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Abstract

Explaining graph neural networks (GNNs) is a key approach to improve the trust-
worthiness of GNN in high-stakes applications, such as finance and healthcare.
However, existing methods are vulnerable to perturbations, raising concerns about
explanation reliability. Prior methods enhance explanation robustness using model
retraining or explanation ensemble, with certain weaknesses. Retraining leads to
models that are different from the original target model and misleading explana-
tions, while ensemble can produce contradictory results due to different inputs or
models. To improve explanation robustness without the above weaknesses, we
take an unexplored route and exploit the two edge geometry properties curvature
and resistance to enhance explanation robustness. We are the first to prove that
these geometric notions can be used to bound explanation robustness. We design
a general optimization algorithm to incorporate these geometric properties into a
wide spectrum of base GNN explanation methods to enhance the robustness of
base explanations. We empirically show that our method outperforms six base
explanation methods in robustness across nine datasets spanning node classification,
link prediction, and graph classification tasks, improving fidelity in 80% of the
cases and achieving up to a 10% relative improvement in robust performance. The
code is available at https://github.com/yazhengliu/Robust_explanation_curvature.

1 Introduction

Graph neural networks (GNNs) have proven their strengths in many real world applications, such as
social network modeling [1] and fraud detection [2]. To establish human trust in GNN prediction, it
is essential to make GNN predictions transparent to humans in risk-critical applications [3, 4]. For
example, biological researchers may seek to understand the reasoning behind GNN predictions for
protein function to verify whether the model is trustworthy. Many explanation methods have been
designed to explain the behavior of GNNs.

However, recent studies have shown that these explanation methods are vulnerable to perturbations
[5, 6, 7]. The fragility of explanations [8] can mislead users into making wrong decisions, raising
security concerns in high-stakes domains such as finance, healthcare, and criminal justice [9, 10].
For example, we consider a graph in which nodes represent customers and edges denote financial
relationships such as borrowing or transaction flows. We use GNNs to predict personal loan approvals.
If a loan is denied, customers may feel the need to understand the possible reasons and corrections
to improve the chance of future approval. When small changes in the graph structure (adding or
removing a transaction edge) lead to substantially different explanations, trust in the model may be
undermined as customers begin to question the decisions of companies.
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Most methods for robust GNN explanations focus on the robust evaluation of explanations [11, 12]
and robust counterfactual explanations [13, 14]. Robust evaluation methods introduce new metrics to
compute the �delity [15] of explanations while accounting for distribution shifts during the evaluation
process. Robust counterfactual explanation methods aim to extract explanations similar to the input
graph that �ip the model prediction and keep stable under edge perturbations. Fewer works focus
on the robustness of explanations [16]. One work de�ne robustness of explanations as the expected
change in predicted probabilities between the original and perturbed graphs, with the explanation
subgraph �xed during perturbations [17]. We adopt this de�nition, formally stated in Equation
(2). To improve the robustness of explanations, one approach is to retrain models with an extra
regularization term [18]. They theoretically and empirically illustrate that the retrained model has
improved explanation robustness. However, these retrained models are different from the original
model, so that the robust explanations in factdo not explain the original model (Figure 1 (b) top).
Alternatively, ensemble methods improve explanation robustness. For example, [19] propose to
combine explanations from different algorithms, while others [16] generate perturbed graphs and
aggregate explanations from these perturbed graphs. However, as target models can be sensitive to
small perturbations, multiple explanations can disagree on graph element importance, leading to
uncertainty and sabotaging the trustworthiness of the aggregated explanations (Figure 1 (b) bottom).

To address these challenges, we leverage two geometric properties of graph edges to generate
robust explanations without model retraining or explanation ensembling. In particular, two important
concepts in graph theory areRicci curvatureandeffective resistance. The Ollivier-Ricci curvature [20]
and effective resistance [21] can measure the connectivity between the neighborhoods of nodesu and
v. Positive curvature and low effective resistance indicate ef�cient message transmission between
neighborhoods, while negative curvature and high effective resistance suggest that edge(u; v) acts
as a bottleneck of message transmission [22]. Recent works have shown that these properties are
related to over-squashing in GNNs [23, 24, 25]. Nevertheless, there has been no work exploring the
relationship between graph geometry and explanation robustness.

Figure 1:Assuming a GNN model has 3 layers, we use node classi�cation as an example. (a): the explanations
become fragile if the edge (0,3) is removed. (b): signi�cant differences between the retrained and original
models make the robust explanations not faithful to the original model. For ensemble explanations, contradictory
results can lead to more uncertain explanations. (c): the prediction of node 0 onG2 is more robust than that on
G1 , as removing edge (0,3) inG1 signi�cantly affects the model's predictions. We prove that higher minimum
Ricci curvature and lower average effective resistance contribute to greater robustness of model predictions.
While edge (3,4) inG1 and edge (0,3) inG2 have the smallest Ricci curvatures in their respective graphs, the
curvature of (0,3) inG2 is higher due to the presence of alternative paths for message passing between nodes 0
and 3. TheG1 has fewer propagation paths from neighborhoods to target node 0 thanG2 , resulting in a higher
average effective resistance. (d): we use Ricci curvature and effective resistance as robust scores and combine
them with importance scores from explanation methods to obtain robust explanations.

We �rst theoretically analyze that the Ollivier-Ricci curvature and effective resistance can be used to
bound the robustness of model prediction and explanations, as shown in Theorems 4.3, 4.4, 4.7 and
4.8. Speci�cally, higher minimum Ollivier-Ricci curvature and lower average effective resistance
across all edges in the graph and explanation subgraphs are associated with greater robustness in
model predictions (Figure 1 (c)) and explanations. Based on these theoretical results, as shown
in Figure 1 (d), we leverage Ricci curvature and effective resistance as robust scores to enhance
explanation reliability and our method is agnostic to explanation methods. We propose objective
functions that improve the robustness of existing explanation methods without modifying the model
or generating multiple potentially contradicting explanations. Empirically, on nine datasets across
node classi�cation, link prediction, and graph classi�cation tasks, we demonstrate that our method
improves robustness in six state-of-the-art GNN explanation methods, enhancing �delity in 80% of
the cases and achieving up to a 10% relative improvement in robustness.
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2 Related Work

Explainability and explanation robustness.Recent post-hoc explanation methods for GNNs can be
categorized into instance-level and model-level methods [15]. Instance level explanation methods [3,
4, 26, 27, 28, 29] focus on explaining model predictions by identifying important subgraphs that
strongly correlate with predictions. For example, GNNexplainer [3] and PGExplainer [27] learn edge
masks to identify important edges by maximizing the mutual information to explain the prediction.
Methods like GNN-LRP [4], DeepLIFT [26], FlowX [28] and Convex [29] analyze the importance of
graph walks. Model level explanation methods [30] produce a high-level explanation about the general
behaviors of GNNs. However, these methods are vulnerable to small adversarial perturbations [6, 7, 8].
Some studies aim to enhance explanation robustness through adversarial training [18, 31, 32]. The
retrained model may be different from the original model, thus the explanations may not faithfully
re�ect the model [17]. Unlike training-based approaches, researchers have proposed explanation
ensemble methods to enhance explanation robustness. For example, the explanation averaged across
different methods improves robustness [19]. Besides, some researchers obtain robust explanations by
averaging explanations of perturbed graphs [16]. However, results from different explanations may be
contradictory, making it dif�cult to integrate them and potentially leading to less stable explanations.

Graph curvature. Efforts have been made to extend the geometric concept of curvature to graphs [33,
34, 21]. Among these, the Ollivier-Ricci curvature [20] and effective resistance are prominent
approaches [35]. Studies have demonstrated their relevance to the issues of over-squashing and
over-smoothing in GNNs [22, 21, 23, 25]. For example, a rewiring technique has been proposed to
alleviate over-squashing by increasing the curvature of edges in the graph [23]. Effective resistance
has been utilized to quantify over-squashing in GNNs [21]. Furthermore, a theoretical analysis has
linked both over-smoothing and over-squashing to Ollivier-Ricci curvature [22]. Moreover, they have
been applied in complex networks [36, 37, 38] and deep clustering [39]. However, recent research
has not explored their potential for enhancing the robustness of explanations.

3 Preliminaries

3.1 Notation

Let G = ( V; E) denote the connected, undirected, unweighted graph with the vertex setV and the
edge setE. Let A andD be the adjacency and degree matrices, respectively, with the Laplacian
de�ned asL = D � A. The normalized adjacency matrix iŝA = D � 1=2AD � 1=2 and the normalized
Laplacian isL̂ = I � Â = D � 1=2LD � 1=2. Let G0 = ( V0; E0) be the perturbed graph generated by
adding and/or removing edges inG, whereV0 � V . Let Gs = ( Vs; Es) denote the explanation graph,
whereEs � E ; Vs � V . We useu; v; p, andq to denote nodes in a graph. We denoteu � v if edge
(u; v) 2 E. Let Nu denote the 1-hop neighborhood of nodeu. The shortest path distance between
two nodesu; v is denoted byd(u; v). n; m, andn0; m0 denote the degrees of nodeu; v in GandG0.

3.2 Graph Neural Networks

Let h(G) denote the node feature matrix of graphG andh t (G) be the hidden vector at layert
(t = 1 ; � � � ; T), with the convention thath0(G) = h. The hidden vector of nodeu at layert is
denoted byh t

u (G), and is exactly theu-th row ofh t (G). The formulation for GNN is given by [22]

h t +1
u (G) = � t

 
M

v2N u

 t (h t
v (G))

!

; (1)

where t is a message function (e.g., a linear function), and� t is an update function (e.g., an
activation function).

L
is an aggregating function. If

L
is the sum function,

L
=

P
v2N u

Auv . If
L

is the mean function,
L

=
P

v2N u

1
jN u j .

For node classi�cation,hT
u (G) is mapped to the class distributionPru (G) using the softmax or

sigmoid function. In link prediction, we concatenatehT
u (G) andhT

v (G) as the input to a linear layer
to obtain the logits:huv (G) =


�
hT

u (G); hT
v (G)

�
; � LP

�
, where� LP is the parameter in linear layer.

Then, it is mapped to the probabilityPruv (G) of the edge(u; v) existing using the sigmoid function.
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For the graph classi�cation task, average pooling ofhT
u across all nodes in graphGyields a single

vector representation, which is used for classi�cation and the probability is denoted asPr(G).

4 Relating robustness to curvature and resistance

We assume that the update function� t is L -Lipschitz, i.e.j� t (x 1) � � t (x 2)j � L jx 1 � x 2j; 8x 1; x 2.
The softmax function isL 1-Lipschitz. The message function t (x ) is bounded, i.e.j t (x )j �
M jx j; 8x , t � 1. Additionally,

�
�h t

p

�
� � C for all p 2 V andt � 0. Let j � j denote theL 2 norm and

N = jVj. These notations will be used in the following lemma, proposition, and theorem.

De�nition 4.1. Given an input graphG and explanationGs = ( Vs; Es), we construct a perturbed
graphG0 = ( V0; E0) by adding and/or deleting edges not inEs. For nodeu, the approximate robustness
of explanation on the node classi�cation task is de�ned as [40]:

� � = EG0jPru (G)c � Pru (G0)cj s.t. c = arg max
i

Pru (G) i ; Es � E 0
(2)

wherec denotes the predicted class of original graphG. Pru (G) i andPru (G0) i denote the probability
of u on graphG andG0 for a given classi . A lower value indicates a greater robustness of the
explanation. The de�nitions for link prediction and graph classi�cation are provided in Appendix A.

4.1 Robustness and Ollivier-Ricci Curvature

Ollivier-Ricci Curvature on Graphs. The Ollivier-Ricci curvature [20] considers random walks
from nearby points. Let� u (k) represent the probability that a random walker starting atu reaches
nodek after a certain number of steps. On a graph, the random walk� is de�ned by [22]

� u (k) =

(
1

deg( u) if k � u,
0 otherwise.

(3)

Then, for anyu � v, the 1-Wasserstein distanceW1(� u ; � v ) is given by

W1(� u ; � v ) = inf
� 2 �( � u ;� v )

0

@
X

(p;q)2V 2

� (p; q)d(p; q)

1

A ;

where�( � u ; � v ) is the family of joint probability distributions of� u and� v . The 1-Wasserstein
distance measures the minimal cost required to transform� u into � v . The Ollivier-Ricci curvature
� (u; v) is de�ned as

� (u; v) = 1 �
W1(� u ; � v )

d(u; v)
: (4)

Ricci curvature measures how easily information propagates fromu to v based on topological
connections of different lengths of paths around edge(u; v) [41, 42]. Negative curvature implies the
edge is a "bottleneck", while positive curvature indicates the edge is present in a highly connected
community. We use Ricci curvature to bound the robustness of model predictions and explanations.

Proposition 4.2. Given any nodeu in G, assume that there exists a constant� > 0 such that for
edge(u; v) 2 E, the curvature is bounded by� (u; v) � � > 0. Let � = max( n; n0). If

L
is the

mean operation,g1(� ) = 3(1 � � )
� . If

L
is the sum operation,g1(� ) = 2(1 � � ). Then,

�
�h t

u (G) � h t
u (G0)

�
� � �LCM

�
4 + g1(� )

�
: (5)

Proposition 4.2 shows that for nodeu, the difference in the hidden representation vectors between
G andG0 is related to� , the minimum value of� (u; v) for anyv such thatu � v. � is speci�c to
nodeu. Intuitively, a large� implies high curvature for all edges, suggesting ef�cient information
�ow betweenu and its neighbors. Even with random perturbations, multiple alternative paths remain,
leading to minimal change in representation ofu. However, when� is small, some neighborv may
have low curvature� (u; v), implying sparse connectivity. If edge(u; v) is removed, information
�ow may be severely disrupted, increasing the change in node representationh t

u (G). The proof is in
Appendix C.1. We can use this proposition to bound the robustness of model predictions.
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Theorem 4.3(Ricci curvature bounds the robustness of model prediction). In a GNN withT layers,
let Gu = ( Vu ; Eu ) denote theT-hop subgraph of target nodeu, whereVu = f v 2 Vjd(u; v) � Tg.
Let � 0 be the maximum degree of nodes in theT-hop subgraph of nodeu for both the original
graph G and the perturbed graphG0. Assume that there exists a constant� 0 > 0 such that for
edges(u; v) 2 Eu , the curvature is bounded by� (u; v) � � 0 > 0. Let � = L 1L T M T C. Then, the
following inequality holds for the node classi�cation task,

If
L

is the sum operation,

jPru (G) � Pru (G0)j � �
�

�
1 + � 0� T � 1�

2� 0(1 � � 0) + 4 � 0� +
TX

i =2

2(� 0) i � 1 + � 0� T � i
�

:

If
L

is the mean operation,

jPru (G) � Pru (G0)j � �
�

2T � 1�
4� 0+

3(1 � � 0)
� 0

�
+ 4( T � 1)� 0

�
:

Theorem 4.3 states that for a target nodeu, the robustness of model prediction is bounded by minimum
� (u; v), 8(u; v) 2 Eu . A high � 0 indicates ef�cient message passing across all edges inGu , leading
to robust predictions under perturbations. In contrast, a low� 0 shows that the presence of an edge
(u; v) with small � (u; v), which may bottleneck message propagation. Deleting such an edge can
cause a signi�cant change in predictions. The proof is provided in Appendix C.2. The link prediction
task and the graph classi�cation task can be seen in Appendix B.1 and B.2.
Theorem 4.4 (Ricci curvature bounds the robustness of model explanations). For nodeu, let
Gs = ( Vs; Es) be the explanation subgraph ofPru (G). LetG0 = ( V0; E0); Es � E 0 denote perturbed
graph by adding and/or deleting edges not inEs. Let � s denote the minimum� (u; v), such that for
edges(u; v) 2 Es, the curvature is bounded by� (u; v) � � s > 0. � = L 1L T M T C. Let � 0 be the
maximum degree of nodes in theT-hop subgraph of nodeu for both the original graphGand the
perturbed graphG0, and� s be the maximum degree of nodes in explanation graphGs.Then, for node
classi�cation task,

If
L

is the sum operation,

jPru (G) � Pru (G0)j � �
�

�
1 + � s

� T � 1�
2� s(1 � � s) + 4 � s

�
+

TX

i =2

(2� 02 + 2) i � 1 + � s
� T � i

�
:

If
L

is the mean operation,

jPru (G) � Pru (G0)j � �
�

2T � 1
�

4� s +
3(1 � � s)

� s

�
+ 4( T � 1)� 0+ 2( T � 1)

�
:

Theorem 4.4 shows that the robustness of explanations is bounded by the minimum Ollivier-Ricci
value of edges in the explanation subgraphs. A larger� s allows messages to be transmitted ef�ciently
across all edges, resulting in robust explanations. In this case, graph perturbations lead to minimal
changes in the model's explanation. The proof is in Appendix C.3. The link prediction and graph
classi�cation tasks are in Appendix B.3 and B.4. According to the Theorem 4.3 and 4.4, we establish
a relationship between Ollivier-Ricci curvature and robustness.

4.2 Robustness and Effective Resistance

Effective resistance quanti�es how well two nodes are connected [24]. While many studies have
explored its relationship with over-squashing, we aim to investigate its connection to the robustness
of model predictions and explanations. Letu andv be vertices ofG. Theeffective resistancebetween
u andv is de�ned

Ru;v = (1 u � 1v )> L + (1u � 1v ); (6)
where1u ; 1v are the indicator vector of the verticesu; v andL + is the pseudoinverse ofL . The
effective resistance can also be computed using the normalized LaplacianL̂ . When multiple paths
exist between two nodes, the effective resistanceRu;v is small, indicating higher connectivity.
Conversely, when available paths between two nodes are limited,Ru;v becomes larger, re�ecting
lower connectivity.
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Lemma 4.5. LetG be a connected graph. Letu andv be two vertices. Then

Ru;v =
�

1
p

du
1u �

1
p

dv
1v

� >

L̂ +
�

1
p

du
1u �

1
p

dv
1v

�
;

whereL̂ + is pseudoinverse of the normalized LaplacianL̂ .

Lemma 4.6. LetG be a connected, non-bipartite graph. ThenL̂ + =
P 1

j =0 Â j
r [21].

Theorem 4.7(Effective resistance bounds the robustness of model prediction). Given a GNN withT

layers, foru, let Gu = ( Vu ; Eu ) denote theT-hop subgraph ofu. Let �Ru =
P

( q;v ) 2E u
R q;v

jEu j denote

the average effective resistance of edges inGu . Let 
 denote the maximum eigenvalue ofÂ, and
dmin = min v2V u deg(v). Let � = L 1L T M T C. Whether

L
is the mean or sum operation, the

following inequality holds for the node classi�cation task,

jPru (G) � Pru (G0)j � �
�

2N + �Ru +
2

dmin(1 � 
 )

�
:

Theorem 4.7 shows that the robustness of the model is related to�Ru . A smaller �Ru indicates
greater robustness. The�Ru becomes small if there are many short paths between two vertices in
the graph [24]. In such cases, removing an edge has smaller impact on connectivity or message
propagation due to the availability of alternative paths. The proof is provided in Appendix C.4. The
cases for link prediction and graph classi�cation are shown in Appendices B.5 and B.6

Theorem 4.8(Effective resistance bounds the robustness of explanations). For nodeu, let �Rs =P
( q;v ) 2E s

R q;v

jEs j denote the average effective resistance of edges inGs, anddmin = min v2V s deg(v).
Let G0 = ( V0; E0); Es � E 0 denote perturbed graph by adding and/or deleting edges not inEs. Let

 denote the maximum eigenvalue ofÂ. Whether

L
is the sum or mean operation, the following

inequality holds for the node classi�cation task,

jPru (G) � Pru (G0)j � L 1L T M T C
�

2jVj + �Rs +
2

dmin

1
1 � 


+ 2
�

:

Theorem 4.8 shows that a smaller�Rs implies greater robustness of the model explanations under
input perturbations. The proof is provided in Appendix C.5. The cases for link prediction and graph
classi�cation tasks are shown in Appendices B.7 and B.8

5 Method

Existing explanation methods compute the importance scoreF (u; v) for each edge(u; v) to faithfully
explain model predictions. However,F (u; v) fails to capture the sensitivity of edges to perturbations,
resulting in potentially non-robust explanations. Thus, we incorporate Ricci curvature� (u; v) and
effective resistanceR(u; v) as the robust scores of edges. LetGs = ( Vs; Es) denote the explanation
subgraph andx(u; v) denote whether edge(u; v) is in Es. To balance �delity and robustness, we
de�ne the following objective functions to select important edges,

max
x (u;v )2f 0;1gP

( u;v ) 2E
x (u;v )= jEs j

x(u; v) (F (u; v) + � C(u; v)) ; where C(u; v) =
�

� (u; v);
� R(u; v);

(7)

� is the parameter to control the trade-off between �delity and robustness. Due to a negative
correlation between Ricci curvature and effective resistance (see Appendix D.5), we construct robust
explanations using each metric separately. For curvature-based explanations, we select edges with
higherF (u; v) and� (u; v). For resistance-based explanations, we select edges with higherF (u; v)
and lowerR(u; v). A more robust explanation is obtained using Equation (7).

Computational complexity. The complexity of Ollivier-Ricci curvature isO(jEj � jVj3). Computing
effective resistance requires the pseudoinverse ofL̂ , which is computationally expensive. To address
this, we adopt an ef�cient approximation method based on solving linear systems of the formLx = b
[43], with a complexity ofO(jEj � log(jVj)) .
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6 Experiments

Datasets and tasks. We evaluate our method on three tasks across nine datasets: Cora, Citeseer, and
PubMed for node classi�cation; BC-OTC, BC-Alpha, and UCI for link prediction; and MUTAG,
PROTEINS, and IMDB-BINARY for graph classi�cation. Details are provided in Appendix D.1.

Explanation methods. We consider six explanation methods: GNNExplainer, PGExplainer, GNN-
LRP, DeepLIFT, FlowX, and Convex. Details of these methods are provided in Appendix D.4.

Experimental setup. For each dataset, we train a GNN on the training set according to the task. Two
GNN architectures are evaluated, with implementation details provided in Appendix D.2. We apply
six classical explanation methods to compute edge importance scoresF (u; v) and calculate Ricci
curvature and effective resistance for all edges. To determine the optimal� in Equation (7), we split
the explanation targets into training and test subsets. Optuna is used to tune� on the training subset,
which is then �xed on the test subset used in Equation (7). The selected� values for Ricci curvature
and effective resistance across methods and datasets are shown in Tables 11, 12, 13 and 14.

Table 1:Relative error performance for robust explanations based onRicci curvature. The
L

in GNN is sum
operation. A higher value (" ) indicates better performance. Blue highlights the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 4.5% -6.0% 0.5% 54.4% 70.1% 73.3% 2.2% 4.0% -0.2%
GNNExplainer+Curvature 16.0% 2.4% 2.6% 55.2% 70.5% 74.7% 5.1% 5.1% 1.5%

PGExplainer 2.7% 6.1% 2.6% 3.8% -0.3% -0.8% -2.8% 0.2% -1.2%
PGExplainer+Curvature 4.5% 8.4% 5.6% 6.4% 1.9% 1.9% 3.9% 2.6% 1.3%

Convex 8.4% 41.8% 32.5% 35.3% 60.2% 47.1% 0.4% -4.3% 8.1%
Convex+Curvature 15.9% 60.6% 37.7% 56.3% 71.2% 58.2% 5.6% 1.1% 12.3%

DeepLIFT 11.6% 15.8% 13.4% 0.3% -2.1% 11.1% -2.5% 0.5% -0.5%
DeepLIFT+Curvature 16.7% 23.9% 14.6% 1.3% 1.9% 11.5% 1.4% 2.1% 1.9

GNNLRP 16.4% -2.0% 19.4% 7.5% 5.1% 19.8% -1.1% 0% -2.7%
GNNLRP+Curvature 22.7% 6.2% 23.3% 9.1% 5.7% 24.4% 2.5% 1.5% 2.7%

FlowX 2.7% 30.6% 8.6% 18.3 % 3.5% 7.0% -1.8% -3.1% 0.5%
FlowX+Curvature 7.8% 38.3% 17.5% 19.3% 4.3% 11.9% 1.3% 1.6% 1.8%

Table 2:FidelityKL performance for robust explanations based onRicci curvature. The
L

in GNN issum
operation. A lower value (#) indicates better performance, with blue highlighting the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 0.961 0.578 0.549 0.184 0.245 0.093 0.177 0.068 0.284
GNNExplainer+Curvature 0.924 0.518 0.566 0.175 0.242 0.093 0.170 0.067 0.282

PGExplainer 1.762 1.341 0.715 0.537 0.447 0.400 0.227 0.048 0.351
PGExplainer+Curvature 1.754 1.339 0.726 0.537 0.447 0.399 0.225 0.048 0.344

Convex 0.353 0.277 0.075 0.132 0.009 0.011 0.010 0.001 0.017
Convex+Curvature 0.340 0.273 0.073 0.053 0.008 0.010 0.008 0.001 0.021

DeepLIFT 1.020 0.481 0.277 0.178 0.134 0.202 0.206 0.054 0.315
DeepLIFT+Curvature 0.956 0.473 0.304 0.177 0.133 0.202 0.180 0.054 0.321

GNNLRP 0.472 0.589 0.293 0.174 0.202 0.234 0.116 0.033 0.303
GNNLRP+Curvature 0.442 0.572 0.276 0.173 0.201 0.234 0.153 0.036 0.321

FlowX 0.495 0.499 0.370 0.184 0.086 0.244 0.174 0.051 0.298
FlowX+Curvature 0.489 0.470 0.365 0.182 0.085 0.244 0.171 0.051 0.301

Quantitative evaluation metrics. We adopt the robustness metric� � proposed in [40], de�ned in
Equation (2), where lower values indicate more robust explanations. However, in some cases,� � is
small and cannot signi�cantly show difference across methods. We report the relative error, de�ned
as � �

ranodm� � �

� �
ranodm

, where� �
ranodmis the robustness of a randomly sampled explanation subgraph. A negative

relative error indicates worse robustness than the random baseline, while a higher value implies
stronger robustness by re�ecting greater improvement over randomness. We also evaluate �delity,
which quanti�es how well the explanation subgraph preserves the model's predictive distribution.
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Following [15, 29], we use the KL-based metric:FidelityKL = KL (Pr( G)jj Pr(Gs)) , where lower
FidelityKL values suggest thatGs is important for model. More details can be seen in Appendix D.3.

Table 3:Relative error performance for robust explanations based oneffective resistance. The
L

in GNN is
sum operation. A higher value (" ) indicates better performance. Blue highlights the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 13.6% 32.0% 5.8% 19.8% 14.6% 41.6% 1.1% 0.9% 0.4%
GNNExplainer-Curvature 14.4% 36.5% 7.7% 25.6% 19.2% 50.7% 5.3% 2.3% 3.1%

PGExplainer -1.5% 0.5% 0.6% 1.7% 3.9% 11.3% -3.9% 1.7% -1.8%
PGExplainer-Curvature 1.0% 1.5% 3.2% 11.6% 14.2% 25.4% 3.5% 2.2% 2.0%

Convex 40.9% 32.6% 21.2% 63.7% 56.9% 33.7% 1.7% -3.1% 4.3%
Convex-Curvature 46.0% 40.5% 29.1% 72.7% 58.3% 63.7% 4.7% 2.1% 5.6%

DeepLIFT 14.9% 5.5% 14.7% -3.4% 0.1% -3.8% -1.1% 0.9% -1.0%
DeepLIFT-Curvature 17.2% 19.5% 18.5% 0.3% 1.0% 1.5% 3.2% 1.8% 0.8%

GNN-LRP 57.9% 24.3% 43.7% 2.6 % 0.2% 1.9% 1.7% -0.9% -1.2%
GNN-LRP-Curvature 60.5% 25.5% 45.4% 6.0% 1.4% 2.3% 3.8% 0.7% 1.3%

FlowX 14.0% 12.3% 21.5% -2.5% 7.4% 3.9% -2.9% -0.8% -0.9%
FlowX-Curvature 19.0% 13.3% 22.7% 25.5% 24.1% 5.3% 3.6% 0.2% 0.3%

Table 4:FidelityKL performance for robust explanations based oneffective resistance. The
L

in GNN is sum
operation. A lower value (#) indicates better performance, with blue highlighting the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 1.163 0.557 0.516 0.219 0.335 0.200 0.189 0.050 0.293
GNNExplainer-Curvature 0.983 0.546 0.485 0.212 0.325 0.145 0.169 0.049 0.276

PGExplainer 1.573 1.521 0.695 0.254 0.433 0.392 0.199 0.054 0.297
PGExplainer-Curvature 1.506 1.262 0.690 0.246 0.391 0.404 0.190 0.052 0.258

Convex 0.195 0.165 0.071 0.011 0.001 0.046 0.108 0.001 0.012
Convex-Curvature 0.159 0.113 0.060 0.006 0.001 0.017 0.143 0.001 0.011

DeepLIFT 0.877 0.435 0.357 0.316 0.328 0.439 0.272 0.044 0.318
DeepLIFT-Curvature 0.833 0.457 0.361 0.314 0.326 0.449 0.258 0.044 0.320

GNN-LRP 0.096 0.257 0.397 0.304 0.317 0.290 0.152 0.059 0.255
GNN-LRP-Curvature 0.073 0.228 0.367 0.302 0.315 0.340 0.153 0.058 0.262

FlowX 0.941 0.631 0.519 0.245 0.321 0.254 0.188 0.047 0.308
FlowX-Curvature 0.869 0.632 0.518 0.202 0.357 0.269 0.178 0.046 0.307

Table 5:Relative error performance for robust explanations based onRicci curvature. The
L

in GNN ismean
operation. A higher value (" ) indicates better performance. Blue highlights the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer -1.1% 1.1% 2.0% 24.9% 12.2% 2.1% -2.5% -0.3% 0.2%
GNNExplainer+Curvature 4.8% 6.8% 5.5% 27.9% 13.5% 5.3% 1.3% 0.5% 0.6%

PGExplainer -0.6% -0.2% -0.7% -0.5% -1.7% -1.1% -0.3% -0.2% 0.9%
PGExplainer+Curvature 2.4% 2.4% 1.2% 1.8% 0.5% 0.9% 0.9% 0.5% 0.3%

Convex 23.4% -3.6% 4.6% 14.0% 2.3% 9.5% 0.5% -4.3% -0.5%
Convex+Curvature 37.9% 10.8% 11.3% 16.8% 3.5% 16.7% 3.2% 1.1% 0.2%

DeepLIFT -0.1% 55.3% 14.9% -0.9% -2.3% 0.8% -0.2% 0% -1.8%
DeepLIFT+Curvature 1.7% 67.9% 19.8% 0.4% 0.5% 1.7% 0.3% 2.2% 1.0%

GNNLRP 20.2% 8.9% 10.3% 22.9% 22.8% -2.2% -0.5% -0.7% 0.3%
GNNLRP+Curvature 22.4% 13.7% 14.2% 23.5% 26.6% 3.6% 1.7% 0.2% 0.8%

FlowX 7.0% 6.8% 6.8% 0.4% -0.6% -1.6% 0.6 % -0.2% 0.1%
FlowX+Curvature 7.6% 7.9% 8.1% 1.7% 0.2% 0.7% 1.1% 0.3% 1.3%

Performance evaluation and comparison. We report the relative error and �delity of explanations
under different aggregation functions in GNNs. If the

L
is sum operation, the corresponding results

are presented in Tables 1, 3 for relative error, and Tables 2, 4 for �delity. If the
L

is mean operation,
results are shown in Tables 5 and 7 for relative error, and Tables 6 and 8 for �delity. Across all datasets
and methods, curvature- and resistance-based explanations consistently improve robustness. In terms
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Table 6:FidelityKL performance for robust explanations based onRicci curvature. The
L

in GNN ismean
operation. A lower value (#) indicates better performance, with blue highlighting the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 1.458 1.361 0.162 0.176 0.099 0.063 0.153 0.034 0.241
GNNExplainer+Curvature 1.393 1.372 0.149 0.175 0.098 0.063 0.150 0.032 0.235

PGExplainer 1.647 1.534 0.581 0.209 0.110 0.054 0.156 0.025 0.249
PGExplainer+Curvature 1.664 1.483 0.582 0.206 0.109 0.053 0.146 0.024 0.243

Convex 0.086 0.005 0.002 0.033 0.007 0.001 0.015 0.001 0.011
Convex+Curvature 0.029 0.002 0.002 0.030 0.004 0.001 0.019 0.001 0.011

DeepLIFT 1.012 0.291 0.270 0.193 0.089 0.050 0.143 0.040 0.302
DeepLIFT+Curvature 0.992 0.260 0.270 0.192 0.089 0.049 0.126 0.040 0.301

GNNLRP 0.531 0.633 0.193 0.091 0.022 0.011 0.162 0.034 0.231
GNNLRP+Curvature 0.470 0.529 0.176 0.104 0.023 0.013 0.173 0.034 0.229

FlowX 1.276 1.164 0.466 0.190 0.081 0.054 0.161 0.039 0.253
FlowX+Curvature 1.267 1.164 0.466 0.190 0.081 0.054 0.160 0.038 0.249

Table 7:Relative error performance for robust explanations based oneffective resistance. The
L

in GNN is
meanoperation. A higher value (" ) indicates better performance. Blue highlights the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 0.8% 0.6% 1.1% 22.0% 7.4% -0.7% 0.3% -0.2% -0.1%
GNNExplainer-Curvature 4.0% 3.8% 5.6% 23.8% 8.3% 2.8% 2.3% 0.2% 0.2%

PGExplainer -0.6% 2.3% 5.0% -0.8% -0.4% 1.1% -4.3% 0.1% -0.2%
PGExplainer-Curvature 3.7% 4.1% 5.6% 2.1% 3.3% 2.1% 1.4% 0.5% 0.2%

Convex 20.6% 20.5% 1.1% 17.8% 10.7% -2.6% 0.7% -0.9% 1.3%
Convex-Curvature 22.8% 28.9% 2.5% 19.9% 15.5% 3.1% 1.7% 2.9% 2.3%

DeepLIFT 16.3% 19.8% 23.5% -0.5% -4.3% -0.6% -1.3% -0.6% 0.0%
DeepLIFT-Curvature 25.9% 21.5% 27.6% 0.8% 0.6% 1.5% 1.2% 0.3% 0.4%

GNN-LRP 19.9% 12.8% 11.8% 25.8% 14.1% 1.1% 3.7% -0.3% 0.3%
GNN-LRP-Curvature 25.5% 18.2% 17.6% 30.7% 15.5% 2.7% 4.9% 0.4% 0.6%

FlowX 7.1% 0.2% 6.3% 1.0% 0.8% -1.9% 0.3% 0.1% 0.7%
FlowX-Curvature 8.5% 2.9% 7.4% 2.1% 2.6% 1.7% 2.9% 0.3% 0.9%

of �delity, Ricci- and resistance-based explanations match or exceed the base explanations in85% and
80% of cases, respectively, under the mean aggregator, and in83% and80% of cases under the sum
aggregator. The impact of robustness enhancement on �delity varies by method. For GNNExplainer,
robustness improvements do not clearly reduce �delity. However, for GNN-LRP and FlowX, �delity
may decline, especially when importance scores are uniform across edges, causing curvature or
resistance to dominate selection and shift the explanation away from the model's original behavior.
While improving robustness may slightly affect �delity, the trade-offs are generally acceptable.

Table 8:FidelityKL performance for robust explanations based oneffective resistance. The
L

in GNN is
meanoperation. A lower value (#) indicates better performance, with blue highlighting the best result.

Methods Cora Citeseer Pubmed BC-OTC BC-Alpha UCI MUTAG PROTEINS IMDB-BINARY

GNNExplainer 1.565 1.349 0.477 0.205 0.125 0.065 0.145 0.034 0.263
GNNExplainer-Curvature 1.422 1.263 0.446 0.203 0.123 0.065 0.135 0.033 0.262

PGExplainer 1.606 1.455 0.560 0.343 0.158 0.065 0.181 0.034 0.235
PGExplainer-Curvature 1.602 1.452 0.558 0.343 0.157 0.065 0.157 0.034 0.233

Convex 0.049 0.054 0.014 0.020 0.007 0.015 0.004 0.001 0.002
Convex-Curvature 0.052 0.051 0.011 0.017 0.006 0.016 0.004 0.001 0.002

DeepLIFT 0.825 0.846 0.387 0.199 0.084 0.055 0.240 0.035 0.227
DeepLIFT-Curvature 0.806 0.849 0.397 0.199 0.084 0.055 0.233 0.035 0.226

GNN-LRP 0.568 0.802 0.317 0.034 0.027 0.101 0.133 0.034 0.202
GNN-LRP-Curvature 0.499 0.610 0.277 0.033 0.026 0.101 0.139 0.035 0.205

FlowX 1.325 1.193 0.423 0.288 0.141 0.068 0.162 0.037 0.246
FlowX-Curvature 1.298 1.178 0.413 0.296 0.143 0.068 0.157 0.037 0.249
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