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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
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How can we achieve this?
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Considering the full sequence as context
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Attention Mechanism
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Attention Mechanism
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Attention Layer
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Self-attention

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

self-attention

self-attention

1 2 3 4 5 6 7 8 9
+ + + + + + + + +
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Attention Mechanism
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Considering the full sequence as context
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Attention Mechanism
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Attention Mechanism
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Attention Layer
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This is almost transformer — except a few things.



Transformer (positional embedding)

self-attention

self-attention
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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

self-attention

self-attention
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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

<latexit sha1_base64="SQUglXPkl+pnjqTO0Rc/dDfeCNs="></latexit>

score(q, k) =
qT kp
dk

<latexit sha1_base64="pXE6QBKbBwlEx5qNSlrPnDQzOY8="></latexit>

multiple copies



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



Multi-head Attention
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(Coda; Zheng et al, ACL 2021)



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.

Happy

Happy

<s>

mid autumn festival

mid

autumn

festival



Transformer as Decoder

Happy mid autumn festival

Need to prevent the attention the future words.

Happy
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mid autumn festival
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causal attention



Transformer as Decoder

Happy mid autumn festival

Need to prevent the attention the future words.

Happy

Happy

<s>

mid autumn festival

mid
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causal attention



Transformer for Pretraining

Transformer

I feel like eating [SEP][CLS] What you want ? [SEP]like [MASK] [MASK]

NSP MLM

Ep(xi,x̂i)[p(xi | x̂i)]
<latexit sha1_base64="pLw1dc0bFf82DgikPLTS3krQVCg="></latexit>



Transformer for Finetuning

Great movie isn’t it<CLS>

positive? negative?

additional parameters (few)

pretrained parameters (large-scale)



GLUE Benchmark

Sept 27, 2021



GLUE Benchmark
QQP: Quora Question Pairs (detect paraphrase questions)

SST-2: Sentiment analysis

…….

(Ribeiro et al., 2020)

Problem solved?



Adversarial Attacks

(Li et al., 2020)


