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Main
» https://towardsdatascience.com/implementing-visualttransformer-
in-pytorch-184f9f16f632

* https://jalammar.github.io/illustrated-transformer/

blog Sub

* https://towardsdatascience.com/implementing-visualttransformer-
in-pytorch-184f9f16f632

Newly tutorials

* https://uvadlc-
notebooks.readthedocs.io/en/latest/tutorial_notebooks/tutorial6/T
ransformers_and_MHAttention.html

Main

https://github.com/lucidrains/vit-pytorch
https://github.com/FrancescoSaverioZuppichini/ViT
https://pypi.org/project/vision-transformer-pytorch/



[EX] http://dmgm.korea.ac.kr/activity/seminar/296

» Key, Query, Value in Attention

Attention in Seq2seq Machine Translation

o i * Key, Value = Hidden states of encoder, h;
« Attention: Query2t key2Q| SimilarityS AIAtSt & value 2| 71582 Al

) i * Query = Hidden state of decoder, s;
Attention score: Value 0| ZaiX|l= 7IEX|

» Feature = Context vector at time step 2
* Considerations

v Key, Query, Value = Vectors (Matrix/Tensor)
v Similarity function

A(q,K,V) = Z softmax(f(K,q))V

l

Query = s, Query = s3
Encoder RNN Decoder RNN Query Key Value Output Feature Encoder RNN Decoder RNN Query Key Value Output Feature
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[EX] http://dmgm.korea.ac.kr/activity/seminar/296

Self-Attention
> RNN, CNN = Z AtE3S}K| 210, attention 2H2 AHE5t0 feature H3
* Key = Query = Value = Hidden state of word embedding vector
* Scaled dot—product attention
. |\/|U|tl-head attent|on ] A( ) }{-J Ir) — Z SGf‘L‘TH-:‘!I(f(K, )} I.!
Key = Query = Value :
N-1 state N state N-1 state N state N-1 state N state
Ryn-1 hyn-1 hin hin-1 hin
Ran-1 hzn-1 on han-1 han
" g Pe-sn " -t
local
he_1,n hp, 1 Rin bt n—1 global hn
RNN-Based CNN-Based Self-Attention
v Long path length between
long—range dependencies
v DE MHE 226182 inductive
bias7| % - E2 o5& HI0|HIF EHR -

v Sequential data — Parallel computing X
v Increase Calculation time and complexity
v Inductive bias : local 0| Spatial
Ct= 71d

v Vanishing gradient / Long term
dependency HEZ B[ oIS A o)
o = LS == T M



[EH] http://dmgm.korea.ac.kr/activity/seminar/316
[EX] https://web.eecs.umich.edu/~justincj/slides/eecs498/498_FA2019_lecture13.pdf

Attention vs Self-Attention

> Attention (Decoder — Query / Encoder — Key, Value) : Encoder, Decoder A{0|Q] AZEA S HIEIOZ EX £&
> Self attention (23 H|0|E| — Query, Key, Value) : HIO|E| LHO| METAE HIHCZ EFY F&

Q(X;Wi)" X, Wo (X;Wi)T
Yp = Z softmax(—\/D_ )XWy Y, = Z softmax(lQ—])XjWV
J Q 7 v Dq
Y, Y, Y, Y, Yy Y> Y3
. : t 4 [}
Attention Layer Encoder AN AR A Self-Attention Layer Wy [ Cremes e
‘ Product(—), Sum(t) One query per input vector t !
t
Inputs: Wy | |
Query vectors: O (Shape: Ng x Dg) | A | [ A Agi || Aa Inputs:
Input vectors: X (Shape: Ny x Dy) 1 Input vectors: X (Shape: Ny x Dy)
Key matrix: W, (Shape: Dy x D) E_ Az |l |A22) [Asa|f[As2 Key matrix: W, (Shape: Dy x Dg)
Value matrix: W, (Shape: Dy x D) [ [ [ | Value matrix: W, (Shape: Dy x Dy) |
V. | A A A A
El— = 2= = - Query matrix: W, (Shape: Dy x D) |
N Softmax( ] )
K - - - Computation:
Computation: X1 1 Ko 1 Eaa _ Ess Ess _ Eq Query vectors: 0 = XW,
Key vectors: i = X\W, (Shape: Ny x Dg) ) : . o Key vectors: I = XW, (Shape: Ny x Do)
Value Vectors: V = XW,, {Shape: Ny x D} _" Ll K i Ee | By B, | |Eao Value Vectars: V = XU, (Shape: Ny x Dy}
Similarities: E= (Shape: No x Ny) B = O, - K,/ sqrt(Dq) _E Nl = e e £, || Similarities: E = QiC" (Shape: Ny x Ny) £, = 0 ¥ / sqrt(Dg)
Attention weights: A = softmax(E, dim=1) (Shape: Nq x Ny) 2 ) L= 1A LT L3 L2311 attention weights: A = softmax(E, dim=1) (Shape: Ny x Ny)
Output vectors: Y = AV (Shape: Nq x D) Y, = ZA; V, _L _1 - _E Output vectors: Y = AV (Shape: Ny x Dy) ¥, = 54,
Input data
P Q| |@| |o |a
Decoder Input data

N : number, D : Dimension



Attention

[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

RNN

RNN RNN

RNN RNN

RNN

® ©

* Attention mechanism2 key-value 40| /11, queryE 20| query2}t

keyS RALH|IE ot 7, RAIZE 1123t ValueSS 4101 Aggregationst .
Z10| Attention valueO|L}.

Attention value

QOil Ch3H ofiH K72t FAFEHX| H

wstn,

q € R", k; € R"

Compare(q,k;) = q-k; = q"k;

Aggregate(c,V) = Z CjV;
J
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HHSto =0 AFESICL

Compare &4Z& Dot-Product (Inner Product)?} 20| A0|04,
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Seqg2seq

*  Seq2seq 22 EncodertXE Sdll FeatureSS US| H1 2SHO2E

E£HOZ ContextsS MM

510 0] Context StLtO| 2|X|GHAM Decoder=
SOS(Start Of Sequence)E AR 2 E02 = HOE S o= ZE

O|LC}.
EOS
Context o
Encoder vector . @ @
][ I 1 1
RNN RNN RNN RNN RNN = RNN

JC

©

®

®

Decoder
SOS

® ©

[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Seq2seq - Key-Value

«  Key-value®2 7|Z2| Context?t2 H EH2 LHIFUH 741} CH2A|
Decoder5£2| Hidden Laverd| Cist £ o Encoder 250 =757t

225 27 5t7] 2loiM AHEE[O{TIC.

« XMooz M7tS sHE™, DecoderOA O{E S &1
Z40]| CH3t ME = EncodertilAM &S 4= Q2 0|
Encoder®| Hidden State h;7} &= Z{0]|LCt.

Xt otCt™, ZEXt oh=
J37|0| Key—valueZt

_ITI_HJ

t t t
RNN RNN RNN RNN RNN

> RNN =

® ® © ® ©

Seq2seqOl M= Encoder?| hidden layerE2 key®t valueZ AHZ3HCE,

- M9 S-S W] /SiM = x| EH0| AZE = §7| WE0H| =, O]2H(CH
Z)E 7t s £82 S0 = 17| 20 oLt 2+ Decoder
Hidden state s; S queryZ AI235t= Z40]|LCt

«  OHEE2| Attention networkMA= key2t vaIueZ Z2 U2 A ESHH.
Seq2seqOllA= Encoder?| Hidden LayerSS key2} value= AEotLY.




[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Seq2seq - Query Seq2seq — Attention Mechanism
*  Query= Decoder?| Hidden LayerS& Atot=0|, sig &2 ol0f 5l= * i—th queryZ7t E0{2H™ Z}Z} Key2t H|Wofal, L&A ot _1':—| SoftmaxS ofiF 7t
RNN FX9| 5tLt 0|7 9| time-step?| Hidden LayerZE QueryZ A28 t= SX|2 D= Fof| ZH20f| siE k= Value2t &0l 715 &S ot A4S Attention
H= 7|t Ot 2-HMM = so, sq, 53 7t SHFRITH valueZ AESITY,
Q K Vv
ho hy hy ,@ ( ;I ) ( :; ) o G
1 1 t . Comparison |—>
So 1 [ < hy—| ho—] ¢; = softmax(s] h;)

c a; = z Cghj
. 1 - -
o SOS @ Comparison Aggregation —a; j
hl — hl_.
—————
Seq2seq0iM = Decoder®| hidden layerS& Query2 AHS3iCE Comparison 2
Zo|g He, Encoder®t 22| ofLt & time-step2| hidden layerg& AH2%HCH= & h, ™ h, ™

_

E—

i decoderd|| CHol A ;2| attention valueE 2 =Ll
«  SIXHo| S-S W] floiM= dxiel 20| MEE = Q7| HIZE0| &, O
CIZ)E 7tX| 1 oM EHS S0 = 87| WE0) Skl 24 Decoder
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SES 0] dld £=4|0| 23|2] Zchsict, Bl w gt 2ot gf=2| 2|0| S & O|sH{StA}.

*  Key® Values MZ 53 Encoder?| Hidden State h; £0| AL &0,
Query= Decoder0| 4= Z2t2| Hidden State s; £0| 2 = Zi0|C},
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[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Seq2seq - Application

. OfEH 20N &2 RNN 2ZAL0|0f]| MM 2= FC Layer?t Stbt ZXHsHA &
2 One-hot vector2 THS0{FL}.

125

-

—”-ﬂ——ul Concat. ] ¢; = softmax(s{ h;)
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T
606 6
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M
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[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Seq2seq— Encoder &}== Seq2seq — Decoder Q&2

« X € RBXL*NOj| M B:Batch size, L:2%2| Z0|, N:One-hot vectorLt
embedding Feature?| ZI0|E 2|0|5}H, 07| Decode Z 22 Contexts H2
= LSTMO|2tH Hidden State?t Cell State = Lt '&7430{0f 517|0| Batch
size (B) X Hidden state2| Feature 2= (M) =27|2| tensors = 7{& Z40|C}.

Attention mechanism2 %/t Hidden layer £

M

41 T Ia

Output layerE 2I%t Hidden layer 2
p y

ho hy h; S € RBxXLxM
t t 1 rd N » r 3 r 3 A
H € RB*M H € RB*M 51 Sy $3 A
LSTM LSTM sTM [T ho = hPES
| o |
L ¢ e pEXM CertM | LSTM |»{ LSTM (= LSTM |—= LSTM
s i ‘j ‘f i Context &2 /8t Encoder £ J . -
ortT12|= olad
L 2n2|E oYYy 2¢1ne|E =9 (Shlfted)

10



[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Seqg2seq — Output w/Attention (st5tHA|)

Encoder?| Hidden State@! H7} Attention mechanism0i| Key2} ValueZ =
0| |27, Querylll= Decoder?| St step &M Hidden StateE AM235HA =Lt

Y € RBXIXJN
ue|s &4

Dense Dense Dense Dense
1L T A
Encoder =
Concatenate Concatenate Concatenate Concatenate
(Key, Value) 7y 'y 'y ry ry ry
1 aq Taz as Qg
H E RBXLX}W ' N ' N S f__"\
‘ g
V&S ==L
R "Attentt&n::~'_ - - -attention - | 1 | Attention || | Attention
mechanism mechanism mechanism mechanism
Y S —-L/ v : J : J
-/30 51 Sz S3 S4
Query S € RBXLXM

Decoder &=

11



Transformer : Attention is all you need

Transformer vs Seqg2seq

| | | ! | L

Encoder € |[—| e |[—| e2 |—| es €4 €s €s
Decoder do _ d; —_— dz — ds
power <end>

Kn lardn T
nnowieqage IS

seq2seq in GNMT, visualization by Google Al Blog

Layer Type Complexity per Layer  Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) O(1) O(1)

Recurrent O(n - d?) Ofn) Ofn)

Convolutional Ok -n-d*) O(1) O(logs(n))

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

[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

la maison de Léa <end>

Multi-step attention form ConvS2S via Michal Chromiak’s blog

Comparison of RNN-based, CNN-based and
Self-Attention models based on computational
efficiency metrics 12



Transformer : Attention is all you need [£X] https://heung-bae-lee.github.i0/2020/01/21/deep_learning_10/

Transformer

The encoder self-attention distribution for the word “it” from the 5th to
the 6th layer of a Transformer trained on English to French translation
(one of eight attention heads).

Transformer step-by-step sequence transduction in form of English-to-
French translation. Adopted from Google Blog 13



https://arxiv.org/abs/1706.03762

Output

Transformer : Attention is all you need

A. Vaswani, et al. (Google Brain), Attention Is All You Need, 2017

Probabilities Translation Task®| RNN2}

e
Add & Norm ) *

Feed
Forward

™ | Add & Norm :

"4 |
Goelib 2 Mult-Head
Feed Attention
Forward T Nx
— ]
Nx Add & Norm
Add & Norm Maskod
Multi-Head Multi-Head
Attention Attention
L At
C— J | —, *
Paositional B @ Positional
Encoding Encoding e
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Fig. 1. The Transformer — model architecture

CNN Ar35HX| 21, Attention
OtS 0|25}t State—of-the-
art M58 &5t A3

RNN &2 4= =AU=2
U157 | 20 YHE O
9| 2|X|E WZ FAISHK| &
Ot E|X|2F Transformer
X A2 0= g2
2 AMSIER, SR A LSt
1 QU= HO{7L o= X0
U= HORIX|E B350
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encodings A8t

Seq2seqlt RALSH
transformer At

Scaled Dot—-Product
AttentionZ} 0|2 HEHZ Lt
5t Multi-Head Attention
=50] a4l

[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Transformer vs Seq2seq

(" ouont )

Output
Probabilities

Add & Morm

—
h
Multi-Head
Aftention
" ®» &
N Encoder
b 1 1
=
. Multi-Head RNN = RNN | RNN RNN = RNN = RNN
Attention Attention
L — L — ¥ ¥ ¥ ¥ ¥
| J [ @ @ @ Decoder @ @
Posilia.r‘al o @& Positional
Enceding Encoding
Ingut Cutput
Embedding Embedding
Inputs Qulputs
(shifted right)
. VAN J

«  Seqg2seq ZE2 Encoder2t DecoderZt Q11 1 AtO|0| ContextZ7t L

«  Transformer 22 InputZ (1% 2| W7 HIA)I} QutputZ(I1Z Q| DT
HIA)Z 2ME, InputZME Input embedding0] EH7tA EncodingO|
&1 ContextZt ME0| &[0 OutputZ 2| DecoderF=0|A DecodingO| k|0
E0| L+

+  Seqg2seq 22 RNNZE 850 UM =XHH Q= O|F0{X|1,
Transformer D22 HEHO = AME|EZ InputZ0| SA|O AlLHET
OutputZ0| SA|0 Al4t=l= YE = e+&50| &= HO| XI0|-™OoIt. ¢4



https://arxiv.org/abs/1706.03762

Output
Probabilities
e
Add & Norm )
Feed
z Forward
s ] ™ | Add & Norm :

> Add & Norm J Mult-Head

Feed Attention
Forward T 7 Nx
—

Nix Add & Norm
Add & Norm Maskod

Multi-Head Multi-Head
Attention Attention

VAKLE _4Q At

]
Paositional Positional
Encodi P & i
ncoding Encoding
Input Output
Embedding Embedding
X Inputs Outputs Y

(shifted right)

Fig. 1. The Transformer — model architecture

Transformer : Attention is all you need [E%{] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

A. Vaswani, et al. (Google Brain), Attention Is All You Need, 2017

+ Seq2seq?t FAISt Transformer 71X At

+ H|2tSt= Scaled Dot-Product Attentionzt, 0|8 HHZ LIHsH
Multi-Head Attention 20| ¥12|52| &M

+ RNNZ2| BPTT2I Z2 2P0 gleB2 3 At 7ts

« Y E Co{ol /K|S ESY| I8l Positional Encoding At

Encoder

» Maps an input sequence of symbol representations (x4, -, x,,) to a sequence of continuous
representations (zq, -, z,)

+ A stack of N=6 identical layers with 2 sublayers : Multi-head self-attention mechanism,
Position-wise fully connected feed-forward network.

* Residual connection around each of 2 sub-layers, followed by layer normalization
* The output of each sub-layer is LayerNorm(x + Sublayer(x))
 All sub-layers as well as the embedding layer produce outputs of dimension, d,oge1 = 512.

Decoder
» Given z, generate a output sequence (yy, -, y,,) of symbols one element at a time.

» Two sub-layers in each encoder layer, Third sub-layer, which performs multi-head attention
over the output of the encoder stack.

+ Modify the self-attention sub-layer in the decoder stack to prevent positions from attending to
subsequent positions. 15



Transformer : Attention is all you need [EX{] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Transformer : Input & Output Word Embedding
Y'=1[y1, =, ynl
&2 sequence Z0|m SRR
Probabilities =) 0 ¢ One-hot enCOdingQE ElO‘I%E-d Zd%% Embedd”\gsl'
0 0f 2+2+9| Word Embedding0il 2 0{Z=L}.
)
0
' Y
= 0F )
0
One-hot encoding é |:>
Feed | s b
0
Nx Add & Norm — V — IO 5 2
—— X_ [xl’...’xn] Y_ [yl,...'yn] L N )
Attention :
| [y 7 & J 2121 sequence 0| n £3 Sequence 20| m One-Hot Encoding - Embedding
Positional o) @ Positional it i};
Encoding L Encoding K '_:.\_ AL One-Hot EncodingE.J EI_.|-0-|
B - 5 M = M HEZ HASIEN X
g ol =5 E0|= LY
E“E ‘[ SOS : Start of Sequence
Figure 1: The Transformer - model architecture. EOS : End of Sequence
<s0S> (EOS)

Input : 'L=ZHA Matrix FEHE E|0] YO, YPHOZ  Qutput : 2 Seq2seq XN EUZ0] shift
= Y T 7l 2 o9 Vs YL A A7l YHES 20 FUE At 20| SOSE 20{F

O[C}. Zref 7|AMHXZ 271 A7t Li=H, ThE A0|CH 1 EOSE tHE HEHZ OutputsOil '2O{ELY. 16



. - - [EX] https://skyjwoo.tistory.com/entry/positional-
Transformer : Attention is all you need encoding%EC%9D%BA%EB%IE%E0-
%EB%AC%B4%EC%97%87%EC%9D%B8%EA%B0%80
https://kazemnejad.com/blog/transformer_architecture_positional_encoding/

Transformer : Positional Encoding
o LC}ASE M0 sinit cos &4 AFR : wavelength from 2m to 10000- 2

«  No Recurrence/Convolution0|2 Output
=z, AEA go-” E39| J(K:!'[H&II = Probabilities
HOA X0 thet 2 F7t He PE( 2y = sin( pos )
pos,2i 2i
«  Encoder®t Decoder Stacks Of2fi0j| 10000%model
Input EmbeddingsOi| Positional g
Encodings =7t = = pos g
—~ PEpos2i+1) = cos( —) g
Positional Encoding2 A|ZHx Q|X| e pos, _2t £
Ic ! o= e T 100009%model
7} CHE mjOiC} 19 FEE A0 —2 ﬁﬁmm
. = = orm ‘
Input Embedding0i| Cioi3= EH ' ;_Ipm Ml Heed
=2 745 UCt — M| fored 7 J Nx a0 50
Sequence—g—l 7E|0| 2755 gEHI—-" -?-lilO‘” “ Ao channel index
M2k 172 HEHE H4-dotH N (e o) NGaKed
Embedding®l #IE{0l| CiafzCt. Atertion Y hfenton
T 7 Yo Y
& ==
Positional Positional
Encoding ®-@ <;‘L Encoding
. inHAl7 EHRIQ OIgH Z+ZF = Input Output |
sin® &1t cosE A0 2ol 42 =2 B i
oiM S U0l = HH wdo i i
P . l.
2 0] Positional EncodlrlgOI_':E-l_EtII Inputs Gutiouts
7| IZ0 FC LayertA at&5t=H| (shifted right)

E0l5tA &



Transformer : Attention is all you need

Transformer : Scaled Dot-Product Attention

t

MatMul « Query, Key-Value2| #ZZ2 =11 S
i Q2 KQ| H| @ 4= Dot-Product®t ScaleZ O|F0{Z
SoftMax ) ]
y + MaskE 0|23l Illegal connection®| attention2 X
Mask (opt.) + SoftmaxZ FAL=E 0~ 19 A 22Z Normalize
) . RAESLVE ZTH Attention value Aot
Scale
¢
MatMul
Q K V

Additive attention vs dot—product attention
dot-product attention : Much faster and more space—efficient

Small d : additive and dot—product attention mechanism perform
similarly. Additive attention outperforms dot product attention
without scaling for larger dj.

Large dj — dot products grow large in magnitude — pushing the
softmax function into regions where it has extremely small gradients.

— Scale the dot product by \/%_k

[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Input : dj, dim&| queries®t keys, d,, dim&| values

KTQ
C = softmax
Vi

K
a = CTV = softmax (Q

i)’

Q = [qﬂl q1r e qn]
K = [kﬁ, kll ey k?l]

V = [vy,vq, ..., V]

Attention(Q,K,V) = a = CTV = softmax

QKT> ’
Jdi

MaskZ O|Z3liA{ lllegal connection?| Attention= =X| : self-attentionf|

CHSt OJOF7|Q1h|, LEHXMQI Attention 7L = DecoderZ0| Hidden LayerE &
off Output2 LH2{H Encoder Z0i| Hidden Layer ZiX|2t H| W5HA] AHES 51O}
olEZ O|H HR= HMEX|T, Self-attentiontA= DecoderS £Z2

Decoder Xt7] ApAlat AttentionS & 47 Q=0] 0§7]A Decoder E£2] 4t

Hidden LayerE At=512{H &X1MO 2 £20| LILLHD SiS I Y 259

DecoderECt 0|3 A|HS OfZ| A7} ASE| X Q47| M20] JECH MM AJA
9| Decoder220A 2| Hidden LayerE0t2 A28t 4 QICH= 0]|0}7|0|C}, 07|
A H|wE If Ar2E 4= = Hidden Layer&2 lllegal connectionO|2t10 STt
O|& lllegal connection2 MaskE &dll —inf2 HLiHZ|™ SoftmaxGiA] Zt0|

00| = S 0|25l attention0| Q=== A&iot ULt 18




Transformer : Attention is all you need [EX]] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Transformer : Multi-Head Attention

Multi-Head Attention

4 « Linear ¢4t (Matrix Mult)Z 0|86l Q, K, ve| Atgl2 24
Linear Q2 Ko| XH2I0| CHE Z <R 0| Z 0|83l SYUsHA HE
i . = . , dyXdmodel
| * h7i2| Attention LayerE HE2XH2Z A8 -H W2 A S Linear;(V) = VWy.i Wy € R
<l - 3 XM Linear ®4H2 0| &%l Attention Value2| Xt S Linear;(K) = KWi; Wi, € R modet
y- — v - : L Qo mat A Linear;(Q) = QWy,; W,; € R%*model
Scaled Dot-Product £ -« OlHZLIZS Soll g #lMol| R2I3t 2=E JHX|H| &
Attention
(10 [N (11 B, : : -
P L N\ A< 13 ) *  dmoaer A2 Q,K,VE 7IX|= Single attention g4 HLt, Q, K, VE h Hi£ dy , dy, d, RIE2E MY Projectd.
Lincar BH Linear BH Linear B — Attention B2 i '*'34 XN2|stdl, d, AH Ioutput values Z1}
- 7 7
MultiHead(Q, K, V) = Concat(head,, ..., head,)W?°

where head; = Attention(QW, KWK, VW/)

V K Q
* where projections are parameter matrices WiQ € A OF2f THAI2] Linear SIALS E5 Q K VOl Xt
RémoderXdk WK g Remodetdi WY € Rmoder*dv, WO € RMvXdk A2 LEEEDA|7|= 740] ZQ36ICH L8 71EX|
*  h=8 parallel attention layers ((:= heads) Z‘SEM;K&I Z'I/(I?jl_ = 7—.*7—_.*9|(3|men)3|0[1HEE{ I:(-)lII:PS
o B _ imension(dpedel)= HZ =
* di = dy = dioaer/8=512/8=64 value, key, query2| XIS BH0|| AL5ts AHC

2 XIS HEA|7AZE 9|0|0]7| = SICt.
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Transformer : Attention is all you need

Transformer : Masked Multi-Head Attention

Mask= RNN2| DecodertS MZtaHf HQS [, contextZ} AUHA =2 SOHZ7IHA] 0|0] 5t
= of7| IjF0] self-attentionS & AR = AIZHO= A0 HO{H Z=

=
St AL 6h= AIMS otot DI ASS 712 F=LCt.

Output Scaled Dot-Product Attention
Probabilities Q 7=t Vg' Q|

Feed
Forward
| S—
Nx Add & Norm
Multi-Head
Attention Attention
\ — 7 . —— S *
Positional ®_( > Positional
Encoding @_® Encoding
Input QOutput
Embedding Embedding
Inputs Qutputs
(shifted right)

Figure 1: The Transformer - model architecture.

Self-AttentionOf| A X}7| XHAI S st O|2H 2] Zhat= AttentionS 1otA| 27| EHE0H, MaskingS AHESHCL,

g I
CHSHA 2t HotS B oli2=0{0F RNNI SIot A7t £|7| IjF0f MaskE O|EdHM 0=
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Transformer : Attention is all you need [E%{] https:/heung-bae-lee.github.io/2020/01/21/deep_learning_10/

Transformer : Multi-Head Attention in Action
Multi-Head AttentionO| Transformer®j] HEH MEL|0f A=X|

Self-Attention2 Decoder?t S st Decoderg X022 Key2}l Query2t
Valuee 25 Z2 Z0|Ct Encoding B2 Causual system¥ ZQ7t gleo
2 Mask 210 Key, Value, Query?t 1= ALEE = UX|Tt, Decoder 42
X Querydta 1 ot= 20| Key2t valueZt Query 2Lt Cf FAA L2 4= &
7| 20| MaskE &&3t Masked Multi-Head AttentionS AT}

Encodertto] Self-Attentiong SollA] Attention0] ZXE|H = Features

= FE0ol,

DecoderEi|Al= Output Embedding(or 0|F2| £21ZH)0| S0{YS M 0|7
= Masked Multi-Head Attention2 S Feature £FZ6}11, &2 Al HIA
220 0] DecoderE Sdlf === FeatureZt Query2 EX7t11, LIHX| Key,
Value= EncoderE Solf ME0{T £22 71X YHS v =Lt A=20=

0| AXE Seq2seq 2R Attentiont SUSH X7t E|AH & ZO0|Ct.

Applications of Attention in our Model

The Transformer uses multi-head attention in three different ways: 1) In “encoder-decoder attention”
layers, the gueries 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 (cite).

2) 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.

3) 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 —o0) all values in the input of the softmax which
correspond to illegal connections.



Transformer : Position-Wise Feed-Forward

» Each layer in encoder and decoder contains a fully connected feed-
forward network; applied to each position separately and identically.

+ Consists of two linear transformation with a ReLU activation

FFN(x) = max(0,xW; + by) W, + b,

Output
Probabilities

Linear

Add & Norm

Feed
Forward

Add & Norm

(~LAdd & Norm ) Mult-Head

== > [ Fully-Connected Layer ]

Forward L T 7 Nx
N |_%: [ ReLU
Add & Norm

Nx | —(CAsd & Norm ) ]
Masked Fully-Connected Layer J

Multi-Head Multi-Head
Attention Attention
At At
—] = Position-wise
Pasitional ®_® Positional
Enceding ¢ Encoding
Input Output
Embedding Embedding
I I
Inputs Outputs
(shifted right)

Transformer : Attention is all you need [E%{] https:/heung-bae-lee.github.io/2020/01/21/deep_learning_10/

* While linear transformations are the same across different positions,
they use different parameters from layer to layer.

* Dimensionality of input and output d,;,oge; = 512

* Inner-layer has dimensionality dg = 2048

» Position-wise Feed-Forwarde= Of2ff ZEAM BfA XMF JI27F 222 20|, M2
7} One—hot vectorE 37| 2 %= =0l HE X2 &= input &0 StLiO
15t 12X 9| RelU activation?] FC LayerE2 2906llAM A5

Transformer : Embeddings and Softmax

* Learned embeddings : Used to convert the input/output tokens to
vectors of dimension dyodel-

* Learned linear transformation and softmax function : Used to
convert the decoder output to predicted next-token probabilities.

« Share weight matrix between two embedding layers and pre-softmax
linear transformation.

* In embedding layers, multiply those weights by ./do4e1



« Feed-Forward?7} 0Lt CH20|L} Self-Attention0] YL CHE0|=

Z(Skip connection)2 % Layer Normalization=2

Transformer : Attention is all you need

M AtEdtL QUL

« Layer Normalization2 Batch?| @2 2tX| 4= NormalizationO|2f 17 A

Transformer : Add & Norm

JHHLEM O ofiE
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N |
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Attention Attention
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[EX] https://heung-bae-lee.github.io/2020/01/21/deep_learning_10/

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.

Ar

dmodel  dft dp,

d,

Pdrap €ls

train

PPL  BLEU params

Skip-Connection

h steps | (dev) (dev)  x10°
base | 6 512 2048 8 64 64 0.1 0.1 100K | 492 25.8 65
1 512 512 5.29 249
(A) 4 128 128 5.00 255
16 32 32 491 258
32 16 16 5.01 254
16 5.16 25.1 58
® 32 501 254 60
2 6.11 23.7 36
4 5.19 253 50
8 4.88 255 80
(©) 256 32 32 5.75 24.5 28
1024 128 128 4.66 26.0 168
1024 5.12 254 53
4096 4.75 26.2 90
0.0 577 24.6
0.2 4.95 25.5
(D) 0.0 4.67 253
0.2 547 25.7
(E) positional embedding instead of sinusoids 492 257
bic | 6 1024 4096 16 03 300K | 433 264 213
23
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|

Transformer Deep Dive, Diving into the breakthroughs, scientific
basis, formulas and code for the transformer architecture.

Carlo Lepelaars

https://wandb.ai/carlolepelaars/transformer deep dive/reports/Trans

former-Deep-Dive--VmlldzozODQ4NDQ

https://wandb.ai/authors/One-Shot-3D-Photography/reports/-
Transformer---VmlldzoOMDIyNDc

Suggested Papers
Attention Is All You Need (2017)

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding (2018)

Reformer: The Efficient Transformer (2020)
Linformer: Self-Attention with Linear Complexity (2020)

Longformer: The Long-Document Transformer (2020)

Language Models are Few-Shot Learners (GPT-3 paper)(2020)

T E 0|A|= Harvard NLP Group?| The Annotated Transformer %! EZHA I H
Ofl CHSt PyTorch 2MO|A refactor E/US.

Annotated Transformer : Training ZE &
https://nlp.seas.harvard.edu/2018/04/03/attention.html#training

https://github.com/huggingface/transformers/blob/master/notebooks/02-
transformers.ipynb

Online Resources
The Annotated transformer with PyTorch Code

The lllustrated Transformer

The Narrated Transformer Lanquage Model

Attentional Neural Network Models | tukasz Kaiser | Masterclass
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Tokenization

- R4, gits Ao Rlol| HIAES A= LIEE ZE0| EQotht
—

Tokenization= HIAE 2X}HS QI 7|59 A|IEA [SPY
(parse)sh= T2 MAQULICE O] TZMAMA 2F H4=7t HIAEOC| AH
£ LEHH= H42| HE 7} M- =L

v' Transformer =20 A= tokenization WHO = Byte-Pair
Encoding (BPE)E At29tCt. BPE is a form of compression
where the most common consecutive bytes (i.e. characters) are
compressed into a single byte (i.e. integer).

o Z|Z A0 =M BPE= SuboptimalO|{ BERTQ} &2 %29 A
0 22 WordPiece tokenizerZ Clj4l AF25ICH WordPieces &
ol HH HOE oLt EE202 EFSIEE OAY0| 4 g1 X&AXMo
2 HQIC} IiZMO = BPE= 335 H0{Q| 222 EZSISICL 0l= X%
= EZst 7|2 HUNE 24X (F, S8l X/t Y = Sl EERE E
Zotkl= 4EO = 0|0E & QUCH I2EE, HiE HA|0A AtZol=
tokenizer= WordPieceO|L}.

+ Tokenizerg B|AEQ| CorpusOf|A] SHAIZ = JUCLt, AN HF
AE2 O LHEE pre-trained tokenizerE A8t}
HuggingFace transformers library2 AF26}H AIM S23 = EFL}0|
Nz A =de = o

=
T

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

>>> from transformers import BertTokenizer
>>> tok = BertTokenizer.from_pretrained("bert-base-uncased")

Downloading: 100%| |
1.04M/1.04M [00:00<00:00, 1.55MB/s]

Downloading: 100%| |
456k/456k [00:00<00:00, 848kB/s]

>>> tok("Hello, how are you doing?")['inputs_ids’]

{input_ids" [101, 7592, 2129, 2024, 2017, 2725, 1029, 102]}

>>> tok("The Frenchman spoke in the [MASK] language and ate ")['input_ids']
{'input_ids" [101, 1996, 26529, 3764, 1999, 1996, 103, 2653, 1998, 8823, 100,
102]}

>>> tok("[CLS] [SEP] [MASK] [UNK]")['input_ids’]

{input_ids" [101, 101, 102, 103, 100, 102]}

* Note that the tokenizer automatically includes a token for the
start of an encoding ([CLS] == 101) and the end of an
encoding (i.e. SEParation) ([SEP] == 102). Other special
tokens include masking ([MASK] == 103) and an unknown
symbol ([UNK] = 100, e.g. for the S emoji).
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Embeddings

. HAEO| MESEHS 8&517| Yt AlHAC 7 HE token

Embeddmg% Soff ¢l

SFESF UL Em

7t CHOf TH5t HIE|S
OllM =7|3tEIC

« DE(E e RIvocablxdnoae )2 X 7|548t [ 013|(vocab) 2 27|

B2 HEE|H, 0|= neural network layer?]
beddlng()il CHot WeightS2 Transformer 2

%'EI LHHA] S22 eF=E| 7| E0]Ct Ol O{2l(vocabulary)|
3.:.0}]'_ QUOM, O[2{8 Weight= M+ £ N(0,1)

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

import torch
from torch import nn
class Embed(nn.Module):
def __init__ (self, vocab: int, d_model: int = 512):
super(Embed, self).__init_ ()
self.d_model = d_model
self.vocab = vocab

5t

(Ivocab|) ® 2 (dmoger =512)2 7_q'?-l(dimenSion)% X|’goliOF STt self.emb = nn.Embedding(self.vocab, self.d_model)
« DOpX|ato 2 XMaK(normalization) THH 2 WeightS2 /dmodeli = self.scaling = math.sqrt(self.d_model)
xIC}.

CLASS toxrch.nn.Embedding(num_embeddings, embedding_dim,
padding_idx=None, max_norm=None, norm_type=2.0, s
scale_grad_by_freq=False, sparse=False, _weight=None, - -

device=None, dtype=None)

A simple lookup table that stores embeddings of a fixed dictionary and size.

This module is often used to store word embeddings and retrieve them using indices.

The input to the module is a list of indices, and the output is the corresponding word
embeddings.

def forward(self, x):
return self.emb(x) * self.scaling

Variables

~Embedding.weight (Tensor) - the learnable weights of the module of
shape (num_embeddings, embedding_dim) initialized from N(O: 1)

Shape:

® |nput: (*), IntTensor or LongTensor of arbitrary shape containing the
indices to extract
* Qutput: (*, H), where *is the input shape and H =

embedding dim 26



nn.Embedding

When max_noxm is not None, Embedding’s forward method will modify the 53>
22>

>>>

weight tensor in-place. Since tensors needed for gradient computations
cannot be modified in-place, performing a differentiable operation on

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmIldzozODQ4NDQ

# an Embedding module containing 10 tensors of size 3
embedding = nn.Embedding(10, 3)
# a batch of 2 samples of 4 indices each

Embedding.weight before calling Embedding’s forward method requires >>> input = toxch.LongTensox([[1,2,4,5],[4,3,2,9]1])
cloning Embedding.weight when max_noxm is not None . For example: >>> embedding (input)
tensor([[[-0.0251, -1.6902, 0.7172],
[-0.6431, 0.0748, 0.6969],
h; d, m=3; 5, 7 [ 1.4970, 1.3448, -0.9685],
embedding = nn.Embedding(n, d, max_norm=True) [-0.3677, -2.7265, -0.1685]],
W = torch.randn((m, d), requires_grad=True)
idx = toxch.tensox([1, 2]) [[ 1.4970, 1.3448, -0.9685],
a = embedding.weight.clone() @ W.t() # weight must be [ 0.4362, -0.4004, 0.9400],
cloned for this to be differentiable [-0.6431, 0.0748, 0.6969],
b = embedding(idx) @ W.t() # modifies weight in-place [ ©.9124, -2.3616, 1.1151111)

out = (a.unsqueeze(0) + b.unsqueeze(1))
loss = out.sigmoid().prod()
loss.backwaxd()

>>> # example of changing ‘pad’ vector
>>> padding_idx = 0

>>> embedding = nn.Embedding(3, 3, padding_idx=padding_idx)
>>> embedding.weight
Parameter containing:

tensoxr([[ 0.0000, ©.0000, ©.0000],
[-0.7895, -0.7089, -0.0364],
[ 0.6778, 0.5803, 0.2678]], requires_grad=Txue)

>>> with toxch.no_grad():

.

embhedding.weight[padding_idx] = toxrch.ones(3)

>>> embedding.weight
Parameter containing:

tensor ([[ 1.0000, 1.0000, 1.0000],
[-0.7895, -0.7089, -0.0364],
[ 0.6778, 0.5803, 0.2678]], requires_grad=True) 27



Positional Encoding

Transformer /=247 PyTorch

* Recurrent % Convolutional networksit= HXMO = BH Xti|=
A EAN embedded tokens2| AL 2|X|(relative position)0]] CHSH A
HE 71X QUX| &Lt M2tA Encoder?t Decoder0f| CHSH Input
Embeddings0i| IZF = F7IRIQ2M 0| x| HEE 2AH5HOF St}

O] §E= CiYet YHOZ FIIE U FXO|HLE

;ﬁ A
S15E 4 QUL

« Transformers= 2t 2|X| (pos)0i| CHSE sin 2! cos BISHS A2 SLLY. sin
2 B XHE (20) IM AL &M, cos2 2 A (2i + 1)0 ARZ-EIC

s e PoOs
PEPOS.21 - Sln( 100004 Todel )
R P9
PEPOS.QI*]. - COS( 100002t/ 4model )

« Positional encodings are computed in log space to avoid

numerical overflow.

torch.arange (start=0, end, step=1, , out=None, dtype=None, layout=torch.strided, device=None,

requires_grad=False) — Tensor

. end—start . . . .
Returns a 1-D tensor of size ’VWW with values from the interval [start, end) taken with common difference

step beginning from start.

Note that non-integer step is subject to floating point rounding errors when comparing against end; to avoid

inconsistency, we advise adding a small epsilon to end in such cases.

out;;1 = out; + step

>>> torch.arange(5)

tensox([ ©, 1,

2, 3,

>>> toxch.arange(1, 4)

tensox([ 1, 2,

31)

41)

>>> torch.arange(1l, 2.5, 0.5)

tensox ([ 1.0000,

1.5000,

2.0000])

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-

Deep-Dive--VmlldzozODQ4NDQ

import torch
from torch import nn
from torch.autograd import Variable

class PositionalEncoding(nn.Module):

def __init__ (self, d_model: int = 512, dropout: float = .1, max_len: int = 5000):

super(PositionalEncoding, self).__init_ ()
self.dropout = nn.Dropout(dropout)

# Compute the positional encodings in log space
pe = torch.zeros(max_len, d_model)
position = torch.arange(0, max_len).unsqueeze(1)

div_term = torch.exp(torch.arange(0, d_model, 2) * -
(torch.log(torch.Tensor([10000.0])) / d_model))

pe[:, 0::2] = torch.sin(position * div_term)
pe[:, 1::2] = torch.cos(position * div_term)
pe = pe.unsqueeze(0)
self.register_buffer('pe’, pe)

def forward(self, x):
x = x + Variable(self.pe[:, :x.size(1)], requires_grad=False)
return self.dropout(x)
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A= EA] [EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Transformer £/5:=4/ PyTorch Deep-Dive--VmlldzozODQ4NDQ

Positional Encoding
Below the positional encodling will add in a sine wave based on

Since our model contains no recurrence and no convolution, in order for the model to position. The frequency and offset of the wave is different for each
make use of the order of the sequence, we must inject some information about the dimension.

relative or absolute position of the tokens in the sequence. To this end, we add
“positional encodings” to the input embeddings at the bottoms of the encoder and
decoder stacks. The positional encodings have the same dimension dp,q4e1 as the

. . . plt.figure(figsize=(15, 5))
embeddings, so that the two can be summed. There are many choices of positional

pe = PositionalEncoding(28, @)

encodings, learned and fixed (cite). y = pe.forward(Variable(torch.zeros(1, 188, 28)))
plt.plot(np.arange(1@@), y[8, :, 4:8].data.numpy())
plt.legend(["dim %¥d"%p for p in [4,5,6,7]])

None

In this work, we use sine and cosine functions of different frequencies:

PE(;059i) = sin(pos/m[]gnﬂi;‘dmodel)

PE(,,52i:1) = cos(pos,’lﬂ[](}l)wd‘mdd) where pos is the position and i is the
dimension. That is, each dimension of the positional encoding corresponds to a 100
sinusoid. The wavelengths form a geometric progression from 2w to 10000 - 27. We D%
chose this function because we hypothesized it would allow the model to easily leasn  °*°
to attend by relative positions, since for any fixed offset k, PEp,+ can be o
represented as a linear function of PEL,,.

0.00
=0.25
In addition, we apply dropout to the sums of the embeddings and the positional _—
encodings in both the encoder and decoder stacks. For the base model, we use a o
rate of Py, = 0.1.

=1.00

0 20 40 60 B0 100

We also experimented with using learned positional embeddings (cite) instead, and
found that the two versions produced nearly identical results. We chose the
sinusoidal version because it may allow the model to extrapolate to sequence lengths
longer than the ones encountered during training.
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Multi-Head Attention

Attention layer= Query(Q) 2t Key(K), Value 2} (V)4 ZHe| IS
S1&58t 4 ULICL 0/213 0150 QJ0j= SHNLP S8 T2 30 If
ot SEtXEE SIZE = U0

HIAE MMO| Bi2r0f| A, query= 22| Embedding0|H, valuelt
key= TargetsZ = = QICt. GO Z 71t 7|= SYOILE

“Scaled dot-product attention”2t 22 = 712 NLPY|A{ Attention
9| Performance& =@l 5tLt2| &17|XQI AL}, 0|= multiplicative
attention} SYotLt, F71HO = Q 2 K ME2 7| XH& d), Of ol 2
717} Z&(scale)EILt. 0|2 SaHA Multiplicative attention2 I 2 &}
oM o L2 performanceE EHZELCt. Z1= softmax activation

softmax(x;) = % 0l VE Sotrt.
J

. ' . . QI\'T
Attention(Q, K, V') = softmax( wn

)14

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

import torch
from torch import nn
class Attention:
def __init__ (self, dropout: float = 0.):
super(Attention, self).__init_ ()
self.dropout = nn.Dropout(dropout)
self.softmax = nn.Softmax(dim=-1)

def forward(self, query, key, value, mask=None):
d_k = query.size(-1)
scores = torch.matmul(query, key.transpose(-2, -1)) / math.sqrt(d_k)
if mask is not None:
scores = scores.masked_fill(mask == 0, -1e9)
p_attn = self.dropout(self.softmax(scores))
return torch.matmul(p_attn, value)

def _call__(self, query, key, value, mask=None):
return self.forward(query, key, value, mask)

Tensoxr.masked_£ill_(mask, value)

Fills elements of self tensor with value where mask is True. The shape of mask must be broadcastable

with the shape of the underlying tensor.
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Multi-Head Attention

«  Decoder0f|A attention sub-layer= EX X2 1R 2 24 (-1e9

or sometimes even —inf)E XSO = M| masklng =IC}. OIE k=3
E X2|eo2M 2HO0| cheating 5= 242 0i|8t5}7| 5t 24
of RH2 Ct2 EZS G=ots & M 0|X X2 HHOo Tt =

ol A
o1 4 9tk

« attention mechanism 1 XtX|= 0|0] OfF 21X 0|H matrix

multiplicationd]] Z[X3tE GPU % TPUZ} 22 Z|A SIEYIHOA &
S2HO =z HAE £ QIC} SHX|3t a single attentlon layer= SHLIC| H
S0t 5|2 ot} M2tA] Transformer0|A] multiple attention heads

7} At ZICE 0|1€ Soll 222 multiple patterns 2!
representationsS St&St 4= QICL

+ The paper uses h = 8 attention layers which are concatenated.

The final formula becomes:

MultiHead(Q, K, V) = Concat(head,, .., head,)W°
where head; = Attention(QW2KWK, VW/)

The projection weights (W € R *dmott 17 iQ € Rimodaxds 17 EK €

R model *dic 7 ?}; € Rmoid ¥ dv) are outputs of a fully-connected (Linear) layer. The

authors of the transformer paper use d = d, = % = 64.

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

from torch import nn
from copy import deepcopy
class MultiHeadAttention(nn.Module):
def __init_ (self, h:int = 8, d_model: int = 512, dropout: float = 0.1):

super(MultiHeadAttention, self).__init__ ()
self.d k=d model // h

self.h =h

self.attn = Attention(dropout)

self.lindim = (d_model, d_model)

self.linears = nn.ModuleList([deepcopy(nn.Linear(*self.lindim)) for _ in range(4)])

self.final_linear = nn.Linear(*self.lindim, bias=False)
self.dropout = nn.Dropout(p=dropout)

def forward(self, query, key, value, mask=None):

if mask is not None:
mask = mask.unsqueeze(1)

nbatches = query.size(0)

# Do all the linear projections in batch from d_model => h x d_k

query, key, value = [I(x).view(nbatches, -1, self.h, self.d_k).transpose(1, 2) \
for I, x in zip(self.linears, (query, key, value))]

x = self.attn(query, key, value, mask=mask)

# Concatenate and multiply by WO
x = x.transpose(1, 2).contiguous().view(nbatches, -1, self.h * self.d_k)
return self.final_linear(x)



Multi-Head Attention

« Technical note : .transpose= 7|2 0|2 2| X
=96}7| 20| .contiguous HH2 .transpose C+S0| F7}=ICY. Of

viewE S&ol2{™H QI st (contiguous) tensor/t L SIL} (&

S22l Hek(reshaping), £2t0|(slicing) & Q4

). .view B2 &
b= QUL (2AM)

M
g s g = U
«  Zthead?Q XS h,2 LH=7| 20, &
7121 5tk
HAIS S0 AM2 GIEE W2t HEH 3 parallelize)
Solf 24 SIEYO0IM SETF A S
(recurrence) 80| MOl AN RHZ &
oI 28 & ofLto|Ct

Tensor view

>>> t = toxch.rand(4, 4)
>>> b = t.view(2, 8)

>>> t.storage().data_ptxr() == b.storage().data_ptx()

share the same underlying data.

# Modifying view tensor changes base tensor as
>>> b[0][0] = 3.14
>>> £[0][0]

tensor(3.14)
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HAL2 full dimensionalityS
attention head= AI26H= Z{1t QAFSICE 12U, 0] &2
OM 0|E

well.

229 tensorl}

Ct. Ol= &d&

T AAE of

M

=

i
9

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-

Deep-Dive--VmlldzozODQ4NDQ

nbatches = query.size(0)
x = self.attn(query, key, value, mask=mask)

# Concatenate and multiply by WAO

5 return self.final_linear(x)

—

AlE

[ |

>>> base = torch.tensox([[0, 1],[2, 2]11)

>>> base.is_contiguous()

TTue

>>> t = base.transpose(0, 1) # 't' is a view of 'base’. No data
movement happened here.

# View tensors might be non-contiguous.

>>> t.is_contiguous()

# To get a contiguous tensor, call " .contiguous()’ to enforce
i copying data when t 1is not contiguous.

>>> ¢ = t.contiguous()

query, key, value = [I(x).view(query.size(0), -1, self.h, self.d_k).transpose(1, 2) \
for |, x in zip(self.linears, (query, key, value))]

x = x.transpose(1, 2).contiguous().view(nbatches, -1, self.h * self.d_k)

contiguous

view, transpose, permute S}
Z+2 215 Tensor| H|E}G|O|E]
7t H¥ol= et-=2 Zat2
non contiguous Tensorg

non contiguous Tensor= F4

2 MufE SLt0] oS I AR

Sk A (=]
g3

contiguous g+2 ME2 H2
2|0f| &=5H0] contiguous
Tensor2 HZASHH FAZF XY
20| 7ts
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Residual & Layer Normalization

Al A3 HF L E|0|A= residual connections & (Batch) normalization?t 22 70| performanceE A |7| 1, 23 A|7tS HE6IH, HCH AMS

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-

Deep-Dive--VmlldzozODQ4NDQ

=X0]|
— =

HEQ 32| 23S 7157 tit= AtAlE WAt M2t , 2= attention layer 2 2 E feed forward layer CHZ0| Transformer= residual connection %!

=

normalizationE 51 ULt FIHXOZ, O L2 YHist(generalization)E ¢lsH Zf 210|0{0i| dropoutO| F7EILCY.

Layer Normalization

oIt EHaid 7|8t ARE HIM RS2 HE HiX| H15E Zaet ULt
J12{L} 0|28t st RS 2 HIX| AO| =0 2fo ZR&|0, IHGHA|
I recurrenceli| MiotX| gLt 7|E EMAN O |”IX= 2|0[0] H
TetE A 200 QUL 4010 Hrtet= vix| 27|17t &2t e
(batchsize<8) OPH X Q.

In order to calculate layer normalization, we first calculate the mean f; and

standard deviation o; separately for each sample in the minibatch.

pi =4 Yio Tik

i = sqrt (% St (@i — #-i)z)

Then, the normalization step is defined as:

LN, 5(z;) = 7% + B

where 7y and 3 are learnable parameters. A small number € is added for

numerical stability in case the standard deviation o; is 0.

from torch import nn
class LayerNorm(nn.Module):
def __init__ (self, features: int, eps: float = 1e-6):
super(LayerNorm, self).__init_ ()
self.gamma = nn.Parameter(torch.ones(features))
self.beta = nn.Parameter(torch.zeros(features))
self.eps = eps

def forward(self, x):
mean = x.mean(-1, keepdim=True)
std = x.std(-1, keepdim=True)
return self.gamma * (x - mean) / (std + self.eps) + self.beta
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Residual & Layer Normalization

Residual

* Aresidual connection means that you add the output of a
previous layer in the network (i.e sublayer) to the output of the
current layer. This allows for very deep networks because the
network can essentially 'skip' certain layers.

» The final output of each layer will then be

ResidualConnection(x)=x+Dropout(SubLayer(LayerNorm(x)))

Position-Wise Feed Forward

On top of every attention layer a feed forward network is added. This consists of two
fully-connected layers with a ReLU activation (ReLU(z) = max(0, )) and
dropout for the inner layer. The standard dimensions used in the transformer paper
are dmodel = 512 for the input layer and ds; = 2048 for the inner layer.

The full calculation becomes FeedForward(z) = Wamaxz(0,zW; + B;) + Bs.

Note that PyTorch Linear already includes the biases (B; and Bs) by default.

A= EA] [EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Transformer %/ PyTorch Deep-Dive--VmlldzozODQ4NDQ

from torch import nn
class ResidualConnection(nn.Module):
def __init__ (self, size: int = 512, dropout: float = .1):
super(ResidualConnection, self).__init_ ()
self.norm = LayerNorm(size)
self.dropout = nn.Dropout(dropout)

def forward(self, x, sublayer):
return x + self.dropout(sublayer(self.norm(x)))

from torch import nn
class FeedForward(nn.Module):
def __init_ (self, d_model: int = 512, d_ff: int = 2048, dropout: float = .1):

super(FeedForward, self).__init_ ()
self.l1 = nn.Linear(d_model, d_ff)
self.I2 = nn.Linear(d_ff, d_model)
self.relu = nn.ReLU()
self.dropout = nn.Dropout(dropout)

def forward(self, x):
return self.12(self.dropout(self.relu(self.11(x))))
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Encoder - Decoder

Encoder

* Now we have all the components to build the model encoder and

decoder. A single encoder layer consists of a multi-head
attention layer followed by a feed-forward network. As

mentioned earlier, we also include residual connections and

layer normalization.

Encoding(x,mask)=FeedForward(MultiHeadAttention(x))

» The final transformer encoder from the paper consists of 6
identical encoder layers followed by layer normalization.

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

from torch import nn
from copy import deepcopy
class EncoderLayer(nn.Module):

def __init__ (self, size: int, self_attn: MultiHeadAttention, feed_forward:
FeedForward, dropout: float = .1):

super(EncoderLayer, self).__init_ ()
self.self_attn = self_attn

self.feed_forward = feed_forward

self.sub1 = ResidualConnection(size, dropout)
self.sub2 = ResidualConnection(size, dropout)
self.size = size

def forward(self, x, mask):
x = self.sub1(x, lambda x: self.self_attn(x, x, x, mask))
return self.sub2(x, self.feed_forward)

class Encoder(nn.Module):
def __init_ (self, layer, n: int = 6):
super(Encoder, self).__init_ ()
self.layers = nn.ModuleList([deepcopy(layer) for _ in range(n)])
self.norm = LayerNorm(layer.size)

def forward(self, x, mask):
for layer in self.layers:
x = layer(x, mask)
return self.norm(x)



A= EA] [EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Transformer £/5:=4/ PyTorch Deep-Dive--VmlidzozODQ4NDQ

Encoder - Decoder
from torch import nn

from copy import deepcopy

Decoder class DecoderLayer(nn.Module):

* The decoding layer is a masked multi-head attention layer def __init_ (self, size: int, self_attn: MultiHeadAttention, src_attn:
followed by multi-head attention layer that includes memory. MultiHeadAttention, feed_forward: FeedForward, dropout: float = .1):
Memory is an output from the encoder. Lastly, it goes through super(DecoderLayer, self).__init__()

a feed-forward network. Again, all these components include self.size = size
residual connections and layer normalization. self.self_attn = self_attn

self.src_attn = src_attn

self.feed_forward = feed_forward

FeedForward( MultiHeadAttention(MultiHeadAttention(x,mask1), self.sub1 = ResidualConnection(size, dropout)

memory,mask?2) ) self.sub2 = ResidualConnection(size, dropout)
self.sub3 = ResidualConnection(size, dropout)

Decoding(x,memory,maskl, mask2) =

» As with the final encoder, the decoder in the paper also has 6

identical layers followed by layer normalization. def forward(self, x, memory, src_mask, tgt_mask):

x = self.sub1(x, lambda x: self.self_attn(x, x, x, tgt_mask))
class Decoder(nn.Module): x = self.sub2(x, lambda x: self.src_attn(x, memory, memory, src_mask))
def __init__(self, layer: DecoderLayer, n: int = 6): return self.sub3(x, self.feed_forward)
super(Decoder, self).__init_ ()
self.layers = nn.ModuleList([deepcopy(layer) for _ in range(n)])
self.norm = LayerNorm(layer.size)

A

def forward(self, x, memory, src_mask, tgt_mask):
for layer in self.layers:
x = layer(x, memory, src_mask, tgt_mask)
return self.norm(x) 36



[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-

AI=E A
Transformer £/Z=] PyTorch Deep-Dive--VmlldzozODQ4NDQ

Encoder - Decoder

Encoder-Decoder

« With this higher level representation of the encoder and decoder
we can easily formulate the final encoder-decoder block. Output

Probabilities

from torch import nn
class EncoderDecoder(nn.Module):
def __init__(self, encoder: Encoder, decoder: Decoder,

) Add & N
src_embed: Embed, tgt_ embed: Embed, final_layer: Output):
ee
super(EncoderDecoder, self).__init_ () Forward
self.encoder = encoder l_%
Add & Norm
self.decoder = decoder F’&C’F&;Tﬂ] VTR
= ee Attention
self.src_embed = src_embed Formard 7 N
self.tgt_embed = tgt_embed ]
self.final_layer = final_layer N (A Nom)
Masked
Multi-Head Multi-Head
) Attention Attention
def forward(sellf, src, tgt, src_mask, tgt_mask): X , X 7
return self.final_layer(self.decode(self.encode(src, src_mask), src_mask, tgt, tgt_mask)) S— J | e—
Positional D q Positional
Encoding ¥ Encodi
def encode(self, src, src_mask): ncoding
Input Qutput
return self.encoder(self.src_embed(src), src_mask) Embedding Embedding
Inputs Outputs

def decode(self, memory, src_mask, tgt, tgt_mask):

(shifted right)
return self.decoder(self.tgt_embed(tgt), memory, src_mask, tgt_mask)
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Final Output

OIX|2fC 2, Decoder?| HE £2{2 z|T £ O HSHE|0{0F BILICH

A0 HA I} Z+2 sequence-to-sequence 2H|2| ZL 0= Zt
positionOf| IZH<.>_+ = 012/0f 2ot =tE 2IL0|C}. Only a fully-connected
layer= decoder outpup2 logits2| = Hatk|H, 0|= EIZl 3|9
XS 20 JUELILE 0]2{8t =At= softmax &-dal et+E Salf 0 &
O CHSt &t 22 HEHEICL

LogSoftmax(z;) = log(m

rLIIO
N
FJ
o
K
O
2
o
rr
w
S
o
S
o
=

GE =0, HAE ZF0| 20742| E
o E20j2} 1 J1He A, 1219 22 }gag sHiz
matrix M& R20%300000| =]

T2 COH3 OFX|2 X0l CHSE argmaxE F[6H0 tokenize
EGZ I & 4+ U= 58 EZ TER?? 9 HEE A

Output(x) = LogSoftmax(max(0,xW; + By))

[EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Deep-Dive--VmlldzozODQ4NDQ

from torch import nn
class Output(nn.Module):
def __init__ (self, input_dim: int, output_dim: int):
super(Output, self).__init_ ()
self.11 = nn.Linear(input_dim, output_dim)
self.log_softmax = nn.LogSoftmax(dim=-1)

def forward(self, x: torch.Tensor) -> torch.Tensor:

logits = self.11(x)
return self.log_softmax(logits)
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A= EA] [EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Transformer £/5:=4/ PyTorch Deep-Dive--VmlidzozODQ4NDQ

Model initialization

o =20|AMQ 20| SUSHXIROZ transformer model2 TESLLL. Initialization strategy=
. N L 1 1. w00 2ol MEH= e = L. LeCun Normal LeCun Uniform
Xavier/Glorot }_7|2|'0|D:| Ol: [__ - |:|T|—-| __ﬂLE EEO‘”A-I |_-i _lHOI-EE ?‘o%ltl- EE bias Initialization Initialization

vn'yn
=2 02 =7|3}HEICY

W~ NOVar W) wope L 4 L)
Xavier(W) ~U[-+,L],B=0 : Min Tin

Var(W) =/ -

» This function return a PyTorch model that can be trained for sequence to sequence problems. Xaiver Normal Xaiversta= H| M35t
Initialization _/'\_(ex_ Singid, tanh)

oM 2aPMel ZatE

from torch import nn W ~ N(0,Var(W)) HOo&LC}, obX|2t ReLU

def make_model(input_vocab: int, output_vocab: int, d_model: int = 512): SEA0IM ALR A| =3
encoder = Encoder(EncoderLayer(d_model, MultiHeadAttention(), FeedForward())) / 2 40| 002 £Egt £ Q
decoder = Decoder(DecoderLayer(d_model, MultiHeadAttention(), MultiHeadAttention(), FeedForward())) Var(W) = Tin + Ny ooz OE x7|eH Y
input_embed= nn.Sequential(Embed(vocab=input_vocab), PositionalEncoding()) S ArZoHOF Sttt
output_embed = nn.Sequential(Embed(vocab=output_vocab), PositionalEncoding()) Xaiver Uniform
output = Output(input_dim=d_model, output_dim=output_vocab) Initialization

model = EncoderDecoder(encoder, decoder, input_embed, output_embed, output) 6 6
WelU(—y | ——y +yf——)
Min 1 Nout Nin + Nout

# Initialize parameters with Xavier uniform
for p in model.parameters():
if p.dim() > 1:
nn.init.xavier_uniform_(p)
return model 39

(Mg < O layer(input)@] L& %, Ny : CHS layer®| L E %)



A= EA] [EX] https://wandb.ai/carlolepelaars/transformer_deep_dive/reports/Transformer-
Transformer £/5:=4/ PyTorch Deep-Dive--VmlidzozODQ4NDQ

Model initialization

-« OfeioM B = A £ 10 o 0| AtEot= LE| tiet HO| HAZL 2E
E|0] QUCH U= S0 Tiet 0127+ 10101070 2H AL 7oKL A

# Tokenized symbols for source and target.
>>> grc = torch.tensor([[1, 2, 3, 4, 5]])

>>> src_mask = torch.tensor([[1, 1, 1, 1, 1]])
>>> {gt = torch.tensor([[6, 7, 8, 0, 0]])

>>> tgt_mask = torch.tensor([[1, 1, 1, 0, 0]])

# Create PyTorch model

>>> model = make_model(input_vocab=10, output_vocab=10)

# Do inference and take tokens with highest probability through argmax along the vocabulary axis (-1)
>>> result = model(src, tgt, src_mask, tgt_mask)

>>> result.argmax(dim=-1)

tensor([[6, 6, 4, 3, 6]])

o DHEIS HOSHA =7|3HE 7IEXIE #1 e8 2, £ 2 targett 2|7t NYHS| A L. 0128t transformer model2 * 1°'=’E1 SHS=A
=2 Aot AL HQ 2 ottt 7|2 REE S36H7| flol], XXt= =20 12A|Z2F S0 8712 NVIDIA P100 GPUE S3A|IZCL 2 2
e 8712 GPUE £216l= | 3.54S AQEICH A & ._15._I transformer model A2 2! 2 T2 7 2H0f| MESIEE O|M| ZXSIA|7| HE
2tCt. HuggingFace Transformers library= 0|0] D|A1| XS Q5 AN S8 E RS T0| 7EK| 10 QICE.

« 28 EXIE XMSFH ZYot= W0 CHoHA O XiM[o| ¥ 4O AICHH The Annotated Transformer 23 MM 0l
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