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Attention and transformers

e Alternative to
convolutions

e Flexible in time Attention

e Popular in natural
language processing

Attention Is All You Need,Vaswani et al., NIPS 2017/
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Multi-head attention

 Multiple attentions v v l v v l

concatenated
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Positional encoding

e Attention is time-invariant

e Add time back as a
feature

e sine and cosine of
position
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Transformer

outputs

input shifted right

.. v . v

positional positional

e Feed forward encoding_’Cl) encoding_’C?

e Ea Sy .I. 0 '|'r Gin )(N Multi-head attention Multi-head attention
~— xN
e Similar to Temporal CNN

Multi-head attention

e Causal attention v

e Auto-regressive v
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Bert

outputs
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e Large transformer trained Ii > e; "9
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e Predict next sentence ~_
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BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding, Devlin et al,, arXiv 2013



