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Time series prediction
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The RNN “latent state” approach
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The “direct prediction” approach
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CNNs for direct prediction
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Challenges with CNNs for dense prediction
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“Attention” in deep learning
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The self-attention operation
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Self-attention in more detail
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Transformers for time series
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Transformer block
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Transformers applied to time series

We can apply the Transformer block to the “direct” prediction method for time 
series, instead of using a convolutional block

Pros:
• Full receptive field within a single layer (i.e., can immediately use past data)
• Mixing over time doesn’t increase parameter count (unlike convolutions)

Cons:
• All outputs depend on all inputs (no good e.g., for autoregressive tasks)
• No ordering of data (remember that transformers are equivariant to 

permutations of the sequence)
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Masked self-attention
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Positional encodings
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Transformers beyond time series
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