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Recurrent Neural Network
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Possibly many steps [O(N)] steps before “yesterday” and “seemed” interact.



Vanishing Gradient in RNNs
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Gradient Flow Direction

In general, the longer the path, the smaller the gradient signal.



Bidirectional Recurrent Neural Network
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Sequential Computation 
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Parallel Computing?
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GPU loves parallel computing blocks!



Parallel Computing?

computing block 1
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Convolution Style Models



Convolution Style Models



Considering the full sequence as context

<latexit sha1_base64="cYdXFjFi2uU4mX1aMyu2o5al0oU="></latexit>. . . . . .

How can we achieve this?
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Considering the full sequence as context
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Attention Mechanism

<latexit sha1_base64="cYdXFjFi2uU4mX1aMyu2o5al0oU="></latexit>. . . . . .

Memory (key-value pairs)

Query



Attention Mechanism
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Attention Layer
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This is almost transformer — except a few things.



Transformer (almost)

self-attention

self-attention



Self-attention in Transformer

Memory (key-value pairs)

Query

happy mid autumn festivalautumn



Self-attention in Transformer

happy

mid autumn

festival

autumn

Wait, “mid”, were 
you on my left side or right 

side?

Guess what! I don’t 
remember either!



Positional Embeddings
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Transformer (positional embedding)
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Positional Encoding
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Positional Encoding
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Positional Encoding
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Feed Forward Layer

self-attention

self-attention



Feed Forward Layer
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Layer Normalization
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Smoother gradients, faster training and better generalization 
accuracy. (Xu et al, Neurips 2019)
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Layer Normalization

LN

FF

attention



Multi-head Attention
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Multi-head Attention
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Improve the “resolution” of the attention mechanism.



Multi-head Attention
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Transformer as Decoder

中 秋 快 樂 <s> Happy mid autumn festival

cross attention



Transformer as Decoder

中 秋 快 樂 <s> Happy mid autumn festival



Transformer as Decoder

Happy mid autumn festival

mid

Need to prevent the attention the future words.
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Transformer as Decoder

Happy mid autumn festival
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causal attention



Transformer as Decoder
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