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Abstract

Graph Neural Networks (GNNs) are widely used
in high-stakes decision-making, where explanation
robustness is crucial. Yet, even minor structural
perturbations can drastically change explanations
without changing predictions. Existing methods
primarily characterize structural perturbations by
their edit distance or budget, and enforce robustness
through uniform constraints or averaging mech-
anisms over this perturbation set, which fail to
capture the inherently direction-dependent effects
of structural changes. In this paper, we propose
GEOXGNN (Local Geometry Improves Explana-
tion Robustness for Graph Neural Networks), a ro-
bust explanation framework that explicitly mod-
els the directional sensitivity of structural perturba-
tions from a geometric perspective. GEOXGNN
introduces local, direction-aware metrics in the
node representation space to characterize how per-
turbations along different directions affect node
embeddings and explanation outcomes. Based on
the learned local metrics, GEOXGNN further en-
forces directional constraints, encouraging expla-
nations to remain robust along high-sensitivity di-
rections while preserving explanatory fidelity. Ex-
tensive experiments on multiple node-level and
graph-level benchmark ‘datasets demonstrate that
GEOXGNN significantly improves explanation ro-
bustness over existing methods.

1 Introduction

Graph Neural Networks (GNNs) have been widely applied
to structured data scenarios such as molecular property pre-
diction, financial risk control, and social network analysis
[Wale et al., 2008; Yang et al., 2019; Kipf and Welling, 2017,
Yanardag and Vishwanathan, 2015a]. As GNNs are in-
creasingly deployed in high-stakes decision-making tasks, a
wide range of explanation methods have been developed and
adopted to support understanding and trust in their predic-
tions [Ying et al., 2019; Luo et al., 2020; Wang et al., 2023a;
Wang et al., 2023b]. In this context, a central challenge lies in
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ensuring the robustness of explanations under structural per-
turbations.

Recent studies have shown that even when the model pre-
diction remains unchanged, small perturbations to the input
graph structure (e.g., adding or deleting a few edges) may
lead to drastic changes in the produced explanations [Li ef
al., 2024; Dombrowski et al., 2019]. Such non-robustness
not only undermines the credibility of explanations but also
introduces potential risks in practical applications[Lakkaraju
and Bastani, 2020]. For instance, in molecular graphs, mi-
nor modifications to non-critical chemical bonds may pre-
serve the prediction label while significantly altering the key
substructures highlighted by the model; in financial relational
networks, slight rewiring of edges may shift risk-related ex-
planations from truly relevant entities to irrelevant ones. Prior
work has explored robustness in GNN explanations from
multiple perspectives. One line of work adopts smoothing-
based mechanisms, either through stochastic averaging (e.g.,
randomized smoothing) [Dombrowski et al., 2019; Tan and
Tian, 2023] or geometry-informed regularization [Liu et al.,
2025], which improve stability by uniformly suppressing ex-
planation sensitivity under admissible perturbations. Another
line of work follows an ensemble-based strategy, such as par-
titioning the graph into multiple substructures and aggregat-
ing explanations through voting, thereby achieving robust-
ness via uniform aggregation over perturbation outcomes [Li
et al., 2025]. Despite their algorithmic differences, these ap-
proaches largely share a common characteristic: robustness
is enforced by uniformly suppressing or averaging explana-
tion sensitivity over admissible structural perturbations, with-
out explicitly accounting for the inherently anisotropic ef-
fects induced by different structural perturbation directions.
While reducing explanation variance, such uniform treatment
can inadvertently dampen discriminative signals, leading to
overly conservative explanations and a degradation in expla-
nation fidelity.

However, this assumption overlooks a pervasive yet long-
underestimated fact in real-world graph structures: the im-
pact of structural perturbations on explanations is intrinsi-
cally direction-sensitive. Consider mutagenicity prediction
for molecular graphs as an example. In such tasks, model de-
cisions are often dominated by a small number of key func-
tional groups, such as nitro groups (—/NO>). Under struc-
tural modifications that preserve the overall prediction out-
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come (e.g., remaining classified as toxic), explanations may
nevertheless exhibit different responses. For instance, with-
out altering the prediction result, introducing a nitroso group
(—=NO) may lead to a pronounced shift in the explanation.
Although this group is not part of the original toxic core,
its close relation to the nitro group in terms of electronic
structure and reactivity can cause the explanation to incor-
rectly transfer importance to the newly introduced substruc-
ture. By contrast, introducing a cyano group (—CN), despite
involving a structural modification of comparable topologi-
cal scale, typically does not induce a similar degree of ex-
planation drift, with the explanation remaining more strongly
focused on the original nitro group. Although these two mod-
ifications are comparable in scale and preserve the model
prediction, they induce substantially different explanation re-
sponses. This phenomenon indicates that explanation robust-
ness is not determined solely by the size or location of a
structural perturbation, but rather depends on whether the per-
turbation engages directions to which the model’s discrim-
inative evidence is highly sensitive. As a result, structural
perturbations of equal size can elicit highly non-uniform ef-
fects on representations and explanations, which cannot be
captured by isotropic perturbation modeling and motivates
explicit direction-sensitive mechanisms. This motivates the
need for an explicit mechanism to model direction-sensitive
responses, enabling characterization of perturbation effects
along different directions.

In this paper, we propose GeoXGNN (Local Geometry Im-
proves Explanation Robustness for Graph Neural Networks),
a robust explanation framework grounded in local, direction-
dependent metrics. The key idea is to introduce a local metric
structure in the node representation space that explicitly cap-
tures the heterogeneous sensitivity of explanations to struc-
tural perturbations across different directions, and to directly
leverage this information in explanation construction and reg-
ularization.

Specifically, GeoXGNN departs from the common as-
sumption that structural perturbations_ act as isotropic or
uniformly scaled noise. First, it performs local perturba-
tion response analysis to estimate a direction-aware sensi-
tivity metric for each node, characterizing how small per-
turbations along different perturbation-induced directions af-
fect node representations and explanation outcomes. Sec-
ond, building on the learned local metric, GeoXGNN incor-
porates discriminative-aware robustness modeling, imposing
direction-sensitive stabilization constraints that selectively
suppress explanation instability along directions that are both
highly sensitive and relevant to the model’s decision-making
process. Finally, these components are integrated into a single
optimization objective for robust explanation learning. Im-
portantly, GeoXGNN is designed to be both a self-contained
robust explanation framework and a plug-in robustness mod-
ule that can be seamlessly integrated with existing graph
explanation methods to enhance their robustness. Exten-
sive experiments demonstrate that GeoXGNN substantially
improves explanation robustness across multiple node- and
graph-level benchmark datasets, while consistently preserv-
ing explanation fidelity.

In summary, our main contributions are as follows:

* Direction-sensitive perspective on explanation ro-
bustness. We are the first to study the robustness of
GNN explanations from a direction-sensitive perspec-
tive, revealing that explanation non-robustness under
structural perturbations exhibits pronounced anisotropic
behavior that cannot be captured by uniform perturba-
tion modeling.

e Metric-aware explanation framework. We propose
GeoXGNN, a metric-aware explanation framework that
leverages local, direction-dependent sensitivity metrics
to guide explanation construction, explicitly accounting
for heterogeneous responses to structural perturbations.

¢ Evaluation and analysis. We conduct extensive ex-
periments on multiple node- and graph-level benchmark
datasets, demonstrating that GeoXGNN consistently im-
proves explanation robustness while preserving explana-
tion fidelity, and provide supporting theoretical analysis.

2 Problem Definition

2.1 Notations

Let G = (V, E, X ) denote an attributed graph, where V' =
{v1,...,v,} isthemnode set, E C V x V is the edge set, and
X € R™*? denotes node features. We consider both node-
level and graph-level prediction tasks.

Let f be a trained Graph Neural Network. Given an input
graph G, the model produces a latent representation

z = f(G) € RP,

which is used to derive the final prediction. Throughout this
work, we consider a pre-trained target GNN whose parame-
ters are fixed during explanation.

2.2 Explanation Robustness Under Structural
Perturbations

An explanation method assigns importance scores to struc-
tural elements of a graph. In this work, we formalize an ex-
planation as a scoring function:

S(;:E—>R.

Based on these scores, an explanation subgraph is constructed
by selecting the top- K edges with the highest scores, denoted
by Ex(G). We denote the corresponding explanation graph
as G5 = (Vi, Es), where E; = E(G) and Vi C V is the set
of nodes incident to F;.

We study explanation robustness under structural pertur-
bations of the input graph. Let G’ = (V/,E’) denote a
perturbed graph generated by adding and/or removing edges
from G, where V' C V and E/ C V' x V'. Given a per-
turbation budget %, we define the admissible perturbation set
as

Bi(G) ={G" | dr(G,G") <k},

where dg (-, ) denotes the edge edit distance, defined as the
minimum number of edge additions or deletions required to
transform G into G’.

We focus on prediction-preserving structural perturbations.
Specifically, given a perturbed graph G’ € By(G) such that
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f(G") = f(G), we are interested in how the explanation sub-
graph £k (G') compares to i (G).

Intuitively, an explanation method is considered robust if
the top-K explanation subgraph remains stable under small,
prediction-preserving structural perturbations.

3 Methodology

Existing robust graph explanation methods typically enforce
robustness by treating structural perturbations of comparable
graph-edit distance as uniformly scaled noise. As discussed
in the introduction, such isotropic treatment fails to capture
the highly uneven, direction-dependent effects induced by
structural perturbations in graph neural networks.

To explicitly model and control this phenomenon, we
propose GeoXGNN, a metric-aware robust explanations for
graph neural networks that characterizes explanation ro-
bustness from a direction-sensitive perspective. We first
model local geometric sensitivity (Sec 3.1), then introduce
a discriminative-aware robustness modeling framework (Sec
3.2), and finally formulate a robust explanation objective(Sec
3.3). Figure 1 shows an overview of our GeoXGNN.

3.1 Local Geometric Sensitivity Modeling

To explicitly characterize local geometric sensitivity, we ana-
lyze how small structural perturbations deform learned rep-
resentations and model the resulting anisotropic responses
through a perturbation-induced local geometric metric. This
metric provides a direction-dependent characterization of
representation deformation under unit-scale graph edits.

Structural Perturbations and Representation Geometry.
Let f be a pre-trained and fixed GNN. For node-level tasks,
we denote the node representation as z,(G) € R”; for graph-
level tasks, 2(G) € RP denotes the graph representation.
Given an original graph G and a structurally perturbed graph
G’, we define the representation shift

Az = 2(G') — 2(G). (1)

Although perturbations may share the same graph-edit dis-
tance, they can induce representation shifts along different di-
rections with highly uneven magnitudes. As a result, measur-
ing perturbation effects using a fixed Euclidean norm || Az||o
fails to reflect direction-dependent local sensitivity.

To model direction-dependent sensitivity in the representa-
tion space, we introduce a local geometric metric that char-
acterizes how small structural perturbations deform represen-
tations along different directions. Although graph structures
are discrete, the learned representation 2(G) € RP lies in
a continuous space, and admissible structural perturbations
induce a family of local representation shifts around z(G).
From a Riemannian geometry perspective, when the pertur-
bation budget is small, the induced representation shifts are
dominated by first-order effects and can be locally approxi-
mated by a linear subspace, which serves as a tangent space
at z(G).

On this basis, local sensitivity around a point z(G) can be
characterized by two components: (i) a local tangent space
that captures admissible infinitesimal directions of variation
induced by structural perturbations, and (ii) an inner product

(metric tensor) defined on this space that quantifies the rel-
ative scale of deformation along different directions [Tron et
al.,2024]. Such a metric assigns different weights to different
tangent directions, thereby enabling explicit characterization
of anisotropic deformation behavior.

Formally, we define a local geometric metric as a symmet-
ric positive semidefinite matrix

Mg € RP*P, )
which induces a local norm

|Az|lme = VAZTMgA-Z. 3)

to measure the effective scale of representation variation.

In the following, we describe how such tangent direc-
tions and the associated local metric can be induced from
perturbation-based response analysis.

Perturbation-Induced Tangent Directions. To capture
direction-dependent sensitivity, we adopt the Adaptive Or-
thogonal Frame (AOF) [Sun et al., 2026] mechanism to con-
struct local tangent directions in representation space. Specif-
ically, AOF generates perturbation-induced tangent vectors
by introducing structured sparse structural perturbations and
observing their induced representation changes.

Following the AOF construction, we introduce M virtual
perturbation nodes and connect each to k selected real nodes,
producing an-augmented graph G. For each virtual perturba-
tion, we obtain a tangent candidate

tm=2(G")) —2(@), m=1,....M. @

Applying an orthogonal decomposition with length recovery
yields an orthogonal frame

W = [wy,...,wy] € RP*M, (5)

where each w,, represents a local tangent direction induced
by structural perturbations.
Based on the AOF frame, we define the local geometric
metric as
Mg =W'W = diag(lw1|?,.. ., |waml?). (6
which is symmetric positive definite on the spanned tangent
subspace. The induced norm Eq. (3) measures the effective
scale of representation variation under local structural pertur-
bations. Intuitively, directions corresponding to larger ||w., ||
encode higher structural sensitivity revealed by perturbation
responses, while insensitive directions are naturally down-
weighted.

Why a Local Metric. Unlike raw perturbation sampling
or isotropic norms, the induced metric Mg provides a
coordinate-free and direction-aware characterization of lo-
cal geometry. It enables consistent comparison of represen-
tation shifts across different perturbation-induced directions
and forms the foundation for robustness analysis used to con-
trol explanation non-robustness in subsequent sections.

Lemma 1 (Local Sensitivity Characterization). Let
W = |wi,...,wp| be the AOF basis constructed from
perturbation-induced tangent vectors. Then the metric
Mg = WTW characterizes the anisotropic sensitivity of
representation shifts in the neighborhood of z(QG), with each
direction weighted according to its local structural sensitiv-

ity.
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Figure 1: The overall framework of GeoXGNN.

3.2 Discriminative-Aware Robustness Modeling

Local geometric sensitivity characterizes how small struc-
tural perturbations are amplified in the representation space.
However, not all locally geometrically sensitive directions
should be suppressed for robustness: only those direc-
tions whose variations are relevant to the model’s discrim-
inative decision constitute robustness-critical targets. - This
motivates a discriminative-aware robustness modeling prin-
ciple, which selectively constrains explanation sensitivity
along discriminative-relevant directions rather than indis-
criminately penalizing all local variations.

Explainer Sensitivity in Representation Space. Let s(G)
denote the output of a graph explanation method applied to G,
and let z(Q) be the corresponding representation produced by
the frozen GNN. We write s(G) = s(z(G)) to emphasize this
dependency. For sufficiently small perturbations, explanation
variation admits a first-order approximation:

s(G") — s(G) ~ V.s(Q) Az, Az = 2(G") — 2(G). (7)

This expression highlights that explanation instability de-
pends not only on the Az, but also on its alignment with the
explainer gradient V,s(G).

Discriminative Subspace Projection of Local Geometry.
Let f(z) denote the prediction score of the frozen GNN for
the predicted class. The gradient

defines the most discriminative direction in the representation
space, as it characterizes the direction of maximal first-order
change in the decision score. We define the discriminative
subspace as

Sdisc = Span{g}' (9)

Let {w;, }2_, denote locally geometrically sensitive di-
rections identified by the local metric construction. We retain
only their discriminative-relevant components by projecting
them onto Sgisc:

99"

lgll3

This projection filters out geometrically sensitive but
discriminative-irrelevant variations, ensuring that robustness
regularization targets only directions that directly interact
with the model decision.

Pdisc =

(10)

Wy, = PliscWm,

Lemma 2 (Discriminative-Aware Local Stability Bound).
Assume that the explanation function s(z) is locally Lipschitz
in a neighborhood of z(G). For sufficiently small perturba-
tions with representation shift Az, the explanation variation
satisfies

[5(G) = s(@)] < [V2s(Pllpgzr - [1A2]me- (4D

where the local metric Mg is constructed from

discriminative-projected  sensitivity  directions  {W, }.
Consequently, explanation instability is controlled only
along discriminative-relevant,  geometrically amplified
directions, rather than across the entire representation
space.

3.3 Robust Explanation Objective

We incorporate the geometry- and discriminative-aware di-
rection information into a unified explanation objective, so
that the explainer is trained to reduce explanation non-
robustness primarily along robustness-critical directions,
while preserving discriminative evidence and explanation fi-
delity.
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Direction-Wise Robustness Risk. Let {w,,}M_, denote
the principal sensitivity directions induced by the local metric
Mg, and define u,, = wy,/||w.,||. We quantify the robust-
ness risk along direction m as

2
Tm(G) = ||wm||2 : (<vz5(G)vum>) ) (12)

which is large only when a direction is both geometrically

sensitive and strongly coupled with the explainer gradient.

Robust Explanation Objective. Aggregating direction-
wise risks yields the robustness objective

M
2
Lion(G) = D rm(G) = [WTVas(@)],, (13)
m=1
where W = [wy, ..., wyy]. This objective penalizes explana-
tion sensitivity only along geometrically amplified directions
that interfere with discriminative stability.

Overall Objective.
L= Lia + A Lrob(G), (14

where Lgq enforces explanation fidelity and A controls the
robustness—fidelity trade-off.

The final training objective is

Theorem 1 (Direction-Selective Robustness Guarantee).
Under the local Lipschitz assumption of s(z), the proposed
objective selectively bounds explanation variation along
discriminative-relevant, geometrically sensitive directions.
Compared to isotropic regularization, it yields strictly tighter
bounds when local sensitivity is anisotropic.

Computational Complexity. Let d denote the representa-
tion dimension and M the number of local sensitivity di-
rections. Constructing the local metric incurs a one-time
cost O(Md?) per graph in the offline stage. During ex-
plainer training, computing the robustness objective requires
O(Md) additional operations per iteration, introducing neg-
ligible overhead compared to standard gradient-based expla-
nation training.

4 Experiments

4.1 Experimental Setups

Tasks and Datasets. We evaluate explanation robustness
on both node classification and graph classification tasks.
For node classification, we use three citation networks: Cora
[McCallum et al., 20001, Citeseer [Giles et al., 1998], and
PubMed [Sen et al:, 2008] . For graph classification, we con-
sider three real-world datasets, namely MUTAG [Morris et
al., 2020], PROTEINS [Borgwardt et al., 2005], and IMDB-
BINARY [Yanardag and Vishwanathan, 2015b], as well as
three synthetic datasets, including SG+House, SG+Diamond,
and SG+Wheel [Agarwal et al., 2023]. We use a 70/10/20
split throughout each dataset. We select GCN [Kipf and
Welling, 2017] with 3-layer as the target GNN and kept fixed
during explanation and robustness evaluation. For explainer,
we use a mask-based explainer, which outputs edge-level im-
portance scores m.(G) € [0,1] for each edge e € E. The
explanation subgraph is constructed by selecting the top-K
edges with the highest scores. We construct the local geo-
metric metric using an AOF-style virtual-node augmentation.

Dataset GNNExpl. PGExpl. GNN-LRP Curvature GeoXGNN
Cora 0.406 0522  0.288 0.312 0.454
Citeseer 0.602  0.688  0.512 0.509 0.483
PubMed 0.699  0.721 0.810 0.821 0.691
MUTAG 0226 0245  0.267 0.232 0.215
PROTEINS 0.256  0.112  0.123 0.156 0.180
IMDB-BINARY 0.302  0.255  0.233 0.201 0.187
SG+House 0812 0.786  0.712 0.723 0.737
SG+Diamond 0.610  0.724  0.502 0.566 0.424
SG+Wheel 0.563 0573  0.624 0.610 0.533

Table 1: Fidelity-KL on node and graph classification.

For each instance, we introduce Maor = 16 virtual nodes,
and connect each virtual node to kaor = 16 real nodes sam-
pled uniformly to generate local tangent directions.

Baselines. We compare against four representative explain-
ers: GNNExplainer [Ying e al., 2019], PGExplainer [Luo et
al., 2020], GNN-LRP [Schnake et al., 2022], and Curvature
[Liu ef al., 2025]. To assess the plug-in property, we fur-
ther integrate our GeoXGNN into each baseline, forming en-
hanced variants (e.g., GNNExplainer+GeoXGNN), and eval-
uate them under the same settings.

Structural Perturbations and Evaluation. We evaluate
explanation robustness under edge-edit perturbations, in-
cluding both edge deletions and additions. For graph
classification, we consider perturbed graphs G’ satisfying
dr(G,G") < k, where k is set to |0.1|E||. For node clas-
sification, we fix k& = 5 and perform perturbations within the
3-hop neighborhood of the target node. Our focus is explana-
tion robustness when the model prediction does not change,
when predictions differ, corresponding explanations are ex-
pected to change accordingly and should not be constrained
to be consistent.

4.2 Metrics

Fidelity-KL. We follow prior work [Yuan er al., 2023;
Liu et al., 2025] and measure fidelity by the KL diver-
gence between the predictive distributions of the original
graph and the masked explanation graph: Fidelity-KL(G) =
KL(p(G) || p(G ® m)), where p(-) denotes the prediction of
f and G ® m is the explainer-produced masked graph. Lower
values indicate that the explanation preserves the model be-
havior more faithfully.

Robustness Evaluation. We evaluate explanation robust-
ness under prediction-preserving structural perturbations us-
ing two metrics: AUC and Top-K Edge Jaccard. AUC re-
flects whether the perturbed explanation preserves the rela-
tive ranking of important edges, Jaccard quantifies the hard
set overlap of the selected top-K subgraphs. Following [Ba-
jaj et al., 2021], we quantifying how much an explanation
changes after adding noise to the input graph. We treat the
top-K edges of the explanation on G as positives and use the
edge scores produced on a prediction-preserving perturbed
graph G’ as ranking scores. We then compute the ROC-AUC
over candidate edges, and report the mean AUC.

We measure the stability of the extracted top-K explana-
tion subgraphs by the Jaccard overlap between the top-K
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Datasets| GNNExpl. \ PGExpl. |

GNN-LRP

‘ Curvature ‘ GeoXGNN

| AuCt Jaccard? | AUCH Jaccardt |

AUCT

Jaccardt | AUCT Jaccardt | AUCt Jaccardt

Cora 0.607 4+ 0.012 0.592 £ 0.215]0.623 = 0.232 0.453 £ 0.0890.719 £ 0.038 0.621 4 0.132|0.810 £ 0.121 0.835 4+ 0.112{0.828 4 0.168 0.854 + 0.056
Citeseer [0.512 4 0.021 0.644 £ 0.182]0.581 4+ 0.112 0.458 £ 0.109|0.433 £ 0.021 0.527 £ 0.214|0.678 £ 0.021 0.572 4 0.017(0.814 £ 0.102 0.719 + 0.096
PubMed |0.523 + 0.113 0.559 4 0.198|0.458 & 0.122 0.642 £ 0.128|0.665 £ 0.121 0.589 £ 0.156|0.828 £ 0.021 0.834 £ 0.168|0.866 + 0.035 0.837 £ 0.112

Table 2: Node classification robustness comparison. We report AUC (mean=std) and Jaccard (mean4std).

| GNNExpl. | PGExpl. | GNN-LRP | Curvature | GeoXGNN
Datasets

‘ AUCT Jaccardt ‘ AUCT Jaccard? ‘ AUCT Jaccard? ‘ AUCT Jaccard? ‘ AUCT Jaccard?f
MUTAG 0.612 +0.123 0.452 4 0.211|0.633 £ 0.065 0.621 £ 0.116{0.723 + 0.078 0.698 4= 0.102(0.821 £ 0.154 0.762 £ 0.135|0.832 £ 0.104 0.867 + 0.083
PROTEINS 0.3224+0.134 0.511 £ 0.189|0.623 £ 0.115 0.562 £ 0.178{0.712 + 0.157 0.621 4+ 0.121|0.700 £ 0.112 0.723 £ 0.104 | 0.722 + 0.085 0.684 + 0.131

IMDB-BINARY |0.389 £ 0.162 0.358 £ 0.163|0.431 £ 0.158 0.325 £ 0.176|0.345 £ 0.021 0.462 + 0.089|0.612 + 0.147 0.487 £ 0.021|0.532 £ 0.126 0.494 + 0.080

SG+House
SG+Diamond
SG+Wheel

0.418 +0.211 0.511 +0.136|0.512 + 0.173 0.622 4 0.043]0.601 = 0.123 0.577 4 0.168|0.819 & 0.083 0.832 4 0.074|0.837 - 0.082 0.868 + 0.023
0.598 +0.026 0.612 4= 0.024|0.542 4 0.145 0.573 4 0.042]0.623 = 0.072 0.523 £ 0.033]0.755 & 0.035 0.623 & 0.046 0.812 & 0.087 0.707 £ 0.088
0.553 £ 0.036 0.587 £ 0.167|0.612 & 0.029 0.568 + 0.013{0.528 £ 0.065 0.486 £ 0.052|0.798 4 0.121 0.652 % 0.047| 0.825 £ 0.055 0.742 + 0.035

Table 3: Graph classification robustness comparison. We report AUC (mean=+std) and Jaccard (mean-std).

edge sets & (G) and E,(G'):

_ &G n&(GT)]
[€x(G) U E(GN]

Higher AUC and Jaccard indicate more robust explanations.

4.3 Main Results

We report fidelity on original graphs (Fidelity-KL in Ta-
ble 1) and robustness under prediction-preserving pertur-
bations (AUC/Jaccard in Tables 2 and 3). GeoXGNN main-
tains competitive fidelity across datasets, achieving the best or
near-best KL on several benchmarks (e.g., MUTAG, IMDB-
BINARY, SG+Wheel, and Citeseer) and remaining close to
strong baselines on Cora and PubMed, indicating robustness
gains are not obtained by sacrificing faithfulness.  Mean-
while, GeoXGNN consistently improves robustness: it at-
tains the highest AUC and Jaccard on all three node datasets,
and achieves the best results on MUTAG and ‘all synthetic
graph datasets while staying competitive. on PROTEINS and
IMDB-BINARY. Overall, GeoXGNN yields more stable ex-
planations under prediction-preserving edge edits without de-
grading fidelity on clean graphs.

Jaccard(G, G")

4.4 Direction-Dependent Analysis

Under the same edit budget and prediction-preserving con-
straint, different perturbations can induce representation
shifts along different local directions.

To verify this direction-dependent effect, we group pertur-
bations by their alignment with the leading eigen-direction
of M and compare robustness across groups. For each test
graph G, we first compute its local metric Mg and perform
eigendecomposition Mg = UAU .

We use the leading eigen-direction u; as the most sensi-
tive direction. We then sample N prediction-preserving per-
turbed graphs {G’; j»vzl with the same edit budget. For each
perturbation, we compute Az; = 2(G) — 2(G) and its nor-
malized direction Az j» and define the alignment score: a; =

‘<Kz]—, u1>’ . We bucket perturbations into High-align (top

Method High-align 1 Low-align T Gap |
Euclidean / no-metric 0.523 0.632 0.109
GeoXGNN 0.839 0.866 0.027

Table 4: Direction-dependent robustness (Avg Jaccard @k).

30% by a;) and Low-align (bottom 30%). We report group-
wise robustness by averaging Jaccard @k within each bucket.
Table 4 shows that High-align perturbations cause larger ex-
planation drift for isotropic baselines, while GeoXGNN sub-
stantially reduces the gap (Low-align — High-align), indicat-
ing direction-dependent stabilization along the most sensitive
geometry direction.

4.5 Evaluation As Plug-In

Table 5 evaluates GeoXGNN as a plug-in module by inte-
grating it into GNNEXxplainer, PGExplainer, and GNN-LRP.
Overall, GeoXGNN improves robustness for most (dataset,
explainer) pairs across both node and graph classification.
Gains are more consistent for optimization-based methods
(e.g., GNNExplainer) than for amortized PGExplainer. Cur-
vature is omitted since it is itself a plug-in method and is com-
pared as a baseline in the main tables.

4.6 Ablation and Sensitivity Analysis

We study three key components: (i) the local geometric met-
ric, (ii) the discriminative-aware risk weighting, and (iii) the
robustness weight \.

Effect of Local Metric. As shown in Table 6, replacing the
local metric with an isotropic Euclidean treatment causes a
clear robustness drop (0.867 — 0.655 in Avg Jaccard@k)
and a notable fidelity degradation (KL 0.235 — 0.379). This
is because isotropic regularization tends to suppress changes
indiscriminately, thus harming fidelity.

Effect of Discriminative-Aware Risk. Removing
discriminative-aware weighting reduces robustness from
0.867 to 0.709 and increases KL from 0.235 to 0.291. While
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Dataset Metric GNNEXxplainer PGExplainer GNN-LRP
Base +GeoXGNN Base +GeoXGNN Base +GeoXGNN
Cora AvgJaccard 0.592 £0.215 0.659 +0.083 0.453 +0.089 0.467 £0.099 0.621 +0.132 0.636 + 0.078
Citeseer AvgJaccard 0.644 £0.182 0.642 +£0.058 0.458 £0.109 0.543 £0.067 0.527 +0.214 0.533 + 0.084
PubMed AvgJaccard 0.559 £0.198 0.589 +0.048 0.642 + 0.128 0.640 £0.037 0.589 +0.156 0.611 + 0.084
MUTAG Avg Jaccard 0.4524+0.211 0.512+0.071 0.621 £0.116 0.626 = 0.076 0.698 +0.102  0.712 + 0.067
PROTEINS Avg Jaccard 0.5114+0.189 0.523 £0.099 0.562 £0.178 0.572+0.085 0.621 +0.121 0.625 + 0.067
IMDB-BINARY  Avg Jaccard 0.358 £0.163 0.375 £ 0.066 0.325£0.176 0.345+0.056 0.462 +0.089 0.482 + 0.077
SG+House Avg Jaccard 0.5114+0.136 0.523 +£0.056 0.622 £0.043 0.632+0.041 0.577+0.168 0.612 + 0.054
SG+Diamond Avg Jaccard  0.6124+0.024 0.634 +0.081 0.573 £0.042 0.589 +0.026 0.523 +£0.033  0.567 & 0.073
SG+Wheel Avg Jaccard 0.587 £0.167 0.612 +0.022 0.568 + 0.013 0.564 + 0.023  0.486 + 0.052  0.495 + 0.032
Table 5: Plug-and-play evaluation. We report Avg Jaccard @k (higher is better).

Variant Local Metric  Disc. Risk A Robustnesst Fidelity

w/o Robustness X X 0 0.620 +0.075 0.219 £ 0.019

Euclidean (no metric) X v 1.0 0.655=+0.054 0.379 +0.135

w/o Disc. Risk (aw=1) v X 1.0 0.709 +0.035 0.291 =+ 0.109

Full GeoXGNN v v 1.0 0.867=+0.083 0.235= 0.032

Table 6: Ablation study. We report robustness (Avg Jaccard @k, higher is better) and fidelity (e.g., KL:divergence, lower is better) on MUTAG.

A Robustness?t Fidelity|

0 0.620£0.075 0.219 +0.019
0.1 0.620£0.074 0.215+0.018
0.5 0.701 £0.064 0.234 £ 0.021
1.0 0.867+£0.083 0.235=+0.032
2.0 0.859+0.139 0.243 +0.065

Table 7: Sensitivity to A\. We report robustness (Avg Jaccard @k)
and fidelity (e.g., KL divergence) on MUTAG.

the local metric alone already improves robustness over
the unregularized baseline, discriminative-aware weighting
further strengthens robustness by prioritizing regulation on
perturbations that are more decision-relevant.

Effect of Robustness Weight \. Table 7 shows that robust-
ness improves as A increases up to A= 1.0, while fidelity
remains relatively stable in the moderate range (A =0.5-1.0,
KL = 0.234-0.235). When A becomes too large (2.0), ro-
bustness saturates with larger variance and fidelity slightly
degrades, indicating mild over-regularization.

5 Related Work

Graph Explainability: To enhance the transparency of graph
neural networks, many explanation techniques have been pro-
posed in recent years. These methods can be categorized into
instance-level methods and model-level methods [Yuan et al.,
2023; Zhang and Chen, 2020]. For instance-level methods
[Ying et al., 2019; Luo et al., 2020; Schnake et al., 2022;
Wang et al., 2021; Zhang et al., 2024; Liu and Xie, 2025],
Ying et al. [Ying et al., 2019] proposed GNNExplainer,
which treats explanation generation as a mask optimization
problem based on perturbation. PGExplainer [Luo et al.,
2020] adopted a reparameterization technique to learn an ap-
proximate discrete mask that maximizes the mutual infor-
mation between key structures and the prediction. GNN-
LRP [Schnake et al., 2022] attributes predictions to rele-

vant graph walks via layer-wise relevance propagation, en-
abling fine-grained and robust higher-order explanations. For
model-level methods [Shin er al., 2024; Magister et al., 2021;
Yuan et al., 2020; Wang and Shen, 20231, they give high-
level explanations which reflect patterns of behavior over the
whole model. However, most existing explanation methods
have been shown to be vulnerable to small perturbations,
leading to non-robust explanations.

Explanation Robustness: Recent works have raised grow-
ing concerns about the robustness of existing explainabil-
ity methods. Some obustness-oriented explanation improve
explanation robustness by enforcing consistency across per-
turbed inputs through smoothing-based mechanisms, such as
randomized smoothing [Dombrowski et al., 2019; Tan and
Tian, 2023; Zhao et al., 2023; Chen et al., 2019] or geometry-
informed regularization [Liu et al., 2025]. Other approaches
enhance robustness from an ensemble-based perspective, for
example by partitioning the graph into multiple substructures
and aggregating explanations via voting over perturbation
outcomes [Li er al., 2025]. However, these methods typically
assume an isotropic perturbation neighborhood and enforce
robustness by smoothing, consistency regularization, or ag-
gregation over perturbed inputs, without modeling direction-
dependent representation sensitivity. This may attenuate dis-
criminative signals, yielding overly conservative explanations
with reduced fidelity.

6 Conclusion

In this paper, we studied the robustness of GNN explanations
under structural perturbations and highlighted the importance
of direction-sensitive effects that are missed by isotropic per-
turbation modeling. We proposed GEOXGNN, a metric-
aware framework that leverages local, direction-dependent
sensitivity metrics to stabilize explanations along sensitive
directions. Experiments show that GEOXGNN consistently
improves explanation robustness while preserving fidelity.
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