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Convolutional networks (Convnets)

Residual networks (Resnets)

Some (convolutional) neural network breakthroughs

Transformer networks

Reading HTF Ch.: 11.3 Neural networks, Murphy Ch.: (16.5 neural nets), Bach Ch.: –, Deep

Learning Book (Goodfellow, Bengio, Courville) 6.1-4, ResNet 7.6, ConvNet 9., Autoencoders

14.1, Dive Into Deep Learning 4.1-4.3.
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Transformer networks: Why we need attention

↭ mapping sequences to sequences (structured prediction)

↭ both long and short range dependencies

↭ range depends on input sequence
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Basic architecture

↭ inputs x1, x2, . . ., outputs y1, y2, . . . from discrete set

(e.g. words in English, Chinese)

↭ continuous internal representations

↭ embedding modules map input or output space to

continuous representations (prelearned)

↭ recurrence/auto-regression yt depends on x1:t+k and

y1:t→1

↭ encoder, decoder, encoder-decoder modules

(which use attention)
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How to implement attention

↭ queries, keys and values
↭ all learned
↭ Idea: query q matches key k results in selecting the corresponding value v
↭ q depends on current context, k depends on v
↭ q, k → Rdk

↭ Q, K , V matrices of queries, keys, values

A(Q,K) = softmax(
1

↑
dk

QKT
) (4)

↭ Aq: selects value v for the best matching key for each q
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Transformer architecture

↭ D,E,DE modules: each have N = 6 layers of Attention + Feed-forward (FFW) networks of

same d = 512

↭ FFW, A are ResNets

↭ FFW is W2 max(W1x , 0), W1,2 with identical rows
↭ A is multihead attention

↭ h = 8 parallel attention layers, concatenated

↭ advantages – implements long distance dependencies with fixed (small) number layers, and

parallel computations
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Attention mechanism in Transformer

↭ encoder-decoder

↭ queries from previous decode layer

↭ keys, values from current encoder output

↭ encoder – self-attention (=previous

encoder layer)
↭ decoder

↭ self-attention, masked
↭ only from outputs before current step
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Attention

 Attention in Computer Vision

 2014: Attention used to highlight 
important parts of an image that 
contribute to a desired output

 Attention in NLP

 2015: Aligned machine translation

 2017: Language modeling with Transformer networks
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Sequence Modeling

Challenges with RNNs

 Long range dependencies

 Gradient vanishing and explosion

 Large # of training steps

 Recurrence prevents parallel 
computation

Transformer Networks

 Facilitate long range dependencies

 No gradient vanishing and 
explosion

 Fewer training steps

 No recurrence that facilitate 
parallel computation
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Attention Mechanism

  
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Attention Mechanism (Neural Architecture)

  
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Transformer Network

 Vaswani et al., (2017) 
Attention is all you need.

 Encoder-decoder based on 
attention (no recurrence)
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Transformer Network

 Vaswani et al., (2017) 
Attention is all you need.

 Encoder-decoder based on 
attention (no recurrence)
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Multihead attention

  
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Masked Multi-head attention

  

PAGE  8



CS480/680 Winter 2023 - Lecture 16 - Pascal Poupart

Other layers

  
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Comparison

 Attention reduces sequential operations and maximum path length, which 
facilitates long range dependencies
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Results
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GPT and GPT-2

  
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BERT (Bidirectional Encoder Representations from 
Transformers)
  
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Limitation

• Transformers scale quadratically with sequence length

• In practice, sequence length often limited to 512 tokens

• How can we process long sequences?

• Hierarchy of transformers (i.e., wordssentencesdocumentscorpus)

• Approximate transformers (i.e., longformer, reformer, performer, etc.)

• Structured State Space Sequence (S4) model 

• S4: Very recent approach (Gu, Goel & Re, ICLR 2022)

• Potential to displace transformers

• S4 achieved state of the art on Long Range Arena benchmark

• Scales linearly with sequence length
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