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Motivation

• Dropout is widely used in deep learning.

• In GCNs, its mechanism and effect are still 
unclear. How significant is the role of it?

• Does it prevent co-adaptation like in MLPs?



Dropout in GCNs: Key Insights

• Dimension-Specific Sub-Graphs: Creates stochastic sub-
graphs, enabling structural regularization unique to GCNs.

• Degree-Dependent Effects: Adaptive regularization 
based on node connectivity, emphasizing topological 
importance.

• Over-smoothing Mitigation: Primarily mitigates over-
smoothing, extending beyond coadaptation, with 
nuanced effects.

• Generalization Bounds: Dependent on graph properties, 
diverging from traditional dropout theory.

• Synergy with BatchNorm: Dropout + BatchNorm 
achieves SOTA performance on many datasets.



Theoretical Contributions

Dropout definitions:

Dimension-specific stochastic sub-graphs:
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Theoretical Contributions

Primarily mitigates over-smoothing
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Dropout & Batch Normalization

• Dropout provides stochastic sparsity.

• BN preserves minimum feature energy.

• Together, they ensure both diversity and 
stability in GCNs.



Experiments (Node-Level)

• 10 datasets: Cora, PubMed, WikiCS, ogbn-arxiv, ogbn-products, etc.

• GCN + Dropout + BN outperforms SOTA GNNs

• Dropout boosts Dirichlet energy, preventing oversmoothing



Experiments (Graph-Level)

• Datasets: MNIST, CIFAR10, Peptides-func/struct

• GCN + Dropout + BN outperforms SOTA GNNs



Comparison with Drop Variants

• Compared methods: DropEdge, DropNode, DropMessage

• Standard dropout achieves stronger and more consistent 
performance



Conclusion

• Dropout in GCNs: structural, degree-aware, anti-
oversmoothing

• Use dropout + BN in GNNs to get SOTA results 



Thank You

• Acknowledgments

• Code: 
https://github.com/LUOyk1999/dropout-
theory
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