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OQOD generalization on graphs is more challenging

A Graph Neural Network (GNN) ma
attribute-level features into account.
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Structure-level shifts

Attribute-level shifts
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average precision = 27.2%

Mixture of structure-level and attribute-level shifts

2 ( Knyazev et al. 2019; Hu et al., 2020; Koh et al., 2021; Gui et al., 2022)



OQOD generalization on graphs is more challenging

A Graph Neural Network (GNN) makes predictions taking both structure-level and attribute-
level features into account.
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OQOD generalization on graphs
are much more challenging!

o Graphs are highly non-linear
o Attribute-level shifts
o Structure-level shifts

 Mixed shifts in different modes
 EXpensive environment labels




CIGA: Causality Inspired Invariant Graph LeArning

Step 1: Invariant subgraph identification

Featurizer GNN g : & = &

........... . Structural Causal Models

Step 2: Label prediction
Classifier GNNf.: & . = ¥
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Summary

Through the lens of causality, we establish general SCMs to characterize the
distribution shifts on graphs, and generalize the invariance principle to graphs.

We instantiate the invariance principle through a novel framework CIGA, where the

prediction is decomposed into the subgraph identification and classification.

We show that the provable identification of the underlying invariant subgraph can
be achieved using a contrastive strategy both theoretically and empirically.

Thank you!

Contact: ygchen@cse.cuhk.edu.hk



mailto:yqchen@cse.cuhk.edu.hk

