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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
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer, based
solely on attention mechanisms, dispensing with recurrence and convolutions entirely.
Experiments on two machine translation tasks show these models to 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-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, our model establishes a new single-model
state-of-the-art BLEU score of 41.8 after training for 3.5 days on eight GPUs, a small
fraction of the training costs of the best models from the literature. We show that the
Transformer generalizes well to other tasks by applying it successfully to English
constituency parsing both with large and limited training data.

. Introduction
A. Béi canh trwéc do6: Trudc Transformer, cac bai toan xt ly chudi nhw dich may
hay mé hinh ngdn ng cht yéu dya vao RNN, d&c biét la LSTM va GRU. RNN
tinh toan theo tirng vi tri cla chudi. O mdi budc t, trang thai an ht phu thubéc vao

h,_, va d&u vao tai vi tri t.

Do d0, viéc tinh toan bi rang budc theo thi tw thoi gian. Khéng thé song song
héa cac budc trong cling mét chudi. Tac gid nhan manh rang du da cé cac cai
tién nhw factorization tricks hoac conditional computation giup tang hiéu qua,
nhwng rang budc tuan tw van tn tai vé mét ban chéat.

— Cach x ly tuan tw nay khién viéc tinh toan kho song song hoa. Khi chubi dai,
viéc huén luyén tré nén cham va tén tai nguyén, du da cé nhiéu cai tién dé tang
hiéu qua.

B. Vai tro cua attention:

e Attention da tr& thanh thanh phan quan trong trong cac mé hinh sequence
modeling vi né cho phép md hinh hda phu thuéc gilra cac vi tri ma khéng quan
tam dén khoang céach.

e Tuy nhién, trong hau hét cac cong trinh, attention van dwoc sir dung cung véi
RNN. N6 khéng thay thé phan tuan tw, ma chi hé tro.

C. Pé xuat Transformer
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T cac quan sat trén, tac gia dé xuét Transformer:
- Loai bé hoan toan recurrence
- Khdng st dung convolution
- Dwa hoan toan vao attention d& hoc quan hé toan cuc gilra input va
output

Hé qua la:
- T&ng mlrc d6 song song hoa dang ké
- Huéan luyén nhanh hon
- Van dat hodc vuwot state-of-the-art trong dich may

D. Bang chirng thwc nghiém va téng hop:
Nhirng két qua thu nghiém duwoc:
- 28.4 BLEU trén WMT 2014 English—-German, vwot hon 2 BLEU so voi
két qua tét nhat trwde do
- 41.8 BLEU trén English—-French, dat state-of-the-art cho single model
- Thoi gian huén luyén chi 3.5 ngay trén 8 GPU
- Mb hinh con téng quat t6t sang bai toan parsing

— Tém lai, van dé cbt I16i ciia RNN Ia tinh tuan tw, attention da cho thay tiém
nang, va Transformer |a buéc tién khi xay dwng toan bd kién tric chi dwa trén
attention dé dat hiéu qua tinh toan va chét lwong vuot troi.

Il. Background
A. Hwéng tiép can giam tinh tuan tw trwéc Transformer

M6t s& mé hinh nhw Extended Neural GPU, ByteNet va ConvS2S da tim cach
giam tinh tuan tw bang cach dung CNN thay cho RNN. Nh& convolution, cac vi tri
trong chudi c6 thé dworc tinh toan song song.
Tuy nhién, dé lién hé hai vj tri cach xa nhau:

- ConvS2S can sb buwéc tang tuyén tinh theo khodng cach

- ByteNet can sé budc tang theo log khodng cach

— Diéu nay khién viéc hoc phu thuéc xa tré nén khé hon.

= Transformer giai quyét van dé& nay ctia CNN va ca RNN bang self-attention,
noi moi cap vi tri cé thé twong tac chi véi s6é budc hdng sb. Ddi lai, cé hién
twong gidm dd phan giai do co ché trung binh theo trong sbé attention. Tac gia
khac phuc bang Multi-Head Attention.

B. Self-attention la gi va da dwoc dung & dau
Self-attention, con goi la intra-attention, & co ché cho phép céc vi tri trong cling
mot chudi twong tac dé tao ra biéu dién cta chudi do.



Co ché nay da dwoc dung thanh céng trong nhiéu tac vu nhw doc hiéu, tom tat
triru twong, textual entailment va hoc biéu dién cau doc lap vai tac vu.

C. Memory network va attention lap: End-to-end memory networks str dung co
ché attention I&p thay vi recurrence theo vi tri chudi. Chung dat két qua tét trén
cac bai toan hdéi dap don gian va language modeling.

D. DPiém mé&i cta Transformer: Transformer |1 mé hinh transduction dau tién
hoan toan dwa vao self-attention dé tinh biéu dién cho ca input va output,
khéng dung RNN theo chudi cling khéng dung convolution.

lll. Model Architecture

Encoder-Decoder Structure

Cac m6 hinh sequence transduction canh tranh nhét st dung cAu truc
encoder—decoder. Encoder anh xa chudi dau vao dang ky hiéu (x1'"" xn)

thanh chudi biéu dién lién tuc (z,,.., z ) Tl z, decoder sinh chudi daura (v, )

tirng phan t& mot. Tai méi bwdc, mé hinh |a auto-regressive, tirc 1a st dung cac
ky hiéu da sinh trwéc d6 lam input bd sung khi dw doan ky hiéu tiép theo.

Transformer gitr nguyén khung nay nhuwng thay thé toan bod thanh phan bén trong
bang self-attention va cac 16p fully connected theo vij tri.
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Figure 1: The Transformer - model architecture.

A. Encoder and Decoder Stacks



B.

Encoder
Encoder gdbm mét stack gém N=6 I&p gibng hét nhau.
Mbi I&p gébm hai sub-layer:

1. Multi-head self-attention
2. Position-wise fully connected feed-forward network

M®i sub-layer dwoc bao quanh béi residual connection, sau do la layer
normalization. Céng thrc: LayerNorm(x + Sublayer(x))

Dé residual connection hoat ddng thuan loi, tat cd sub-layer va embedding layer

déu cho output cung kich thuwéc: d = 512
model

Decoder

Decoder cling gébm mot stack N=6 I&p gibng hét nhau.
Ngoai hai sub-layer giébng encoder, decoder thém mét sub-layer th ba:

e Multi-head attention trén output clia encoder stack

Twong tw encoder, mbi sub-layer déu cé residual connection va layer
normalization.

Self-attention trong decoder dwoc diéu chinh dé ngan méi vi tri attend t&i cac vi
tri phia sau. Viéc masking nay, két hop v&i viéc dich output embeddings léch mét
vi tri, d@m bao rang dw doan tai vi tri iii chi phu thudc vao cac output da biét tai
cac vi tri nhd hon i.

Attention: M6t attention function anh xa mét query va mot tap cac cap key—value
sang mot output. Query, keys, values va output déu la vector. Output dugc tinh
nhw weighted sum cla values, trong dé trong s6 dwoc tinh b&i compatibility
function gilra query va key twong ng.
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Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.



Scaled Dot-Product Attention
Input gébm:

e Queries va Keys c6 kich thuéc d,

e Values co kich thwéc dv

Dot product gitra query va toan bé keys dugc tinh, sau dé chia cho \/d: roi ap

dung softmax dé 13y trong sé trén values.

Khi tinh ddng thdi nhiéu query, gom thanh ma tran Q, keys va values thanh K va
V. Khi do:

T
Attention(Q,K,V) = softmax(%)V
k
So v&i additive attention va dot-product attention thong thwong, phién ban nay
thém hé sb scale Ld
k
Gia str cac thanh phan cla q va kdoc lap, cé trung binh 0 va phwong sai 1. Khi
do:

dk

Tk = X qk,
i=1

c6 trung binh 0 va phwong sai dk. Khi dk I&n, dot product cé dd I&n I1&n, day

1

softmax vao vung gradient nhé. Do d6 can scale bdi

k

Multi-Head Attention

Thay vi thuc hién mét attention duy nhét véi keys, values va queries kich thuéc
d mé hinh chiéu tuyén tinh ching h lan véi cac ma tran khac nhau, sang

model’

cac khoéng gian con kich thwéc dk,dk,dv.

Trén méi phién ban chiéu nay, attention dwgc thwe hién song song, cho output
kich thuéc d . Cac output ndy duoc ndi lai va chiéu tuyén tinh 1an nira.

Cobng thirc:
MultiHead(Q,K,V) = Concat(headl,..., headh)WO
Véi

head = Attention(QW', KW', VW')



Trong do:

Q dmadel x dk
W° €eR

i

K dmodel x dk
W €R

i

4 dmodel x dv
W €R

i

WO € thvx dmodel

Trong paper:
h =28

= Multi-head attention cho phép mé hinh attend ddng thoi téi thong tin tr cac
representation subspaces khac nhau tai cac vi tri khac nhau. V&i mét head duy
nhat, viéc averaging sé& han ché diéu nay.

Applications of Attention in our Model
Transformer dung multi-head attention theo ba cach:

1. Encoder-Decoder Attention
Query ttr decoder layer trivéc do. Keys va values tir output ctia encoder.
M&i vi tri decoder attend t&i toan bd input sequence.

2. Encoder Self-Attention
Keys, values va queries déu tlr output clia layer encoder truwéc 6. Mdi vi
tri encoder attend t&i moi vi tri khac trong layer trwéece.

3. Decoder Self-Attention c6 Mask
M@i vi tri decoder attend t&i cac vi tri trong decoder t&i va bao gém chinh
no.
Dé gilr tinh auto-regressive, cac két ndi khong hop 1é dwoc mask bang
cach dat gia tri twong rng thanh —« trwédc khi softmax.

C. Position-wise Feed-Forward Networks
Ngoai attention, méi layer cé mét fully connected feed-forward network ap dung
doc lap va giéng nhau cho tirng vi tri:
FFN(x) = max(O,le + b1)Wz + b2
Céc linear transformation giéng nhau gitra cac vi tri trong cting mét layer, nhung

khac nhau gilra cac layer.
Kich thuwéece:



d = 512

model

dff= 2048

= Coé thé xem nhuw hai convolution v&i kernel size 1.

. Embeddings and Softmax

Input va output tokens dwoc chuyén thanh vector kich thwéc dmodel bang learned

embeddings.

Decoder output dwoc dwa qua learned linear transformation va softmax dé dw
doan xac suét next token.

Transformer chia sé cing mét ma tran trong sé gitra:

e Hai embedding layers
e Lo&p linear trwdce softmax

Trong embedding layers, cac trong sb dwoc nhan véi dmodel

. Positional Encoding

Do khong cé recurrence va convolution, mé hinh can théng tin th ty. Positional
encodings dwoc cdng vao input embeddings tai day encoder va decoder stacks.

Positional encoding c6 cung kich thuwéc d .
model

Paper str dung ham sin va cos:

PE(pos, 2i) = sin(—E>=— 10000 )

mad 1

PE(pos,2i + 1) = cos(#)
d del

Trong d6 pos la vi tri va i la chiéu. Mbi chiéu cla positional encoding 1a moét
sinusoid v&i buwdc song tao thanh cap sb nhan tir 2T dén 10000.21T

Ly do lwa chon dang nay la vi véi offset cb dinh k, PE . .\ cé thé dwoc biéu dién
nhw moét ham tuyén tinh cta PE . Diéu nay dwoc gia thuyét gitp mé hinh dé
hoc quan hé vj tri twong dbi.

Paper ciing tht learned positional embeddings va cho két qua gan nhu twong

dwong, nhwng chon sinusoidal encoding vi c6 thé giup mé hinh tdng quat t&i do
dai chudi Ién hon so véi lac huén luyén.



IV. Why Self-Attention

Trong phan nay, tac giad so sanh self-attention v&i recurrent layers va

convolutional layers khi anh xa mét chudi bién do dai

a R A g . d ,
(xl,..., xn) sang mét chudi cung dé dai (Z1""’ Zn)’ VOi x,z € R, nhw trong cac

hidden layer ctia encoder hodc decoder dién hinh.
Ba tiéu chi dwoc xem xét:

1. Tbng d6 phirc tap tinh toan trén méi layer

2. Murc d6 song song hoa, do bang sb buwdc tuan ty ti thiéu
3. Do dai dwdng truyén gitra cac phu thudc xa trong mang

Hoc phu thudc xa la thach thirc trong yéu trong sequence transduction. Mét yéu
td quan trong anh hwdng dén kha ndng hoc cac phu thudc nay Ia dé dai dwong
ma tin hiéu forward va backward phai di qua. Buéng truyén cang ngan gitra cac
vi tri trong chudi input va output, viéc hoc phu thudc xa cang dé.

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.

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?) O(1) O(logi(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r

A. Db phirc tap tinh toan méi layer
Theo Table 1:

e Self-Attention: O(nz-d)

e Recurrent: 0(n~d2)

Self-attention nhanh hon recurrent khi n < d. Tac gia noi day thwong la tredng

hop trong MT hién dai v&i word-piece va byte-pair.

Vi chubi rat dai, cé thé gi¢i han self-attention trong vung lan can kich thwéc



r. Khi dé:

e Complexity: O(r-n-d)
e Maximum path length tang Ién: O(n/r)

. Mdrc d6é song song héa

Self-attention két nbi moi vi tri v&i s6 budc tuan tu: 0(1)
Trong khi recurrent can: 0(n)

Nghia la self-attention song song hoa tét hon rd rét.

. Dwong truyén cho phu thudc xa
Hoc phu thudc xa khé khi tin hiéu phai di qua dwéong truyén dai. Tac gia so sanh
maximum path length:

- Self-Attention: 0(1)

- Recurrent: 0(1)

- Convolutional: 0(logk(n))

Vé&i convolution k < n, mét I&p khéng ndi dwoc moi cép vi tri. Mubn ndi hét can
chéng nhiéu 1&p: 0(n/k) (contiguous) hodc 0(log, (m))(dilated), Iam duong

truyén dai hon.

. So sanh v¢&i Convolution

Convolutional layers thwdng dat hon recurrent layers mot hé sé k

Separable convolutions lam gidm dd phrc tap xudng: 0(k-n-d + n-dz)

Ngay ca khi k = n, d6 phirc tap cla separable convolution bang véi téng cla:
- Mbt self-attention layer
- Mbt point-wise feed-forward layer

— Pay chinh 1a cAu truc dwoc dung trong Transformer.

. Kha nang dién giai

M6t loi ich phu clia self-attention 1a tinh dién giai cao hon. Quan sat phan bd
attention cho thay:

- Cac attention head khac nhau hoc cac chirc nang khac nhau
- Nhiéu head thé hién hanh vi li&n quan dén c4u tric ca phap va ngi nghia
clia cau
Diéu nay dwoc trinh bay thém trong appendix cliia paper.

Két luan: Self-attention dwoc lwa chon vi:

- Yéu cau sb buwdc tuan tw téi thidu
- Co6 loi thé tinh toan khi n<dn < dn<d



= Pay la co s& ly thuyét chinh dé thay thé recurrent va convolutional layers

C6 maximum path length nhé nhét
Cho phép hoc phu thudc xa hiéu qua hon

bang self-attention trong Transformer.

V. Training

A. Training Data and Batching

English—-German (WMT14)

4.5M cau
Byte-Pair Encoding
Vocabulary chung source—target: ~37K tokens

English—French (WMT14)

36M cau
Word-piece vocabulary: 32K tokens

Batching:

Gom cau theo do dai xap xi nhau
M&i batch chiva khoang:

o 25K source tokens

o 25K target tokens

— Cach batch nay giup tan dung GPU tét hon.

B. Hardware and Schedule

Huéan luyén trén:

1 may
8 NVIDIA P100 GPUs

Base model

0.4 giay / step
100K steps
12 gio



Big model
e 1.0giay/step
e 300K steps
e 3.5 ngay

— Transformer dat két qua manh véi thoi gian huén luyén thap hon dang ké so
v&i cac md hinh trwéc do.

. Optimizer

Dung Adam véi:

B, =0.9
B, = 0.98
B, =10"

Learning rate thay ddi theo cong thirc:

-05 . -0.5 -15
lrate = dmo o ‘min(step_.num , step_num-warmup_steps )

!
Vé&i: warmup_steps = 4000

Y nghia:

- 4000 bwdc dau: learning rate ting tuyén tinh
- Sau do giam theo 1/+/step

Day la learning rate schedule dac trwng clia Transformer.

. Regularization
Trong qua trinh huén luyén, mé hinh s dung ba ky thuat regularization sau:
Residual Dropout

Dropout dwgc ap dung:



- Lén output cia méi sub-layer, truwdc khi cdng véi input qua residual
connection va trwdc khi thwe hién layer normalization

- Lén téng cia embedding va positional encoding & ca encoder va
decoder

V&i base model:

drop — 0.1

— Muc dich |1a gidm overfitting va én dinh qua trinh huén luyén trong kién trac
nhiéu 16p.

e Attention Dropout

Dropout dwoc ap dung 1én attention weights trong co' ché scaled dot-product
attention, ttrc 1a sau khi tinh softmax clia ma tran attention.

Diéu nay giup tranh viéc mé hinh phu thudc qua manh vao mot sb két nbi
attention cu thé.

e Label Smoothing
Trong huén luyén, st dung label smoothing véi hé sb:

e =0.1

Is
Thay vi dung nhan one-hot ctrng, phan phéi muc tiéu dwoc [am “mém” hon.
Két qua la:

- Perplexity c6 thé tang nhe do mé hinh it chac chan hon
- Tuy nhién accuracy va BLEU score dwoc cai thién

— Label smoothing gitip mé hinh tbng quat tét hon va gidm overconfidence.

VI. Results

A. Machine Translation

Trén bai toan WMT 2014 English-to-German, Transformer (big) dat BLEU =
28.4, vwot hon 2.0 BLEU so va&i tat cd cac mod hinh trwéde do, ké ca ensemble,
thiét lap state-of-the-art m&i. Md hinh dwoc huén luyén trong 3.5 ngay trén 8
GPU P100. Ngay ca Transformer (base) ciing vwot toan bé cac mé hinh da cong
bd, trong khi chi phi huan luyén chi bang mét phan nhé.



- English—-German (WMT14)
+ Transformer (big): BLEU = 28.4
+ Huén luyén: 3.5 ngay, 8 P100
+ Base model cling vugt moi mé hinh truéc do

Trén WMT 2014 English-to-French, Transformer (big) dat BLEU = 41.8, vuot
tat ca cac single model trwéc dé véi chi phi huan luyén nhé hon 1/4 so véi
state-of-the-art cli. V&i English—French, mé hinh big dung

drop =0.1

thay vi 0.3.

- English—French (WMT14)
+ Transformer (big): BLEU = 41.8
+ Chi phi huan luyén < 1/4 SOTA trudc d6
+ Dropout: Pdmp= 0.1

Dbi v&i base model, két qua dwoc l1dy bang cach trung binh 5 checkpoint cudi
cung, ghi cach nhau 10 phut. Véi big model, trung binh 20 checkpoint cubi. Khi
suy luan, str dung beam search véi beam size = 4 va length penalty

a=20.6
Do dai output tdi da dat bang input length + 50 va dirng sém khi co thé.

Chi phi huén luyén duoc wéc lwgng bang cach nhan thoi gian huén luyén, sb
GPU va nang lyc tinh toan ddu chAm déng don chinh xac duy tri ctia méi GPU.
Béng 2 cho th4y Transformer dat BLEU cao hon cac kién truc trwéc do trong khi
FLOPs thap hon dang ké.

. Model Variations

Dé danh gia vai trd cda tirng thanh phan, tac gia thay dbi base model va do hiéu
nang trén English-to-German newstest2013, khéng dung checkpoint averaging.

O nhém (A), thay dbi sb attention heads va kich thwéc d,.d_trong khi gir

nguyén tdng chi phi tinh toan. Single-head attention kém hon ciu hinh tét nhat
0.9 BLEU. Tuy nhién, khi sb head qua 16, chat lwong ciing giam.
O nhém (B), gidm kich thuwéc key d, lam giam chét lwgng mé hinh. Piéu nay cho

thay viéc xac dinh dd twong thich khéng don gian, va dot product cé thé chwa
phai 1a ham twong thich téi wu.

O nhém (C) va (D), khi tang kich thwé'c mé hinh, chat lwong cai thién nhw ky
vong. Déng thei, dropout déng vai trd quan trong trong viéc tranh overfitting.



O nhém (E), thay positional encoding dang sinusoidal béng learned positional
embeddings cho két qua gan nhu twong dwong base model.
English Constituency Parsing

Dé kiém tra kha nang tbng quat hoa, Transformer dwoc 4p dung cho bai toan
English constituency parsing, noi output dai hon input va chiu rang buéc cu tric
manh. Truwéc do, RNN sequence-to-sequence khéng dat state-of-the-art trong
ché do it di liéu.

Téac gia huan luyén moét Transformer 4 16p véi d = 1024 & ché do

model
semi-supervised v&i thém khoang 17M cau. Vocabulary gém 16K token cho
WSJ-only va 32K cho semi-supervised.

Chi tinh chinh mét sé it siéu tham sé nhw dropout, learning rate va beam size
trén tap phat trién; cac tham sé khac git¥ nguyén tir base translation model. Khi
suy luan, dat do dai output téi da bang input length + 300, beam size = 21 va
0=0.3

Két qua trén Section 23 ctia WSJ cho thdy Transformer dat F1 = 92.7 trong thiét
lap semi-supervised, vwot tAt cad cac md hinh da céng bb trwdc dé ngoai triv
Recurrent Neural Network Grammar. Ngay ca khi chi huén luyén trén 40K cau
WSJ, Transformer van vuot BerkeleyParser, cho thay kha nang téng quat hoa
manh mé sang tac vu ngoai dich may.
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