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1. Vast discussion on Attention in CV & NLP

 Attention Is already used as explanations of transformer
models in computer vision: Rollout [1], Chefer et al. [2 & 3]

* A long discussion of attention-based interpretation in natural
language processing (see [4] for full survey)
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2. Underdeveloped topic in explaining GNNs

« XAl In GNNSs Is actively studied In recent years.
Explanation methods usually aim to find the most relevant
part of the input (attribution)

 However, there has been nearly no discussion on the

potential of attention as explanation in GNNs
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] Velickovic et al., “Graph Attention Networks”. ICLR 2018

Our work Is one of the first to seriously discuss the potential of attention weights in MPNNs as explanations.
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@ @ 1) Proximity effect: Edges within closer proximity to the target node tend to highly impact

@ /}@ Lo the model’s prediction compared with distant edges, since they are likely to appear more
¥ frequently in the computation tree. Need to sum all occurances of an edge!
W o 2) Contribution adjustment: The contribution of an edge in the computation tree should
be adjusted by its position (i.e., other edges in the path towards the root).
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» Faithfulness: How much does the attribution actually reflect the behavior of the underlying model?
» Results (7 datasets, 3 measurements, 2/3 layer GAT [5] / GATV2 [6] / SuperGAT [7]) show clear superiority.

2> CC> Model  Dataset GATT AVGATT SA GB IG GNNEx PGEx GM FDnX  Random
B ,;  BA-Shapes 09591 07977 09563 06231 06231 08916 08289 05316 0.9917  0.4975
Q c—:’s Infection 0.9976 0.8786 0.8237 0.8949 09472 09272 0.7173 0.6859 0.6574 0.4811
<3zfk Accuracy: How much does the attribution reveal the ground truth explanation?

* Results (2 datasets, 1 attention baseline, 7 post-hoc explanation baselines) show clear competent performance.
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