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Out-of-distribution in Graph Neural Networks:

 Out-of-Distribution (OOD) refers to the scenario where training distribution is different 

from testing, causing models to struggle with generalization and robustness.

 OOD tasks aim to enable models to remain robust in unseen environments.
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Existing ways typically adopt Invariant Risk Minimization (IRM) to train a classifier that 

maintains predictive consistency across environments:

 Alternative approaches for generating synthetic environments through prediction or 

perturbation also face inherent limitations, raising a challenging research question:

Can we circumvent IRM and capture the causal subgraph?

Invariant Distribution Criterion
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Causal subgraphs always exhibit significantly smaller distributional shifts 
across environments than non-causal ones.
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The causal subgraph minimizes distributional shifts across environments, while any 
inclusion of non-causal parts increases the disparity.

The causal subgraph remains within the training support across environments, ensuring 
stable prediction.



2 Analysis [2/4]

How do we quantifying distributional shifts?

Our Solution: Representation norms

Activations and representation norms systematically 

decay as distribution shift intensifies.
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 Norm and Activation Reduction when Distribution Shift Occurs

• Finding 1: Activations and representation norms diminish under distributional shift.

• Finding 2: Increasing shift severity leads to progressively lower representation norms 

and a corresponding drop in predictive accuracy.

Practical Fingdings 
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 Why Why Distributional Shifts are Reflected in Norms?

• Practical Insight 1: low-rank property of graph neural network weight matrices

• Practical Insight 2: Inputs aligned with the weight matrix’s principal directions retain 

high norms and activations, whereas distribution-shifted inputs misalign with these 

directions, yielding reduced projections and lower activations.

Practical Fingdings 
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Norm-Guided Invariant Distribution Objective:

Invariant Distribution Generalization Method (IDG)
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