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B, ERMLEEENRTS LSRRI, IXRAITE R FER, RN
W TIT, FHINGMFRNRIRKBD, £ WMT 2014 SfER1IEESS
b, BATBRIEGS T 28.4 BLEU HURKSE, LIIARAESE (RS
A 85 T 2BLEU BL b, 7F WMT 2014 J9EBIR 55, BANIAOREALLE
J\UN GPU ElZR 3.5 K5, HUS T 41.8 [ il iR Jeilt BLEU 734K, 1Y
H R R R R AR B —/ N o3 FRATTIEIS K Transformer B 5N FH
FHIBER D E TR ERMEL R ERIIGEIE ) , EHT
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*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head
attention and the parameter-free position representation and became the other person involved in nearly every
detail. Niki designed, implemented, tuned and evaluated countless model variants in our original codebase and
tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerating
our research.

TWork performed while at Google Brain.

#Work performed while at Google Research.
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TR LIS, R KR HNCIZ IS [13] R HEPA R4S (7], CEEIE RN N5
RN PR R S RETT T, BIANIE S AL AR (35, 2, 5], b/, DA RES 4k
SHESNIEIAIE S BRI Y -G a5 244 [38, 24, 15] HIIA ST,

B RLIE BV AR P SR RF S0 B i 3, KRB S THEIN R, BT
AR — N ERARES A by, AENET—DEBARAS he—y FINZE ¢ BRI, IXARE A A
FREREES TIIZRREANRIFFAT, REERNFIIKE TRGEXREZ, KFNNFERFIR
il 7 ESFEA AL AC TR, BRI Y TARIEIN o [21] MR AR [32] £ HHRRCR T RS
TRFEWHGE, FRINAEE—RER SRR TREIERE, AT, W T SRR LR
71,

ER IR E SO B MUESS 5 I E H RSB RN n] sl B —#B 7Y, B AVFE
AN B A\ B R 1 R B R L ORI SR TR [2, 19, 2T, BR T BB [2
71 5h, EARERSILHIER SRR L 4 &

FEIXILAE, FATHRH T Transformer BBUZEMY, IZBRIRAF T IEIAEEH, S22 M0 T
EITHURRIE S A 2 TR A 2 SRR R Transformer #BYRERS SLELE 3 50 Z 1) FF
TR, FFEAADUE/\ P100 GPU YIZR+ /NG, BT ARSI R TR ARk

2HEE

RV T H bRt AR T3 FEAZ2GPU [16]. ByteNet [18]F1ConvS2S[9] FFEA, ‘&A1
HAL GBI E N B AR, A AR AL BT I R R ER R, TEIX e
v RN A B BB IS S CIE SR FR I Ia BB (L B 2 (A PR 25 1T 4
K, XFConvS2SELZIER, X ByteNet/ 2 EH, X157 S E B0 B 2 A ¢
RENAAE [12], fETransformer, IX#R/ D N EHREE, RERMEHTESEREIM
UL BT B0E R PR, (B T 58 3,277 PR Y 2 Sk B SR AKX Fh 2 0
]

HEE (ENWARANERERT) 2—MEE N, E¥ D FHI AR E A E SR
Xk, DAHEIZFFINRR, BEEICRIIN AT 2RSS, OGRS, MR,
XARE S E S S5HES TR TFR [4, 27, 28, 22],

SEICIZ MR B TIRRER AP, AR PI RIS, H B RIESREMES 2
BUES5 LRI RAF[34],

EFAIATAN, Transformer J255 — Mg &M B 1R sk HH R H M AN R S A
, MIEHTREERFFIX TR RNN B, fE8% TRIVEE T, FATRHIE Transformer, [k
BIEEIRER, FHIeHAEN T [17, 18] #1 [9] AU,

3 BARIZRHY

R e I HIRNEE 5| FE T R F i ds- R 2R 45445, 2, 35], TEIXH, Zwid asls
FFERTRIMATY (21, x,) BHEESFRHFY (2 = (21,...,20)) o STz, fif

HEERE— I ER—MESHEETF] (y1, . ym) o EF—H, BEEZ EEIIHI[10],

BT — S IR TR A AT S A E D BRI A
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& 1: Transformer - FAYZER,

Transformer MBI AR, FEARRDERFIRAD S AR EE A T HEZRY B IER APLHIRNE 2
ERER, Al 1 e Fa R R, [

3.1 G e fFR A 2t

mdes: dREDEREH N =6 MHFRMERBMK. B—EBAMNITTE. F—MEZLkEER
JIHUEL AR R, ACE RN SRR, BRATEMAD T2 E B T75%%E
ERE (11], REREE— [, ik, SR EE LayerNorm(z + Sublayer(r))
, HH Sublayer(z) BHTEASLIMAIREL, N T HEXEREERE, BTG T2
PARAR N B dinoder = 512 4EJE 1%

fERdas: Ry thl— i N = MEARRZHBAHERRE R, bR TS M mE BRI
TES, MHESIERA THE=TR, T B RHERR HiIT 2 kR, 5%
MR, BAVER D TR B RREER, RaTRIA— 1k, TR T s
WP EERE DB, DA EXRTESAN B, IXAEN, i k& A mE— AL
BRUHESL, WRAE « BRI REROR TN T @ AR BRI ERIHI R,

32FEEN
R ERE] DA &S —H B E X B 2k, HrhAie, g, (B HE2 A&
o K MBI



Scaled Dot-Product Attention Multi-Head Attention

L
Scaled Dot-Product h
Attention

LA LI

y N A
K Q

B2 () @wlERN. (B) Z2LERNBHZMIHTBITRER N EH.

MatMul

%%,E*%M%ﬁﬁﬁ(wmﬂ%ﬂi%ﬁﬁéﬁ%ﬁ@%ﬂ@O%%ﬁﬁ@ﬁﬁﬁﬁ

321 WS RERE N

BATRBNRFABNER NN “WRREREN” (B2) o MAHZEED d, AT
, DARHEREN d, FI(EHMK. BATHEERSHTERINARE, BN RBER Vd, REN
1 softmax BRI DASRISE _ERIAE,

LB, FAFEN TR - HERIER R, FelHTeE— MR Q 1. #MEN
BHTEBER: K v, BT A5 HAER

T

Attention(Q, K, V) = softmax( ?/@
B R RO RECR MR (21158 GRME) R, ERER ) 58INE
PR, R T AEN o MR (E A A A BRBUR AR B 2R T FARA M B
BANXNAERICE R EARRL, (HRREE O ESSEEE E T, DEMRE S, BHANE
AT DA F e B2 (I AR A RE R e T2 AU R S B

WV ey

HAdp(HEVNN, IXFRMHLHIRIECL, (B TRRIdME, MEERE I ERE RIS
MTRBERNBl, BAVHEE, NTEARNGMHE, RREESER, FsoftmaxhEHEA

ﬁ§m¢%zﬁ%%7ﬁﬁﬁw%w,&M%ﬁﬂ%@%
322 Z3KFEN

HHHIT —IREA dnoaa 2EHE, EMEWRERIRE, FROTKINEL AR, I FHZ%
MG AR, EAEDHISMEBGEEIMR, 4B AN, difld,, ZHEEALE. R)F,
PAHEIRERGE IR E ), SERERAR T ITER R, 15814 4E0)

*To illustrate why the dot products get large, assume that the components of ¢ and k are independent random
variables with mean 0 and variance 1. Then their dot product, ¢ - k£ = Zfi 1 Qiki, has mean 0 and variance dj.
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i, ﬁ“ﬁ% ERGERIF RGO TR, WMmfS2IRAME, W& 2 Fir,

2 SER A R VPR R B A R IR AR RFR FERE R, R MNER
13k, SFEIRINHNXAEES

MultiHead(Q, K, V) = Concat(heady, ..., head, )W
where head; = Attention(QW2, KW/, vIv))

HA RS EUEM W € Rimaxde, WK ¢ Rimiaxde 7V € Rl Xy f]
WO c th deod]

EARTAER, BAMERT b =8 MIITIERNE (Bifrk) . N FEARE -, BAME
E T dy = dy = dmoger/h = 640 TN KIGEREERUVDN, BITERAS 2485 L= J1HH

3.2.3 FERIERRA B A g R A
Transformer 12 KIER MU, A =FRRBIHTE:
o 1E “mbhas-MER AR LT B, ERRART— MELERE, mICICEAER B %

Wi XS TEE N B A DOER AR I E M B, X
i 7 A E P8I R o SR A g b A f s e ALY, 11n [38, 2, 9]

- WSUSHERNR. EEERNED, Frar, [EMEBEHSRE R — 5
, ARG R GRS aeal— BRI Gt PRI M B AR AT DRI R g as AT — &
EI’JEﬁuE
o [AIRE, RIS EER N RAVREST S M ER TR ST E A E, '
FFUIRZAE, BAIFRER s rE R ERs), DR ARITEE, K

MEAERORRER D EREIE s (BN —oo) softmax Hit A FF TR X R T
RIERAERIINZ — R, Z2UHE 2, i

3.3 i B AR 15t R 2%

PR TERA RSN, B et s i S — R E S — D 2SR m LS, %M
200 HAR RIS A - M E BB ik, FPIRE — ReL U I,

FFN(z) = max(0, W1 + b1)Wa + b )

BREMLHREARMERHRN, HEMERRBRERINRNSE, 5t 2025
HMAMMERANN 1 HIER, MAREHAEER dooe =512, WZHERERZ dpp = 2048

o

3.4 fix A5 Softmax

5 HABR R AR, BRATIEE I 2% ST B B R A AT e iR T e o 4
dmoder PRI R, FRATTIEfEE FH I S 7% T B AU LM AR AT softmiax BRTESCRE g Al i H A48 R 1
AT —NFTeER, ERMABRIRIT, A=W RN ZFIT softmax Lt 28 [
M FIAE GRS, JX’? [30] KELAERNZEF, FATRIZEEALER L v/ dmodelo



® 1 NAREUNRRBRERE, SRERE USSR NIFRESE » Z2FIIKE, dZ2
TRHEE, K BERIIARD, r RRZREERE PRI N,

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations
Self-Attention O(n? - d) 0(1) O(1)
Recurrent O(n - d?) O(n) O(n)
Convolutional O(k -n - d?) 0o(1) O(logk(n))
Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)
3.5 o B it

BTN S @ISR, O 7 IiEBREER R FARIE, FATTEART
FEAARIE TR S4B IR, ik, FRATEGR i as Mg e AR RS “( B
7 AmEEABRAT A BgRIESIRA BB MR duege, FILHE A DU, (78
SR A ML, BURESESI B RIRNEE K [9].

FEAR AR, FRATEE RN R A IE LA ARG R £

PE(pos,Qi) = Sin(pos/lOOOOQi/dmodel)
PE(05,2i41) = cos(pos/1()0002i/dmodel)

Hrbpos BAHE, i B4EE, MR, (BN NEERN N —MEZRE, KM 27
#1 10000 - 27 R — ) LAIReR),  BAI itttk bREUR RN BA 1B & m] PALEBA AR 3] 4%
MM EHATERS), BN TEMEEAIRE R k, PEposir AT ARIRN PE,,, (I
e

PAHLZIR T RSB ERRA [9], RIXPMRASTE T JLPFHEHFERZE R (W3 3
8 (E) 1) o BADEEEAIERIA, KT AR VBRSNS I S0 DB SR 551 K
JE KA,

ANt 2R BERET

AT, BIIEEENESEEATR - PAIZRENFTSERE (21, ... 2,) B
A —DERFIN (21, ..., 2,) WEABMERZIATEEL, G0 S P81 i g S
WEPRIERZ (2,2 € RYD o NTHRMHBNEABERS, BMFET =1HE,

—EFRNEITREENE, “BADHMTHENIIRE, DUMSRIED I RIS &,

5 =B M2 K BRI AR K, 5 S KB B IRBUR V22 e S B 55 ) — KB
PRk RN ST IZRARRE 1 59— D O BE R 2802 Al AN S TR 5 1 P 45 b J ik 3 ) 12
KE, WAL P HERMEHS < MRS EEE, 7> KEERBRERE % 12],
i, FATIE AL T B AR RSP R P 4 FR AR TR D AR AT B TR BB R
JE,

WRIFOR, BIESARGTAMEIERER, HF TR ERIEER, TGN
= O(n) RIFHRME, FEIMREIRET M, SPPIREEMN, BERZAGERE LR

=AM

o]



KE n /NTFFRRAERE d, XN SSEIRR SRR R A FRorhso I, flin
Tl B [38] MIFHIRS [31] R N TR MARR KFPIRESS R HH B ERE, BIEEAA
DAEBR 915 i A 51 o DA 24 A2 B D), RN r BIRRIR, IR i K
ERERIE] O(n/r)o BATHRITEARRR TAEHHE— P WX %,

WENE < nBERNERBRTTIRERETAE AR EY, EESEIENT, XTFEHE
BO(n/k)MERR, BEEY KERIIEIN THERO (loge (n)) MERUZ[18], X RHANMLE
FREREM M E 2 AR KSR KE, SRRNEAER ZEN2NEE. AT, Ao EE
RO EFREREFKENOFE - n-d+n-d?). AW, AL =n, AJEEHNERE
HEET HERNBEMZRATHZENAS, MXERBANERR R 177,

TENMTH AL, BERD A DU B Rt pos R, B 7 BB AR
J1534, FAEMSRAPERIE ToRfl, MU MNERT A AR T HITRRIES
, T E V2R MR R 5 A7 A IERITE AR BTN,

5 )11
AR T IRA B2 75

5.1 JIIgREanitt AL

FAEFRERIWMT 2014558 50mE 3T TiIl4, EUERE 5445007 MITX, AT

3 R A A [ 3 TS, 1% dmid B 2937000 MRICH L EIE- HARRETC R, W35k,

FAVEEA THAR B RAIWMT 2014555008 48, £15736007 M)+, FHERFRIC 2 B —132
000 Ml Fr BRI 2R [38] AU FANEI A F A A T, ISRtk E—A

fIFR, BE 2925000 JEFR IC A1 250001 H FRbRids

5.2 RN E

BATFERLE 8 1 NVIDIA P100 GPU I—&aMLas LI T RATAIEEL, X T e iR
HESEIERER MG BRAFE 0.4 Fd, BATEILYIZ 7 HAAER 100,000 4
B FER 12 /0, R TFRAII AR (R 3WRE—1TiR) , KN 107D, K
A% T 300,000 PR (35K) .

5.3 fiifkas

BAEA T Adam Pifbds [201] H B = 0.9, 52 = 0.98F1 e = 1077 FATRIELA N AAE
IR R T 2 303

—-0.5

lrate = dI;(?ciSl - min(step_num , step_num - warmup_steps_1'5) 3)

XX N F AR WIN warmup_steps DINGRBRAPLRMEIGINE SR, Z JEARYESS B /AR
BB LB N STER . BAVER T warmup_steps = 4000,

5.4 [EN{k.
BATENGIS AR 7 =R/EN 7k



7 2: Transformer {ESEIARNRIAHI ST ENLIA newstest2014 I HERIT 1" L2 il e fEHERR
RUGIFH) BLEU 738, TIIZRA IR R MK,

Model BLEU Training Cost (FLOPs)
ode EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75

Deep-Att + PosUnk [39] 39.2 1.0-10%°
GNMT + RL [38]] 24.6 39.92 2.3-101% 1.4.10%
ConvS2S [9] 25.16 40.46 9.6-10'® 1.5-.10%
MoE [32] 26.03 40.56 2.0-10% 1.2.10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%0
GNMT + RL Ensemble [38]] 26.30 41.16 1.8-10%0 1.1-102%!
ConvS2S Ensemble [9] 2636  41.29 7.7-101°  1.2.10%!
Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.8 2.3-10%

5% 2= Dropout FA T4 dropout [33] BN T ENHE L, EEEMETZEHmAHHITIH—
bz Hlls RO, FRATEGRAL A AL A3 HERR IR AR B 4mhS Y S F0 =M A dropout, X
SRR BAVER RN Py, =0.16

Tfl)lléffjjl‘zqﬂ PATRA TEN ¢ = ’Jﬁ FiF [36], XRMEFRRE, RGNS
HENIARE, (H2 R BLEU 25

6 255K

6.1 HlanHHiE

£ WMT 2014 BfEBI%(E55 E, K%Y Transformer 1% (3% 2 Y Transformer (big)) Ftz
ARSI R (RFEEEAREAY) 1 BLEU 208%E it 2.0, Bl R T 28.4 [T state-of-the-ar
t BLEU 7%, R IBCBEAILFR 3 R —1T. JIZRTE 8 P P100GPU {62k T 3.5k

o B ZFRATAY R ARt i 1 T Je Al & A BB B R SR AR Y T I ZRAR S O AT
TR —/ Ny

£ WMT 2014 S75ERIRT55 |, TR ARISAEGS 1 41.0 Y BLEU 238, PEREIRTFATE
FeRi R AT R — R RO SERT R R TIY 1/4, YIZRAH T 9 EBEH Transt
ormer (big) BAHEH T Pyyop = 0.1 B9 dropout %, TfiA2 0.3,

xR, AT TIEE P RS 5 MRE RIS MER, X E S L 10 77
BRRRIFRE No X TARBUMRY, AT T Hefa 20 MaE . BAIEM THEER, RN
N4, KEETN o =0.6 [38], XEESERIEIT RS EHTRIREIEREN, BATEHER
AR A R R I BN B A K +50, {HRATRETRATZS 11138],

* 2 JEE T BANEER, FREA TR SRR ZRSA 5 SOk A H A AU T T
I:I:ixo aﬂaﬂ]ﬁﬁﬁlﬂléﬂj‘ A, A E GPU ¥ DA g GPU (82 B 1 A R G R
(EAHBRRAd I RS R A o P 7 U B OB 2 °[]

6.2 FERUAR K

T i Transformer SRRV 2, BATTDAANRRY 7T NS 7 BRATRSE AR, I
B T ESEEI SR LA TEREE (L.

SWe used values of 2.8, 3.7, 6.0 and 9.5 TFLOPS for K80, K40, M40 and P100, respectively.
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& 3: Transformer ZEAIARAR, RAIHIE S FABERIER, ATA TR E 82 AR
B RS newstest2013 _Eit8, FIIH AV 2R ARIEFA T 715 X gm Al T B &R F BR
(per-wordpiece) HIRIZE, TR 5EMA (per-word) AR EREE AT ELEL,

train | PPL  BLEU params
N dmodel dse h dy, d, Pd?“op €ls steps | (dev) (dev) %106
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 5.29 24.9
(A) 4 128 128 5.00 255
16 32 32 491 25.8
32 16 16 5.01 25.4
16 516 251 58
(B) 32 500 254 60
2 6.11 23.7 36
4 5.19 25.3 50
8 4.88 25.5 80
© 256 32 32 5.75 24.5 28
1024 128 128 466  26.0 168
1024 512 254 53
4096 4.75 26.2 90
0.0 5.77 24.6
0.2 4.95 25.5
(D) 0.0 467 253
0.2 5.47 25.7
(E) positional embedding instead of sinusoids 4.92 25.7
big | 6 1024 4096 16 0.3 300K | 433 264 213

TR, newstest2013, Tl B T E—HRTARIRINE, (MEATRERTS, Rl
L B % 3 7, i

TE28 3T (A) Y, Tl T8 T RER AT SO BOR UL R D BRI, RIS R
T, FIKAT 322 FFnA, BANSIER ) IR EZ 0.9 BLED, L2/ tha S5
TR R

162 3 HFT (B) Y, FATOEENRNER ARAD dy SIREBRUTR, SXERIE A
FERAS, It EL AR e A R A TRE R A 2500, BATHEAT (C) I (D) Hit—
225, IEMFUNIIIREE, BB, [ dropout FERESE A T EER A, (T
(E) 1, Tl ERA BRSO 7 SISO R B [9], FFIIER5] 5 HL U LTI

+
élil o

6.3 JLIEIEIX AT

N T PG TransformerREAZ AL B ELMATSS, BAHESGE R FIRAT _BEAT 15288, IXIT
RS R T REERIPkER: B 2B RRIEZR, FFEIMA RS2, 1A, E/EERE
T, RNNPAIEIFAIRREIRREIA B R eSS R (37),

BAME— L EZ) 40K YIIZRA]H Penn Treebank [25] /R H il (WS)) 289 EIIIZR T —4
dmoder = 1024 F-4 |2 Transformer, FATEAELRERE NG TE, #HH T7KE 37 (E
KEEETERVER BerkleyParser 1ERNE, 12y 17M f), X TAEEH WSIHIRE, FA16EH
T1eK AL &, NTRREIGE, BAMEH T 32K iHiL &,

BAEL 22 THFFRIE LT T /0 I RI%EHE dropout, FERAWUIRIZREER: (4 5.
4 10)  PEPTRAIRIEICD, PS80 5 R MR E s RS A2, (R
) I



7 4: Transformer TEJLBE R ATE T Bz BiF (G550 WSI 48 23 79)

Parser Training WSJ 23 F1
Vinyals & Kaiser el al. (2014) [37] | WSIJ only, discriminative 88.3
Petrov et al. (2006) [29] WSIJ only, discriminative 90.4
Zhu et al. (2013) [40] WSJ only, discriminative 90.4
Dyer et al. (2016) [8]] WSJ only, discriminative 91.7
Transformer (4 layers) WSJ only, discriminative 91.3
Zhu et al. (2013) [40] semi-supervised 91.3
Huang & Harper (2009) [14] semi-supervised 91.3
McClosky et al. (2006) [26] semi-supervised 92.1
Vinyals & Kaiser el al. (2014) [37]] semi-supervised 92.1
Transformer (4 layers) semi-supervised 92.7
Luong et al. (2015) [23] multi-task 93.0
Dyer et al. (2016) [8]] generative 93.3

ﬁ%éﬁfﬁ%gjﬁﬁgﬁbﬁﬁ@)\ﬁﬁﬂﬁ +300, FAE WSI B INE IR B AR 1R
A & = U.O0

PAMER 4 PVE R, REBZREESEE, AR NEREr, BRT
TEIRRZE I ERIETE [8] Fb, HEERM TR JERiikE R B,

H5RNNFAI2IFHIAI 371/ H,  Transformer BT (/£ 40K A1) F-FOWSH 128 _EHEFTIIZR,
HAMERET T Berkeley-Parser[29]

7 251e

TERXI AR, FAHRH T Transformer, X258 — P 7E R 5 TR NI 75 s
, EMZSLEERISIE T gt as - as 208 i W IR R,

X FBIFIESS, Transformer (VISR AL FIRFRZs G RUZIPRIIG S, £ WMT 201
4 BV EER WMT 2014 SEERAEIREIRTS L, BATHRAS T HIVERSIAT, &
RIEHESH, Tl AT OB SR T A SEAT R O S,

AT BB, HE RIS LTS5, Bl LRI Transfor
mer 3 TEEIY K SO AR DLAMIGH RIS RS 1R, HEIRS0REE, IRIER AN, DU

%}%ﬁ@%;ﬁ%@ BN KA iy A A o (AR O R R PE R R tU2 AT TR 55 — 4
FLHPR

FATHTFIIAPEE AL RS AT 8 https://github.com/tensorflow/tensor2tensor 3k HY,

4 FATIRGS Nal Kalchbrenner 1 Stephan Gouws I E SR E L. BIEFE XK,

SR
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