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Abstract Graph representation learning plays a crucial role in graph classification tasks, as it
enables the embedding of graph data into low-dimensional vector spaces, thereby generating
meaningful representations that are applied in various domains such as biomolecular property
prediction, social network analysis, and community detection. Among the many approaches,
Graph Neural Networks (GNNs) have emerged as a core technology in graph representation
learning, owing to their ability to extract global representations of graph structures through
effective message-passing mechanisms. Despite their success, one of the key challenges that
remain is enhancing the generalization ability of GNNs in out-of-distribution (OOD) scenarios. To
address this challenge, the concept of graph-invariant representation learning has gained

increasing attention in recent years. However, most existing methods primarily focus on
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extracting structural invariant subgraphs and overlook the issue of distribution shifts in node
attributes, which are often prevalent in real-world data. This oversight leads to the interference of
spurious correlations in node features, weakening the representational power of the learned model
and making it vulnerable to distribution shifts in test data. In response to these challenges, we
introduce a novel attribute-shift-aware graph-invariant representation learning method. Our
proposed approach aims to improve the generalization performance of GNNs in OOD
environments by addressing both structural and attribute distribution shifts. Our method utilizes a
joint optimization framework that integrates adaptive feature weighting and Beta-mixed
augmentation techniques. Specifically, our method begins by applying an invariant subgraph
extractor, which is designed to capture structural invariant representations of the graph. This
allows our model to preserve essential structural information, regardless of shifts in the
distribution of node attributes. Following this, an adaptive feature weighting mechanism is
employed to dynamically assign weights to node attributes based on their relevance, thus reducing
the influence of attribute shifts and minimizing the risk of overfitting to spurious correlations.
Moreover, our method employs Beta-distribution-based Mixup, a data augmentation technique,
to generate virtual mixed samples by performing linear interpolation on the weighted
representations. This process creates samples that lie in-between different distributions, which
helps our model learn more robust and generalized representations that can better handle OOD
scenarios. To further refine the learning process and ensure that our model focuses on stable and
invariant features, consistency and orthogonal loss constraints are applied on both the original and
mixed representations. This encourages our model to prioritize stable patterns while avoiding
overfitting to noise or spurious correlations in the data. The proposed method is evaluated using
both synthetic and real-world datasets to assess its effectiveness. In experiments conducted on the
SPMOTIF dataset, our method achieves an average accuracy improvement of 19.6% over the
ERM baseline. Furthermore, it demonstrates superior performance in five real-world tasks,
outperforming all comparison methods in terms of generalization and robustness to attribute shifts.
These results highlight the significant advantages of incorporating attribute-shift-aware learning
into graph-invariant representation methods. Our findings strongly underscore the importance of
addressing both structural and attribute distribution shifts in order to achieve robust, reliable, and
generalizable graph representations. Ultimately, our proposed approach offers a promising and
effective solution for significantly improving the performance of GNNs in real-world applications,

where the presence of attribute shifts is common and challenging.

Keywords graph representation learning; graph neural networks; out-of-distribution generalization;

attribute shift; feature reweighting; mixup data augmentation
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4. FOR &Mtk BE€ D DO
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10. R AR(13) - ADM UG A2
FORPATIR A8 I — 8k S5 IR
AL AR R L s
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PEARI . X g B8 0k B L i 2 5 | A CRRAE 4 5
IIACFNASAS TR & 38 9 SR, A SCOT VA RS A &30t g
T O RS A ke (4 MRS R T I B Y
SRR DG 5 DT dnb 5 48 FHABE AL AE S A SN B L Rz
fEPERE .
5.2.2 TEEIHHE ErySLk:

WNEE 2 F7R  AS-GIMAE H AN ELSE OOD ST 45

2 Eiid 2026 4
x1 EERHEEELHNESEER
SPMOTIF-MIXED

BIAS=0.33  BIAS=0.60  BIAS=0.90

W FE bR ACC #8#5
ERM 58.1844.30  49.2948.17  41.36-3.29
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Background

Graph representation learning is a foundational task in graph
machine learning, aiming to embed complex graph—structured
data into low-dimensional vector spaces for downstream tasks
such as graph classification. This approach has shown significant
success in a wide range of applications, including community
detection in social networks and molecular property prediction in
biochemistry. In recent years, Graph Neural Networks (GNNs)
have become the dominant paradigm for graph representation
learning, leveraging hierarchical message—passing mechanisms to
iteratively aggregate local and global neighborhood information,
thus producing expressive graph-level representations in an end—
to—end manner.

Despite their success, most existing GNN methods operate
under the assumption of independent and identically distributed
training and testing data. However, in real-world applications,
this assumption is often violated due to differences in data
generation processes, environmental factors, or sampling strategies.
These differences result in distribution shifts in various graph
aspects such as graph size, node degree, subgraph patterns, and
node attribute distributions. As a consequence, models may
capture spurious correlations that do not generalize to unseen
distributions, leading to severe performance degradation in out—
of=distribution (OOD) testing scenarios.

To enhance the OOD generalization of GNNs, recent
research has explored approaches from domain adaptation and
invariant representation learning. Domain—adversarial training and
risk extrapolation methods, such as IRM and V-REx, aim to
learn representations that remain stable across pre-defined
environments. However, these methods typically rely on accurate
environment labels or domain annotations, which are difficult to

obtain for graph data. To address this, environment—free or self-

supervised techniques such as EIIL and IGM have been
proposed, which infer latent environments or construct pseudo-
have shown

environments during training. These methods

promising results in structural distribution shifts. Yet, they
largely ignore the influence of node attribute shifts, which are
prevalent and often detrimental in real-world graphs.

To tackle this issue, we focus on a relatively underexplored
but crucial problem: improving the robustness of graph
representation learning under node attribute distribution shifts.
We propose a novel framework named Attribute-Shift-Aware
Graph Invariant Modeling (AS-GIM), which explicitly models
attribute perturbations while preserving structural invariance. Our
method introduces adaptive feature dimension weighting and Beta-
based Mixup augmentation to suppress noisy dimensions and

By

consistency and orthogonal constraints on original and mixed

generate cross—distribution  virtual samples. combining
representations, AS-GIM effectively learns stable and generalizable
features. Extensive experiments on synthetic and real-world
benchmarks demonstrate that our approach significantly outperforms
state—of-the—art methods under various OOD settings, especially
when node attribute shifts are severe.
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