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Can we trust GNNs (and their Explanations)?

Post-hoc tools explain any given GNN (Amara et al,, 2022; Kakkad et al., 2023;
Longa et al., 2024)



Can we trust GNNs (and their Explanations)?

Ante-hoc models provide an explanation together with the prediction (Miao et al,
2022; Kakkad et al.,, 2023; Longa et al., 2024)
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Can we trust GNNs (and their Explanations)?

How accurately does the explanation reflect the reasoning of the model?




Can we trust GNNs (and their Explanations)?

How accurately does the explanation reflect the reasoning of the model?

How Faithful is the explanation?



Can we trust GNNs (and their Explanations)?

How accurately does the explanation reflect the reasoning of the model?

How Faithful is the explanation?

Several different faithfulness metrics exist

% which one to choose?
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< what is faithfulness?



Contributions

We propose to reconsider faithfulness from the following angles:

J How to compute faithfulness
@ How to promote faithfulness
~/ How does faithfulness affect model generalization
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We analyzed seven previous faithfulness metric and found that:
@ Metric are not interchangeable’ (Prop. 1)

2 Some metrics do not encode the desired semantics (Prop. 2)

Different metric yield different results



How to compute faithfulness

We analyzed seven previous faithfulness metric and found that:
@ Metric are not interchangeable’ (Prop. 1)
2 Some metrics do not encode the desired semantics (Prop. 2)

< We propose a new necessity metric that penalizes overly large explanations
(Prop. 3)

Different metric yield different results
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How to promote faithfulness

%9 Explanations of ante-hoc GNNs can be unfaithful (Christiansen et al., 2023)

We identified some architectural desiderata for faithfulness which ante-hoc GNNs
do not implement:



How to promote faithfulness

%9 Explanations of ante-hoc GNNs can be unfaithful (Christiansen et al., 2023)

We identified some architectural desiderata for faithfulness which ante-hoc GNNs
do not implement:

®® Content Features: the classifier should use raw input features, as opposed to
the explanation extractor's embeddings

®® Explanation Readout: the final global readout should run only over the
explanation, as opposed to the entire graph



How does faithfulness affect model
generalization




How does faithfulness affect model generalization

Recent work in Invariant Learning for GNNs first identifies an invariant subgraph,
and then make predictions based on this subgraph only (Chen et al,, 2022; Gui
et al,, 2023)

The invariant subgraph plays the role of an explanation



How does faithfulness affect model generalization

&2 We show that extracting a domain invariant subgraph is not enough for a GNN
to be truly domain invariant (Prop. 5)
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How does faithfulness affect model generalization

&2 We show that extracting a domain invariant subgraph is not enough for a GNN
to be truly domain invariant (Prop. 5)

Unless the subgraph is also faithful, the
information from the domain-dependent
subgraph can still influence the prediction, thus
preventing domain invariance
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How does faithfulness affect model generalization

We proved that a GNN that fits well the ID data will it well the OOD data if:

[ the explanation is in fact domain invariant
2l the explanation is faithful
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