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Abstract

Graph Neural Networks (GNNs) have received increasing at-
tention due to their ability to handle graph-structured data,
yet their explainability remains a significant challenge. An
effective solution is to provide the GNN models with coun-
terfactual explanations, which aim to answer “How should
the input instance be perturbed to change the model’s pre-
diction?”. However, existing works mainly focus on generat-
ing explanations that can effectively alter model predictions,
while neglecting whether the explanations remain aligned
with the original data distribution, leading to the distribu-
tion shift problem. To address this problem, we propose a
novel method called ICExplainer for generating explanations
within the original distribution. Specifically, we introduce
graph diffusion-based generative model into the counterfac-
tual reasoning, treating it as an optimization objective for
graph distribution learning. Taking insights from variational
inference, we use it to estimate the true distribution of the
input graphs to retain essential structural and semantic in-
formation. The inferred distribution is then utilized as prior
knowledge to guide the reverse process, ensuring that gener-
ated explanations are both counterfactual and distributionally
coherent. Extensive experiments conducted on both synthetic
and real-world datasets demonstrate the superior performance
of ICExplainer over existing methods.

1 Introduction
Graph neural networks (GNNs) have emerged as a power-
ful tool for modeling graph-structured data, with widespread
applications in real-world scenarios such as drug discovery
(Jiang et al. 2020), label learning (Li et al. 2025a,b), cluster
analysis (Liang et al. 2025; Cheng et al. 2025), and recom-
mendation systems (Chen et al. 2024a; Zhang et al. 2025).
However, like other neural networks, GNNs are also black
box models. This limits their further application in high-
stake domains that require explainability and transparency
(Wu et al. 2022; Longa et al. 2025; Li et al. 2025c). Con-
sequently, numerous methods have been proposed to study
its decision-making process. Among these methods, provid-
ing counterfactual explanation for GNNs is an important re-
search branch.
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Figure 1: Example of counterfactual explanation generation
in node-level classification task and OOD problem. (a) illus-
trates the explanation generation process. The original graph
G, after being perturbed by the explainer, forms the cor-
responding counterfactual explanation graph Gcf , The red
dashed line indicates the deleted edge, while the node to be
explained is highlighted in red and blue; (b) demonstrates
the distribution of counterfactual graph Gcf deviating from
this of the original graph G.

Counterfactual explanation enhances model explainabil-
ity by answering the question “How should the input in-
stance be slightly perturbed to alter the model’s prediction?”
(Verma, Dickerson, and Hines 2020; Schut et al. 2021). Most
existing methods address this by iteratively removing edges
from the input graph and feeding the modified graphs into
GNNs, optimizing the explainer based on the resulting pre-
diction changes (Lucic et al. 2022; Tan et al. 2022; Bajaj
et al. 2021). However, these edge removal-based methods
fail to account for the in-distribution property of the explana-
tion graphs. As shown in Figure 1, the explanation graph can
significantly deviates from the distribution of the original
graph, leading to the distribution shift problem, also known
as Out-Of-Distribution (OOD) problem. This will cause the
following negative impacts:

• The OOD problem undermines the model’s predictive
capabilities, making it unclear whether changes in the
model’s predictions are due to the explainer genuinely
capturing counterfactual-related property or being influ-
enced by distribution shifts (Amara, El-Assady, and Ying
2023). This results in unreliable and potentially sub-
optimal explanations.

• It is not suitable for some real-world applications where
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domain-specific rules exist (He et al. 2021; Wang and
Shen 2023; Liang et al. 2024). For example, in molecule
generation, a molecule graph is valid if it adheres to the
valence bond theory (Lewis 1933). However, when the
explanation graph significantly deviates from the distri-
bution of the original molecule graph, it may not neces-
sarily satisfy these predefined rules.

An effective approach to address this distribution chal-
lenge is integrating graph generative modeling (Li et al.
2022; Vignac et al. 2022; Fu et al. 2024) into counterfactual
reasoning (Kosan et al. 2023), which can generate explana-
tions that possess counterfactual property while remaining
as closely aligned as possible with the original data distri-
bution. Consequently, recent studies have proposed several
generative model-based approaches (Ma et al. 2022; Chen
et al. 2023). We present additional related work in Ap-
pendix. CLEAR (Ma et al. 2022) and D4Explainer (Chen
et al. 2023) both incorporate graph distribution modeling
as an optimization objective to constrain the distribution of
generated graphs. However, due to the inherent diversity
and complexity of graph-structured input distributions, the
aforementioned methods are not always able to accurately
capture the underlying data distribution, resulting in the gen-
erated counterfactual graphs may still deviate significantly
from original graphs, leaving the OOD problem unresolved.
Therefore, there is an urgent need for a method that can
faithfully model the underlying true input distribution and
generate counterfactual explanations that are both effective
and distributionally aligned.

To overcome the aforementioned problems, in this work
we propose a novel generative model-based method called
ICExplainer, which introduces graph diffusion into counter-
factual reasoning. Specifically, during the forward diffusion
process, we introduce varying levels of random noise to the
input graph to generate a series of noisy graphs, and mean-
while apply variational inference to derive the true distri-
bution of the input graph. This distribution then serves as
prior knowledge to guide the reverse process of graph dif-
fusion. In this process, noise and edges unrelated to coun-
terfactual property can be removed, while the learned prior
provides global semantic guidance for the denoising model,
aiding in the reconstruction of original distribution. Finally,
the denoising model outputs a fully connected probability
adjacency matrix, from which candidate counterfactual ex-
planations can be sampled. Our main contributions are sum-
marized as follows:

• Problem. We systematically analyze and address the
OOD problem in GNN counterfactual explanation, which
is crucial for enhancing the reliability of explanation.

• Methodology. We propose a novel method called ICEx-
plainer, which consists of a variational inference-based
graph distribution inference process and a counterfactual
graph distribution learning process based on graph diffu-
sion model, ensuring the explanations that exhibit both
counterfactual validity and in-distribution consistency.

• Experiments. Extensive experiments on both synthetic
and real-world datasets have shown that ICExplainer out-
performs state-of-the-art methods.

2 Preliminaries
Graph Neural Networks. We define the graph G =
(V,X,A), where V = {v1, v2, ..., vn} is the nodes set and
A ∈ {0, 1}n×n is the adjacency matrix. X ∈ Rn×d rep-
resents the node feature matrix, where d is the node feature
dimension and the i-th row is the feature vector of the node
vi. GNNs can learn node representations through message
passing mechanism, and each node’s representation is up-
dated by aggregating its own representations and those of its
neighbors, which is denoted as follows:

h
(l)
i = AGGR

(
h
(l−1)
i , {h(l−1)

j

∣∣∣ j ∈ N (vi)}
)
, (1)

where N (vi) is the neighbors set of vi, h
(l)
i is the represen-

tation of vi at layer l. The AGGR(·) typically represents a
sum, mean, or concatenation operation.

Counterfactual Explanation and Post-hoc Instance-level
Explanation. Given an instance G and a well-trained
GNN f , the goal of counterfactual explanation is to find the
minimal perturbation to the original input graph that changes
the model prediction. Without loss of generality, we con-
sider the problem of counterfactual explanation for the graph
classification tasks, including node-level classification and
graph-level classification.
Definition 1 (Counterfactual Explanation). Let G be the
given graph and YG be the prediction of f on G. Our task is
to introduce the minimal perturbations to form a new graph
Gcf such that YG ̸= YGcf . Formally, it can be described as
the following optimization problem:

Gcf = argmin
f(G)̸=f(Gcf )

dist(G,Gcf ), (2)

where dist(G,Gcf ) is used to measure the similarity between
graphs G and Gcf , which can be specified by the number of
changed edges.

Following the existing works (Ying et al. 2019; Luo et al.
2020; Yuan et al. 2023), the method considered in this paper
is model-agnostic, treating GNN model as a black box, i.e.,
the post-hoc instance-level explanation method.
Definition 2 (Post-hoc Instance-level GNN Counterfactual
Explanation). Given a well-trained GNN model f , for an ar-
bitrary graph G = (V,X,A), the goal of post-hoc instance-
level GNN explanation is to find a graph Gcf that can ex-
plain the prediction of f on G.

Distribution Shift in Post-hoc Explanation. Existing
methods typically input the explanation generated by the ex-
plainer into the to-be-explained model f to observe whether
the prediction changes. These methods assume that the
model f can accurately predict the label of the counterfac-
tual graph Gcf , so that the explainer can be optimized based
on the predictions of f . However, these methods fail to ac-
count for the distributional consistency between the original
graph and the counterfactual graph. Namely, let PG be the
distribution of the original graph and PGcf be the distribu-
tion of the counterfactual graph, PG ̸= PGcf . This distribu-
tional shift can affect the predictive ability of the model f ,
resulting in unreliable explanations.
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Figure 2: Overall framework of the proposed ICExplainer model. We first introduce variational inference to approximate the
true distribution of the input graph, capturing its key information by learning a latent variable Z, which will be used to guide the
learning of the counterfactual graph distribution. We then apply graph diffusion model to the counterfactual graph distribution
learning, which consists of forward diffusion process q (Gt| Gt−1) and reverse process pθ. Finally, the generated counterfactual
explanation graphs will be optimized under the constraints of distribution loss Ldist and prediction loss Lpred.

3 Methodology
In this section, we elaborate on the architecture of ICExpli-
aner, our method for generating counterfactual explanations
for GNNs. It consists of a variational inference-based graph
distribution inference mechanism and a counterfactual graph
distribution learning process based on graph diffusion mod-
els. The model architecture is illustrated in the Figure 2.

Graph Distribution Inference
Due to the diversity and complexity of input graph distri-
butions(Fu et al. 2021, 2023), we introduce a variational
inference-based graph distribution inference mechanism.
The core idea is to use variational inference to approxi-
mate the underlying true distribution of the input graphs.
Specifically, for each graph G = (V,X,A), it is assumed
that its generation process involves an unobserved contin-
uous random latent variable Z (Paisley, Blei, and Jordan
2012; Kingma, Welling et al. 2013). This process can be
divided into two steps: 1) sampling Z from the prior dis-
tribution p (Z), and 2) sampling A from the conditional
probability distribution p (A|Z). We need to infer the la-
tent variable Z based on the observed graph G. However, in
most cases, the posterior distribution p (Z|X,A) is com-
plex and unknown. Therefore, variational inference approx-
imates p (Z|X,A) by introducing a variational distribution
qψ (Z|X,A). We assume qψ (Z|X,A) is a Gaussian dis-
tribution, and the encoding process is defined as follows:

qψ (Z|X,A) = N (Z|µ, σ) , (3)

where µ and σ represent the mean and standard deviation
of the Gaussian distribution calculated by Encoderµ (·) and
Encoderσ (·), respectively. By employing the reparameter-
ization trick, Z can be computed as follows:

Z = µ+ σ ⊙ ϵ, (4)

where ϵ ∈ N (0, I) and ⊙ denotes the element-wise product
operation. To optimize Z, the following tractable evidence

lower bound (ELBO) can be employed as the optimization
objective:

log p (A) ≥ Linf = −DKL [qψ (Z | X,A) ||p (Z)]

+Eqψ(Z|X,A) [log p (A | Z)] ,
(5)

where DKL represents the Kullback–Leibler (KL) diver-
gence between the prior distribution p (Z) and the varia-
tional distribution qψ (Z|X,A) . The network used to learn
the distribution qψ (Z|X,A) serves as the encoder, which
maps the input graph to a distribution over the latent vari-
able Z. Similarly, p (A | Z) acts as the decoder, meaning
that given Z, it can reconstruct graph G.

The latent variable Z obtained through variational infer-
ence captures essential structural and semantic information
of the input graph. Therefore, we leverage Z as a semantic
prior to guide the reverse process. By injecting this high-
fidelity prior, the model ensures that the generated explana-
tion graphs remain aligned with the original data distribution
and preserve key in-distribution property.

Counterfactual Graph Distribution Learning
Forward Diffusion Process. To enable the generation of
valid counterfactual explanations, we first transform the in-
put graph G0 (i.e., the original graph G) into a noisy state
approximating an Erdős–Rényi random graph GT (Erdos,
Rényi et al. 1960) via a discrete structural diffusion pro-
cess (Haefeli et al. 2022). This controlled corruption pro-
gressively obscures the original graph’s structure, creating a
search space from which the model will later reconstructs
the corresponding counterfactual explanation graph.

Let aijt ∈ {0, 1}2 represent the 2-dimensional one-hot
encoding of the ij-th element of the adjacency matrix At.
Then, the forward transition for each edge is defined by a
categorical distribution (Cat):

q
(
aijt

∣∣∣aijt−1

)
= Cat

(
aijt ;P = aijt−1Qt

)
, (6)
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where Qt is a transition matrix with entries
[Qt]rs = q

(
aijt = s | aijt−1 = r

)
, capturing the

probability of edge-state transitions. The t-step tran-
sition probability can be computed in closed-form
as q

(
aijt

∣∣∣aij0 ) = Cat
(
aijt ;P = aij0 Qt

)
, where

Qt = Q1Q2 · · ·Qt. We model the diffusion of each
edge independently. Consequently, the graph-level transi-
tion distribution is factorized as:

q (Gt| Gt−1) =
∏
ij

q
(
aijt

∣∣∣aijt−1

)
. (7)

Applying this forward diffusion process yields a series of
noisy graphs {G1,G2, ...,GT }. During the reverse process,
they are denoised under the guidance of the learned seman-
tic prior Z to generate candidate counterfactual explanation
graphs that are both valid and distributionally coherent.

Reverse Process Parameterization and Denoising Model.
The reverse process trains a denoising model to approxi-
mate the distribution of clean graph (i.e., the counterfac-
tual graph). To stabilize the training procedure, we follow
(Austin et al. 2021; Haefeli et al. 2022), and use a network
nnθ(Gt) to predict a distribution pθ(G0|Gt) over the clean
graph. This parameterization can be expressed as:

pθ(Gt−1|Gt) ∝
∑
G̃0

q(Gt−1|Gt, G̃0) · p̃θ(G̃0|Gt). (8)

In order to effectively learn the counterfactual graph dis-
tributions, we build the denoising model upon the Provably
Powerful Graph Network (PPGN) (Maron et al. 2019), cho-
sen for its strong expressiveness. The model input is as fol-
lows:

Pin = Concat
(
Gt,Z, β̄t · I

)
, (9)

where Gt is the noisy graph, Z is the semantic latent vec-
tor and β̄t is the transition probability of edge states. We
construct a diagonal matrix β̄t · I to represent the current
noise level, and it will pass through an Multilayer Percep-
tron (MLP) to incorporate time information. We feed Pin

into a stack of PPGN layers with residual connections and
layer normalization. The concatenated output of L PPGN
layers can be denoted by:

C (Pin) = Concat
({

PPGN(l) (Pin)
}L
l=1

)
. (10)

Finally, we employ an additional MLPout to reduce the
dimensionality of C (Pin) and obtain the final output Fout:

Fout = MLPout (C (Pin)) . (11)

Counterfactual Explanation Generation. The denoising
model outputs a probabilistic adjacency matrix A′

0, which
represents the model’s predicted distribution over clean
graph. The elements in the matrix range in [0,1], indicat-
ing the probability of each edge’s existence in the coun-
terfactual graph. However, adjacency matrix are typically

discrete and often assumed to contain only binary values
(where A [vi, vj ] = 1 if an edge exists between vi and vj ,
otherwise = 0). Therefore, based on the probabilities in A′

0,
we sample a binary discrete matrix using the Bernoulli dis-
tribution Ã0 [ij] ∼ Bernoulli

(
A′

0 [ij]
)
. To allow gradient-

based optimization, we apply categorical reparameterization
(Jang, Gu, and Poole 2017) to the Bernoulli variable Ã0 [ij].
This continuous relaxation of the Bernoulli distribution can
be formulated as:

Ã0 [ij] = δ

(
log ϵ− log (1− ϵ) + log p− log (1− p)

τ

)
,

(12)
where ϵ ∼ Uniform (0, 1), δ is the activation function and τ
is the temperature used to control the similarity between the
relaxed distribution and the Bernoulli distribution. Through
the aforementioned sampling process, we obtain the discrete
adjacency matrix Ã0 and its corresponding minimally per-
turbed counterfactual explanation graph G̃0 (i.e.,Gcf ).

Loss Function Optimization. To optimize the generated
explanation graphs, it is necessary to consider both the in-
distribution property and the counterfactual property of the
generated graphs. Inspired by (Haefeli et al. 2022), we mit-
igate training instability issues in the model by extend-
ing specific parameterizations and reweighting each KL di-
vergence in Eq. (24) (See Appendix). Combined with the
learned prior Z, we have the following distribution loss:

Ldist =

− Eq(G0)

T∑
t=1

(
1− 2β̄t +

1

T

)
Eq(Gt|G0) log pθ (G0 | Gt,Z) ,

(13)

the reweighting term 1 − 2β̄t +
1
T linearly assigns more

weight to samples with less noise. To ensure that the gen-
erated explanation graphs effectively alter the model’s pre-
dictions, we employ the following prediction loss:

Lpred = −EG0∼q, t∼U(0,T ),
Gt∼q(·|G0),

Z∼qψ(Z|X,A),

G̃0∼pθ(·|Gt,Z)

[
log

(
f(G̃0) = YG̃0

)]
,

(14)

where YG̃0
is the desired classification label, i.e., YG̃0

̸= YG0 .
The Eq. (14) is used to reduce the predicted probability of
the generated explanation graph under the original label,
thereby satisfying the counterfactual property. Ultimately,
our optimization objective function is as follows:

L = Ldist + Linf + λLpred, (15)

where λ is used to balance the contribution of Lpred. The
model complexity analysis and training algorithm are pro-
vided in Appendix.
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Tree-Circles Tree-Grid BA-2motifs MUTAG
Methods Valid. ↑ Spars. ↓ Valid. ↑ Spars. ↓ Valid. ↑ Spars. ↓ Valid. ↑ Spars. ↓
GNNExplainer 0.475±0.006 0.184±0.005 0.476±0.035 0.399±0.005 0.369±0.020 0.384±0.004 0.167±0.007 0.207±0.001

PGExplainer 0.254±0.071 0.158±0.096 0.468±0.011 0.402±0.009 0.364±0.045 0.146±0.100 0.324±0.035 0.209±0.195

CF2 0.578±0.016 0.132±0.001 0.695±0.003 0.131±0.000 0.492±0.000 0.369±0.006 0.760±0.005 0.459±0.004

D4Explainer 0.905±0.002 0.107±0.049 0.883±0.032 0.273±0.011 0.789±0.022 0.200±0.004 0.684±0.009 0.104±0.024

ProxyExplainer 0.628±0.024 0.127±0.012 0.795±0.017 0.203±0.016 0.575±0.007 0.096±0.001 0.370 ±0.015 0.087±0.006

ICExplainer 0.975±0.012 0.067±0.010 0.935±0.013 0.081±0.002 0.937±0.038 0.107±0.023 0.843±0.022 0.049±0.011

Table 1: Validity and Sparsity of ours and baseline explainers on four datasets. Each experiment is conducted five times with
random seeds. The best result for each dataset is highlighted in bold, and the second-best ones are underlined.

Methods Tree-Circles BA-2motifs MUTAG
GNNExplainer 0.505±0.002 0.426±0.004 0.259±0.001

PGExplainer 0.457±0.035 0.418±0.019 0.358±0.027

CF2 0.520±0.003 0.503±0.001 0.617±0.002

D4Explainer 0.854±0.031 0.727±0.022 0.537±0.051

Proxyxplainer 0.574±0.016 0.514±0.016 0.300±0.013

ICExplainer 0.913±0.011 0.843±0.039 0.630±0.047

Table 2: Fidelity evaluation on Tree-Circles, BA-2motifs and
MUTAG.

4 Experiments
In this section, we conduct comprehensive experimental
studies on benchmark datasets to empirically validate the ef-
fectiveness of our method ICExplainer. These experiments
primarily aim to address the following research questions:

• RQ1: How does the performance of ICExplainer com-
pare to other state-of-the-art methods?

• RQ2: Is the OOD problem significant in existing coun-
terfactual explanation methods for GNNs? Can ICEx-
plainer alleviate this problem?

• RQ3: How does each component in ICExplainer affect
the overall performance of explanation generation?

Experimental Settings
We evaluate the explanation performance on two typical
tasks: node-level classification and graph-level classifica-
tion. For node-level task, we use two synthetic datasets,
Tree-Circles and Tree-Grid (Ying et al. 2019). For graph-
level task, we use one synthetic dataset, BA-2motifs (Luo
et al. 2020), and one real-world dataset, MUTAG (Debnath
et al. 1991). We use two general baselines and three state-
of-the-art explainers for performance comparison. These in-
clude GNNExplainer (Ying et al. 2019), PGExplainer (Luo
et al. 2020), CF2 (Tan et al. 2022), D4Explainer (Chen et al.
2023) and ProxyExplainer (Chen et al. 2024b). For the meth-
ods originally designed to provide factual explanations, we
construct counterfactual explanations by removing the most
important edges identified by these methods. Detailed in-
formation regarding the datasets, baselines and base GNN
models are listed in the Appendix.

We employ standard metrics to evaluate the quality of
explanations, including Validity (Ma et al. 2022), Fidelity
(Yuan et al. 2023), and Sparsity (Chen et al. 2023). Valid-
ity is defined as the proportion of generated counterfactual
explanation that effectively alter the model’s predictions, Fi-
delity is used to measure the magnitude of confidence de-
cline in the original predicted class, and Sparsity measures
the proportion of modifications in the counterfactual graph
compared to the original graph. We provide the detailed def-
initions of the above metrics in Appendix.

Performance of Different Methods (RQ1)

To answer RQ1, we compared the proposed method with
other baselines, conducting each experiment five times with
random seeds. The average Validity, Sparsity, and corre-
sponding standard deviations are shown in Table 1. From
the table results, we can draw the following observations:

• From the perspective of validity, our proposed method
outperforms other baselines on most datasets. Specif-
ically, compared to the leading baseline, our method
achieves an average improvement of 10.8% in validity
scores on synthetic datasets and 10.9% on real-world
datasets. This demonstrates that our approach consis-
tently captures factors related to counterfactual proper-
ties across different datasets, ensuring robust explanation
performance.

• From the perspective of sparsity, our proposed method
reduces the average by 26.4% compared to the leading
baseline, indicating that our model not only finds valid
counterfactuals but also minimizes perturbations to the
original graph, thereby mitigating the negative impact of
distribution shifts on predictions.

Fidelity is also a crucial metric for evaluating the quality
of explanations, and we use it for further performance com-
parison. As shown in Table 2, ICExplainer achieves an aver-
age improvement of 8.3% in fidelity on benchmark datasets,
consistently outperforming baseline methods.

These observations demonstrate the effectiveness of our
proposed method in generating counterfactual explana-
tions. Compared to other strong baselines, ICEXplainer
consistently exhibits superior performance across different
datasets, and its robustness and adaptability.
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Tree-Circles Tree-Grid

Metric GNNE PGE CF2 D4E PROE ICE GNNE PGE CF2 D4E PROE ICE

Deg. 0.1594 0.0468 0.1092 0.0852 0.1005 0.0383 0.2087 0.2629 0.1832 0.1819 0.1349 0.1291
Clus. 0.0000 0.0000 0.0005 0.0056 0.0000 0.0071 0.0003 0.0001 0.0006 0.0002 0.0000 0.0000
Spec. 0.0755 0.0767 0.0516 0.0492 0.0442 0.0390 0.0785 0.1908 0.0763 0.0362 0.2142 0.0321
Sum. 0.2349 0.1235 0.1613 0.1400 0.1447 0.0844 0.2875 0.4538 0.2601 0.2183 0.3491 0.1612

BA-2motifs MUATG

Metric GNNE PGE CF2 D4E PROE ICE GNNE PGE CF2 D4E PROE ICE

Deg. 0.1296 0.0741 0.0985 0.0608 0.0359 0.0487 0.2792 0.0025 0.2685 0.1793 0.0886 0.0962
Clus. 0.0764 0.0071 0.0369 0.0038 0.0109 0.0007 0.0003 0.0014 0.0000 0.0006 0.0007 0.0000
Spec. 0.0467 0.0197 0.0192 0.0365 0.0528 0.0318 0.0219 1.0740 0.0088 0.0515 0.0789 0.0667
Sum. 0.2527 0.1009 0.1546 0.1011 0.0996 0.0812 0.3014 1.0779 0.2773 0.2314 0.1682 0.1629

Table 3: MMD results between counterfactual graphs and the original graphs. GNNE, PGE, D4E, PROE, ICE represent the
GNNExplainer, PGExplainer, D4Explainer, ProxyExplaine and ICExplainer, respectively. We report MMD distances of degree
distributions (Deg.), cluster coefficients (Clus.), spectrum distributions (Spec.), and the summation (Sum.).

Figure 3: Visualizations of the distribution embeddings.

Alleviating OOD Problem (RQ2)

In this section, we evaluate the ability of ICExplainer to gen-
erate in-distribution counterfactual explanation.

Visualizing Distribution Shift. In this section, we em-
ploy t-Distributed Stochastic Neighbor Embedding (t-SNE)
(Van der Maaten and Hinton 2008) to evaluate the in-
distribution property of explanation graphs by visualizing
the distributing embeddings of the original graphs and the
explanation graphs generated by D4Explainer and ICEx-
plainer on Tree-Grid dataset, respectively.

The visualization results are shown in Figure 3. It can be
observed that there is a diversity in the original graph dis-
tributions, with most orange points deviate from the green
points, indicating that the explanation graphs generated by
existing methods exhibit a significant distribution shift is-
sue. Meanwhile, the blue points are more closely aligned
with the green points, suggesting that the explanation graphs
produced by ICExplainer better conform to the original
graph distributions. This demonstrates the effectiveness of
our method in mitigating the OOD issue. We provide more
quantitative evaluation results on distribution analysis in Ap-
pendix.

Measure Distribution Similarity. In this section, we
quantitatively evaluate ICExplainer’s capability in generat-
ing in-distribution explanations. Following previous work
(Chen et al. 2024b), we employ Maximum Mean Discrep-
ancy (MMD) to measure the differences in the distributions
of various graph statistics between the explanation graphs
and the original graphs. Smaller MMD indicates a more sim-
ilar graph distribution.

The results are shown in Table 3. Our observations are as
follows. First, the MMDs between the explanation graphs
generated by most baselines and the original graphs are gen-
erally large, suggesting that models trained on the original
graphs may not correctly predict OOD explanation graphs.
This results in unreliable explanations. Second, the strong
baseline method D4Explainer, based on a generative model,
also does not perform well across various datasets, indi-
cating that it does not always capture diverse graph dis-
tributions. Third, the explanation graphs generated by our
method generally have smaller MMDs, demonstrating their
in-distribution property and also highlighting ICExplainer’s
ability to capture different graph distributions.

Ablation Study (RQ3)
In this section, we conduct ablation studies to investigate the
roles of different components in ICExplainer.

Effect of the number of powerful layer L. For L, we
vary it among {3,4,5,6,7,8}. Figure 4(a)(b) illustrates the
variation in model performance across different L. Over-
all, the performance of the model improves with an increase
in L, but deeper models may increase complexity, leading
to overfitting. The best performance is often achieved when
L ∈ [5, 8].

Effect of λ. We vary λ within the range {0.001, 0.005,
0.01, 0.05, 0.1, 0.5}. Figure 4(c)(d) visualizes the change
in performance depending on λ. Intuitively, Validity and
Fidelity increases with the growth of λ. The Figure 4(c)
demonstrates the results that align with expectations, but
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(a) Tree-Circles (b) BA-2motifs

(c) Tree-Circles (d) BA-2motifs

Figure 4: Effect of L and λ.

Figure 4(d) presents a different outcome. We attribute this
counterintuitive behavior to the fact that GNNs are more sus-
ceptible to OOD problem when making predictions on input
instances with complex data distributions. Excessively large
λ may cause the model to aggressively modify the original
graph, leading the generated explanations to deviate from
the original distribution and thus producing sub-optimal ex-
planations. We found that when λ ∈ (0.005, 0.1), the model
achieves a relatively optimal performance.

Effect of representation dimension D. D represents the
dimensionality size of Z, we vary it among {8, 16, 32, 64,
128}. Figure 5 shows the impact of D on model’s perfor-
mance. We found that both excessively large and small di-
mensions can affect the expressive power of Z, leading to
fluctuations in model performance. In most cases, a small
representation dimension is sufficient to achieve satisfactory
performance, while an excessively high dimension may in-
troduce redundant noise information.

Effect of encoder architecture. To evaluate the extent
to which encoder selection impact the explanation perfor-
mance of ICExplainer, we conduct ablation studies on var-
ious GNN encoders, including SAGE (Hamilton, Ying, and
Leskovec 2017), GAT (Velickovic et al. 2017), GIN (Xu
et al. 2018), and GCN (Kipf and Welling 2016). The results
are shown in Table 4. We can observe that GCN is the op-
timal encoder architecture for ICExplainer. Although other
encoder architectures exhibit some performance degradation
compared to GCN, they still achieve superior results rela-
tively to other baselines. This demonstrates the universality
of ICExplainer in encoder architecture selection.

Overall, the ablation experiments demonstrate the posi-
tive impact of each component of ICExplainer on the expla-
nation performance, indicating the effectiveness of the indi-

(a) Tree-Circles (b) BA-2motifs

(c) Tree-Grid (d) MUTAG

Figure 5: Effect of D.

Tree-Circles Tree-Grid
Encoder Valid. ↑ Spars. ↓ Valid. ↑ Spars. ↓

SAGE 0.961 0.098 0.914 0.115
GAT 0.946 0.061 0.895 0.102
GIN 0.954 0.181 0.898 0.116
GCN 0.975 0.067 0.935 0.081

BA-2motifs MUTAG
Encoder Valid. ↑ Spars. ↓ Valid. ↑ Spars. ↓

SAGE 0.867 0.213 0.820 0.051
GAT 0.930 0.233 0.806 0.077
GIN 0.922 0.177 0.782 0.127
GCN 0.937 0.107 0.843 0.049

Table 4: Ablation study on different encoders

vidual modules. For complete experimental results, please
refer to Appendix.

5 Conclusion
In this paper, we investigate the overlooked OOD problem
in previous counterfactual explanation methods for GNNs.
To address it, we propose ICExplainer for generating coun-
terfactual explanations with in-distribution property. It in-
tegrates counterfactual reasoning into the generative graph
diffusion model, and guides the reverse process by combin-
ing the true distribution obtained through variational infer-
ence. Extensive experiments on benchmark synthetic and
real-world datasets demonstrate the effectiveness of ICEx-
plainer. Future work will explore the combined impact of
structural and feature shifts to further enhance the method’s
applicability.
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