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Hugging Face Demos

Image Credit: [10]

https://transformer.huggingface.co/

6 /
Write With Transformer

Get a modern neural network to
auto-complete your thoughts.

This web app, built by the Hugging Face team, is the official demo of the
@ /transformers repository's text generation capabilities.
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Pre-Norm vs. Post-Norm
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Pre-Norm vs. Post-Norm

Where to place the Layer Normalization?

Image Credit: [11]
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Extensions: Vision Transformer

Image Credit: [12, 13]
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Extensions: Swin Transformer

Standard MSA

atch is computed against all patches
U ng 4\.1‘;1“\]1" C ‘,‘.""\I‘ ‘—/A \t\

Image Credit: [14]
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Extensions: Swin Transformer

Standard MSA Window-based MSA

Attention for each patch is computed against all patches,
resulting in quadratic complexity Window size is 2x2 in this example.

Image Credit: [14]

Attention for each patch is only computed within its own win

dow (

drawn in red)
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Extensions: Swin Transformer

Window-based MSA Shifted Window MSA

Attention for each patch is only computed within its own window (drawn in red).

Yindaw stzais’2xC. In s CamAe: Step 1: Shift window by a factor of M/2, where M = window size

Image Credit: [14]
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Extensions: Swin Transformer

Shifted Window MSA

Step 1: Shift window by a factor of M/2, where M = window size

Layer | Layer 1+1

I A local window to
perform self-attention

A patch
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