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1. Proposal

NLP — Sequence transduction model.
e Sequence — Sequence F1 2
e 7[Z (1):RNN or CNN ArE. using encoder & decoder

e 7| (2): Best model: Attention mechanism AHE3ll A encoder - decoder &4

Transformer architecture H|€t.
e RNNI[LSTM, GRU], CNN AF& X
* 2% attention mechanisms [specifically, self-attention] 2F AFE.

» 7|&:encoder-decoder architectures= A& %t recurrent layers
— transformer: multi-headed self-attention

* Experiments Z1} — transformer: ¥ 22} up & &5 Al 7 down.
e HIMH: BLEU score, 2014 WMT [Workshop on Machine Translation] | A 431t & 5.
o English to German, English to French

GPUL EHA At
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2. Model Architecture

v Sequence transduction models

encoder-decoder structure
* Encoder: [input] X — Z [output]
o X = (:I:l, ey mn): Symbol sequence
o z=(z1,...,2,): Continuous sequence
* Decoder: [input] 2 — ¥ [output]
o z=(z1,...,2,): Continuous sequence

o ¥ = (Y1,...,Ym): Symbol sequence
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2. Model Architecture

Total Architecture

Linear
- ~
== 8. Eng. -> French.
Forward 7 ” 7] . 7 .
| am a student” -> “Je suis étudiant »
r w
Multi-Head
~Feed Attention - Input token: [I, am, a, student]
orward T 7 N 3 s .
R — - Target token: [Je, suis, étudiant]
Add &N
N | ~(FegaNem) ——
Multi-Head Multi-Head
Attention Attention
it L
] J — )
Positional D Positional
Encoding € Encoding
Input Output
Embedding Embedding

Inputs Outputs
(shifted right)

Figure 1: The Transformer - model architecture.
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2. Model Architecture

Oil. Eng. -> French.

_ “I am a student” -> “Je suis étudiant »

- Input token: [I, am, a, student]
- Target token: [Je, suis, étudiant]

I

» Encoder input: [1, am, a, student]
* Decoder input (shifted right): [<s>, Je, suis]

» Target (4= EE): [Je, suis, étudiant]

e A —

Ste SE

b AL ol Ch2 8 oS ES gt EEr

Step ¢ Decoder Input Target Token 220 st =R S5 >

1

um o . Psc <8

2 [<s>, Je] suis P(suis |< s >, Je, x)
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2. Model Architecture

O. Eng. -> French.

_ “I am a student” -> “Je suis étudiant »

- Input token: [I, am, a, student]
- Target token: [Je, suis, étudiant]

I

* Encoder input: [1, am, a, student]

» Decoder AlE: [<s>] — Ol E22 ZEO| 48

> CIZ2E P8 (Greedy Gl Al)

—

L"'j Step % Decoder Input Softmax Output (GllAl) MEREI EE
Z

E 1 [<s>] 1"Je™: 9.8, "Tu": 8.1, ...} Je

O

Vg

|<_E 2 [<s», Je] {"suis": 8.9, "vais": 8.85, suis

< -}

)

lJ) 3 [<s>, Je, suis] {"étudiant”: 8.95, ...} étudiant
O

() 4 [<s>, Je, suis, &tudiant] 1"</s>": 8.99, ...} s> - B8




2. Model Architecture

v st v 2nd. == Encoder
Positional f )
EnCOding Add & Norm

i Sheid
Embedding
1 -
RS Nx Add & Norm
* |nputs == input tokens Muiti-Head
: i l Attention
° =% i Uynodel
tokens — embedding vector € [R U
* embedding vector + positional encoding: Input. C

* N = 67l{2] identical layers, input — 1st layer — 2nd layer — ... - N-th layer — output
* each layer == two sub layers

1. [Multi-Head Attention] Multi-Head self-Attention mechanism

2. [Feed Forward] position-wise fully connected Feed-Forward Network [FEN]

o [Add & Norm] LayerNorm () function

. <2 '
af,\lij\]- Wra=nsDIes) * Sub-layers’ outputs
Inatiate of Seiance & Technology o LayerNorm (x -+ Sublayer (x)), where x: input of the each sub-layer

m
<
—
L
O
Z
—
O
n
<C
|_
<
M)
I_
=
O
)]




2. Model Architecture

v 3rd.

»‘ Positional

QS Encoding

Output
Embedding

Qutputs
(shifted right)

* OQutputs == output tokens
¢ tokens — embedding vector € [R Gumode

* embedding vector + positional encoding: Output.
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2. Model Architecture

v 4th. == Decoder

7
* N =672 identical layers, input — 1st layer — 2nd layer — ... — N-th layer — output Ao &.Norm
Feed
» each layer == three sub layers S
1. [Masked Multi-Head Attention] N A
* Masking: i2| positionO| i C} %2 positions2| outputsClit C| &&= 2. Add & Norm
¢ 1,2,3 .. i-1-] Multi-Head
Attention
2. [Multi-Head Attention] Multi-Head self-Attention mechanism . } g) 7
o F2|: Encoder output®l multi-head attention 5 &,
- . Add & Norm
3. [Feed Forward] position-wise fully connected Feed-Forward Network [FFN] I
4 L N et Masked
o [Add & Norm] LayerNorm () function Multi-Head
e Sub-layers’ outputs Attention
/)
o LayerNorm (x -+ Sublayer (x)), where x: input of the each sub-layer —
.
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2. Model Architecture

—— . Output
" = Total Architecture Probabilities
OQutput
Probabilities Ther
r| Add & Norm ]«‘
Feed
SOftmaX Forward
[ Add &INorm ) m‘!ﬁ
205 e ||| (e
orwar

4 ) N
— | =
Add & Norm

o I
< f—I'l Add & Narm _I Masked
= Multi-Head Multi-Head
w Attention Attention
@) t L
E C— . —
— Positional Positional
~ Encodin P & odi
7 ng y Encoding
< Input Qutput
— Embedding Embedding
<
= T
— Inputs Outputs
% ° e e (shifted right)
g T SUSV|IEST
) ‘m‘ r 5\ Dacgu Gycongbuk oy Figure 1: The Transformer - model architecture.




2. Model Architecture

v 3.2. Attention

* |nputs
o query vector: ¢ — dimension d, = dj.
o keys vector: k — dimension dj.
o values vector: v — dimension d,,
* Output vector = values®| 7S e, weight « (query, key)

Scaled Dot-Product Attention Multi-Head Attention

Concat
3 {

m‘tbn 1

Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.
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2. Model Architecture

v 3.2.1. Scaled Dot-Product Attention [single attention head] v 3.2.2. Multi-Head Attention

Scaled Dot-Product Attention Bt Head Alvautn
1
- MatMul Concat
“ !
SoftMax -
' Scaled DOt'F!om ct h
Mask (opt.) = ¢
t = = =
Scale Linear PH{ Linear P Linear
1 ¥ Y
MatMul
o0 t 1 v K Q
< Q K V
— e h = 8702 multi-head AtE. with W : parameter matrix
Luj * q.k,v > matrix Q, K,V
E MultiHead (Q, K, V') = Concat (heady, . .., head;) W¢
O T : K 4
g Attention (Q, K, V) = softmax (QK ) vV (1) where  head; = Attention (QW"Q’KWi , VW, )
< Vi
<
N o dot product — scaling — softmax WO ¢ Rbuo X d WiK € R%wmosaxdi Wi"’ € [RYwodaxd,
l—
2
O
)

lj I\y UHr3=1E=EDIsE p
E\i?l%utéjé?%gm:wcp & Technology dk = dl' —= model — 64 > dIIlOdel — 512
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2. Model Architecture

v 3.2.3. Applications of Attention in our Model
Transformer uses multi-head attention in three different ways

1. Encoder-Decoder Attention layers

Add & Norm
Multu Head

a. previous decoder layer's output — queries

b. encoder layer’s output — memory keys and values

1’ \Ilj\r Hra=1=diss
L Daegu Gyeongbuk
Institute of Scuﬂncp & Technology

2. Encoder's self-attention layers [Q, K, V7| 25 Z2 Z0M Ltz

Add & Norm
Multi-Head

Attention

1. previous encoder layer’s output — keys, values and queries

3. Decoder's self-attention layers
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2. Model Architecture

3.3. Position-wise Feed-Forward Networks

* [Feed Forward]: Fully connected feed-forward network

FFN (x) = RELU (xW, + b)) Wz + by (2)
where RELU (z) = max (0, z)

v 3.4. Embeddings and Softmax

Qutput
Probabilities

* input/output tokens — embedding vectors

* |earned linear transformation & softmax function: decoder output — predicted next-
token probabilities.
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2. Model Architecture

. Output
Total Architecture Probabilities

v 3.5. Positional Encoding Linear
* RNN, CNN AFZ X - sequence®| ordering A& 271, (Add 8 Norm Je~
. . Feed
* - Positional eocodingsE encoder and decoder stacks2| bottoms® & €. Formrd
Sequence?| ordering property At& 2|2t PR
Feed Attention
o [P positional encodings AHE 7ts. - =M= OF2i2F 20| AHE. Forward ) N>
| [ Add & Norm |
Add & Norm
?E pos N —~(AddENom) Masked
—i PE(pos,2i) = sin | ———— Multi-Head Multi-Head
Ll 10000 Fuoae Attention Attention
O Y Y
pos
E PE[pfjs,Q'i—].) = COs (—2{ LL'_ A . —
O 10000 “oe Positional Positional
A Encoding _,;' & Encoding
<C 5 . e Input Cutput
|<_E pos: position Embedding Embedding
a) o ¢:dimension T T
— Inputs Outputs
g ’ e (shifted right)
g T SUF/IEST
) m I. 5\ Inatite b Sebnte & Technology Figure 1: The Transformer - model architecture.
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3. Why Self-Attention

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) O(1) O(1)

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

Convolutional O(k-n-d?) O(1) O(logy(n))

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