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Sequence-to-Sequence Learning
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I am fine
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a; = softmax(a;; a;,  a;1)
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agreement

{ The
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1992

<end>

uropean
Economic

in

August
1992

<end>

H s REAYESE

You can see how the
model paid attention
correctly when outputting
"European Economic
Area". In French, the order
of these words is
reversed ("européenne
économique zone") as
compared to English. Every
other word in the sentence
is in similar order.
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Transformer

Seq2seq model with “Self-attention”
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Bi¥s=h : EXRIE

o }EQueryAEFNE M KeymZH T (N
softmax ) , FKIEFNRTEIBEZMESEL

value #4

value #3

Query #9 50% value #2

30% value #1

A robot must obey the orders given@
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Bi¥=h : EXEIg

* We multiply each value by its score and sum them up.

Word Value vector Score Value X Score
<s> 111 0.001
a 111 0.3
robot 111 0.5 111
must 111 0.002
obey 111 0.001
the 111 0.0003
orders HEN 0.005
given HEN 0.002
it HEN 0.19
Sum: EED

® The outcome vector represents the new state (refreshed
memory) for the query word.

Machine Learning: Lecture 10

15



1 7R\

o BB MAT(ERRAREI) Bi/maRE (BEniEik
=K

).

“robot”

“must”

“obey” “orders”

|aardvark
aarhus
aaron
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embedding size
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“must” “obey” “orders”
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Input

Embedding
Queries

Keys

Values

Score

Divided by vVd
Softmax

Softmax x Value

Sum
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robot

must obey orders
Xy X3 Xa
op) ds da
Va V3 Vy
Qq - = i 3= Qq° 4=
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IR iERIRRE?

o EWAZEEY: each position is assigned with

a unique positional embedding e;

* ¢;is added to the word embedding A, as an
input to the self-attention layer.

* let p; be a one-hot vector indicating the A
s : i-th dim
position of x; in the sequence, e; can be
obtained from a learnable embedding pi=1...0,1,0,...]
matrix WP we
1
el': Wp pi 2
3

I 024
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Seq2seq withUsing Self-Attention

| | |

I
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Self-Attention Layers
- Y,
| | | |
xl xZ x3 x4
b=

Ashish Vaswani, et al. “Attention Is All You Need”. ICLR 2017

3B

Vi V2 V3
AN
Self-Attention) Layers
. / /
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Yo Vi V2
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Transformer

learning
A
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)
( Linear |
A
4 )\
( Add & Norm |
K,V
Feed Forward
| —
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—(_Add &Norm _ | Multi-Head Ny
Feed Forward Attention
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N x
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Input Embedding Output Embedding
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Inputs Outputs
(shifted right)
R F 7 <BOS> machine
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Output
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6 ( DECODER BLOCK )
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f 1 o 00
2 ( DECODER BLOCK J
%Tramsformer—Deooder E—
4 ( Feed Forward Neural Network )
L | ’ :( Masked Self-Attention J:
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Token output token

Embeddings probabilities (logits)

0.19850038 aardvark

0.7089803 aarhus
gﬁgogirvzgér%sumn #1 0.46333563 aaron Pick an output
P token based on
EEEE X = its probability

(sample)
= The
-0.51006055  |zyzzyva
DECODER ]

Decoder #2, Position #1

EIEE output vector K80
DECODER
Decoder #1, Position #1
DECODER [TTT] output vector

C

Feed Forward Neural Network

C

Masked Self-Attention

\_/

+

<S>

Positional encoding for token #1

Token embedding of <s>

1024

Token Positional

Embeddings Encodings
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Decoding time step:@Z 3456 OUTPUT

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

?

( ENCODER )

Linear + Softmax

T

kw —/ UJ

DECODER
4 A
[ ENCODER J DECODER
\
EREE RN z—EEE
LLTT] LT LTI
Je suis étudiant
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Decoding time step: 1@3 4 56 OUTPUT

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

t

Kencdec Vencdec ( Linear + Softmax

T !

ENCODERS DECODERS
.
4 4 4 4
LITT1] LITT] LITT1] CITTT]
LITT] LI T1] LITT1] 0
Je suis  étudiant PREVIOUS
OUTPUTS
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o — P R/INALxL BIRERE , (EREEENZEL
o ERREL IR RS ENERVRIE

Self-Attention Masked Self-Attention

1) 19
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£ A=Wl

Attention Scores

Attention Mask

robots must obey rules robots must obey rules
S robots 0.1 = 0.0 = 0.81 = 0.79 robots] 0 | -inf | -inf | -inf
=
c
O must = 0.19 | 0.50 @ 0.30 @ 0.48 must 0 0 -inf | -inf
121 @
W obey = 0.53 | 0.98 | 0.95 | 0.14 obey 0 0 0 -inf
(D)
n rules | 0.81 | 0.86  0.38  0.90 rules | O 0 0 0

Masked Scores

robots must obey rules

s 2
must | 0.19 | .50 | -inf | -inf e 5 must | 0.48
— =2
obey ©0.53  0.98  0.95 -inf 35 obey | 0.31
Ues @81 0.86 0.3 0.9 e 035

0

0.52

0.35

0.26

0

0.34

0.23

Attention Weights

robots must obey

rules

0

0.26
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£ A=Wl

Self-Attention Mask
e for both encoder and decoder

* to ignore padding tokens

Cross-Attention Mask
e for decoder only

e to ignore padding tokens in the
source sequence

Causal Mask
e for decoder only

* only pay attention to generated
words

robots must obey orders <pad>

robots 0 0 0 0 -inf
must 0 0 0 0 | -inf
obey 0 0 0 0 -inf
orders 0 0 0 0 -inf
0 0 0 0 -inf
<pad>
robots must obey orders
robots -inf | -inf | -inf
must 0 -inf | -inf
obey 0 0 -inf
rules 0 0 0
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TransformerlSiBR

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Full attentions in layer 5 of

6 for head 5.
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Isolated attentions from just

attentions are very sharp for

the word ‘“its’ for attention
this word.

heads 5. Note that the
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https://arxiv.org/abs/1706.03762
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