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Experimental results

* PrunE achieves SOTA performance across various domains
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Two Simple Regularizers

Overall goal: regularize the model to remove spurious edges

* PrunE provides explainability for graph-data under distribution shift

* Graph-size constraint: encourage the model to remove uninformative | R e
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* e-probability Alignment: Align each edge probability to close to zero

e Perform better with more
expressive GNN
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* Robust to Concept Shift
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