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Transformer

Seq2seq model with “Self-attention”
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Using CNN to replace RNN



Filters in higher layer can

Sequence consider longer sequence

Next layer /\

b2 b3 b*

Previous layer

Using CNN to replace RNN
Hard to parallel (CNN can parallel)



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

w - Attention is all

you need.
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Self-attention
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Considering the whole sequence
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Self-attention
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Self-attention

bl, b?%, b3, b* can be parallelly computed.
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Self-attention 1,23 4
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Self-attention
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Multi-head Self-attention (2 heads as example)
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Positional Encoding

* No position information in self-attention.

* Original paper: each position has a unique
positional vector e' (not learned from data)

* In other words: each x! appends a one-hot

vector p*
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source of image: http://jalammar.github.io/illustrated-transformer/



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

Seqg2seq with Attention
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https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html



Transformer ouput  machine  learning
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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 attention heads).

https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
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Example Application

* |If 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



Depth

Universal Transformer

Parameters are tied across positions and time steps

T times

| Transition Function | [ Transition Function | [ Transition Function |
f 1 1
| Self-Attention | | gelf-Attentior‘L ] [ Self-Attention |
T A 7 A
S e ) - S )

Positions

https://ai.googleblog.com/2018/08/moving-beyond-translation-with.html



https://ai.googleblog.com/2018/08/moving-beyond-translation-with.html

O Self-Attention GAN
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