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Transformer

Seq2seq model with “Self-attention”
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Filters in higher layer can

Sequence consider longer sequence
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b! is obtained based on the
whole input sequence.

Self-Attention b1 b2 b3 b* can be parallelly
computed.
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You can try to replace any thing that has been done by RNN
with self-attention.




Self-attention
https://arxiv.org/abs/1706.03762

7 - Attention is all

you need.
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Self-attention
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Self-attention ; .
b = zauv‘

Considering the whole sequence
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Self-attention
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Self-attention

b, b?%, b3, b* can be parallelly computed.
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Self-attention
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Self-attention
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Self-attention .
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Self-attention .
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Self-attention
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Multi-head Self-attention (2 heads as example)
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Figure 2 - The 128-dimensional positonal encoding for a sentence with the maximum lenght of 50.

Each row represents the embedding vector ;7;
https://kazemnejad.com/blog/transtormer_architecture_positional_encoding/



Review: https://www.youtube.com/watch?v=ZjfjPzXwbog&feature=youtu.be

Seq2seq with Attention
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Transformer

Ouput  machine  learning
Prohabilitias
4
| Sofimax J

Using Chinese to English e

translation as example (e Nom )

Fead
Forward

—Hh b
s 1 2 [ Add & Norm =,
~—={ Add & Norm | S Toit-Head

Feed Attention
Forward F 5 7 [ =
r—"

N

| Add & Norm Je—

N ~e] Add & Norm |

Masked
Encoder o riea Mult-Head Decoder
Aftention Attartion
A J —

- y \ —)
Pasilicnal Positional
E - & & ol

ncoding n T Encoding
Input Qutput
Embedding Embedding
Mouts Cutputs

Mz (shifted right) .
N &8 F > <BOS>  machine



Transformer
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Attention Visualization
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https://arxiv.org/abs/1706.03762



Attention Visualization
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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 wetpsnidBobeRbidg.com/2017/08/transformer-novel-neural-network.html
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Example Application

* |f you can use seq2seq, you can use transformer.

H
| ‘ Summarizer ‘ ;

Document Set

Dataset Input Output # examples
Gigaword (Graff & Cieri, 2003) 10* 10* 10°
CNN/DailyMail (Nallapati et al., 2016)  10°-10° 10! 10°
WikiSum (ours) 102-10° 10'-10° 10°

https://arxiv.org/abs/1801.10198



