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Tianjun Yao! Yongqgiang Chen;? Kai Hu; Tongliang Liu; Kun Zhang;,” Zhigiang Shen’
Mohamed bin Zayed University of Artificial Intelligence, Carnegie Mellon University, The University of Sydney

Introduction

€ In real-world applications, it is often the case
that multiple invariant features are causally

The Biased Infomax Principle

Definition 2. (The Infomax Principle) The infomax principle optimizes the following optimization
objective in Eqn. [I|w.r.t the GNN encoder hy(-).

Experiments

Table 1: Performance on synthetic and real-world datasets. Numbers in bold indicate the best
performance, while the underlined numbers indicate the second best performance.
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stable solution for £ = L7 + AL, Which encodes

Figure 2: Comparison of the distribution P» ., across different invariant features.

OOD algorithms.




