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Ahstract

The dommant ssquence mansduction models ane bl on comples rECuTEsE or
ermvolutional newal networks ihat mclude an encoder and a decoder, Tha besi
perfunming musich alvo comned the smaaler and dovaler tegh an allomliom
mechomism. We propie & gew simple fetwork arclitectere, the Transfonmer,
waseil solely on aneation mechanisms, dspessing with recemence and comolumons.
entrely. Fw-wlmr-ﬂmmﬂumhmﬁhh
i supericr m qualily whilc heing meon: paralielizahb

e Wi B AN, WMIEWKIHLEUMEWHTIHW
se-ierman iraredason sk, improvieg over the exisiing best resulis, incleding
msgrhles, by over 2 BLEU. O ik WAT 2014 English-to-Fronch irmslation iask,
o munke] estshlishes o new single-model stake-of-the-ant BLEL soore of 418 afier
wrwning for 3.3 days on eight GPUs, & small frection of the waining costs of the
Fsi masdiols: from tha liersture, "-'uh-lilh'l‘mhmnmhm-cllw
wiher imsks by applying i ssccessiully io Baglish comstiivency parsing boih wal
Large aamal baniten] Lraiming data.

*Eupaal comiebustion. Lebog onder b sandes. ook propesad replacing RNy sib sell-atiesinm and dasicd
kﬁbdﬂhhmﬂlhhﬁdmhhﬁnﬁm_&d
b b erucialy imvobnd i very spect f this work. ralti-besd
aticrraim arsl ihe e pnitam -dt:_-huuup—.mhd-dym
detail Niki desigrod, anplersesiad, taned and ovalusicd countless e varias in o onginal codehass s
vemsrw Sorrser. Llion sl experimeniad with revel medel variams, wos rosporsihle for sar imial codebass, s
elficiom imfeencs and visuslizations. | skasy ard Aten sponi coumtiess bong days desd gring vanos parts of s
inplerrating (s dareor, eplaing ot earlaer codehass, grealy inpring readie s massely sodiring
o ressach
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1 Intreduction

Recumemm seural nevworks, koag shon-wrm memony [13] snd gaed recarrent [7) neural nerworks
|npmrplwlmh—ﬁnnlrnhﬂllhdulwudﬁmwwdmw nvdlrhn:md
wch i and sachine lrasslatn ﬁ

MMMMHMMMMMM*MILHW

anchivecmres (1K 24][15].

Beccurment musdels typically Factos comspratation alony the syhol positios of the inpal snd veipu
Alipging the posi i Sleps in jon i, they peserale o swxguence of hidden

sumL ulmmurﬂmm n-eh.- o and ik ingan Bor posiition £ This inbevendy

o dl e o F -1I.I-|1h=||l|ru. i Iﬁnhh@m‘uﬂnﬁilﬂlpﬁ

ignifs i i ol efficiency Wrough Tactonzation wicks [Z1] and conmditional
m;ﬁﬂ.ﬂkmmlmmmmmdklnﬂmw
corsirami of sequesiial compsiation. however, remsins

Anentan mechasisim buve beoome m istegral pan of compelling soquesce modeling and Eumdee-
thiom models in vanois ks, allowing modeling of dependencies withou regard 1o their dismnce in
thie inpam or canpan sequences 2119, In all b & few cases [27], however. such attention mechanisns
are wsed in conjenciion with & recerrent neiwrk

I this weork we propose the Teansd & meede] archi eschewing aned inaead
mmmmﬁmmmmmhwmzmmmlwmml
The Transformes alkows. foor gk and can resch 3 mew staie of the art in
u_hmﬂdllyﬁ:rh:thn:lru-unlwﬂhhmmaﬂﬂmmn

1 Background

The goal of forms the fi ol the I Meural GPL

{6l a,uhﬂu-mmmg .ld-h.:u-m.u.nj_d__t.-l_xhu.,
hksck. computing hidedoa repeescatations in parallel for sl inpat and vaipt pritions. In o midels,

thee mmiber of operations sequined o relale sggrab rom peo sy s
|nd‘uimhﬂmlpumlm I'ww-dmrrmfwhuﬁmu
it mawe difficuli i lown dopondencies bofween distani T3, In the Tran this is

reducal 10 cofmlaml _hﬂm-h‘iihnﬂﬂmhﬂﬂmmﬂllﬂd:
I ing amenteon. wesghied positions, an efect we comlerac) with Malti-Heal Aneation as
described in section 3]

Sell-aneniios, symctimes called istra-aliention is as aliention mockanisn 'rlllr‘ dilferent pasilions

ol & siisgle sequence in ondes v comgle a ol the seqp B bz
madmrullymumarmunlwumﬂlu

irvial beaming task-madep srRmCT g i mmlu
Esl-ti-cmal mcmsory ks spe hased on a hanism nsteal of

mpdmﬂmmmuumullmﬂupquuthmqm

language masdeling tasks [H].

Tar the hest of cur kaursbedge, however, the Ty s the first ransduction model relying
it sl AHETILROAT B ComRIE of its il snd el willein using sejucace-
RN or comvabation. In e following sections, we will describe the Trams{ormes, mativane

seli-atienton and disosss s sdvantages oeer models such s (17118 and 9

3 Model Architecture

Mlost competitive neural sequesce massduction models have an encoder-decoder arscnare [3] 2] 78],

Hiwe, e encoder maps an ingal seq af wymbal (g | B0 0 SerEERCE

of comtinuous represeniatins @ = 3y, ..., 3], v 2, ihe decoder thes pesoraies an osipul
(o ) o sprnbis e clermel o a lime. AL cach step the mudel is auo-regresive

iE wig; the y d syl s additional ispat when g i the: peal
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Curpats
! righe)
Pigure 1= The Trarsformer - miodel archiieciure.

The Tramsfurmer felliws this overall archiieciure using stscked sell-atientson sl poisi-wise,
cumacuted layers foe bl Bhe cacuder s devuder, dbarsn in U kel ad sight halves of Fig
respectively.

Al Encoder aid Decoder Sacks

Encoders  The mcoder is composed of a stack of W = 6 ideniical layers, Bach layer has fun
The: first i o mili-hesd self-aieation mechasism. and the woond is o sasiple, poeition-
Iy comsecned feed-Torwand nevwork, We a reskiual comnection [[T] arcusd each of
dumukum Fllowaed by layer rommalization Thdu.mwnfn:hﬂb-lmll
LayerNcrm(x + Sublaver|r])}, wheee Sublsper|x) is the function i by the seb-layer
sl To Gacilitae these resdual consection, all sib-layess o e medel, o well o be
layers, produce oatpets of dimession dee = 512

Dwcuder:  The devoder is aba compreel of a stk of ¥ o= 6 ideatical liyers. In adidion o the ban
sl layers in ek encoder layer, the decoder ifserts a thind seb-layer. uhkhltffmmuhl‘ﬂl‘.l

e over The cutpun of B enoodr siack. Similar v e enooder. we employ reshilual conmec
wronnd o u1'1hl sub-layers, Tollewed by Inrr nm'rnllumln "& l|lﬂ mnMj b -ﬂm
subLiyer in the decuder slack o provent § Tram This

nwru.mmfmumwmlm-ﬂmwwmmwmuw
predictions for position | con depend oaly on the known ouguts s positions hes than i

Al Anention
An atcalion Tusction v be dewcribed s mapping s yeery and o et of key-value pain o sutpul,
where the query, keys, valies, and outpul are sll vecsors. The oulpul is competal as & wegghiod sin
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Soaked Do Product Angntes

Figues 2: {lcfip Scaled Dt -Product Astentson. (rghty Multi-Hesd Atentios consists of several
aitention layers panmng in paraliel.

of e values, whese e weight asigeed o each value is compaied by 3 compatibibicy funciion of the
ypeery with the ciemmponding bey.

A1 Sealed Dod-Product Asiention

W call our pamicoler sention "Scalsd Dot-Produce Amention” (Figere[Z). The inpin consisis of
pmeries g keys of @mersion d,, and values of dimension .. W by dhod prvsduscis of ihe
.,-—,-w':m.nm&i&:ﬁhvﬂr.m#y.-mmh:umhﬁnk“i.u_h

B prmctice, wie comipeie the atieniion function on 3 sel of quenes simulianeowsly, pocked ingeher
i a mrorin, ). The kys and valees anc aba packed iopetier min matrives B s 1. We compuic
the sistrin of oulputs as:

AttentionQ), K, V) = .ﬁ...a';'_f_n iy

The 1w mest commonly e anenmon fmcios are addiive anention (1) and dot-product (muls-

phc-dmllunlm Do - atienson is idmiical io our algonihm, excopi for ihe scaling Bcior
+ Addsres atiention compuies e compaiibility funciion esing 3 feed-foreand retwork with
hidden Layer. While the mnunﬁmmalmkm dn-mmm;m is

nﬂhﬁw-dmwmnmdm.mlmh 1 usng highly op

mutria, multiplicalin cisde.

While for small valses of & e tao mechanisms perfonm similarly, sdditive sitention suiperioms

ot psdusct amention withoul m]l-fwll.rnerv-lndﬂ'-ﬂ W suspeci thai for large values of

. the ot predats grom Large in magaitue, pushing the sllima fusctios inin segos wheee @ has
sirull grali this effect, we scale e g prodects byt

ALY Multi-Hemd Atvention

hlqdﬂl'rrfmr—llm;ll-ﬂ—!hﬁw-whd_u-dm—n—ﬂhﬂn wvalues. andl queries,
e Townd il beaficial 1o Encarly the yuerics, Leys end vakacs 1 tises with diflerest, amed
linear projections o, oy and o, dimensions, respecovely, On esch of these projecied versions of
meries, keys and values we then perform e aiiention function in parsllel, yielding & -dimensonal

T ilbasiruic whry the dhot prochecis i large. msume that the ol il E wre ink dend rarskom
warishics with mean ( and variasce 1. Thes thar dol prediuct, g - & = 57 ks, hos mean @ and variasce di.
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irput vabars. These are coscaered and unes sgain progesial, realling in the final vales as
dephonad in Flnlre

Pebulii-head amention sllows the model o jeinity attend io information Trom diffeeens represenimsoen
subspuaes st diflcrent positions. Wit a singbe aliention heal, srvenaging ishibats this.

MhuiHead( 2, K, V) = Concat{lesd, , ..., eady, jIV
where hind, = Attertion[QWT, KWE vied)

Whers the projections s parameter matrices WY £ Blestd [H g Blessd Y g lewsd
and W0 g R
In this work we employ & = & parallel smestion layers. or heads. For each of these we e

iy = al, = At/ = Hl, D i e rocdusced dimenson of cach Besl, the ioial compeisionl cost
in saemilar 1o that of single-bewd atienteen wath Tull direasionality.

A1 Applicatiom of Albention in oer Mudel
The Transformes wses mihi-hesd aention i thoee Sfferenl ways

= In “ercoder-decoder amention” Livers, te quenes coms from the previous decoder layer,
ansd the memary keys sl values come frim the cutpul of the cacsder. This alkews overy
pﬂ-.-u:maau.hjmulpn_.-u:-p‘q—mn.n_nh
ol enooder-docoder anention mech it ik 5] medels such as
iE
* The encoder comains seli-anemtion layers. bn s self-anention leyer ol of the keys, values
aned querses come from the sume place. in this case, the cutpatof e previous kiver m the
erankr Fach position m ihe encober can aeend n all posilions m dae previoes Liver of the
efcoder.

* Bamilarly, sclf-alicniaen layen i ihe decober allow cach position in the decoder 1o afiend o
all prsatasm in the decisder up o and inchaling fal pesilion. We nenl & vl itwanl
imformation fow in the decoder w prewerve the sneregresive popeny. We implement tis
ﬂ*d’wﬁh—:ﬂﬁd#ﬂhﬂhm&lmm(mglu — % b all walwes in ihs inpast
o the sofimas, which correspunl o illegal comections. See Fipare[J]

A3 Positiva-wise Feed-Forward Networks

Ba mddivkon o amenteon sb-lapers. cach of the layers | o encoder and decodsr contains. & Pally
comectod Tod-foraard network, which is applied o sach possson separsiely and ideniscally, This
commisis of twn linear trassfomations with 3 Rel. L activation in betwom,

FFN{xr] = maxi), sl + & JW; + by [F{]

While the liscar irassloemadions are ihe same scross dilfferen) posilions, they ase dilferent

oo layer 1o layer. Ancther way of describing this is a8 rwe comvolutions with kemel see 1.
The dimenssonality of input and cutpul 5 deesy = 512 and tho inser-layer has dmensionalivy
dyp = HHE

A4 Embeddings and Sefimas

Similarky 10 other sequesce wansduction models, we e keamed embeddags 1w comwen the inpu
tkieres rsd ARG 10k 10 veonors of dimermion de.g. We ilss wse the il bearsed bnear ransfon-
mation arsd softmax Fenciion o comven ihe decodor cutpul & predicied nevi-token prodabilities. In

wrar miakel, we share the same: weight matia, between the e conbobng layen anl the pre-sfime,
liwesas Bears forrnation, similar o X0, In the emberkding layers, we maltiphy thine weights by o T,

L]
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Tabde I: Mlasimiins path lengihe, per-layer raamsber of
for diffeven layer vypes. nuum]lﬂtrkﬂm dll&ww & is the ko]
siow of comlutions and r e sise of e neighbaorhond in ressicied solf-atieniion,

Lagyer Type Compleaity ot Layer ;_ stial  Flaximmein Pah Length
Sell-Anenton [ETETT] ] (O]
Recurnml Edin -y Kn) £l
Corolutional k) 1) laminl)
Sell-Anertion iresiriciod) Hr-m-d} o1 imrl

A5 Puositivmal Encoding

Sincw oer mede] contsns ne reoummes and o cosvalation, in onder e e maoded o ke e of the
e o the sisssoe. we T inject some information shein te relative of absolte positen of the
tokeas in the sequence. To this end, we ad "pisitional cacodisgs” o the mpet embeddings i the
batioms of the encoder and decder stacks, The positi Bave the =ame d

. b bbb, s et the bww can be surmmed. There are memy chosces of postrsl mendings,
learsed ard fined 5.

I this weork, we e sine and cosise functions of ddfferesi freguencies:

PE e 30y = i s [ DO et
PEjpasaiin) = ooslpos WHIP! =)

where o is the position asd § i the dimession. Thal i cach & iom o e positional b

coTespiels o @ sinissid The Henigihe Toim & g 1T bon from 2x o LOGOD- 2v. We
chase this funcsssn becaise we Rypothesized & woukd sllow the model o gasily kam o anesd by
:lgmmnml’wmhﬂoﬁ-ﬂk P E paess san ba pepreseniod as a bnoar funcson of

Wie also enperimenied with ssing leamed positional I instsad, and Townd that e 1o
versioms produced nearly identical resulis {see Table [Frow (L1 Wa chose the simesokdal verson
hecauss it mary allow the masdel io extrapolsin in soquemce lengihs losger ihan ihe ones eneouniered
durig trairing.

4 Why Sell-Attention

hhlmwmmmddﬁmn—hmhlhmuﬂm
tiol laryers comsondy wel Tor mapping ose
(4| 0 amthier soguence of equal length (), ..., 5,0, with #,, 2, r :I:‘ susch as o hidden
layer in a typical sequence transduction encoder or decoder. Maotivanng oer use of self-atiemion we
cormider three desiderata

Mhhuﬂwmpuhyuh;‘unu:“dnwmm

ﬂuhllﬂpﬂhhp‘h-mhwmpmmhm Lnrrruh'l.rmpl
& by ch ks, O ey Eacton affocting the
ﬂllnrmmmmmkumuummwuunmummm
traverss m the netwark, The shorier these patke hetweon any comhisaton of positions in the inpn
and il squesces, the casier il is o keam long-rape depesdencies [T, Henoe we sk compare
the st i ik length Betwees sy 1o inpul asd cupul prsitioss is neteorks composed of the
diffevent layer types.
ﬁlnﬂdiuMluHﬂlmlﬁwmﬂdlﬂ ims with st number of seq
d o layer seques ©]n) sequential operaons. In lesmm of
ol i '._ I jon layers are Easter than recurmet |ayers when e sequesce

]
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lengeh 1 i smallcr than the sepresenistion disensicnslity i, Which is most ufies e cse with

SO used by - thee-am meeadels in machine ranskaions. sich os word plece
L8] arsd beyte-pair [X1] jimms. T improwe o i tasks £
wery bng soquesces, self-abieniion coulbd he ] ich r-Irn ghhorhood of dae rin

hmw.ﬂnﬁmuwmpﬂm This weould iscreass the masinsm
path length o (2]r v |, We plan 1o imvestigan this agproach farther in fulure work.

A smgh commbtional layer with kemel widds & < w does noi comneci all pears of ingas ad ouspat
pesitions. Dhmg so requines 3 sack of Cn,k] commelusonal layers in the case of contiguoms kermels,
|.i'fJ|JmI:r|'|]ﬂﬂndmwmmwuﬂhﬂd&wm
berween any T positios in the serwork. O
recurresi kivers, by & facior of &, S-Irplmihw-vrllllnl'nﬁ mm‘smllwr
comiderably, & Ok -n - d 4+ 0 - d%), Even with B = m,
wmumntmuaummu-muummm
the approach we ke s oer madel,

A wide Bene e, sel-atienson could yield maore micquviable models. W inspect stention deinbatioms
fromn o mosdels anal present asd divcess coanmgles = (e sppendi. Nol oly do indisidesd llenten
s chearly lears v perform different srks. many appear o exhibs hebavior refated o e symson
and semantic sinctene of the semtences.

& Training

This section describes the wrainimg regime Tor cur models

51 Training Dula and Daiching

We arained on e sandard WMT 2014 Erglish-Cermam datmsen commisting of aboui 4.5 mallion
seniencs [uin. Senimaies werr mosked using hyic-pe enending (1], which has 2 ssared -
mmm;.;msmmm- For Eaglish-Freach, we usal the signilizanty Lups WHT

halch comtsned 3 sl of senicecs peies colaining sppeasimately P00 source ke ad 2500
Iarget Ikers.

51 Hardware aid Schedule

%mﬂm‘wmmmmrﬂ.ﬂ with & NYIDIA IO GPUS. For our hass medels using
e doscribad by paper, cach irmming step inok abowt 014 seconds. We
u-dﬂ:h-mkhh-uﬂllmtpwllh-n. For tur big el fdescribe on the
boanom Bne of table[T), step time was 10 secomds. The big mixdels weee tramed for 300,000 sieps
135 daysh

53 Oiptimizer

We d thee A optimiser [0 with 4, < 0%, 6 = 0098 and « = 107", We varled the learming
rarig v i cowrss of irening, sconedng i the fomels

frate = 200 msdind step_resm ~™, step_um - warmeg_steps 1) 3k

ﬁl!mmwlm:h lwun;mhlrlrhﬂu firsi warmagp_sheps irainmg siops,
wd e iy i the imverss spuan ool of dhe siop rember. We used

l'unuup_'&-p.l = AL

54 Hegularication
We cnipliy throe 1y pes of negulaizstion dersg raising

7
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Tabde 2: The Transfomer achives bener BLEL scores than previois staie-of-dhe-an models on the
Englah-in-CGierman and English-so-French newsiesi 2014 iesis a a fraction of e raming oot

okl HLEL Traming Cos (FLONS )
Fﬁ.g. EN-FR EN-DE  EN-FR
“HyiHe (16 23
Deep-Adt + PosLink [55) ELE] L0 1
CMMT + RL 5] M4 A 221000 1410
Corwi15 ] 2506 ADd6 WA LS
Mol 23] 203 anSe T0-107  1.3-10
[oep-Adi + PosLink Ersemble (1] A - 10
GMMT + B Ensemblo (18] IR LR L N
ComwE1% Ensemble (5§ 5 4l IY-107  n.g-1et
Tramsformer (hase meodel) EENECE] 3.3 10"
Tiamadorsser (Hgh - ¥ 418 23 10"

Wsidusd Drnpsut  We apply deopout [57] 10 the cutput of cach sab-layer, hefor il is sidad o the
s e iaguat el mrmaadizes 1 ichthen, we apply dropaet ve e gisma of W mlechlings snd the
peosdtional encodings m both the enonder and decoder stacks. Por the base maodel. we use & rawe of
Piroge = 1L

Label Smaonthing  Dunng ssining, we employed label smoothing of valee ¢, = L1 [16). This
hares pemplenily, as the meske] leem 1 be mare ussues, but improves soanssy and BLEL s,

& Hesulis

Al Mlackine Translatisn

O the WMT 2014 Englisk-to-Crersian rasslation sk the big iramormer model (Teass fonmes (bigh
i Tabbe [T} outperfoons the Best previeusty repomed modek ineluling cosembles ) by mose e 2100
BLEL, establishing a mew siate-of-the-an BLEL score of 25 4, The cosfiguation of this model is
|||.Id-1hhﬁnhqnf1ﬂhﬂ'[‘|_q|;lmt1'ih-mnFlmmmeh--d;l
.ulpm-luhlg. bilsby e, o Eraction of the raising cos of sy of
e coAnpetative mnosdels
O the WT 2014 English-so-Fresch iraslation ek, our hig madel schicwes 3 BLEV scong of 40,10,
wsiperiorming all of the provicush pubbshed singhe masdicls, a1 ke than 1,1 the rairng aos of the
previous sae-ol- (e model. The Transfonmer (g miodel wained for Engloh-to-French used
dropost re P = 011, insiead of 1.3

Hrrll'lhl--nhll.“uudamﬂl-ﬁlﬂhumdhtmﬂhhﬂﬁchshmm-huh
were wiiltes o |0-minue intervale. For the hig models, we svermged ihe ke 30 checlpomts. We
used beam search with a beam siee of | and lengih penalty o = 016 [JE]. Thes: byperparameters
were chosen after exporimensmion o fhe devebopmen sel. W st the manimam sutpn kmgth durisg
infereecr o mpai kengih = 0, bl tormanaie carhy whes possabbe (16

TIHE o esulls aial COMHNeS oar | lathon qualicy asd maiming oosts o olber mods]
architeomires from the lilerature. We estimae e mimber of lomng pom operations wed b irmin
micakel by mubiiplying the irmming time, ihe sumber of 0P used, and an estmaie of e susisned
sitggle-proviion oatisg-point capacity of cach GPLU

6.1 Nheded Variatiom

T vl whe fmips of differem of the Tr we varied our hase mode]
in different ways, measring the change in performance on English-io-German rarslanon on the

"iie e vaduaes of 28, 3T, 6.0 andd .5 TFLOPS for K89, K40, M40 asdl PI0, respectively,

Original Image

Tabe X Variations on the Transfomer archiiecnmse. Unlisied valies are iemtbcal we those of the hase
meskel. ﬂ.ll-mmonrhe English-so-Caerman iranslation developasem set. rewsiesiZH 3. Lisied
I i o Beyke-pair encoding, and should net e compared in

p-:ﬂmmlﬁhrtn.
) irais | FPL  BLEL  parsms
KN odwga  dg b e de e e aeps | (dev)  idev) w100
base | & 912 3K ®  6F 6d G i INIK | 492 358 63
1 31z a2 s
A 4 1= s S 255
6 3 ar FEYITT
2 e b s;m %4
5 3 CA T A
3 Apl 244w
] YT S
i sl 253 m
£ i3 155 @
iCh L iz o 535 M3 0@m
[E1+0] [P ash 260 155
1024 512 154 08
S5 435 K2 m
[Ty 57 iu
02 ass 24
o oo 457 183
o2 547 257
iEl pemitiomal cribedding incad ol smusaid i 57
by | & Wi 506 06 [} WK | 433 34 203

developinesl w1, SewstsrM 3. We el beam search s described in the previeus section, B oo
mmm.mmwmlunw
hwmlwmhmﬂmﬁiﬂh&ﬂhm and value dimerminas,
keeping the ameunt of vompulation timbal, as desrbal in Soctim Whik: single-head
antenton is 0% BLEL worse than the best sering. quality slso drops off wiih e many heads.
I Tahle! W(Bhwmﬂm:kmmmdnhﬂl-oﬂmhlr ‘T‘hll
sugpests compatibility is nol ey and Sl 5 mone
mummmkmmmmmmmmunwimuumm
iger meodels are better, and dropoun s very belpful in avoiding over-Suing. In row (K} we replace our
iy wiih leserned) posr gs 19, and observe roarly weniical

restilis o ihe hase model,

63 English Constituency Parsing
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1 The Trareformer - mixdel architecture.

I Trmaformer Felliws this overall archiieciure using stacked sell-atienion asid posi-wise,
consecied layers For both e cacoder and decoder, dhown i e le and gight halves of Fig

respectively.
Ll Encoser and Decosder Stacks
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