








Summary

• Solve generative modelling
• Use neural network to map Gaussian samples to data distribution
• Do it by using variational autoencoder: tries to map original 

distribution to a Gaussian, and also maps back to original distribution. 
Each is encoded in the loss function.



Samples from a VAE
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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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Masked Multi-head attention

  
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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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