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Forward oversmoothing
Stochastic propagation matrix
exemple:

Oversmoothing: Assuming

● GNN could learn to anti-oversmooth with large 
● But they don’t in practice. Why?

Vanilla GNN:
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Backward oversmoothing

Thm 

Back. oversmoothing at the middle layers
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Consequence?
● Backward oversmoothing is “intuitively” bad. But why?
● Provably, it is not (necessarily) “vanishing gradients”
● But: Thm (informal)

If the layer L is at an approximate stationary 
point, then the GNN is at an approximate global 
stationary point

As soon as the last layer is 
trained, all gradients vanish
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Remarks
● The proof is more interesting than the result!

● Interaction forward/backward oversmoothing

● Lemma: existence of bad stationary points with high loss

● Lemma: this is specific to GNNs (counter-example MLP)

● Outlook: skip connection, normalization, attention-based models...
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