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Predictive Embedding — Word2Vec
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Ol = The fat cat sat on the mat
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“Sequence to Sequence Learning with Neural Networks,”
[1409.3215] Sequence to Sequence Learning with Neural Networks



https://arxiv.org/abs/1409.3215
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Attention: Seq2Seq

Time step: Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL

i ENCODER DECODER

Je suis étudiant

“Neural Machine Translation by Jointly Learning to Align and Translate,”

[1409.0473] Neural Machine Translation by Jointly Learning to Aligh and Translate
11



https://arxiv.org/abs/1409.0473

Attention: Overview

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL WITH ATTENTION

Encoding Stage . Decoding

Attention
Decoder
RNN

Encoder

RNN
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Attention at time step 4
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention

o= S E| 2 |7 1Sl self-attention Al 4t

softmax( )




e
Encoder — Multi-head Self-Attention

OlO}lEl . @ 2 X]|:
UE AM3tof| Lt = mE|f HE| 7}
o{ 5 7§ ERCtD sf= AHLOi s 8

Head: St 7}X| A|O}.21H 3 St 71X =Ho g2 B M
4

Multi-head: == 2] 2| A A

J>-
W
0=
Jy
o
— —
oA




e
Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention
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Encoder — Multi-head Self-Attention

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ©~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer
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W, Q
* |n all encoders other than #0, 01
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We start directly with the output j’
of the encoder right below this one :
r W-Q




Encoder - Positional Embedding
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Encoder - Positional Embedding

Positional encoding visualization
R A token O|Lf? (pos)
0s] O o [pO p1 p2 p3
ol o M 0.841 | 0.909 | ‘ 0.141 ‘ i=0

1.000 0.540

=1
o

Fa

v

-0.990 i=1

—0.8 0.000 0.638

\

0.8 4 1.000 0.770

rE

i=3| S & token2| R EHY

£

FO|Lf? (2i, 2i+1)

Positional Encoding

pos

044 (o) PE(pOSJi) - Szn( 100007 Tmodel )

pos
10+ 0o PE(pos,2i+1) = Cos(mnnnzf "lmodrl)

=1
o

Fa

L

_; 24 2 4 6 a 10 12 14 16 e} 20
oa Settings: d = 50 2 Ii'_'lu" EE-Q_ 2 Ii'_'lu“ '?|;-I_+_ ﬂ':
08 The value of each positional encoding depends on

the position (pos) and dimension (d). We calculate 2
%1 O result for every index (i) to get the whole vector. PE(Z,Z x1) = sin

=E0AME=d ., =512




Encoder — Residual Connection
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Decoder — Masked Decoder Multi-head Self-Attention
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Decoder — Encoder-Decoder Multi-head Attention
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Decoder — Encoder-Decoder Multi-head Attention
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Decoder - Linear & Softmax
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Transformer - A&

The Annotated Transformer



https://nlp.seas.harvard.edu/2018/04/03/attention.html#encoder

