpus), JEi%E
BONTEE, HAMES 2 BEE. P A2
VB B E, SLIsh BRI IR R 28 LA B
BERCR S8 1 0 B AE 5 2 A ) BB R, R
ZHAE TN LA 14> BLEU fHRL L.

XFPOTIEILEIE S migas, AeiE i IR
BB E R E. AR SRR A A
BOMPE RO, THEE AR RS, PR TER
TR 55 06 LR o
432 ZiEF|RIERITPE

ZIERRIEMERTIES A2, MERES
RE =AW BE k. WA TAE N Zoph F1
Knight™P H (1 2 15 B B fiF 7 . TEE ™
ANEES, A R — s et R I E
KT ZUEE SR P, XX Luong 25 A
PR B Gt 1E %05 B SR

WERA LT mE Mo, FERNAERE .

SZG R WMT 2014 5K, 4iE = 8RS,
BIE, HEME S NEIER, M feE, 12
= 1 4.8/ BLEU fH; %G S Nwil. %iE, H
PRiEE ONEERT, W3R 1.1 4 BLEU 5. nTLLE
H, JE S 2 M EFHZ TR K. Btk
Ab, SHEANIETE F R MR L, HEE
FePEEL o
433 ZiER| ZERE

ZIEFZIERFERFESNHRESYAEZ
NN B T7IE, AT AR 2 FE & 2 8 BB
Firat 25 \PR L — 50 240 5 M 2L 8B 0705,
ARG E XU

BBEIE SN

XL .., HiES N



it EOHL %R
Y4LY%, .., Nv M G005 5 S A H bril
EHE, T ENIE AT AN
L=M,

4.4.1 ARG A
A B 1] ) £

Dy s —

Sl

2017 4
EE!

AR

VE ) 3 4 1] VB T ]

BV, SEOZIEEANRESERERE. ML

BRI L/ NBR S 2R, B R B A B R

R | W E R s O BRSO PR Ems, R

ARG, BRI k. A

EEMHMES . AN XGEXS, 8 R e AT HINL . W% WISt 450k, AN H
A5 X BB SR A - £ gy, EZIERL

EPLES R, a5 HEre XN
L(0) = 3L, LeP0xP

A ENE ok . PRI, AR SR ) R b
=%
(16)
i g S, R 5, W RASEITE R
J2 AR AT R PR 0 2 R
s

(1) [aE 5 SRAL PR B ] o fl . —F AR
AR IR 28 S A, SRR USSR P ] i B 2 T T
] Ji,
RENEE.
il MaE. P, 3t 10 MES
Xto AHEL—XS 8P, ZARPZERIFRCA PR32

PLES RIS ATT AN A, MRERTTIERE 7 LT
B RERCR . 25 I AR NIRTE SN H AR TE S AR
FH B 2 A A AR 2% H

SCIGSK ) WMT 2015 8k, JBERVEE

B - 2
Hil, PRAR VISR, RIS
BAMEK.
Zif

EFIS T

=

PASAR SRR 6 s i JL, X RTT i 4.4.2

TH—RIE. oMo il N S AH
—/MEREJIHL

PR E RIBIERIEE, PERER AT AR il i

=

ANt — M R T
ZN

B AR

FEA A, DL G oA T S iR Rl L, X SRT59 4.2

=M=
HLAS BRI I 250 £ 0@, Google &
H— M AMCE A AN BERERETN, S2E

L
TR PIR AR UAAE — @ REE AR OR X 5%
LB 2B R R 207 GNMTP R 4t

W, AR Z AT E XSRS R U

(2) @I _EF3CE B R ] 207152
R
ESEHL, ABEINESN S, AHEATE R 5

£ A\
iy

N WERFAIE T H AR 5 AR AR LI

T E A, AT DS I A R SRR 5 N PR R

FeA 9 B ARTE & BIRRA], B R AR T SR

. A AR 2 B 11X M)

IR, R FE WK ZE 8 5 O R — i H b iE

. PR AR I 28 E AT IR RS SRR 2.

WOTEAE AR R ZERIIE . 2D RiERIE, LK

ZIEPZAERF EACR I B RCR, JF HRghs

SEHUE BB B TAT X AR 5 Z B . X

PO IA AR e Lo Rl AR

ARG AT KRB SEBRR -

EAH,
By i R A AN T, A R B ]
4.4 MIRZPRIFIEIR IR

I, Ry S AL R 1235 R R ]
SR a7 . H.

T, KRR N AR AR B K IR 1A TS = RN H

PRl AR, sl i A A T ik, Hedn
GET AL AR Y, R 0 N YRS F TR

X ERIRE, DAHE it B A A S AT, o ik
MENLE RIS TN ZRE S, R XU 1A

B, A —EMRCR, (HRZNE TiEE Rk
o, AP FREERBIE—EEEZ M. b, gl
TERH PR R AL, Bl IR EAE 3 7T

YR — R 2 O RIE . Luong 25 AP4R T ok
E 8 iz la, HAWIES—H unk 75 %K, [AR

TR (OOV) il i, [ AR ATIA] th s LA~ 3]
figh- DR ) FEE AR 1)

‘s
SRR BRVE T VR AL B R 6 SR in] 1) @, % T7VE A FH U
BN, FT R, DUT AN LA PR T

EE. BARES BN BEE R, #e 5
BB AR S A . Li B AR T« B - -

PKE” (Substitution-Translation-Restoration) %7,
TER R B, oo AT Ak o AR AT ] FH AR PR 1) 1
B ERIPEARE N B, PR B4 S 1
TR BE R a2 7E 50 1 LA Py, s R s i R RIS 2RI AT, BHPRAR AR g B #ap, JIF
FH& e e 0B AT B 3 . IX =R iRl ] ATE—

T3V AT AL BRAZ 7] o

SERERE_F AL ARG AR ) AL, AN[R] 2 AL A2 BT W AR T
IEIFASREAC BN GRAERL Z AR SR, T 5 = Al

(3) Pl sid /e Al 5 4.2



TE#F 45 WIEH 13

T BT A ] 1) A A 7 00 AR S 1A 2 S Ak
B, XA ERE. T/ EEER
Hirschmann % \P93 40 &Rl 0 J7ids, DA
Sennrich 2% NYHR IR R 7. XK ITIEIN
AR AT 1] A — 8 8 5] 11 3] BT DLE sk b 3] BE /N B
frREIE, L N4 A [FYE R A AR ki &5,
REEAE T IR -6 3& V) 43 7 1208 13X B8 3718 U1 73 1
KA IE RN AR, 8% 1% BPE gt . 127U E
RTAL RN G Ab 3, ANHCE AN AR R, W]
DA T b A A 5 S5 m] ) . AN 2 2 AL BTN T 5
Fd i H B R N, TH S E A AR RN
4.4.2  SEHURHUR R R 1] 4L

RIS 36 1] B FE K FH 1] AR (S 3
Jiz 8 JiHbL), B R R/ANEIRE], —8da Hbx
B S A, YR SN AR PR R 2 — 7Tt
HEARE S IRE MR, TH R BE A 1A Y O 1
., WA 3-4 ffLLE . N TEMENLARES
IR KSR e, O U 7 KRBT BLar o =
%,

(1) Ak BARE S EEM R E 7. Jean
2t \ISHR 35T 8 B4 SRR (Importance Sampling)
AT, IR R A R iy A — 56
L BRERT, AT DOk RS A i g, 1%
JTEAER MR Ly, K/ 50 T3, FFEH
ARG R A, ARz 2NZgH R E
PR S KN 3 7T, TFREE AR S . Mi
2t NS e Y Zrh A 4 T 2R i, K/ g 3000,
GTFE R EANRE S A, s T BT
TG L 28 B B AR AR N IRE A1 BT R
L HFRE S 1E1E, JFmA 2000 A HFRE S HH
i, DbMEA A, F WMT 2015 JEiE 23k
EREE L, SarEMELES T 14 BLEUfH. %4
VEAE TR FE RN 2 3y B B

(2) XA FAR R AT PERE, FiE g
BT RN G AT 45 A E k. Luong £ AR
— PR EGEIAY,  3ERHEIE e LA R A
B, RS S AR SR A T R RRTE,
X H AR E T A 1 K H B 5 R 2 % 1]
ASERARTRY I Foh 7y v ELA 1A T AR T )1 SR AR
R, [FR RS T AR AR A K s, d
Rl T 2 R 3 SIS B T L R A R LA B

(3) TS R, HIRHgmbD ik &
P25 B0 B B % 75 18] O/ AN AR Z6 40 1 Ab B BE 22 11
FIES. BB WEIE. ZHERTUITEME, /)

v RANBORMIE S, A TR AR, W
N—AEUNE M, R/NE R 2 LSBT A
AEFRRIFE R, Bl 3 5. S —Fhgmis iy

SKHUR v € Vg Blw e W, A 4R, HAT

W, IBAH AEAMUR A BB R T, S
PR HUAR R 1] 3 . FRYE LR AE, Chitnis 55 A
TR T T R B A I 7 %R )RR
AEALHE . I8 MG T G R K AR A 1] B A S Dy
i £ 1) (Pseudo-words), i #i ok /N Ay iR 5
Pl AN F e X Bh VR B R R R B NS
5 ARG SE, R REARBER G T
AL AN I AL B
443 SEPKA)TRIPE

T HLESBIEIEZ) 20 ] LAY 46 )7 H LS
TGRSR, BEE )T BB SR <A B
B, TNk KA TR, RN
I B ALK EIZ I, DL R S Kha) 7
BRI 1 B R R o X642 ) R P Ab BE 5k
E Gl

(D KAYI53T77. KA T 50 s ae s
PURBIRE R B, AR JE R B IR A R
H, MARBFEEATFHES R, AR
Pouget-Abadie 25 A8 T4E, % 5 VETEIE F AR 15
B R, AR 2 MR o A) i Bz (a1
KRB R e

(2) sfnm 2148 B0 3R A ) B B B 4K
3y e R < B Ve = A I R NS 1 E N1 T v
S Vipr

a3 AU 3 75 3 RV 5 A 48 ) 4% K R B A A
SRR A e 2 A A T K ) TR R B R T
AT LU T B, 5 25 T i i o) R R A i
=y
45 FEEIMBAEIEIRFE

eI AR SRR IR . XOE . FRESEE
2, LR SN BRI L. 2
HLAS B AR A) FORTE(S B, FFARERS 2
BN NE T SMAR, Wwhk. REEE%.
TEA 22 A2 B0 3 P Rl A 50 2 36 R 7 v R 30T
PAAr AT LK,
451 RbEGETHHLEEEET

I S8 vH AL B0 34 = #2818 R 2
A SR AR I T2 — . He S AR 7 —Fh
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S HLR A28 801% (Log-linear NMT) J5i%,
TEAE B H bRl 5 E R, BN T 165 FH PR A
T A B T AR AV AR R RO
5 AR AT LB & R S B IR R B o P R R A Y
NGk, Fmd BRI G . X TR R
TERIZEWEEG T, A 78R 2L
I .

5 R R Rl O B IR B A 7, AR
22 Wang 25 A0 T4k, A REAE )9 A i H AR 15
FERS, gL B AL H RS E g 21
F, FORIGR HbRE S iE A & i I
(Gate Mechanism) K12 17 51 32 R 22 L4 B 1
RIS G —le, XA DIREUIZE, R
% [ B 1) FH A P R RS B ) A 3

B B3R TAE, Zhou & AR —Fhst Tz
WIS R AHELE, W er LA BRI G LA
FHPEMOBIRSE RN BZAE L . TEMADH, @i
ZANERIVGEIR BN E RE RS R, Bidix
Fh V23R A3 AL A B A Ge T HLAR B 3 1) 3L 1R
It 5. Stahlberg 25 ALK G AL A B % 1) 552/ DL
H-4 XU (Minimum Bayes-risk) {5 8 il & S22
LA BRI RRD , fE2AME B0 R E T T
FE.

Guit WL BT 7 IR R, ECA .
L] 7 #o 22 HL 28 00 120 A5 28 o 7 40 ) G vk WL 80
PR AR AR RN B B A 2, EA IR

73

Jlo
452 HEHCAZER

DA O A7 O R e R 03 1] i A5 1R
BRI KX BB PR A S CE AR
BHTHEHLARIRE, 22— Fa 20 A5 %
Pl A SRR, RIBEREN T,

Tang 25 A 30 XIS 56 15 X A7 1% 76 415 12
(Phrase Memory) B, JEH THENLaSRIRE. %7
IRAERIE S WMADIRES hy B AAmie, e

Wi AR E, FRd)E REDIRA R, = [h.tag:],

tag AARIC IR, FoRIE S A FEEE. ERIDN,
RE s LR B AR R A i HARTE 5, AN AR
AT RABh AR . 1207153 E ot R AE R e LA B
PP AR T RRARICAZ, B T RGN — R BEAE R
—MATE R, A BENS — A AR
e AN MR A AL SR AR AR R &
SKIAREA R B AN 2 b T2 BAF Ak

B PR R RS S HRF — X — [ e 0

5 FR TAEBAEZEL, Feng 28 AVA4 1 —Fhit
TACMZ AN AR BT, 1012 AT AR 1
BHERRIN,  DAUEHE S LA B A . R
SE A (AL R R . Wang 25 AP 45 v 042 4 Ak
PP ANLAREIES, FRIE S AL RPN s
0 PR &

WS, OF TIEHRSA R
eSS R EAY IR i e i
45.3 @A XGEE Tk

K V] AR B B R B TR, el S A A
X L LA B TR VR R AR L 2SS AL I
WEIBIR,

X TAE RS Arthur 25 A VOR B 1
A NN R R . B, @i gt
HLASBH PR 1A 6 55 Bl A U TA] i, SRECTR] VR B PR A
Ry WG, EIEE N, SRR R
R B ARE SR E A, T LR A s 0
W HARE S B R R B, RIX LR
TENIRE, sk ifE:, mesHinEs
B o X 3R X Y B A R A o — R e
HER, $RE 7 SLiR B . AR AR TR
WA I ZAERL, 72 AN RS i
454 fbEEE SRR

B RN A] DA S A HL g B i HAh H
SRIE 3 AL FRAT S5 2 SR o, 3R R ECAT DA R
—/MAPIA RIS —RN—NRR, AR TR
BARFT . Ao, mtEbRE. AEREARERE
HAE— E R e m Bl RUeR

W g A RS AR S E 2 E S E R AR
B AR —F 7. Sennricn 25 AV R 4 il 52
KR NFREA A, B AR RE 7 E PR —
o LM AR F % BASME (Lemma). TE
TFRICHFIE (Subword Tags). FEAHFAE. a1 ARIE
FRAEFRICERIESS . B4h, Chen 25 A sqE =
IR AR AR R & B 2 LS B R s Li 28 AR
Bastings 24 A\ PO7E gl defh £ S 5 AL B
Wu 5B\ TR P A A7 S S 5 5 R ) 4
JEAKIECR : Chen 45 A\ B2 [R] I 76 25 T 58 A A A 22
AETFIESMBEMMESEGERE. RERFETRET
I AR A RID AR S5 8, FRRLG S 2 1008 5 IR
R THRESRrRE, FAfERs T BsEs4E
B

R



E& 4% WA 15

b4k, Niehues F1 Chol™ FH 4T %52 =1 5 1%
Vg VR P B T AR IR iy 44 SRR AIE Rl B p 2 ML A
B, Zhang 25 N\ PSR L — i P fr 6 S 2 A
e, KA AR (BRI L, FOER . BRETS)
LB Z LA TR .

)R (Syntactic Trees) & F & iS4
FIE R, K E LB PR TN 75 2 P 5
2T R AR A Z — . Eriguchi 8 A
(85145 1 217 %1 (Tree-to-Sequence) FHZ ML 2L EY
PR, SR AT R mL S, BJRm B3R
RIFIESAFRESEWER. MY TIHESH
PG, —AN6HAE PG B, Hah—
AR ARG B YatD, @I R S AL
Rt (s S RAkE, TEMEDI AT DLIR) I 25 RS 9 b 45 4
1945 E.. Aharoni #1 Goldberg™® 4 t—Fili ¥ %)
FIF (Sequence —to-Tree) LML IFAAL, H
FriE S AR PER (Linearized Trees) JERARL,
5 LR+ P 5 2 7 B (A A, R T H
FRIE S ARG RE B Wu 25 AP 3 )4
17 (Sequence-to-Dependency ) #1£: KL% &l IR,
BEAS [FI I B ARIE 5 I8 P 51, LA R A i 2 8]
PIRAE R R, DL & B ARE & A Ui &
DA EAE R g 1 7 H B A p 2 LA R PR A
[ B RE % 1) FH B 22 R 5 45 0 iR Fe S e
2o
455 FhERAEERTIE

FOEERE — AR EE R, BRAE
K KRBT . ST RIES, KA
HbRiE 5 BB E R AT DR AR BT IE SR8, 42
R ERAERE R EEEA . R R
AT DARFH I BB TR A O H bR s & BB E R
FYRTE BB

HbriE S R ER Nz — 2155 A,
Gulcehre 25 A\ PSR iy —Fh ) F R HURE B BT R
ML B RO B 7. R s RN
WE8IE F AL, K BB AN SRR, AR
TS IR Z R JZ . V= T VEAE
A, 0 A Sy — PR E SR A R A% 38 1] 5
RZERITIEB M AN AR, BB
R A TEBRAE D, 30 Ik 42 i WL A1) 0y 1 Ay o A
R AR FRISAI , 7E ARG AT DU B0 = RS
Bo XPAEE R A AT DR R ROR . IR
JEERITIEM R E R . k4, Domhan Al
Hieber® 32 iR 2 £ 5522 21 053, Wil as

TR AL H b1l 5 0 S AL E U ZR,  DAER
FA KRR B bRiE 5 iEE R

HAs1EF EiEekg 7 — M 7752 Sennrich
E N RO [R2 o & R AR iy R S EI R R 2
(Back-translation) J5i%. FIH HFRE S HiEE R
FE Dy RGERSE, FEIANBIZRiER . X FhEE
ER AN BB AME S, AR RA R
BIRE— B R R s T RIRACR, (HRBURIET
VT e i 5 1) o

P I AR 2 R H bRis S sk, Zhang
A ZongPUHR TR IRE B RS VIR R B R 22 L
AERIVE TR . SEIUT AW, BB —FOTVEERE
KA T R AR, fERE Ty @ 5 2
(Self-learning) J7yky KAGE N ZRiBERIN; 734k
— PR IS 2 AT 55 5 2] R g B A VR TR
TR E. XM LIS RE KR ST B IR BOR .
AN Z AR SR PRE T R E R A BRSO 2 6 R
PRI R A R o

[ RS & A H bRiE 5 sk, TEg
Cheng 2 N\ POy 2 B 2 S 0. A TEAE 2
B 9wt (Autoencoder) 5| AJEIE F 3 HARME S
PRI H BRIE 5 BIURE S BIRAY, JE I B
JHENZGR LA B, AR RS S H
PRIl S BT RHE SRR AR . XMOTE R E R
S0l DA R P JEE = A0 H ARE S R EE R, R
S AR XS B TR TRk R ) R B SRR A Ab FE
14, Ramachandran 25 A\ P2 — b 5 Ay g B i) Oy
%, KR AR RSB E AR AR NE S AR A,
KM BB B R o B I 2R 0R0E 5 F E AR E S IS
BRI, PR LA BB A ) SR D 2R A AR D 2 S 4L
AR S B SHWIMG: ARG R XGEF
BRI, IR RE TP iE 5 R S H R R

ZE FRTAR, KRR TR IR 3 A SRR,
LHAT A5 280 FH X G B K 2 R 2 B R R Y
BT IT 7] 6
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RSy I3 R NG Ty S 3 L NS
TREBERRR. HE, 75— L REMEIE S s
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Rl B B 22 TR A1 0 R R A B s R RS T
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o RETTEAR FRME T HEZ RSN AR, 4
T AN EH R RHANETE S, BUERE XS M 2R R
I RE 7] -

T ATPATE R E R & B EMRIE S HE
HLES TP B 10 207 vk . QR A [ 3 3% 5 10
PUEA - PAT IR 8 B G RS D AT R
B3, B ) HARIE & B A 1, MR BREIE 5
F)F5 BN, EOHRSIIE AR B 3G9 (Data
Augmentation) 757EPY,  FIRERE R 20T 78T
ITVEEHR T

T 2 21 SRR E AR S A LA R
BRI S HOT B B R R BOE 5 R F R R
R IR B 5. BT LA EEAE, Zoph 25 A1
RN R IR R S GEERIGE) 1
BERAE AR, B BRI ERTE S 0 (TR
ERHE) ERN TR, B IR SIS
—H BT B TR, TR NS EAIRRIZ)
WillZ (Constrain Training). S N THER
1) — LS H AR AL A R S B0 ia ., W HARE &
AR, RIS TR — S S g R
RS ). ARSI, ZOTVERERTE T SRR
RS Z AIBIE AR . AR 2 AR A A 7
BEATE T g5, JF BERLEA AU, X S5
MR8 5 B PR RO ST+ S I 2

KM ZEGE (Zero-resource) FHZAHASEY PF 52
L FEARERE 5 R EHPE, AR AT DU R 3 Bt
AR )@, 3@ R AR 5 (Pivot language) 77
BSEPl. tbin AL By C =FhiES, A B C ZiEk
HHEZHTATIER, (H2 A% B, BE| C AR
ZHPPATIERL, IBA T LU B /EAMKAIE S, SGIl
AR C RIEE. ERET/ES, —FRFAHERW
WAhiE S, EIABTRIXAE S, @ Google 42
H 0 2 18 SR AL BRI T Y AR
BAAKHEE S, 0 Chen 25 NPUR I “ 22—
7 HEZE; Zheng 25 NPTHR A i 5 KT ARL AR At 1
(Maximum Expected Likelihood Estimation) 777%;
DL K Cheng % APSHR R (RIBC A I 2507 5% . o5 — 26
HEFRENSHED, HRBRRES: 8Kk
SR ER, HREW R ERERERCR.

TEURM R AR AT T L ZE IR R R 215 T IR
BB SE v L, e 22 L2 B0 R B0 R T 7 AR TS
IS HIL N i e B TSR it 7 R 2% A
[F St (4t 7 3BT Ay I AR A R

4.7 N IEFREIIG T A

ol 25 B 2% B R 7 A 0 o AU AR Ay 3k
IFIAERL, LR R, (1) B
W R ZREE, AR bR (2) K
BREE B, AR TS (3) T
T INZBR LR SCAE R EARE S EE, AN
FE BRI IR SCAE R H AR E RS, R
REFE A BN ST BEAFAEARAR, A G SRR I 2
L9 O N

EEXT LA B PEAAAE I 2R ) R, Shen 25 A
[OU e 25 11 ML 2% B0 % 1 Fe /N A5 3% 2RI 25 O vk
(Minimum Risk Training, MRT) 5| A4 2% %0

(xS, BNGRERh s s MR, y &2

#o fiUE

PRI TR EE R 52 AR AL AT SRS R

y MUBRHERSE  AOZESE, KR BOnT LU LA B 1

PEIARAE, f BLEU. NIST %5, IXFIlZE ik H i
WAL 5 BARAT S5 PPN AR 45 B A2 — kS, A
DA FATAr] ZE R FIAT R 403 2K PR A

B A A A 22 I 28 31| 5 R HH A7 8 114 1) R
Bahdanau 25 NP9 04 7 #5) (Critic) #PZR %%,
Ranzato 25 NPV 1) FH 5 2% ST BH TN HE AR
W77 Wisemen 1 Rush 3 76 | Ziid f e 5
NJEFN AR % Norouzi 25 N PO W T i) 1
hn e KAl AR B3 (Reward augmented Maximum
Likelihood, RML). iXYEf g7 41 2|7 41 2% ST A
o] R T3, FIREAEAR LA B P&

Zx LR, B ST 1) B S R AR IR
TTiE, TR AR5 B 1% T I 1 2 2k
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P LA BRI O AU R R, B T &4t
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WK, EEALUT LM
481 ZRSHANAEIE

AR PN A5 BRI I SR AN PR T S04,
H AT 7T 3 L R R H BB S B St E L e
TR SR IOS 108 5 ey o o R FH P A
— ARG RN SO BT, 5% A E LA R
BEAHRE;  AAh— A gmidas ot EURAE Bgnfd. TR
I, 3R I S LR A RS RS SR 7R 1R
H. BET LAER A B 2 B EER BN —, AR
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NHEFE
4.8.2  ARAEI AL W 25 40 22 ML 45 Bl PR 7Y

PR B PRATIAY 22 55 ph G P P 28 I 28 S B
T AR Y R ) AR o, ARMEFEAT A0, PRI
IR % . Gehring 28 NP H T 564
FET BRI NS I 7 51 B P A, AHEG AR Se i
PN RIPRIEAL, MR TTZ 10 %5, HEEM
BWAR KSR . Vaswani 25 AN F T IEFR p
LN BRI, 584K R ML S0
— R S A5 R (Sequence Transduction), %15
HEARENIFATRE ), FRWIEE TSR E.
4.8.3 HriE 21K

HAT, —sesad ol eyl asiveth A4
v o3iea,  andid 6% > (Dual Learning)
B AR T AT R Y i Rk S
(Reinforcement Learning) #4 A T 15t 45 5 3 FH 7
L BB M, vang 2 AL wu 2\
43 ST K 2B B 4% (Generative Adversarial
Networks) iFHTEFILALAR Y, SERA TH#
PERUR o IRESR RN TAE N LA B PR U4 it
T AL .
49 AEREBIFIRGXTLE 4R

AN RIEIS T — R E LW TR, ¥
BT ZAANFE IR A, JEE— LR RS F18
BN o AT I LA [R] PSR FN 2R G4 T L
X EE A3 HT

FREEHLAS BB AR B0nT Loy N LR LA 26
Al EEAFEZ AWK 2 Fis.

® 2 AN BRENFERNIEL

ALY BERL R WHRE
LA LI i 7 B
baR s WAk G IR e 1AE f {3
TR AN AR TN f ANBR 1
e LR TAE /AL IR f AT LAAS R

20 AR LA R R IR I R e B, KU
EE TR AN E RN R, BRIz
AR H RS S A XA R U i L eI
B BB G LA R P .

BRI LA B R SR T
TER I, FEARRS T 3h A5 BE 5 AR
P AR R R IK BE AR R B OBRCR 2 H A

EER/ W RrS

TAFRAR N A EEPE EER RUR LT
TENR R SEAC LY, RERGAE — MRS DI R B %
] e L, AT ST ] RIS BR )

20 LB R KRR X
BT R — Xt 2. 20— B X 2 AR A
Mo H AT EZEX P97 BEE SO L R, B
FEARBAI ] LRSS, R AR,
RE 5 SEELIT IR0 SL A%

N TR EEAF RS RATRM 2009 4
H SCAE B 5 T TR I B 3 D00 5 8 3 0 1

R, WAFERIERGEAT VR, S5 Rk 3 Fror.
R 3 TREIEFR G EEEXTEL
HERG BLEU4 BLEU5 BLEU6  BLEU7
R 48.96 41,63 35.36 29.97
Google 1% 50.18 42.94 36.65 31.25
N R 51.67 44.30 37.81 32.18
AR 60.72 53.74 4747 41.88

MR 3T UEH, TR G R EIL R
TEERK. BB R G T ER AL A5 B PR
B, BESSRIRTT R G T 2 AR, JF HlZRE
PRI AT, A AR & A SR 4R
RN ARSIIESE SAN- A (ESp N Vha =

MBESC 3 At o AT DA 3 e 22 AL 28 3 R 0
RS LU, [N A 7 A 44 S VAR 7 o
Bz, HEEATE D AT R

5 ETMHEMERFEFEN

R G VFI A LA R ML A8 B 12 R St Re 4 30
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LR — PR B SCHT 43, W PR T
BLEU. NIST &P, 2y ppill BA AR, 2% &
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—UEPRNERL S IR S AR AR, 1R
POV & o X el a1 5 AR ISR G TTEA R
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PESCPHI SR BT o 30 ) 7] LARRIE = (38 SCNIE
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0 SRt
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hrets N 73RN SHE RIS, FRIRPIH
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hy = h."st (18)

17)
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he=a(WSh, + W+h, + (20)
fig = softmax(W® h_+ (21)

y=i (22)

et it HARIMMR MR, rT=[12..K]

27 AT ARG AN [F)Z R B8 SURAE, R Ak
IR, £E WMT 2014 $EAE 551 5 AME S %t
HUE T ST SR

WA BRI AEATL 25 30 23 VP DU A ke AR
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FAAE RN THEAA B HARE B SRS
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BHPEVEII LA B0 e Fe e B 5 S1ER, 2L
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kinds of other organizations have increased their use of
translation services. Considering the big market, many
companies, such as Google, Microsoft, and Baidu have
launched different translation services based on statistical
machine translation a few years ago. However, after nearly 20
years of development, the statistical machine translation
method has entered a bottleneck period. In recent years,
academia and industry are exploring smart machine translation
solutions.

In the context of the rapid development of deep learning
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technology and artificial intelligence solutions, NMT has
achieved fruitful results in recent years. In this paper, the
authors present a survey on models and techniques of neural
machine translation. They explain a simple encoder-decoder
model firstly, then describe how an attention mechanism can be
incorporated into the encoder-decoder model and the research
progress of NMT in detail. The authors also discuss the
different models and systems of NMT. Finally, the authors give
some concluding remarks on new challenges for and new
directions in future research of NMT.
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