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Problems & Ideas
* Problems of existing eXplainable Graph Learning (XGL):

— Existing XGL approaches are susceptible to exploiting shortcuts (aka,
spurious correlations) in the data to yield task results and compose
explanations, undermining the trustworthiness and reliability of XGL.

— Shortcuts in data are difficult to identify and mitigate.

* |deas: The core idea is first using shortcut discovery strategies
to identify potential shortcut representations and then
developing shortcut-conflicted explanations for graph learning.
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Architecture of Shortcut-guided Graph Rationalization (SGR). SGR use a shortcut discovery strategy to infer shortcut
representations and guide the model to compose shortcut-conflicted explanations by mutual information estimation methods.



Main Contributions

e Contributions:

A novel Shortcut-guided Graph Rationalization method that explicitly
learns from shortcuts in data to improve the robustness and reliability
of graph learning models;

A shortcut discovery strategy that captures shortcut information with
an early stop strategy and a learn-from-shortcuts strategy to ensure
the composed explanations are free from shortcut biases;

Extensive experiments on synthetic and real-world datasets,
demonstrating the effectiveness of SGR in providing faithful and
robust explanations, outperforming existing baselines.
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testing datasets of OGBG, where the test dataset is the out-
of-distribution (OOD) test set.



