Graph Neural Networks Do Not Always Oversmooth
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Oversmoothing [1] in graph convolutional networks [2] &K e

How to get here?

Oversmoothing

Classification

[1] Rusch et al. 2023, [2] Kipf & Welling 2017 2



Gaussian process equivalence [3]
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This is a fixed point!*

Non oversmoothing

xfp = xg)

[3] Niu et al. 2023



Non-oversmoothing graph neural networks
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 Feature distances in a stochastic block model
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§ Non-oversmoothing networks
are expressive for many
layers near the transition




Summary
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See you in the poster session!




