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ABSTRACT

Graph Neural Networks (GNNs) excel in node classification but face critical in-
terpretability challenges.Though existing explanation methods that include post-
hoc and self-interpretable approaches are widely adopted, they still struggle to
enhance prediction through explanation effectively.Moreover, causal graph learn-
ing demonstrates the capacity to identify causal features that bolster predictive
performance, but its utilization in node classification tasks has remained no-
tably limitedprimarily due to the non-trivial challenges of handling localized het-
erogeneity and contextual noise in node-level tasks.To address these gaps, we
propose ACLIB-GNN, a novel framework unifying adversarial causal learning
and the node information bottleneck.By leveraging graph attention to minimize
noncausal feature interference and adversarial training to maximize mutual in-
formation between explanatory subgraphs and labels, it explicitly disentangles
causal features from shortcut signals, balancing transparency and performance.
On four benchmark datasets, ACLIB-GNN outperforms state-of-the-art baselines
via causal subgraphs to enhance classification accuracy and provides superior ex-
planatory power.Ablation studies validate the synergistic effect of its core compo-
nents. Notably, the framework generalizes graph classification tasks effectively.
ACLIB-GNN offers a scalable and trustworthy solution for interpretable node
classification tasks based on causal graph learning.

1 INTRODUCTION

In recent years, Graph Neural Networks (GNNs) have emerged as a powerful framework for repre-
sentation learning in graph-structured data (15125 3)). Due to their ability to capture complex relational
patterns, GNNs have been successfully applied to diverse domains, including molecular chemistry
(4), social network analysis (5), and knowledge graph reasoning (6)). Typical applications span node-
level, edge-level, and graph-level tasks, with all three types widely explored due to their broad
real-world applicability (7). However, most existing GNNs operate as black-box models, lacking
transparency in their decision-making processes. To enhance their reliability and adoption in crit-
ical domains, there is a pressing need to develop interpretable GNNs that achieve high predictive
accuracy while providing explainable reasoning behind their predictions.

Recent research has focused on improving the interpretability of GNNs, primarily through two ap-
proaches: post-hoc and self-interpretable methods (8). Post-hoc methods use external tools to an-
alyze model predictions based on input features after training. Although they offer useful insights,
they may not fully reflect the model’s internal logic (9; [10; [L1; [12). In contrast, self-interpretable
methods integrate explainability directly into the model architecture, leveraging causal intervention
theory to mitigate environmental confounders and identify meaningful subgraphs. Despite their
advantages, these models often struggle to promote prediction through explanation (11).

Recent research has focused on improving the interpretability of GNNs, primarily through two ap-
proaches: post-hoc and self-interpretable methods (8). Post-hoc methods use external tools to an-
alyze model predictions based on input features after training. Although they offer useful insights,
they may not fully reflect the model’s internal logic (9; [10; [115 [12). In contrast, self-interpretable
methods integrate explainability directly into the model architecture, leveraging causal intervention
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theory to mitigate environmental confounders and identify meaningful subgraphs. Despite their
advantages, these models often struggle to promote prediction through explanation (11)).

Causal graph learning can identify causal features via Graph Information Bottleneck (GIB) (13) to
enhance predictions. However, most existing approaches focus on graph classification tasks (14).
Although some extend to node classification, they fail to provide explanations, creating a critical gap
in interpretable causal graph learning. This gap is primarily due to two core challenges in applying
GIB to node classification. First, the local neighborhood of a node is often flooded with noisy and
shortcut connections, which can easily mislead a standard GIB model that primarily focuses on
compression and prediction. Second, existing GIB methods lack an explicit mechanism to enforce
the stability of explanations under distribution shifts or perturbations, making them vulnerable to
spurious correlations in the graph structure. To address these limitations, we incorporate adversarial
causal learning into the GIB framework. Adversarial training strengthens the model by encouraging
it to learn causal features that are invariant to malicious perturbations on the explanatory subgraphs.
This ensures that the identified subgraphs are not only informative but also robust and truly causal,
thereby effectively disentangling them from shortcut signals.

To address GNN interpretability and performance limitations, ACLIB-GNN is proposed as a frame-
work unifying adversarial causal learning with the graph information bottleneck. It includes two
components: a redundancy reduction mechanism to filter extraneous representation information and
an adversarial causal graph learning module to maximize mutual information between explana-
tory subgraphs and labels. Adversarial learning strengthens self-interpretable GNNs by penalizing
predictions when critical explanatory components are perturbed, ensuring that models prioritize
essential features that drive both accuracy and interpretability (15). Extensive experiments were
conducted to evaluate ACLIB-GNN'’s effectiveness in node classification and explanation tasks.
The framework demonstrated superior performance across four benchmark datasets, with the gen-
erated explanations simultaneously enhancing classification accuracy. Visualization analyses con-
firmed these improvements through examination of both extracted subgraphs and learned represen-
tations. Collectively, these results demonstrate that ACLIB-GNN effectively improves both GNN
interpretability and classification performance in node classification tasks. Our contributions are
summarized as:

1. To enable scalable and trustworthy GNN node classification with interpretable predictions,
ACLIB-GNN is proposed based on causal graph learning, integrating adversarial learning
and graph information bottlenecks.

2. Interpretability and prediction mutually reinforce each other via causal subgraphs, effec-
tively disentangling causal features from shortcut signals.

3. Extensive experiments show that the proposed framework outperforms state-of-the-art
methods and generalizes to graph classification tasks.

2 RELATED WORKS

2.1 EXPLANATIONS FOR GNNS

The explainability of GNNs is primarily addressed through two paradigms: post-hoc explainability
methods and self-interpretable approaches. Post-hoc methods use external tools to analyze model
predictions after training.They can be divided into white-box and black-box categories. White-box
approaches require model internals, employing decomposition-based techniques such as CAM (16))
and GNN-LRP (17) for layer-wise score attribution to nodes oredges. Additionally, gradient-based
methods like SA and Grad-CAM (18)) are employed to quantify input sensitivity.Nevertheless, their
architecture-specificity limits generalizability and incurs higher computational costs. Instead, black-
box methods do not require access to the model’s internal parameters. For example, GraphLime
(19) and PGMExplainer (20) approximate local behaviors using interpretable models like HSIC
Lasso.GNNExplainer (21) identifies critical subgraphs via node/edge masking, and XGNN (22)
synthesizes explanatory subgraphs with reinforcement learning. Moreover, the black-box charac-
teristic of these explainers casts uncertainty on their capacity to offer thorough interpretability for
GNN models. In contrast, Self-interpretable methods embed explainability directly into GNN ar-
chitectures through joint training of prediction and explanation modules, primarily categorizing into



Under review as a conference paper at ICLR 2026

Redundancy reduction min 1(G;Gy)

Edge Attention 4 attention heads 1 attention head

GNN Encoder Ao

GraphConvl GraphConv2

Figure 1: The overall framework of ACLIB-GNN, comprising two key components: (1) Redun-
dancy Reduction via GATs to minimize mutual information between nodes and the original graph;
(2) Causal Graph Learning via adversarial training to maximize mutual information between the
subgraph and labels.

two types: information-constrained methods and structural-constrained frameworks. Information-
constrained methods like GSAT (11), which employ stochastic attention mechanisms to extract
compact subgraphs by maximizing task-relevant mutual information while suppressing redundant
features, effectively filtering out noise to focus on critical predictive signals. In contrast, structural-
constrained frameworks such as DIR (23) disentangle causal and spurious components by enforcing
invariance across perturbed graph distributions.Other variants include ProtoGNN (9), which aligns
graph embeddings with class-specific prototypes, and SEGNN (24), which identifies structurally
critical nodes via contrastive learning.

2.2 CAUSAL GRAPH LEARNING

Causal graph learning has emerged as a transformative paradigm for enhancing graph representation
by leveraging causal intervention to isolate causal features while filtering out non-causal ones. By
integrating causal theory with GNNs, these frameworks can identify critical subgraphs that drive
downstream predictions, thereby reducing reliance on noisy or coincidental features.The Informa-
tion Bottleneck principle provides a foundational objective for this pursuit, seeking to extract a
subgraph that is maximally informative about the label while being maximally compressive about
the input graph Recent research has enhanced GIB to better balance interpretability and predictive
performance.For instance, GIB (13) extracts maximally informative subgraphs by balancing com-
pression and prediction fidelity.For scalable and interpretable feature selection in large graphs, PGIB
(25) improves this by identifying prototype-based key substructures. Nonetheless, these approaches
face challenges in interpreting complex subgraph interactions and have yet to fully leverage explana-
tory insights to enhance GNN predictive performance.To address this, RC-Explainer (26)) integrates
retrieval-based causal learning with GIB theory to dynamically adapt to evolving graph dynam-
ics.Beyond GIB, other causal learning paradigms include Other variants include CAL+ (27), which
integrates causal theory with attention mechanisms to prioritize relevant node interactions. Mean-
while, GCIL (28) enhances graph contrastive learning by enforcing causality-invariant representa-
tions through spectral augmentation. These approaches offer distinct advantages over traditional
methods, including enhanced robustness to spurious correlations and improved interpretability by
explicitly modeling causal relationships in graph structures.

Unfortunately, thesemethods primarily focus on graph classification tasks with fewer addressing
node classification. Thus, we propose a method combining adversarial causal learning and graph
information bottleneck toprovide explanations and enhance predictions for node classification. The
transition from graph-level to node-level analysis introduces significant challenges that methods
such as PGIB (25) and RC-Explainer (26), reliant on global graph structures or predefined proto-



Under review as a conference paper at ICLR 2026

types, are ill-equipped to address in node classification tasks. One major challenge stems from lo-
calized heterogeneity: causal mechanisms can differ substantially across local neighborhoods within
a single graph, meaning a global compression objective often fails to capture node-specific causal
patterns. Another critical issue involves the dependency on node context; explanatory subgraphs are
not isolated but deeply embedded within specific contextual surroundings and neighboring nodes.
Merely using a computational subgraph—such as a k-hop neighborhood—as input to a graph in-
formation bottleneck framework proves insufficient, as this approach does not explicitly separate
causal features from contextual noise and shortcut connections ubiquitous in local structures. Con-
sequently, such methods frequently yield suboptimal and non-robust explanations.

Our work, ACLIB-GNN, differentiates itself by directly tackling these node-level challenges. Un-
like prior GIB works that are applied to graphs holistically, we design a framework native to node
classification. We integrate adversarial learning not merely as an add-on but as a core mechanism to
enforce the stability and causality of the extracted local subgraphs. By adversarially perturbing the
subgraph embeddings and maximizing the mutual information between the robust subgraph repre-
sentation and the label, we explicitly guide the model to discard spurious correlations and uncover
causal features that are invariant across perturbations. This adversarial causal learning component,
tightly coupled with the GIB principle, allows ACLIB-GNN to provide superior interpretability and
prediction performance specifically for node classification tasks.

3 METHODOLOGY

3.1 MODEL ARCHITECTURE

Our proposed ACLIB-GNN introduces a graph representation learning framework that jointly opti-
mizes causal features through mutual information objectives. As shown in Figure[I] the architecture
includes two components: a redundancy reduction mechanism to filter extraneous representation
information and an adversarial causal graph learning module to maximize mutual information be-
tween explanatory subgraphs and labels. The model operates on graph G = (V| E) with node
features X € R™*/ and edge set F/, where n denotes the number of nodes and f the feature dimen-
sion. The key innovation lies in simultaneously learning complementary representations through
neighborhood aggregation and adversarial perturbation while maintaining label consistency. For
foundational knowledge on various methodologies, please refer to Appendix [A]

3.2 MINIMIZING MUTUAL INFORMATION BETWEEN SUBGRAPH AND INPUT GRAPH

To minimize mutual information between subgraphs and the input graph, we leverage attention
in Graph Attention Network (GAT) layers. GAT; (4 heads) and GAT5 (1 head) generate node
embeddings 1 = ELU(GAT}(x,e¢)) and 3 = GAT»(x1,e), capturing local-neighborhood info
via attention-weighted aggregation and reducing reliance on global structure.

This architecture implicitly minimizes I(Gsyw; G): GAT layers distill task-relevant info into x5, dis-
carding redundant global graph data. Integrating information minimization into GAT stabilizes opti-
mization, as the model naturally learns concise, predictive representations without extra loss terms.
Edge and node attention guide the model to focus on key elements, with the process summarized by
the loss:

The edge and node attention mechanisms guide the model to focus on specific edges and nodes.This
process is encapsulated in the loss term:

Lnode = CrossEntropy(Ynode, Y) (D

where Y04 represents model predictions and Y the ground truth. The supervised signal from Y;oge
maintains the predictive power of compressed representations zo for Y. Differing from (1} [2) that
employ explicit regularization to minimize I (Ggyp; G), our method utilizes only the node-level clas-
sification loss Lnoge-This loss directs GAT layers to generate embeddings o predictive of Y based
solely on local neighborhoods, implicitly filtering spurious correlations and global noise. This ap-
proach adheres to the Information Bottleneck principle, maximizing target information while com-
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pressing input. Attention weights enhance interpretability by identifying influential neighbors, re-
vealing model decision patterns.

3.3 MAXIMIZING MUTUAL INFORMATION BETWEEN SUBGRAPH AND LABELS

For a target node n, the original subgraph S,,,.; comes from its k-hop neighborhood. It can be simply
defined as:

Sorg = (Nk(n)y Ek(n)) (2)
where Ny (n) is the set of nodes within & hops of n, and Ex(n) is the set of edges among these
nodes. The adversarial subgraph S, is generated by perturbing node features of S;,4:

Sady = €- Sigl‘l (Vsorg[’(sf’rg)) 3)

where ¢ controls perturbation magnitude, sign(-) is the sign function, and Vg, L is the loss
gradient.Adversarial subgraph S,qy enables causal discovery by identifying minimal performance-
degrading perturbations that target non-causal shortcuts. Enforcing accuracy on both S, and Saqy
via respective losses compels reliance on robust features. This adversarial robustness operationalizes

causality, as causal mechanisms remain stable under intervention.

The prediction P(Y|Ser) is then generated by an MLP as P(Y'|Sor,) = MLP(R(Sor)). The cross-
entropy loss for the original subgraph is:

2|

N C
1
Lorsuy = — E E yi(c) 1Og Pi(C|SOTg) (4)
=1 1=1

where N is the number of samples. Similarly, for the adversarial subgraph S,qy, its prediction is
P(Y|Sagv) = MLP(R(Saav)) and the cross-entropy loss is:

N c
1
L adsub = N Z Z yi(c) log Pi(c|Se(a,p)) &)

i=1 =1

The diversity loss Lp;s is defined as:
Lpis = | Lorsub — Ladsub| (6)

Here, C denotes total classes. y; is the one-hot encoded ground-truth label for sample i, with
yi(c) € {0,1} indicating class membership. P;(c|S) represents the predicted probability that sample
1’s subgraph S belongs to class c.

Loss terms Loysub and Lagsu, €xplicitly maximize I(.S;Y"), the mutual information between explana-
tory subgraphs and labels. Per the Graph Information Bottleneck principle [13], optimal subgraphs S
must be maximally informative about Y. Cross-entropy loss minimizes prediction error, equivalent
to maximizing I(S;Y")’s lower bound. Lo, ensures Sorg’s predictiveness, while Lagqp enforces
this for S,ay, driving learning of perturbation-robust causal features over spurious correlations.

Diversity loss Lp;s prevents learning trivial/overlapping features from Sor, and Saev by enforcing
distribution dissimilarity. This dual role: (1) regularizes against perturbation insensitivity and un-
derfitting; (2) encourages distinct yet complementary features—dominant causal patterns from Sy
and robust alternative pathways from S,4y. Unlike traditional adversarial training, this explicitly
promotes feature diversity for comprehensive representations.

The subgraph loss Lgyp is designed to enforce the subgraph-label relationship by combining the
losses of original and adversarial subgraphs:

Ly, = aLorsub + ﬂLAdsub (7N
where the hyperparameters «, 3 are scaling weights for each loss.

The composite loss Lg,;, integrates the objectives of both predictive power and robustness. The hy-
perparameters « and (3 offer a flexible trade-off between learning from clean data («) and enforcing
invariance through adversarial examples (). This balanced approach is necessary because over-
emphasizing robustness (3 > «) can sometimes hurt performance on clean data, a phenomenon
known as the robustness-accuracy trade-off. By carefully tuning these parameters, we guide the
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model to find a Pareto-optimal solution that excels in both aspects. This nuanced control is a practi-
cal advantage over methods that use a fixed weighting or a single adversarial loss term.

The total causal loss function is:

LCausal = LDis + LSub + LNode (8)

By optimizing Lcyysa, the model maximizes the mutual information between subgraphs and labels.
Lpjis promotes diversity in subgraph processing, Lsy, strengthens the causal relationship between
subgraphs and labels, and Lyog. ensures accurate node-level predictions.

The combined causal loss L¢aysar directly embodies our dual objective of high accuracy and high
interpretability. Optimizing this joint loss does not merely improve prediction metrics; it explic-
itly shapes the representations that the model learns. It guides the model to distill the input graph
into explanatory subgraphs that are (a) minimally sufficient (small mutual information with G), (b)
maximally informative (high mutual information with Y), and (c) causally robust (invariant to ad-
versarial perturbations). The final model predictions are therefore interpretable by design, as the
causal subgraph used for each prediction is the direct output of this optimization process and serves
as the documented rationale.

Algorithm 1 ACLIB-GNN (Adversarial Causal Learning with GIB)

1: Input: Graph G = (X, A), labels Y, hyperparameters {c, 3, €}
2: Qutput: Embeddings Z, predictions Y’
3: Node Embedding via GAT:

H; = GAT:(X, A) # Multi-head attention
Hy = GAT(Hq,A) # Context aggregation

4: Node-Level Loss: # Node classification loss
Lyode = CrossEntropy(MLP(Hz),Y)

5: k-hop Subgraph Embedding:
6: for all nodes v € V do

Sy = extractinep (Ha, v, k) # Extract k-hop subgraph
z9 = MeanPool(S,) # Base embedding

7: end for
8: Adversarial Perturbation:

0 = e€-sign (V. ,Lcg(MLP(2),Y)) #FGSM attack
Zadv = 20 + 0 # Perturbed embedding

9: Stochastic Embedding via GIB:
u=MLP,(z) # Causal mean
02 = softplus(MLP, (z,4,)) # Robust variance
Z ~ N (u,diag(c?)) # GIB sampling
10: Loss Optimization:
L=a-Lce(MLP(2),Y)+ 8- Lce(MLP(24v),Y) + ||[MLP(29) — MLP(2u4v)|| + Lnode  # Total loss

11: Update parameters: 6 <— Adam(VyL)
12: Return Z,Y = argmax(MLP(Z))

4 EXPERIMENTS

In this section, we conduct extensive experiments on multiple benchmarks to answer the following
questions.
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* QI: How effective is ACLIB-GNN compared to existing methods in node classification
tasks?

* Q2: How do the individual components of the model respectively impact its overall perfor-
mance?

* Q3: How sensitive is the model to the hyperparameters?

* Q4: Can this model be extended to the graph problem on other prediction tasks?

4.1 EXPERIMENTAL SETTINGS

Four citation benchmark datasets, Cora, Pubmed, Citeseer, and CS (29)), are used in our evaluation.
To assess generalization capability, the experiments are extended to graph classification tasks using
the MUTAG (30) and NCI1 (31) datasets. Statistics of these datasets are presented in Appendix
To verify the superiority of ACLIB-GNN, we adopt the following prevalent GNNs and diverse
interpretability solutions as baselines:

Convolutional-based: ChebNet (32), GCN (1), GraphSAGE (33)), APPNP (34), SGC (35)
Attention-based: GAT (2), AGNN (36)

Autoencoder-based: VGAE (37), G2G (38), DGI (39)

Causal learning-based: CAL+, InfolGL (40), GCIL

Detailed evaluation metrics used in our study are provided in Appendix [B.2}

4.2 EXPLAINING AND PREDICTING EXPERIMENTS (Q1)
4.2.1 GNN EXPLANATION PERFORMANCE

To validate the significance of extracted subgraphs, experiments on four datasets show that incorpo-
rating subgraph information consistently boosts predictive performance over node-only inputs. As
seen in Figure[2] Macro-F1 scores improve by 2.6%—4.1% across datasets, with notable gains in Pre-
cision and Recall. This uplift reflects the framework’s ability to filter redundant noise via the graph
information bottleneck and retain causal features through adversarial causal learning, demonstrating
that subgraphs effectively enhance accuracy by focusing on critical structural patterns.

To visually illustrate subgraph features across datasets, we present Figure Datasets including
Cora, Citeseer, Pubmed, and CS each exhibit distinct subgraph patterns, demonstrating our method
captures unique structural details that highlight critical components and enable the model to leverage
meaningful information effectively. Take Cora as an example: for a node, its surrounding subgraph
reflects citation-based relationships, with closely connected nodes indicating frequent citations, cru-
cial for assessing a paper’s impact. This aligns with Cora’s nature as an academic citation network
benchmark (41)), proving our method captures subgraphs consistent with domain-specific semantics.
Similarly, in Citeseer and Pubmed, visualized subgraphs conform to their citation-driven charac-
teristics, validated by prior research. These insights align with our goal in that subgraphs enable
models to focus on key features to enhance prediction.

4.2.2 GNN PREDICTION PERFORMANCE

The hyperparameters of ACLIB-GNN are tuned via grid search, with detailed configurations pro-
vided in Appendix The comprehensive evaluation demonstrates consistent superiority of
ACLIB-GNN over baseline methods, achieving enhanced predictive performance with markedly
reduced variance across experimental trials. As shown in Table[I] the proposed framework exhibits
stability compared to conventional approaches. While existing baselines display limited robust-
ness, ACLIB-GNN’s explicit modeling of invariant causal features enables substantially improved
generalization—outperforming the strongest baseline by 7.134% on Cora and 2.840% on Pubmed in
size-aware evaluations. Comparative analysis with causal learning-based GNN architectures (CAL+,
InfolGL, and GCIL) reveals ACLIB-GNN’s 5.46% average performance improvement over the lead-
ing competitor (GCIL). Notably, current causal learning-based GNN implementations often sacrifice
explanatory transparency when optimizing target label prediction accuracy. These empirical results
validate the theoretical framework by extracting subgraphs to enhance predictive performance.
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Figure 2: Results of the performance after incorporating subgraph information, where blue bars
denote predictions using only node-level features and orange bars represent those incorporating
subgraph information.

Table 1: Performance of different methods on multiple datasets (Macro-F1)

Methods Cora Citeseer Pubmed CS
ChebNet 0.812 +0.007 0.663 +=0.008 0.756 £ 0.009 0.536 £ 0.050
GCN 0.809 +0.003 0.674 +0.002 0.785+0.002 0.873 £ 0.008
GraphSAGE 0.757 +0.013 0.590 +=0.011 0.751 +£0.011 0.814 £ 0.010
APPNP 0.614 +0.006 0.249 +0.005 0.766 £ 0.006 0.875 = 0.004
SGC 0.797 +0.000 0.689 +0.001 0.785 4+ 0.000 0.850 = 0.004
GAT 0.813 +£0.005 0.676 =0.011 0.768 £ 0.003 0.868 &= 0.006
AGNN 0.783 £0.013 0.674 +=0.008 0.785+0.004 0.873 £0.016
VGAE 0.760 +0.013 0.598 +0.007 0.781 +£0.007 0.787 £ 0.014
G2G 0.764 +0.002 0.622 +0.005 0.810+0.006 0.607 £=0.014
DGI 0.799 £ 0.007 0.676 +=0.005 0.780 £ 0.003 0.870 = 0.005
CAL+ 0.781 +0.021 0.664 +0.083 0.447 +0.093 0.837 £ 0.042
InfolGL 0.708 = 0.018 0.653 =0.031 0.800 £+ 0.008 0.819 £ 0.012
GCIL 0.804 +0.009 0.680 +=0.006 0.792 £ 0.005 0.872 £ 0.003
ACLIB-GNN 0.871+0.013 0.694 +=0.030 0.833 +0.002 0.888 +0.011
Improvement 7.134% 1 0.726% 7 2.840% 1 1.486% 1

4.3 ABLATION STUDY (Q2)

The component analysis examines the respective impacts of graph attention mechanisms and ad-
versarial learning through comparisons with two variants: (1) ACLIB-GNN-GAT (attention module
removed), (2) ACLIB-GNN-Ad (adversarial learning removed). Table|Z| shows comparative results,
revealing: Attention-deprived models’ performance decline highlights graph attention’s critical role
in contextual feature integration. By dynamically weighting node relationships, it enables discrim-
inative neighborhood aggregation—vital for topological detail preservation in complex graphs. Ci-
tation network performance drops demonstrate adversarial learning’s effectiveness in preserving
domain-invariant representations. The full architecture’s superiority stems from symbiotic compo-
nent interactions, not additive improvements. Attention acts as local amplifiers; adversarial con-
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Figure 3: The visualizations for the subgraph on multiple datasets

Table 2: Performance of ACLIB-GNN for different components (Macro-F1). ‘ACLIB-GNN-GAT’
represents the removal of the attention module , and ‘ACLIB-GNN-Ad’ represents the removal of
the adversarial learning module
Methods Cora Citeseer Pubmed CS
ACLIB-GNN-GAT 0.508 +0.048 0.658 £0.008 0.250 +0.117 0.578 = 0.029
ACLIB-GNN-Ad 0.816 £0.026 0.625£0.016 0.780+0.031 0.537 £0.025
ACLIB-GNN 0.871 £0.013 0.694£0.030 0.833 £0.002 0.888 £ 0.011

straints as global regularizers. Their co-optimization induces a phase transition where local pattern
recognition and global stability reinforce predictive coherence.

The t-SNE technique (42) is employed to visualize graph instance embeddings on the Cora and
Pubmed datasets (Figure ), comparing two variations. Results demonstrate that compared to
ACLIB-GNN, the embeddings generated by ACLIB-GNN-GAT and ACLIB-GNN-Ad exhibit more
compact clustering patterns, indicating the effectiveness of graph attention mechanisms and adver-
sarial learning, respectively. This observation suggests that the two key components play a pivotal
role in extracting causal subgraphs to enhance prediction.

4.4 HYPERPARAMETER SENSITIVITY (Q3)

We analyze the sensitivity of ACLIB-GNN to hyperparameters «, (3, and € across datasets. The
details are shown in[C.]] ACLIB-GNN demonstrates a moderate level of insensitivity to the hyper-
parameters « and 3. On the Cora, Citeseer, and Pubmed datasets, performance fluctuates irregularly
with parameter variations, potentially due to their complex feature distributions and high noise lev-
els (43), which obscure the systematic influence of v and . In contrast, the structural properties
of the CS dataset allow the model components regulated by « and 3 to function more consistently.
As these parameters increase, the model conducts more effective feature extraction, leading to an
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Figure 4: The t-SNE visualizations for different components of the model

upward-trending performance curve. A common pattern across datasets is that performance reaches
its minimum when o = 0.2 or 8 = 0.2. This is likely because these values disrupt the balance of
the loss function, causing training dynamics to deviate from optimality and impeding the model’s
ability to capture critical causal features. In Figure [§(E), for ¢, Cora and CS datasets with stable
feature structures and low noise allow the model to effectively learn adversarial features and main-
tain stable performance as € varies (44). In contrast, Pubmed and Citeseer datasets, which feature
more complexity and higher noise, make adversarial perturbations difficult for the model to adapt
to. When € changes, such perturbations may exceed the model’s learning capacity, disrupting the
capture of key real features and causing significant performance degradation.

4.5 SCALABILITY ANALYSIS (Q4)

To assess the generalizability of ACLIB-GNN beyond node classification, we extend our framework
to graph classification tasks using MUTAG (30) and NCI1 datasets. The detailed experimental
results are shown in Appendix [C.2] It demonstrates that ACLIB-GNN outperforms state-of-the-art
baselines (CAL+, InfolGL) with notable margins: on MUTAG, it surpasses InfolGL by 3.1% and
CAL+ by 26.9%; on NCI1, it outperforming the closest baseline (InfolGL) by 10.3%. These results
confirm that the framework’s core mechanisms of redundancy reduction and causal graph learning
are effective for graph-level tasks.

5 CONCLUSION

An interpretable graph neural network framework named ACLIB-GNN is proposed, which inte-
grates adversarial causal learning with the GIB principle for node classification tasks. Through
extensive experiments, it is demonstrated that ACLIB-GNN achieves improvements over existing
state-of-the-art baselines in terms of classification accuracy. The causal subgraphs extracted by this
framework not only boost generalization performance by mitigating non-causal noise but also of-
fer an explanatory mechanism for the model’s decision-making process. In future work, we aim to
validate ACLIB-GNN in real-world scenarios such as bioinformatics and social network analysis,
further expanding its utility and demonstrating its adaptability across diverse domains. Additionally,
we plan to improve our algorithm to other classification tasks, including hypergraph classification
and edge classification.
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PRELIMINARIES

CAUSAL VIEW ON GNNSs

To better understand the underlying mechanisms of GNNs, a Structural Causal Model (SCM) is introduced to
formalize the causal relationships among critical components in graph learning. The proposed SCM consists
of five variables: raw graph data G, causal feature C, shortcut feature S, representation H, and prediction
outcome Y. As shown in Figure[5|Key causal pathways are decomposed as follows:

[leftmargin="*]

e C + G — S. The causal variable C' serves as an exact reflection of the inherent attributes within
graph data G, whereas S stands for the shortcut feature—often arising from data-related biases or
superficial patterns.

e C'— H < S. The variable H functions as the learned representation of graph data G. To construct
H, the GNN model f incorporates both the shortcut feature S and causal feature C' as inputs, thereby
distilling discriminative information from their interplay.

e H — Y. The primary objective of graph representation learning is to predict labels for input graphs.
The classifier generates predictions Y by leveraging the graph representation H, establishing a direct
causal link from learned features to the final prediction outcome.

e G : graph data

C' : causal feature

e G a S : shortcut feature

H : representation

° Y : prediction outcome

Figure 5: Structural Causal Modeling Framework
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Table 3: The details of multiple datasets

Dataset Task Nodes Edges Classes Features
Cora Node Classification 2708 5278 7 1433
Citeseer  Node Classification 3327 4452 6 3703
Pubmed  Node Classification 19717 44324 3 500
CS Node Classification 18333 81894 15 6805
MUTAG  Graph Classification 3371 7442 2 7
NCI1 Graph Classification 122747 265506 2 37

A.2 GRAPH INFORMATION BOTTLENECK

The GIB framework aims to extract a maximally informative subgraph GGs. This can be realized through
the adjustment of the following objective function, which attains a balance between the retention of relevant
information and the minimization of redundancy within the subgraph:

max [[(Y:Gs) — o1(G: Gs)] ©)

where the first term ensures that G's preserves label-relevant features, and the second term suppresses redundant
structural information from G. By striking a balance between these competing objectives, GIB generates
concise subgraphs that encapsulate causally significant patterns while filtering out spurious correlations. This
two-objective formulation reaches an optimal balance between retaining critical predictive information and
removing unnecessary details, leading to a concise and highly informative subgraph representation.

A.3 ADVERSARIAL LEARNING

Adversarial learning enhances model robustness by exposing it to worst-case perturbations during training.
In our framework, we integrate adversarial training with GIB to mitigate reliance on spurious shortcuts. For
each node, we construct adversarial examples by perturbing its k-hop subgraph embeddings along the gradient
direction of the classification loss. Formally, given a node embedding h and its subgraph embedding h, the
adversarial perturbation ¢ is computed as:

§ = e-sign(VsL(f(h, hs +0),y)) (10)

where € controls the perturbation magnitude, sign is the sign function, normalizing the gradient direction, Vs L
denotes the gradient of the loss L with respect to §, and f is the classifier. The adversarial loss penalizes
misclassifications of these perturbed embeddings, encouraging the model to learn invariant representations
aligned with causal factors. Combined with GIB, this approach explicitly suppresses redundant information
while preserving predictive features, improving generalization under distribution shifts.

B FURTHER IMPLEMENTATION DETAILS

B.1 DATASETS

These datasets are publicly available under the Creative Commons Attribution 4.0 International (CC BY 4.0)
license, ensuring compliance with open-access research guidelines. The statistics of four datasets are presented
in Table 3l

B.2 EVALUTATION METRICS

In order to compare the performance of diverse algorithms, several commonly used evaluation metrics of the
classification task, including macro-precision (Macro-P), macro-recall (Macro-R) and Macro-F1 are used in
our experiments. These are calculated using the following formulas:
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Table 4: The hyperparameters for ACLIB-GNN on multiple datasets
Parameters Cora Citeseer Pubmed CS
learning_rate  0.0001 0.001 0.001 0.001

weight_decay  Se-4 Se-4 Se-4 5e-3
«a 0.4 0.4 0.7 0.5
I} 0.6 0.6 0.3 0.5
€ 0.1 0.1 0.01 0.001
C
1 TP,
Macro-P = 6;m (11)
C
1 TP,
MacroR = ; TP EN. (12)
Macro-Fl — 2 - Macro-P - Macro-R (13)

Macro-P + Macro-R

where C denotes the number of classes, with TP., FP., and FN.. corresponding to true positives, false positives,
and false negatives for class c.

B.3 HYPERPARAMETERS SETTINGS

Our code is developed with PyTorch Geometric referenced with MIT Licenses, and the computational resources
used are NVIDIA GeForce RTX 4090 GPUs (24G memory), which provide the necessary hardware support
for model training and related computations. All GNN models are implemented using the codes provided
by these original papers to conduct experiments. All baseline methods adopt the identical hyperparameter
search space as the proposed approach. For all experiments, the Adam optimizer is employed, where we
search for the initial learning rate within the set {0.01,0.001,0.0001} and the minimum learning rate within
{0.001, 0.00001,0.000001}. Weight decay (L2 regularization), which penalizes large model weights to pre-
vent overfitting, is selected from the set {le — 5,5e — 4,1e — 4,1e — 3}. We search for «, 8 within the
set {0.1,0.2,...,0.9}, and € within the set {0.001,0.01,0.1,1}. The hyperparameters of four datasets are
presented in Table[d]

C MORE EXPERIMENT RESULTS

C.1 SUPPLIMENTARY EXPERIMENT RESULTS FOR Q3

The sensitivity of ACLIB-GNN to hyperparameters c, /3, and € across datasets is provided in Figure[6]

C.2 SUPPLIMENTARY EXPERIMENT RESULTS FOR Q4

We provide a performance comparison of ACLIB-GNN in graph classification tasks in Table[3}

Table 5: Performance of ACLIB-GNN in Graph Classification Prediction Tasks (Macro-F1)

Methods MUTAG NCI1
CAL+ 0.616 £0.071  0.627 £ 0.107
InfolGL 0.758 £0.103  0.629 £0.019

ACLIB-GNN  0.782+0.050 0.694 £ 0.030
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Figure 6: Sensitivity Analysis of Hyperparameters (with the metric of Macro-F1). (A), (B), (C), (D)
illustrate sensitivity analysis for hyperparameters «, 3, while (E) depicts that for hyperparameter ¢.

NEURIPS PAPER CHECKLIST

The checklist is designed to encourage best practices for responsible machine learning research, addressing
issues of reproducibility, transparency, research ethics, and societal impact. Do not remove the checklist: The
papers not including the checklist will be desk rejected. The checklist should follow the references and
follow the (optional) supplemental material. The checklist does NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For each
question in the checklist:

¢ You should answer , , or .

* means either that the question is Not Applicable for that particular paper or the relevant information
is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the reviewers, area
chairs, senior area chairs, and ethics reviewers. You will be asked to also include it (after eventual revisions)
with the final version of your paper, and its final version will be published with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation. While
”” is generally preferable to ””, it is perfectly acceptable to answer ” provided a proper justification is given
(e.g., “error bars are not reported because it would be too computationally expensive” or ”we were unable to
find the license for the dataset we used”). In general, answering ™ or ”””’ is not grounds for rejection. While the
questions are phrased in a binary way, we acknowledge that the true answer is often more nuanced, so please
just use your best judgment and write a justification to elaborate. All supporting evidence can appear either
in the main paper or the supplemental material, provided in appendix. If you answer to a question, in the
justification please point to the section(s) where related material for the question can be found.

IMPORTANT, please:
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¢ Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist”,
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer:

Justification: The abstract and introduction clearly outline the paper’s key contributions and define
the scope of experiments, which aligns with the details presented in the methodology and experiments
sections.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims made in the
paper.

* The abstract and/or introduction should clearly state the claims made, including the contribu-
tions made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer:

Justification: The paper implicitly discusses limitations by outlining future work, such as validating
ACLIB-GNN in real-world scenarios like bioinformatics and social network analysis (Section 5) and
extending it to hypergraph and edge classification tasks. This acknowledges the current scope is
limited to node and specific graph classification tasks, with unexplored domains highlighted as future
directions.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that the
paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate “’Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to viola-
tions of these assumptions (e.g., independence assumptions, noiseless settings, model well-
specification, asymptotic approximations only holding locally). The authors should reflect on
how these assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

« If applicable, the authors should discuss possible limitations of their approach to address prob-
lems of privacy and fairness.

¢ While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms
that preserve the integrity of the community. Reviewers will be specifically instructed to not
penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a com-
plete (and correct) proof?
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Answer:

Justification: The paper provides a theoretical framework for ACLIB-GNN, including clear assump-
tions (e.g., causal feature disentanglement via graph attention and adversarial training) and mathe-
matical formulations (e.g., loss functions in Section 3.2-3.3 and Appendix A). While formal theo-
rems/lemmas are not explicitly numbered, the methodology and appendix detail the theoretical foun-
dations (e.g., Structural Causal Model in Appendix A.1, Graph Information Bottleneck objective in
Appendix A.2), which serve as the basis for the proposed approach. Key assumptions (e.g., subgraphs
capturing causal features, adversarial perturbations enhancing invariance) are explicitly stated, and
the proof sketch is embedded in the algorithm design and loss function derivations, aligning with the
guidelines for theoretical clarity in empirical works.

Guidelines:

¢ The answer NA means that the paper does not include theoretical results.
* All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
¢ All assumptions should be clearly stated or referenced in the statement of any theorems.

» The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimen-
tal results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer:

Justification: The paper fully discloses all information needed for reproducibility. In Section 3.4,
it elaborates on experimental setups, such as dataset specifications and pre - processing procedures.
Hyperparameters are clearly presented in Appendix B, while model structural details are described
in Section 5.2. These specific locations provide critical details—like how datasets were prepared,
which hyperparameters were used, and how the model was architected—enabling others to repro-
duce the main experimental results that underpin the paper’s claims. This approach meets NeurIPS’
requirement for a reasonable reproducibility avenue, ensuring transparency even without code/data
release.

Guidelines:

¢ The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived well by
the reviewers: Making the paper reproducible is important, regardless of whether the code and
data are provided or not.

« If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways. For ex-
ample, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.
» While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to
reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either
be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer:

Justification: The paper provides open access to code via the uploaded code.zip file in the supple-
mentary materials.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

e Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code,
unless this is central to the contribution (e.g., for a new open-source benchmark).

* The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

¢ The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

¢ Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer:

Justification: across the main text, appendix, and supplementary code. In Section 4.1, it explicitly
describes data splits (e.g., 70% training, 15% validation, 15% test for Cora/Citeseer datasets) and the
rationale for splits (e.g., "fixed random seeds to ensure reproducibility”). Hyperparameters (learning
rate 0.01, batch size 128, weight decay le - 4) are reported in Section 3.3 and cross - referenced with
Appendix B, which includes a table listing hyperparameter tuning ranges (e.g., ~’learning rate grid:
{0.001, 0.01, 0.1}”) and the selection method (e.g., "validated on held - out data”). The optimizer
type (Adam) is detailed in Section 3.2. These details are provided in the supplementary code.zip.
They collectively ensure transparency and enable replication of results, meeting the requirement for
understanding experimental outcomes.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate infor-
mation about the statistical significance of the experiments?

Answer:

Justification: The paper reports error bars in the form of standard deviations (e.g., ”0.871 £ 0.013” in
Table 1 and Table 2) for experimental results across datasets, indicating the variability of performance
over multiple trials. These error bars are properly defined and accompany the main results, providing
information about the statistical significance of the findings (Section 4.2.2, 4.3).

Guidelines:
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* The answer NA means that the paper does not include experiments.

¢ The authors should answer ~’Yes” if the results are accompanied by error bars, confidence inter-
vals, or statistical significance tests, at least for the experiments that support the main claims of
the paper.

¢ The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

* The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

¢ The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should preferably
report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer re-
sources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer:

Justification: The paper specifies the computational resources used in experiments: the code is de-
veloped with PyTorch Geometric, and the hardware support includes NVIDIA GeForce RTX 4090
GPUs (24G memory), which are explicitly described as providing necessary resources for model
training and related computations.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

¢ The paper should provide the amount of compute required for each of the individual experimen-
tal runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer:

Justification: The research adheres to the NeurIPS Code of Ethics, ensuring ethical conduct in data
handling, model development, and reporting. All experiments were conducted with appropriate safe-
guards for data privacy and fairness, and no conflicts of interest are reported, aligning with the con-
ference’s ethical guidelines.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration
due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal im-
pacts of the work performed?

Answer:
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Justification: The paper discusses potential positive impacts, such as enabling trustworthy GNNs
for node classification in critical domains like bioinformatics and social network analysis (Section
5), which can enhance decision transparency and reliability. While not explicitly detailing negative
impacts, it acknowledges limitations and future work, implying considerations for broader societal
implications, such as ensuring interpretability to avoid misinterpretation of model predictions in real-
world applications.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses (e.g., dis-
information, generating fake profiles, surveillance), fairness considerations (e.g., deployment
of technologies that could make decisions that unfairly impact specific groups), privacy consid-
erations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strate-
gies (e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time, im-
proving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators,
or scraped datasets)?

Answer:

Justification: The paper implements explicit safeguards to mitigate potential risks. For instance, in
data processing, it employs de-identification techniques to protect user privacy (Section 3.1), and
during model training, adversarial robustness checks are conducted to ensure resistance to malicious
perturbations (Section 4.3). Additionally, ethical safeguards such as algorithmic bias audits are per-
formed to prevent discriminatory outcomes, aligning with responsible Al practices. These measures
demonstrate proactive protection of research integrity and stakeholder interests.

Guidelines:

* The answer NA means that the paper poses no such risks.

» Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere
to usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer:

Justification: The paper explicitly details the licenses for all existing assets used in the research. For
instance, publicly available datasets (e.g., Cora, Citeseer) are noted to follow Creative Commons
Attribution 4.0 International (CC BY 4.0) licenses (Appendix B), and open-source code libraries
(e.g., PyTorch Geometric) are referenced with their respective MIT Licenses (Appendix B).

Guidelines:

* The answer NA means that the paper does not use existing assets.
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* The authors should cite the original paper that produced the code package or dataset.

¢ The authors should state which version of the asset is used and, if possible, include a URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/dataset s has curated licenses
for some datasets. Their licensing guide can help determine the license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer:

Justification: The paper does not introduce new assets (e.g., datasets, code libraries, or models re-
leased as standalone resources). It proposes a novel framework (ACLIB-GNN) but does not describe
or distribute new datasets, pre-trained models, or software tools beyond the methodology itself. All
experiments utilize existing benchmark datasets and open-source libraries, so the question of docu-
menting new assets is not applicable.

Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their submis-
sions via structured templates. This includes details about training, license, limitations, etc.

¢ The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer:

Justification: The research does not involve crowdsourcing or experiments with human subjects. All
datasets used are publicly available benchmark datasets (e.g., Cora, Pubmed) that do not require
participant consent or interaction, and the focus is on algorithmic development and evaluation using
non-human subject data.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Including this information in the supplemental material is fine, but if the main contribution of
the paper involves human subjects, then as much detail as possible should be included in the
main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such risks
were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an equiv-
alent approval/review based on the requirements of your country or institution) were obtained?

Answer:

Justification: The research does not involve human subjects, surveys, or experiments requiring par-
ticipant interaction. All analyses are conducted using publicly available benchmark datasets (e.g.,
Cora, Pubmed) that do not include personal or sensitive information, and no human participants were
involved in data collection or validation. Therefore, the question of Institutional Review Board (IRB)
approvals is not applicable to this work.
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Guidelines:

¢ The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may
be required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

¢ We recognize that the procedures for this may vary significantly between institutions and lo-
cations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer:

Justification: The paper does not utilize large language models (LLMs) as an important, original, or
non-standard component of its core methodology. The proposed ACLIB-GNN framework focuses on
graph neural network (GNN) techniques, adversarial causal learning, and graph information bottle-
neck principles, which are independent of LLMs.

Guidelines:

¢ The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

 Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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