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Abstract

The dominant sequence transduction models are based on complex recurrent or

convolutional neural networks that include an encoder and a decoder. The best
Z5 AL HE DU QITCIol CITCIS ERSHE BT 28 MYY T BYT NFYS V(e
3|

performing models also connect the encoder and decoder through an attention

mechanism. We propose a new simple network architecture, the Transformer,
2|0 ds 22 oEHld BAHLSS Soll A2H2 HRHE HESH| = st

based solely on attention mechanisms, dispensing with recurrence and convolutions

entirely. Experiments on two machine translation tasks show these models to
2 =20M= ol LIS 7|82 2 ofh ottt S &S 2t HiAlst M22 Hest HESRS
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be superior in quality while being more parallelizable and requiring significantly

less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
2702] Z1A| S atAjof| chet dels Sdlf O] 20| F& HOM 245tHME ¢ =2 EZet 7tsst
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to-German translation task, improving over the existing best results, including

ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
22| 2Y2 WMT 2014 F0{-5Y0f 1 D0l M 28.4 BLEUE 23, dd=2 Zelet 7 2 ¥
Z1E 2 BLEU 0|4 24FA|ZICE,

our model establishes a new single-model state-of-the-art BLEU score of 41.0 after

training for 3.5 days on eight GPUs, a small fraction of the training costs of the

best models from the literature.

=2 O
Chd 2 2|10 £F 45 BLEU S 7|32, ol= 280 1 21 95
LT =145,

1 Introduction
1 ME

Recurrent neural networks, long short-term memory [12] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction problems such as language modeling and machine translation [29, 2, 5]. Numerous
S5l =2 U8Y, I M= [12] Y AHI0|E &2 [7] 1 3Y2 210 2 7|A ¥ [29, 2, 5] €2
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efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31, 21, 13].
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*Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and started
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the effort to evaluate this idea. Ashish, with Illia, designed and implemented the first Transformer models and
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has been crucially involved in every aspect of this work. Noam proposed scaled dot-product attention, multi-head
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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
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tensor2tensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
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efficient inference and visualizations. Lukasz and Aidan spent countless long days designing various parts of and
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implementing tensor2tensor, replacing our earlier codebase, greatly improving results and massively accelerating
Lukasz?t Aidan2 tensor2tensor?| 0j2 228 HAot1 735t 0| ZEH|0|AE ThA|stl ZutE 3| 7H4d 5t
ATE S 7H45hs ol & 4= 80| B2 g8 2Rt
our research.
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Recurrent models typically factor computation along the symbol positions of the input and output
sequences. Aligning the positions to steps in computation time, they generate a sequence of hidden
#8 DU ANHORD U U 2 AFAQ| 7|5 YIRS T2 A4S AL SHBITE

states hy, as a function of the previous hidden state h;_; and the input for position ¢. This inherently
AlLE A|ZEQ] THAOl 2|2 S CHEAIA, O] 24 HE ht—11F 2|2] t2] Y2 42 St 29 HElf hte
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sequential nature precludes parallelization within training examples, which becomes critical at longer
sequence lengths, as memory constraints limit batching across examples. Recent work has achieved
0218t =2H 22 w2140l E42 siE ollA W EotE 27107 5to, 22| AHofe= QIah offA| 2k 8|
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significant improvements in computational efficiency through factorization tricks [18] and conditional
computation [26], while also improving model performance in case of the latter. The fundamental
22 gF0ME et 718 (18] AR AL [26]5 Sl Al 284S I AT, =49
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constraint of sequential computation, however, remains.
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Attention mechanisms have become an integral part of compelling sequence modeling and transduc-
tion models in various tasks, allowing modeling of dependencies without regard to their distance in
the input or output sequences [2, 16]. In all but a few cases [22], however, such attention mechanisms
O{EllMd D FHLIS2 Theh A0 M 2ot A A 2R U Het RO A0l 47} £[/on, Y £
£ AZL0MO H2lof 2AIS0] S5dE RIS 4 U sttt [2, 16].

are used in conjunction with a recurrent network.
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In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.
2 A0ME &2t2 HiAIstL CHAl Ol DA LSS AFESH0] Yut 23 2t0| MY T84S Z2fote
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The Transformer allows for significantly more parallelization and can reach a new state of the art in
translation quality after being trained for as little as twelve hours on eight P100 GPUs.
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The goal of reducing sequential computation also forms the foundation of the Extended Neural GPU
[20], ByteNet [15] and ConvS2S [8], all of which use convolutional neural networks as basic building
block, computing hidden representations in parallel for all input and output positions. In these models,
2} AlARZ £0]2{= 2H = Extended Neural GPU [20], ByteNet [15] & ConvS2S [8]2] 7|Et0|7| < 5}Ct,
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the number of operations required to relate signals from two arbitrary input or output positions grows
in the distance between positions, linearly for ConvS2S and logarithmically for ByteNet. This makes
Ol2{gh ZRIOfA Aolo] & A& E= £ 2|29 M= E AT O B2 ALt = 21| 2 H2(0f| T2t
Z7t5tH, ConvS2SOM= MEAH 22 ByteNetO M= 2422 SIIHC

it more difficult to learn dependencies between distant positions [11]. In the Transformer this is
0|2 sl M2 B 2|2] 2te] &4 & shE5H7|7F o ol elct [11].

reduced to a constant number of operations, albeit at the cost of reduced effective resolution due
to averaging attention-weighted positions, an effect we counteract with Multi-Head Attention as
described in section 3.2.
TransformerOil A= 0|2 Y5t ALt =2 SQICE T2t Ol 7HE 2|7t A
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Self-attention, sometimes called intra-attention is an attention mechanism relating different positions
of a single sequence in order to compute a representation of the sequence. Self-attention has been
27| o2 QIERL O{HIMA0|2t 1 & St, A|HAL| B S Albtot?| ol T A|HAL M2 THE 2IXE
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used successfully in a variety of tasks including reading comprehension, abstractive summarization,
textual entailment and learning task-independent sentence representations [4, 22, 23, 19].

A7 Ofd 2 Soff, 42 20f, HIAE §Ho| U Dot Raet 22 BH ofgS HIR S Cheh 2HA0f A
HBHo=2 A2E|C} (4, 22, 23, 19].

End-to-end memory networks are based on a recurrent attention mechanism instead of sequence-
aligned recurrence and have been shown to perform well on simple-language question answering and
language modeling tasks [28].

ST U2 HEAI= AL Y2 & oidl =8 OfHld HHUSS 7|82 2 5toy, ZHEket ¢10f 2913 H

2 A0 2EY AN 28t 5SS E0ls A2 LIEHHTE [28].

To the best of our knowledge, however, the Transformer is the first transduction model relying
entirely on self-attention to compute representations of its input and output without using sequence-
aligned RNNs or convolution. In the following sections, we will describe the Transformer, motivate
J2{L} 22|17t Ob= $t Transformers= A|ZA 22 RNNO|LE P42 ARSI @D M2 o2 27| OfEIMOo|
o|25t0] Y} EHo| HHS Albtste 2|z2| #HE 2EO|C

self-attention and discuss its advantages over models such as [14, 15] and [8].

ttE Aol TransformerE Y3, 27| OfRIdE AtEst= 2 HE AAISHH, [14, 15] 2 [8]2t 22

S H0j| HIsh A47| O{RlIMA0] Zh= HHS =2lsttt [14, 15] [8].

3 Model Architecture

3 24 0F7| &l

Most competitive neural sequence transduction models have an encoder-decoder structure [5, 2, 29].
CiREe 243 e ME AEA Bet Q-2 03 H-O| 3 25 2=C0t [5, 2, 29].

Here, the encoder maps an input sequence of symbol representations (x1, ..., &, ) to a sequence
of continuous representations z = (z1, ..., z,). Given z, the decoder then generates an output
OI7IM A 2H= 7|2 B2 Y AL (x1, .., xn)E HE B 2= (21, .., zn)2| AL 2 OB}
sequence (Y1, ..., Ym) Of symbols one element at a time. At each step the model is auto-regressive
27t FORAHU CRHE 29 7|2 AEA (v1, ..., ym)S B HOfl StLof A% dgsttt

[9], consuming the previously generated symbols as additional input when generating the next.

ZF CHAoM 222 247127 H0[0] [9], THE 7|28 dde Wl 0|0l MEE 7|28 27t YH o2 AREsitt
The Transformer follows this overall architecture using stacked self-attention and point-wise, fully

connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.

Transformer= QIR L2 250 2 SE 27| OfRd U 2|28 2t HE 1SS AFESH0] 02fsh XA
O |HIXE =0, Ol 22 O 19| IF1 2EX Z8Hof A|A|=[0f AUCE

3.1 Encoder and Decoder Stacks

3.1 9126 9 C2cf Al

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
QRH: QFHE= N = 6712 Yt ASE A2 #2222 FHECL

sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-

2t AS0ll= 2702 k9l AIS 0l UL
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Figure 1: The Transformer - model architecture.
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wise fully connected feed-forward network. We employ a residual connection [10] around each of
A HR= OFF &5 A7| | AU SO0|L, & HRl= Tt 228 2t 91 E O EXRE HEQ I,
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
& offl AlS 2f2fof 2kt AZE [10]2 A&t = 2i|0]0] Ytet [1]5 AE.HT,

LayerNorm(z + Sublayer(z)), where Sublayer(z) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
=, 2t 519] A2 222 LayerNorm(x + Sublayer(x))0|04, 017| M Sublayer(x)= 5t¢l HIE A7t 3iSH=
g4=o|ct,

layers, produce outputs of dimension dmege; = 512.
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Decoder: The decoder is also composed of a stack of IV = 6 identical layers. In addition to the two
CIZ2H: H2H YAl N = 6702 =Lt &2 4ot dstet.

sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
2t QIR AIZ2| & ot A0 Hall, tI2H = QR ARO| £20] Cfisl] CHS sllE OIS =AliSt= M A
Sk9l AlSS 27Kt

around each of the sub-layers, followed by layer normalization. We also modify the self-attention
QITCIRt DRRIVIAZ 2t 5te] AE F2I0f 23 25 HE% = 0|0 YratS HESHH.

sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
3t C) AT ARKO| 27| OfEM B19| HES 23510] 2t 9I2|7} 01 92|12 HZ51A| Lo 2 BiC}
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position ¢ can depend only on the known outputs at positions less than 7.

2 = YIS 171 AR US 2BAM5H= Aot ZFE(0] 212] i9] 0|S0] (20t 2f2 9|22
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3.2 Attention
3.2 Ol

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
OfS Bt F2lot 713t 4 RBHS 2200) O3 B4R MYE 4 900, A2l 7|, ¢ Y 2¥e 2F
HIE{ O]

of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

WEC IS E AN, 2t ol 2 EE 7SR Helt Y 712 2t 2 A ATt
3.2.1 Scaled Dot-Product Attention
321 249 2E W& ol d

We call our particular attention "Scaled Dot-Product Attention" (Figure 2). The input consists of
fele f2le EY oS "AAY 2Y LA offld o2t SECHAE 2).

queries and keys of dimension dj, and values of dimension d,,. We compute the dot products of the
YA dk 2| #2|et 7], 22|10 dv 2FHe] gfe2 Y EL. 32l WA S ALt
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

g 20 (A1) 272 28 WA ofHd. (EZ) HF ol = oHIE2 {2 Offld AIS0| 3E 2 2=
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query with all keys, divide each by /dj;, and apply a softmax function to obtain the weights on the
values.

2E 7|1t Hele WA S Attst, 242hE /S dkZ Lz O AT EMA Gt~8 AHZ510] 20)| st 7IS2IE
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In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix ). The keys and values are also packed together into matrices K and V. We compute
HA2= H2| Yol oigt ot &5 A QO &M KO SAIOf AlLhstet. 7(2F 2t 22 Al K 2 Vo
N F=Ch

the matrix of outputs as:
£ A2 L33 20| A thstct

T

Attention(Q, K, V') = softmax(
vy

WV ey

OfHlH(Q, K, V) = AZLEMA 5 (QKT /dk)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor

of \/%Tk. Additive attention computes the compatibility function using a feed-forward network with

7t YU O 2 A& 271A| Ol e 71t Of§ld [2] 2 LA OfFIE (54 o) Ol L
OHIAE A YT AAE A|QISHH 22|2 ¥n2|Snt SYSIT v dko|Ct.

a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
JHEOHIER HY 24 AIEE Z= DIEEQE UER IS AFESI0 Z8hd gt Al LtsetT),

much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

T YY2 0|2 SEEIH RASHAIDT, WA 0|2 NE2 2| Mele dE 5 Z=8 ARESH0] 1eig &~

ALBZ HAZE U WED 22| 2520|C}

While for small values of dj; the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dj [3]. We suspect that for large values of
dke| 2tof 2t2 W= 27| B|AHLIS| ‘§50] FAISHA|ZE, dke| 20| 2 W= 7Ht Offid0] AU YSHA| 42
L2 ORI 20t 24510t [3].

dy, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients . To counteract this effect, we scale the dot products by ﬁ.

dkol 20| S48 L2 7|7} A ATEYA 347} TE2 2 D2fC/AES 2 YOR SOjICtD
ZZ3ICH4. O B A517] 2I3h LA okE AAY ZHBITH

3.2.2 Multi-Head Attention
322 0F 5|& oM

Instead of performing a single attention function with dj,,qe1-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dy, di and d,, dimensions, respectively. On each of these projected versions of
dmodel2tQ| 7|, 2t L R2|E AB3te T Ol 5 £3ll5k= Ui, M2 COHE S5E A AMYE
AHEsto] 2|, 7] L 2fS 22t dk, dk 2 dv 2t 22 ha] MY A Ste 20| [elstihs AtdS YHzi0
queries, keys and values we then perform the attention function in parallel, yielding d,,-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
O CH3 Ol Al Akl #2l, 7| Y 2f 212{of Clisl O{Eld &5 HB 2 +Alst0] dvale =3 S
H=Ct

depicted in Figure 2.

0|52 HZTH = CHAl T ARSted 2| 248 €20, 1 F2= 113 20f A|A|=[0f ATt

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

LIS 6= OffId S ALEotH 2E0| M2 CHE 2IR[0M MZ CHE B Beate] 20| 3522 F28
7122 4= UCH Y Ol S| ES ALEotH stz 26l 0]2{st 7[5 0] AlgHE T

“To illustrate why the dot products get large, assume that the components of ¢ and & are independent random
variables with mean 0 and variance 1. Then their dot product, q - k£ = Zfﬁ 1 Qiki, has mean 0 and variance dy.
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MultiHead(Q, K, V) = Concat(heady, ..., head, )W
where head; = Attention(QWiQ, KwWE . vw))
0{7| M headi = Attention(QW Q i, KW K i, V W VO|C},

Where the projections are parameter matrices W2 € RémowrXds WK g Rebmosaxdic 17V g Rebmoser v
and WO € Rhdv>Xdnodat,
07| £ 2 o7 W QOILY,

In this work we employ i = 8 parallel attention layers, or heads. For each of these we use
O A70M= h=87le| EE Ol A F, 5 =5 ALSSiCH

di. = dy = dioder/h = 64. Due to the reduced dimension of each head, the total computational cost
2} 5| =0i| Cial dk = dv = dmodel/h = 645 AI-ESICt,

is similar to that of single-head attention with full dimensionality.

2t SllE2] 2H210] 20157| WEOf WA ALt HIE2 A AHHS A8ot= T 5| = OfHId2| Z 2ot RAISICE
3.2.3 Applications of Attention in our Model

3.2.3 22| 2Hoj|IMOf ot HE

The Transformer uses multi-head attention in three different ways:

Transformeres LS &llE O{EIES 37t2| A2 =2 ALESICEH

e In "encoder-decoder attention" layers, the queries come from the previous decoder layer,
and the memory keys and values come from the output of the encoder. This allows every
position in the decoder to attend over all positions in the input sequence. This mimics the
typical encoder-decoder attention mechanisms in sequence-to-sequence models such as
[31,2,8].

"QIRH-CRE OfFHlE" AS0 M= H2l7t O BI2E ASoM L2, B=22| 7|2t Zf2 AREHe| £S20fA
LH2Ct 0|2 Sdff CIZEHQ 2 1217 4 A[EA9 2E 2|20l Offld S 4= ATt Ol= [31, 2, 8] &2
AHEL-FE-AEA 20N AMESh= ARl QIR H-L2H OfHld KU SS 2Ysticth

e The encoder contains self-attention layers. In a self-attention layer all of the keys, values
and queries come from the same place, in this case, the output of the previous layer in the
encoder. Each position in the encoder can attend to all positions in the previous layer of the
encoder.

QIZC 0= 27| Ol A 20| ZeHEICt. 247 il AIS0MeE 2 71, 2k, #al7t sYst X0l U420, 0|
F20= I2HO| 0] A& SHO|M LI2C} I2HO| 2 ¢|2|= 2 Olﬁ ASel 2= fI[0f ofHidg &
ALE.

o Similarly, self-attention layers in the decoder allow each position in the decoder to attend to
all positions in the decoder up to and including that position. We need to prevent leftward
information flow in the decoder to preserve the auto-regressive property. We implement this
inside of scaled dot-product attention by masking out (setting to —oo) all values in the input
of the softmax which correspond to illegal connections. See Figure 2.

UW”HIE CIZE2| 27| O|lIE A S0M= C2EH2| 2 2|27t sliE #1321 Zetsto] 21 0| M7tA|Q B2
U U120l Of|lIdEr 4= QAT 27|27 £HE RAISHT E|:“1‘|01| i R gyoz eIt sE= A
%*ZIOHOF oI} OIE Rloh A 2 LA oHld LIROIM 518%|A| o= B0 siYste ATEMA g

Q20| DE 22 OIAYSI0l —wOR MBI 18 28 HE5Het
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3.3 Position-wise Feed-Forward Networks

A8 DERE HESRZ
In addition to attention sub-layers, each of the layers in our encoder and decoder contains a fully
connected feed-forward network, which is applied to each position separately and identically. This
OEl M 512 AlZ2 H=20] QI2GQt CIREL| Z A Z0= 2t ¢ ZE =X HER| IV ZoE|H, O
HERIE= 2 2A=[0f| 7HEH = SUsHA AEEC
consists of two linear transformations with a ReLLU activation in between.

Ol= S2t0f RelU 227t U= 2749] e Hate = g Ett

FFN(z) = max(0, W1 + by1)Wa + bo 2
FEN(x) = max(0, xW1 + b1)W2 + b2 (2)= &2|stct.

While the linear transformations are the same across different positions, they use different parameters
from layer to layer. Another way of describing this is as two convolutions with kernel size 1.
MY Het2 M2 OHE 2|0|M SLotA| 2, AISOMCE M2 CHE D7 4~E AL ST} 0|8 2%5te £ THE
P27 2717F 101 2719 eHdEe 2 E= Ao|tt

The dimensionality of input and output is dmeder = 512, and the inner-layer has dimensionality
dyr = 2048.

01211} £210] YL dmodel = 51201, LIS #20| 2422 dff = 20480]C}.

3.4 Embeddings and Softmax

3.4 QYU ATENRA

Similarly to other sequence transduction models, we use learned embeddings to convert the input
tokens and output tokens to vectors of dimension dy,04e1. We also use the usual learned linear transfor-
CHE AlEA Hoh - ORRIVIZ| 2, SHEE UGS AM8ote] € E20 238 £33 dmodel 2H212] B2
bl

mation and softmax function to convert the decoder output to predicted next-token probabilities. In
5 UBHHOI SIS E MY BB} ATEMA B4 2 AR50 C)2E 23S 0|5 12 £2 8§82
Hetotet,

our model, we share the same weight matrix between the two embedding layers and the pre-softmax
linear transformation, similar to [24]. In the embedding layers, we multiply those weights by v/ dodel-

2| 2AOM = [24]2F FASHA 2702] YUHIE AS2 ALEMA O] Y HEH ALO|O|M SYT 7HE A
22 SHUCL GHIE ASM= 3l 71S52(0ll v dmodelS &ttt

02 Ho

3.5 Positional Encoding
359z 2124

Since our model contains no recurrence and no convolution, in order for the model to make use of the
order of the sequence, we must inject some information about the relative or absolute position of the
tokens in the sequence. To this end, we add "positional encodings" to the input embeddings at the

22l QNS 85 PYIE PO U0 AHL SAE BESHAN AUL L) S20| HojE F
o2 9Ixlof et S FYBHOL SiCt 012 2I3) Y2 YsITol A3 AR S ZIteict
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Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, k is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

B 1 M2 OE AS RY 2t 32 20|, AT SHE & &2f A4o] 2|4 314 n2 A[@A Z20[0|1, d2
B 2HU0|H, ke EdEel AHE 327|011, r2 Algtel 27| Of&I440]|M 0|2 27|0|Et,

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations
Self-Attention O(n? - d) o(1) 0o(1)
Recurrent O(n - d?) O(n) O(n
Convolutional O(k-n-d?) 0(1) O(logi(n))
Self-Attention (restricted) O(r-n-d) 0O(1) O(n/r)
AE R ASY SE= &aF A4 2o F=2 ZO0J A47] offllid O(n2 - d) O(1) O(1) &2 O(n - d2) O(n) O(n)
gd& Ok - n-d2) O(1) O(logk(n)) Alete! 2t7| Of&HE O(r - n - d) O(1) O(n/r)

bottoms of the encoder and decoder stacks. The positional encodings have the same dimension d el
QIACIet C| 2 ABKHO| SHHHO|CE,

as the embeddings, so that the two can be summed. There are many choices of positional encodings,
oIz Q1RG22 ALt SUSH 22 dmodelS 71RE2 F HEE HE 4 T},

learned and fixed [8].

R EEECR L

A3 e 212 ARG S BIRH CHLet 213

=]
In this work, we use sine and cosine functions of different frequencies:
&2 AF0M = MZ CHE Fob40| ALQl SHot FARQI &5 ALE ST

PE(p05,2i) = Sin(p05/100002i/dmodel)
PE(pos,2i4+1) = COS(pOS/lOOOOzi/dmodel)

where pos is the position and : is the dimension. That is, each dimension of the positional encoding
O7|M pos2 ¢I2|0]11 i2 2} O|CH,

corresponds to a sinusoid. The wavelengths form a geometric progression from 27 to 10000 - 2. We
=, 912 A2 E Q| 2t 2} 2 SHLtel ARRImbof| ChZstet. THY2 2nofAl 10000 - 2n77tA| 7|stged 2=
S7Hetth

chose this function because we hypothesized it would allow the model to easily learn to attend by

relative positions, since for any fixed offset k, PE,,s4 can be represented as a linear function of
PE,.s.
pos

O B8 Mel3t 0|9 THE 2T kofl Chsh PEpos+kE o M3 8142 B3t 4+ 900z, 20|
AThZ 912(0] T2t #17| OfEINEH WS & 4 AUS 20l2tT IFHRY| ThRo|ct

We also experimented with using learned positional embeddings [8] instead, and found that the two
versions produced nearly identical results (see Table 3 row (E)). We chose the sinusoidal version
Oidl ShEel= 212 YHIY [8]2 At8ote HE X AU H, & HH0| He| sYst ZIHE LHEsith= A2
SHOIGICHE 32| & (E) &H=).

because it may allow the model to extrapolate to sequence lengths longer than the ones encountered
during training.
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4 Why Self-Attention
4 A17| Of&ld

In this section we compare various aspects of self-attention layers to the recurrent and convolu-
tional layers commonly used for mapping one variable-length sequence of symbol representations
(x1,...,7,) to another sequence of equal length (21, ..., z,), with z;, z; € RY, such as a hidden
layer in a typical sequence transduction encoder or decoder. Motivating our use of self-attention we
O] ZOM= StLte| 7t ZO[ 7|2 B AJEL (x1, ., xn)E SYLE 209 HHE AHA (21, ..., zn)&
oot o YEHH o2 AREE= AP7| OfHIE A S &8t A1S 2 gds 252 o2 S8 S Bttt o{7|M
Xi, zi ERAO|DY, O] = LBFAQI A|JA BSH Q1A L= LR 24 AS2 22 ZA0|Ct

consider three desiderata.

7| | S AL SE 2R 3714 27 AJdE 1{sitt

0l
i

-
il
ac

One is the total computational complexity per layer. Another is the amount of computation that can
A HA= ASY WA Al S E0IC
be parallelized, as measured by the minimum number of sequential operations required.

T HAE EEote & s ALF0[0, Ol et &af Aol 2|4 Sl4+2 SYTIC}

The third is the path length between long-range dependencies in the network. Learning long-range
Ml A= HERIT0HM 72| 2|Zd Ato]e] F=2 Z 00|t}

dependencies is a key challenge in many sequence transduction tasks. One key factor affecting the
YHel oY S S5t A2 U2 AIHL HE A OAM YAl LA o|CE

ability to learn such dependencies is the length of the paths forward and backward signals have to
traverse in the network. The shorter these paths between any combination of positions in the input
0218t |28 2 SEscte 530 IS D12 iy 28 F ottte =Y 2ot AYY =Tt
HEI0M S2tsioF Sh= 22| Z0|0Jct

and output sequences, the easier it is to learn long-range dependencies [11]. Hence we also compare
YA AIFALF £ A|HAQ| 2ol 22| 28 ALO|Q] 0|28t A2Vt AE+E E712| Q2ds o A &5Y
= ACH[11].

the maximum path length between any two input and output positions in networks composed of the
different layer types.

Ot M2 CHE AHIE RE22 88 HEAIOM g 2RIt 22 21219 Yol9| & Y Ato|o] 2o F=
Z0[&= H|WBte,

A

As noted in Table 1, a self-attention layer connects all positions with a constant number of sequentially
executed operations, whereas a recurrent layer requires O(n) sequential operations. In terms of
B 10| HAE R 27| o{Hld A2 LEs 0| 3 dl Moz RE 925 HEshe B, &8t
ASE O(n)2lef &af Hits B2 otet,

computational complexity, self-attention layers are faster than recurrent layers when the sequence
length n is smaller than the representation dimensionality d, which is most often the case with
sentence representations used by state-of-the-art models in machine translations, such as word-piece
[31] and byte-pair [25] representations. To improve computational performance for tasks involving
AL S SHOIAM 27| OfElE AS2 AREA Z0| nO| HH 2@ d2Ct 22 Tf &8t ASECH W20t Ol=
word-piece [31] 2 byte-pair [25] 312t Z0| 2[4 7|7 HH 2E0|M ALESt= &3 B9 F20| tRE =
dE et

very long sequences, self-attention could be restricted to considering only a neighborhood of size r in



the input sequence centered around the respective output position. This would increase the maximum
Of2 21 A|HAE ZE5h= 20| At §53 SHAIZI7] 2Ial, 27| OfEld0] Y= A|-A0M ST 2
LIRS SH22 2717t rQl O|R AT DASIE=S AISHY 4= UL

path length to O(n/r). We plan to investigate this approach further in future work.

Ol 5t 2|t 22 Z017} O(n/r)2 S7tattt. &2 AF0|M O] Y2YS B AFMIS| ZAFE A=l0|Ct,

A single convolutional layer with kernel width k£ < n does not connect all pairs of input and output
positions. Doing so requires a stack of O(n/k) convolutional layers in the case of contiguous kernels,
78 Z0l k< n HY FHEF AIS2 ZE YA /22t £ 2|22 A4S HE5HA| Y=L

or O(logy(n)) in the case of dilated convolutions [15], increasing the length of the longest paths
between any two positions in the network. Convolutional layers are generally more expensive than
O 2lall A% 729 32 0(n/k)7He] Ed& ASS 400k 5tt, & 852 0= O(logk(n))7He

A S2 *4OtoF 8ttt [15]. Of0f et HESF0|A 20| & 2| Ato|o] 7+ 21 =2 207t S7tettt.
recurrent layers, by a factor of k. Separable convolutions [6], however, decrease the complexity
considerably, to O(k - n - d + n - d*). Even with k = n, however, the complexity of a separable
g5 AS2S LUH22 Hcurrent ASECHKEi o B2 BHIE0| =0 22U 22| 7tsT gd& [6]2
SEU=EIAYHOK - n-d+n-d2)= Bh=Ch

convolution is equal to the combination of a self-attention layer and a point-wise feed-forward layer,
the approach we take in our model.

Jd2{Lt k=nQl FR0= 22| 7tsot &L S E=E A7| Oftld A S0 2|28 DEZQE A S50 28t
Z20, 0|A0] 2 2H0M AtEsh= H2- oIt

As side benefit, self-attention could yield more interpretable models. We inspect attention distributions
242l 0|H22 27| Ol 2 H oM st 22 S A=Y 4= UCH

from our models and present and discuss examples in the appendix. Not only do individual attention
2| 2ol offid ZEE ZAISIL, £E0i|M OIS A Al =2l stk

heads clearly learn to perform different tasks, many appear to exhibit behavior related to the syntactic
and semantic structure of the sentences.

N O BIEE M T2 24 Bats| StEE 20 0fLI2t, B2 BIS7t 230 SAIH-2/0|% 120}
22U YES HO|= HOR LYEtHiTt

This section describes the training regime for our models.

O oML 22| 2| 3% YA

of

o

A
23

o

ct.

5.1 Training Data and Batching
5.1 &5 HI0|E{Q} B A

We trained on the standard WMT 2014 English-German dataset consisting of about 4.5 million
sentence pairs. Sentences were encoded using byte-pair encoding [3], which has a shared source-
oF 4.5 million7§2] 22 Aoz FHE HE WMT 2014 F0{-5Y0] Ho|HAIS 2 st&3iCt

target vocabulary of about 37000 tokens. For English-French, we used the significantly larger WMT
=Y 2 HIO|E & 2T [3]2 AFESH AR Y20, O] AZF2 9f 37000712 EEZL2 FHEH S7
L2-EfZL 012 S ARESICH

2014 English-French dataset consisting of 36M sentences and split tokens into a 32000 word-piece
vocabulary [31]. Sentence pairs were batched together by approximate sequence length. Each training
FO-HA0{9] 2, 36M7Hel 222 FYE Al H 2 WMT 2014 JO-ZZA0] BO[E{AS AFESH
E3ES 32000702 IELA Of2] [31]2 2L 2 A2 CHef2Ql A[#A Zolof w2t g7 Biz|3Yct
batch contained a set of sentence pairs containing approximately 25000 source tokens and 25000
target tokens.
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5.2 Hardware and Schedule

5.2 stEQojet ¥

We trained our models on one machine with 8§ NVIDIA P100 GPUs. For our base models using
8712 NVIDIA P100 GPUZt 32te o CHO| BiAI0M RS StE Rt

the hyperparameters described throughout the paper, each training step took about 0.4 seconds. We
= AA|0AM HE St StO|HI2I0|EE ALESH= base &0 A%, 2 sh& THA|O| 2F 0.427F AT
trained the base models for a total of 100,000 steps or 12 hours. For our big models,(described on the

base 2AES & 100000CH| = 12A12F SO SHEFCH.

bottom line of table 3), step time was 1.0 seconds. The big models were trained for 300,000 steps
big 22 (& 32| OF2| 2} 3ol HE 2H)2| R THA AZH2 1.0=2UCH

(3.5 days).

big 2= 300000EHA((3.5Y) =0t SH&3UCt.

5.3 Optimizer

5.3 SE|0t0[ 4

We used the Adam optimizer [17] with 8; = 0.9, 82 = 0.98 and € = 109, We varied the learning

Adam =E[OI0|A [17]E B1=0.9, B2 =0.98 & £ = 10—-92+ &7 AL
rate over the course of training, according to the formula:

Shg HEoA ths A0l T2t St5ES HetAIZILE

= =

lrate = d;(?dg’l . min(step_num_0'5, step_num - warmup_steps_1'5) 3)

This corresponds to increasing the learning rate linearly for the first warmup_steps training steps,
and decreasing it thereafter proportionally to the inverse square root of the step number. We used
Ol A2 warmup_stepsZi2| && T steps S SEES HFH 22 S7IA17|22, 1 0|20l THA =9
AAlE20ll Hl2stH S5ES LAAZ= Aol siEsttt. CiaS ARERIC

warmup_steps = 4000.

5.4 Regularization
5.4 drtat
We employ three types of regularization during training:

ot S0l 3712 R EetE AFEEith:

I'

Residual Dropout We apply dropout [27] to the output of each sub-layer, before it is added to the
sub-layer input and normalized. In addition, we apply dropout to the sums of the embeddings and the
L2t ESOFR 2} 519 AlE2 230 EE0IR [27]5 A&t =, 0|Z 5t9| A5l Y0j| E5t Hatetc).
positional encodings in both the encoder and decoder stacks. For the base model, we use a rate of
EoH QAL C|FH AR RERO|M UG 2] QB FL| Fofl EE0IRS HESHC base 2HOM= TS
HIES AFESICt

Pirop = 0.1.



Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

H 2: Transformerz FO{-5Y0] & FO-ZZFA0f newstest2014 EAEO|M 7| 2[H Tt RHLCH =2
BLEU A4 7|55I0, 8t& b8 YL 0k ALESiCt

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

ByteNet [15] 23.75

Deep-Att + PosUnk [32] 39.2 1.0-10%°
GNMT + RL [31] 24.6 39.92 2.3-109 1.4.10%
ConvS2S [8] 25.16 40.46 9.6-10® 1.5.10%
MoE [26] 26.03  40.56 2.0-10*  1.2.10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0-10%
GNMT + RL Ensemble [31] 26.30 41.16 1.8-10%° 1.1-102%!
ConvS2S Ensemble [8] 26.36 41.29 7.7-1019  1.2.10%!
Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.0 2.3.10%

BLEU €& H|E (FLOPs) 22! EN-DE EN-FR EN-DE EN-FR ByteNet [15] 23.75 Deep-Att + PosUnk [32]
39.21.0- 1020 GNMT + RL [31] 24.6 39.92 2.3 -1019 1.4 - 1020 ConvS2S [8] 25.16 40.46 9.6 -
1018 1.5 - 1020 MoE [26] 26.03 40.56 2.0 - 1019 1.2 - 1020 Deep-Att + PosUnk Ensemble [32] 40.4
8.0- 1020 GNMT + RL Ensemble [31] 26.3041.16 1.8 - 1020 1.1 - 1021 ConvS2S Ensemble [8]
26.3641.297.7-1019 1.2 - 1021 Transformer (base model) 27.3 38.1 3.3 - 1018 Transformer (big)
28441.02.3-1019

Label Smoothing During training, we employed label smoothing of value ¢;; = 0.1 [30]. This
20| HW&st sts S0il= els = 0.12] 20| HESIE AFESHCE [30].
hurts perplexity, as the model learns to be more unsure, but improves accuracy and BLEU score.

20| Of BEAHACE o155 02 HEAMEIE 4515|2/0H YEEoL BLEU H4E BYEC)

6 Results

6 21t

6.1 Machine Translation
6.1 7|4 #HA

On the WMT 2014 English-to-German translation task, the big transformer model (Transformer (big)
in Table 2) outperforms the best previously reported models (including ensembles) by more than 2.0
BLEU, establishing a new state-of-the-art BLEU score of 28.4. The configuration of this model is
WMT 2014 GO-50] HA A0 M T Transformer 22 (F 22| Transformer (big))2 ¥A=2
LS 7|20 20E 2|40 RHEL 2.0 BLEU O]d =2 58 WO, 28.42l= M22 2[HT BLEU
45 g4t

listed in the bottom line of Table 3. Training took 3.5 days on 8 P100 GPUs. Even our base model
O] 29| 142 B 39| OpA| 2 Hofl A|A|=|Of UCH SH50fl= 8712] P100 GPUOHIA 3.5%0] Z LY.
surpasses all previously published models and ensembles, at a fraction of the training cost of any of
the competitive models.

S2/0) 7|2 BYUL Y Y F oL RULCLE
S7Hettt.

On the WMT 2014 English-to-French translation task, our big model achieves a BLEU score of 41.0,
outperforming all of the previously published single models, at less than 1/4 the training cost of the
previous state-of-the-art model. The Transformer (big) model trained for English-to-French used
WMT 2014 O-ZYA0 HA D0 M 22(2f thd 2H2 41.02] BLEU H+E 5N, 7|2 2|dH
SEo| o5 HIZ2 1/4 DR 7|20 YRE 2& HY R 52 H5S W

dropout rate Py, = 0.1, instead of 0.3.

Ho|-ZAAEOZ sHESH Transformer (big) 2E2 0.3 LAl E20}2 H|E Pdrop = 0.18 AFZ3HCE.

For the base models, we used a single model obtained by averaging the last 5 checkpoints, which
were written at 10-minute intervals. For the big models, we averaged the last 20 checkpoints. We
712 RE0= 102 A2 HYE DRR|9 57 HAHQIES BHoZ A2 Y RES ARSI, Y

S RI0jl= DFR| 9 2071 A ZQIES| HHS AU,

used beam search with a beam size of 4 and length penalty o = 0.6 [31]. These hyperparameters
Y 3717t 420 & EAR 20| IHEE| o = 0.6 [31]2 AFERIC.

were chosen after experimentation on the development set. We set the maximum output length during
Of2{st otO|HIZI0|E{= 7Y MEO|IM Y&t = HERGIT]

inference to input length + 50, but terminate early when possible [31].

=2 S 2 24 Z0|= €3 20/ + 5022 YA, 7tsT 3 2710 S2IUCH[31].

i
o

H A2 olg HIECR 7|20 €HE 2E 220 AYE

Table 2 summarizes our results and compares our translation quality and training costs to other model
architectures from the literature. We estimate the number of floating point operations used to train a
H 201 22/o ZIE Q9451 230 ¥ nE C12 DU of7 |3l 20| Mo 22 U 5t H2S B
BRI AAE O AUCE

model by multiplying the training time, the number of GPUs used, and an estimate of the sustained
single-precision floating-point capacity of each GPU 7.

S S50 AMEE RFSaay ALt = G Al AFSE GPU %, 2 GPU2| 2| 7hstt HHEEE
BEsA4d At 58 Y2 S &ot0] YL} 5.

6.2 Model Variations
6.2 22 HY

To evaluate the importance of different components of the Transformer, we varied our base model
in different ways, measuring the change in performance on English-to-German translation on the
development set, newstest2013. We used beam search as described in the previous section, but no
Transformer2| t&et 714 249 S24S B7I6H7| fldh 7|2 2ES 0= YA 22 #HFst0, JHE HEQ!
newstest20132] YO{-SL0] HAO|M 5 HaS SYAUCE

checkpoint averaging. We present these results in Table 3.

O] HojM St = & BMS AFEIURIT, A AEQIE Freh= AFESHA| ATt O] Z2HE & 30
HIAlBHCE,

In Table 3 rows (A), we vary the number of attention heads and the attention key and value dimensions,
keeping the amount of computation constant, as described in Section 3.2.2. While single-head
H 39| (A)AOM= 3.2.2H0j|M dEHS T2 AMEFS LHSHA RAISHHA Ol 5| = 4=2f Of§ld 7] 2 2t
S HFstt,

attention is 0.9 BLEU worse than the best setting, quality also drops off with too many heads.

Y 5= Oof|ld2 2|40 MY ECH0.9 BLEU $2, 5| =7t |2 gote S210| AotelCt.

SWe used values of 2.8, 3.7, 6.0 and 9.5 TFLOPS for K80, K40, M40 and P100, respectively.
5K80, K40, M40 2 P1000fl= 22t 2.8, 3.7, 6.0 2 9.5 TFLOPSQ| Zf2 AtE3ICY.

8



Table 3: Variations on the Transformer architecture. Unlisted values are identical to those of the base
model. All metrics are on the English-to-German translation development set, newstest2013. Listed
perplexities are per-wordpiece, according to our byte-pair encoding, and should not be compared to
per-word perplexities.

H 3: Transformer OF7 |BIX{ O] A FA|Z|Z| F2 g2 72 229 gt St 2E A HE -S5O
HA 7Y MEQ! newstest201301M SYCt FAIE HEAME|= 22|19 BIO|E 4 QIZY0| THE
HET|AT 2H0|H, HO{S HEHAME| 2} Bl W3 AM= ¢F Tt

train | PPL  BLEU params
N dmodel dir e d do  FParop  €1s steps | (dev)  (dev) x 108
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 258 65
1 512 512 5.29 249
(A) 4 128 128 500 255
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 4.66 260 168
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

In Table 3 rows (B), we observe that reducing the attention key size d; hurts model quality. This
H 39| (B)OIM OfHIM 7| 27| dkE SO|H 2 FH0| A3Iel= AE 22Tt

suggests that determining compatibility is not easy and that a more sophisticated compatibility
function than dot product may be beneficial. We further observe in rows (C) and (D) that, as expected,
Ol =28td2 235t= 20| gA] g0, WAL § st 32k a7t 8 & UZS AR

bigger models are better, and dropout is very helpful in avoiding over-fitting. In row (E) we replace our
Eok 3 (O)=h (D)OIM ofl¢st Bz o 2 2H0| ¢ 24510, E50tR0| Mt ehs YAlsk= O 0 F&stti=
NS HATCL

sinusoidal positional encoding with learned positional embeddings [8], and observe nearly identical
results to the base model.

& (B)0oIM= Al 22 IZT S staE 22| YHITE [B]2= tAH, 7|2 222 Aol SYst 2UE
il

In this work, we presented the Transformer, the first sequence transduction model based entirely on
attention, replacing the recurrent layers most commonly used in encoder-decoder architectures with
multi-headed self-attention.

O] AF0IM= A o= Of§Id0] 7|8kst (29| A|ZA HeEt RHQI Transformerg A|AlSt1, QIR C-C| R
OF7 RO M 712 YBHH O 2 ALEE|= 8t 20|01 S TS 5| & AF7| Ol 22 CHA|SUCE

= [

For translation tasks, the Transformer can be trained significantly faster than architectures based
on recurrent or convolutional layers. On both WMT 2014 English-to-German and WMT 2014
A A0 A Transformer= &2t 2{|0]0f L= &g 2{[0]0{0] 7|8Het OFF [RIZ 20t 4 WE2 stad &
AL},

English-to-French translation tasks, we achieve a new state of the art. In the former task our best
WMT 2014 S0{-520{ L WMT 2014 FO-EHA0] HY WA DF0IM MER 2|0 & &8
ErFUsy

model outperforms even all previously reported ensembles.

AR WA M= 22[2] 2[4l ZEO| 0|0 E0E 2= HSECE 240 453 B

We are excited about the future of attention-based models and plan to apply them to other tasks. We
Of&lld 7|8k 20| pj2hof 2 7|tHS 21 2, 0[S THE A0 = 48 A|I=0|C,

plan to extend the Transformer to problems involving input and output modalities other than text and
to investigate local, restricted attention mechanisms to efficiently handle large inputs and outputs
such as images, audio and video. Making generation less sequential is another research goals of ours.
TransformerS HIAE 012]9 = L £3 FA/0] 2etE FAI2 2Hys5ta, 0|0|%], U2, B|H| 28t &2
U Y 282 28322 H2lsty| fIst =2420]1 Ashel OfHld HIHUSS 71 A 2lo|th ddS
2 4oz Ues Ak R2(9 £ LHE ¢4 S8 F StHOlC

The code we used to train and evaluate our models is available at https://github.com/
DS SHESHD FI5HE Ol AFRSH 2EE https://github.com/O| Al AB3tCt
tensorflow/tensor2tensor.
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