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Abstract

Graph Neural Networks (GNNs) are widely used for node classification, yet their
opaque decision-making limits trust and adoption. While local explanations offer
insights into individual predictions, global explanation methods, those that char-
acterize an entire class, remain underdeveloped. Existing global explainers rely on
motif discovery in small graphs, an approach that breaks down in large, real-world
settings where subgraph repetition is rare, node attributes are high-dimensional,
and predictions arise from complex structure-attribute interactions. We propose
GNNXEMPLAR, a novel global explainer inspired from Exemplar Theory from
cognitive science. GNNXEMPLAR identifies representative nodes in the GNN em-
bedding space, exemplars, and explains predictions using natural language rules
derived from their neighborhoods. Exemplar selection is framed as a coverage
maximization problem over reverse k-nearest neighbors, for which we provide
an efficient greedy approximation. To derive interpretable rules, we employ a
self-refining prompt strategy using large language models (LLMs). Experiments
across diverse benchmarks show that GNNXEMPLAR significantly outperforms
existing methods in fidelity, scalability, and human interpretability, as validated
by a user study with 60 participants.

1 Introduction and Related Works

Node classification using Graph Neural Networks (GNNs) has found wide-ranging applications
across diverse domains, including protein function prediction [13, 30], user profiling [47, 11], and
fraud detection [22]. Despite their success, GNNs, like other deep learning models, are often re-
garded as black boxes: they achieve high performance, but the reasoning behind their predictions
remains largely opaque. To address this, GNN explainers aim to illuminate the decision-making
process by identifying the substructures and features in the input graph that the model relies on for
its predictions [1, 2, 48, 24, 39, 18, 42, 16, 17].

1.1 Existing Works and Open Challenges

Existing methods for GNN explanation can be broadly categorized into two types: local and global.

Fig. 4 in the Appendix provides the detailed taxonomy.

1. Local explanations focus on individual predictions. They aim to explain why a specific in-
put graph (or node) received a particular label. While informative, these explanations are often
instance-specific and do not generalize beyond the particular case being analyzed.

2. Global explanations, in contrast, seek to uncover general patterns that apply across multiple
instances. They aim to explain the conditions under which a GNN assigns any input to a particular
class, producing a single, interpretable explanation per class.
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While local explanation techniques are relatively mature, global €xplainers remain an emerging
area of research, as evident from Fig. 4. In this work, we advance this direction by proposing a global
explanation framework for node classi cation basedexemplar theory28].

Exemplar theory, rooted in cognitive psychology, explains how humans categorize objects and ideas.
It posits that individuals make category judgments by comparing new stimuli with previously en-
countered instances, calledemplarsstored in memory. These exemplars are not arbitrary; they
tend to represenypicalmembers of a category [28]. A new stimulus is assigned to a category based
on the number and degree of similarities it shares with exemplars from that category.

We adapt this idea to kBN-based node classi cation by treating certain representative nodes in the
embedding space axemplars nodes that encapsulate the characteristics of many others in the
same class. For each exemplar, we extract an interpretable signature describing the distribution of
features and/or structural patterns that characterizes the exemplar and the population of nodes it
represents in the embedding space. Then, for any unseen node, we explaintlsep@diction by
referencing the signature of the exemplar it most closely resembles. This approach enables global
yet instance-relevant explanations grounded in learned graph structure and semantics.

Open Challenges:Existing global GiN explainers [50, 42, 51, 45, 1, 2, 25] have primarily targeted
graph classi cation tasks on small-scale datasets such as molecular graphs. These methods typically
aim to identify recurring substructures, commonly referred to as motifs or concepts, thatithe G
being explained detects to classify graphs [50, 42, 51, 45, 25] Some explainers [1, 2] go further by
constructing the Boolean logic rules over motifs that aligns with the model's predictions. However,
these motif-based explanation strategies face signi cant challenges when extended to node classi-
cation in large, real-world graphs with rich node attributes (Ex. citation and linked documents,
nancial networks, etc.)

« Attribute-Topology Interaction: In large graphs, 8GN predictions are typically a complex func-
tion of both the graph structure and high-dimensional node attributes. This makes motif discovery
dif cult because the classical de nition of a motif, grounded in graph isomorphism, handles only
discrete node labels. Moreover, in real-world graphs, the repetition of the exact same subgraph
with identical node attributes is rare, making the very notion of a motif ambiguous. This calls
for a shift from exact, symbolic subgraph matching to an approximate space where repetitions of
structurally and semantically similar patterns can be meaningfully observed. We address this by
identifying recurring combinations of structure and attributes not in the raw input graph but in the
GNN embedding space by locating dense neighborhoods.

» Computational Complexity: Motif discovery involves solving theubgraph isomorphismrob-
lem, which is NP-hard, making them prohibitively expensive on large graphs. The problem is
further exacerbated when accounting for both topology and node attributes. Consequently, as we
will show later in § 4, existing global @N explainers often fail to scale on large graphs.

» Cognitive and Visual Overload: In small graphs, like molecules, motifs (e.g., functional groups)
are compact and human-interpretable. However, in large real-world graphs, ehdhaeigh-
borhood of a node can include hundreds or thousands of nodes. Visualizing or interpreting such
patterns quickly becomes unwieldy and exceeds human cognitive limits.

1.2 Contributions

In this work, we present 8NXEMPLAR, which addresses the limitations outlined above.

» Problem formulation: Effective explanations of @N predictions must satisfy two key criteria:
(1) they should bdaithful, meaning they accurately re ect the model's decision-making process,
and (2) they should bimterpretable allowing humans to understand the reasoning behind predic-
tions despite the underlying complexity of the graph modality. To address these dual objectives,
we take inspiration fronExemplar Theory28]. Exemplar theory posits that humans categorize
new instances by comparing them to representative examples (exemplars) previously encountered.
By adapting this principle, we explain theN® 's prediction for a node by referencing similar,
representative nodes in the embedding space — its exemplars. Furthermore, to enhance inter-
pretability, we move beyond subgraph visualizations which are inherently ineffective in large,
dense graphs due to their complexity and scale. Instead, we distill the de ning characteristics
of each exemplar and its associated population faxtual explanations This shift to natural
language enables more accessible and cognitively manageable insights intontfed&cision-
making process. We validate this claim through a user survey (8§ 4.7).



» Novel methodology: We develop GINXEMPLAR, which integrates several innovative compo-
nents. First, exemplar identi cation is cast as a coverage maximization problem over reverse
k-nearest neighbor relationships. We prove that this problem is NP-hard and submodular, and
accordingly propose a greedy algorithm witlila %) approximation guarantee to the optimal
solution. To uncover the signature characteristics of each exemplar and the population it rep-
resents, we leverage LLMs to iteratively propose and re ne interpretable logical rules that are
consistent with the 8N's predictions.

» Empirical analysis: We conduct extensive experiments on a diverse suite of homophilous and
heterophilous graphs. Our analysis reveals that: (1) existing &plainers are inadequate for
node classi cation on large graphs with complex node attributes; (@))XEMPLAR provides
high- delity explanations of GIN predictions; and (3) the text-based explanations are preferred
over subgraph visualization, as validated through a user study invadd@participants.

2 Preliminaries and Problem Formulation

De nition 1 (Graph) A graph is de ned asG = (V;E; X ) over a node seV, edge sekE =
f(u;v) j u;v 2 Vg and node attributeX = fx, j v 2 Vg wherex, 2 RY is the set of features
characterizing each node.

De nition 2 (Node Classi cation) In node classi cation, we are given a single input gra@h=
(V;E; X), where a subset of nodé4 V is associated with known class labels from the set
fyi;  ;yc0. The objective is to train &NN model such that, for any node 2 V n V; , the
prediction error of its class label is minimized.

Error may be measured using known metrics such as cross-entropy loss, negative log-likelihood, etc.

De nition 3 (Exemplars) Exemplars refer to representative nodes within the graph that embody
prototypical structural and attribute characteristics shared by many other nodes in the same class.
In the context of node classi cation, these exemplars serve as anchors for human-understandable
explanations. Each exemplag, is associated with a subset of training nodBsg, V ¢, which
represents the population thatexemplies. A node 2 Vy is called an exemplar for the class
c2Y ifjRgj , Where
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wherez, 2 RY is the GNN-learned embedding of nodel(ze; z,) is some distance function,2 R
is a distance threshold, and2 N is a minimum population size hyperparameter.

As we will see later, the thresholds will automatically be discovered from the data by exploiting the
k-nearest neighbor relationship along with a greedy selection algorithm.

De nition 4 (Exemplar Signature)The signature of exempla; denoted as ¢, is a boolean for-
mula composed of interpretable conditions over the structural and attribute properties of the local
neighborhood o&. This formula is constructed such that its truth value approximatsgredic-
tions overRe, i.e., with high probability8v 2 Re;: ¢(v) = ( V). The signature o of exemplar

probability,8v 2 Re; (V) =1, iff ( v) = c. Here, ; are the predicates that evaluate to Boolean
conditions over interpretable properties such as:

» Node features (e.gxy[age] > 30)
 Local structure (e.gdegree(v) 3)
+ Neighborhood composition (e.dractionClass (v; hop=1;c® > 0:6)

For instance, an exemplar of fraudulent nodes in a transaction graph, might be an account that
makes frequent, low-value transfers to many recently created accounts that show no further activity.
Assuming each node has attributes indicating the average transaction value and average frequency of
transactions per week, its signature could be a rule fidas an average transaction amount below

$100, performs more than 10 transactions per week, and is dissimilar in transaction frequency from
the majority of its neighbors”

Problem 1 (Global GNN Explanation through Exemplar Signaturetet be a trainedGNN that
assigns to each node2 V a class label fronfy;; ;y.g. For each clasy;, letE V denote a



Figure 1: The pipeline of GNXEMPLAR.

selected set of exemplar nodes that are representative ofyglaesd let ¢ be the boolean signature
associated with exemplar2 E; .

The goal is to construct a global explanation in the form of a Boolean foriular each clasy;,
such that: _
fi(v) = e(V)

e2E;

where,8v 2 Vi ; (V) =1y, fi(v)= TRUEEachf; serves as the global explanation for class
Vi, built by aggregating exemplar-level signatures via logical OR. Each exemplar signature is free
to use all Boolean operators.

The formulation of explanation through exemplars presents two central challenges:

1. How do we identify an optimal set of exemplar&xemplar selection is a combinatorial op-
timization problem over the space of all nodes in the graph. Choosing too many exemplars
compromises both interpretability and computational ef ciency. A small, well-chosen exemplar
set enables concise global explanations, as the nal explanation takes the form of a disjunction
over exemplar-speci c rules.

2. How do we derive boolean logic signatures for each exempleh@ space of candidate logical
expressions, composed of node attributes and structural features, is exponentially large, rendering
exhaustive search intractable. Additionally, these rules must strike a balance between delity to
the GNN's predictions and human interpretability. A further challenge arises from the need to
express these logical rules as natural language descriptions requiring semantic precision.

3 Methodology

Fig. 1 presents the pipeline oNBIXEMPLAR. There are two distinct components: rst, we identify
a budget-constrained set of exemplars, and next, we extract boolean rules, expressed in natural
language, through iterative self-re ning using LLM. We next detail each of these steps.

3.1 Exemplar Identi cation.

GNNXEMPLAR aims to identify a set db exemplamodes that optimally represent the full training
set;bis a tunable hyper-parameter balancing complexity of the explanation with higher expressivity.
This selection process is guided by two critical criteria:

» RepresentativenessEach exemplar node should be close to a large number of other nodes shar-
ing the same @N-predictedclass label in the embedding space, thereby capturing common struc-
tural and attribute patterns learned by the model. We quantify representativeness using the notion
of reversek-nearest neighboré8 3.2) in the GiN embedding space. Speci cally, if nodeap-
pears frequently in the-NN sets of other nodes with the sampeedictedlabel, it is considered
representative of those nodes' learned semantics. Such nodes are prioritized for inclusion in the
exemplar set, as they enable coverage of large regions of the embedding space and are likely to
approximate the model's behavior over similar instances.



« Diversity: The selected exemplars should be well spread out in ths @mbedding space to
ensure a wide range of model behaviors are covered (8 3.3).

By jointly optimizing for representativeness and diversitiyN\aXEMPLAR ensures that the selected
exemplars collectively span a broad range of the model's learned representations.

3.2 Quantifying Representativeness through ReverdeNN

The representative power of a node is de ned as follows.
De nition 5 (Revers&k-NN and Representative Powet)eth, denote the&GNN embedding of node
v. Thek nearest neighbors of node denoted a&-NN(v), are thek nodes from the train set with
embeddings closest to, and sharing the sam&NN predicted class label (we ude, distance,
but other distances may also be used). The revierSi? of nodev is the set of nodes for which
appears in theik-NN set. Formally,

Revk-NN(v) = fu2 V¢ jv 2 K-NN(u); ( v) = ( u)g
The representative power of nodés then de ned as

(V)= jRevk-NN(v)j
ifu2Vvy j (v)=( ugj

A high value of ( v) indicates that node frequently appears in thHeNN sets of many other nodes,
implying it resides in a dense region of the embedding space and captures shared representational
characteristics. Thus, itis a strong candidate for inclusion in the exemplar set.

3.2.1 Sampling for Scalable Computation of Reversk-NN

Computing thek nearest neighbors for each node consu@éslogk) O (n) time, since&k n
andn = jVy | is the number of nodes. Thus, computikadNN for all nodes and then constructing
the Revk-NN requiresO(n?) time, which becomes prohibitively expensive on large-scale graphs.

To address this, we adopt a sampling-based strategy that enables scalable approximation of reverse
k-NN with theoretical [12]. LetS V  be a uniformly sampled subset of n nodes. We
compute thé&-NN only for nodes inS, which reduces the computational cosi¢zn).

We then dene the approximate rever$eNN of a nodev 2 Vi as R&VK-NN(v) =
fu2 Sjv2Kk-NN(u); ( v)= ( u)g. Hence, the approximate representative power isf

jREVK-NN(V)j
jfu2 Sj (v)=( ugj

¢v)=

Here, § v) estimates how broadly nodeis retrieved as a nearest neighbor across the sample set.
The sample size controls the trade-off between accuracy and ef ciency. Leveraging Chernoff
bounds, we establish that even a smaalields high-con dence approximations:

Lemma 1. Given an error threshold and con dence levell , it suf ces to samplez
2
w nodes to ensure thatforamy2 Vy, ; P € v) (V) 1

PROOF See App. A.3.
This result has two key implications:

» The required number of samples is independent of the number of nodes in the train $€t, j.e.,
* Sincez scales logarithmically witin(1= ), even a small sample ensures high-probability bounds.
Thus, the overall computation cost for reveksBIN be come®(n) instead ofO(n?).

While we use the notations RéwNN (v) and ( v) in the subsequent discussion, approximate vari-
ants via sampling may be used in practice. We evaluate the quality-ef ciency trade-off in App. 8A.7.

3.3 Coverage Maximization

We aim to identify a subset df exemplar nodethat collectively offer the broadest coverage over
the training set in the &N embedding space.



Algorithm 1 Greedy Node Selection

Require: GraphG, budgeth, Revk-NN sets of nodes
Ensure: exemplar sef of sizeb

1A ;

2: while jAj < b do

v argmax yav . na ( A[f vg) ( A)
A A[fvag

5: Return A

hw

De nition 6 (Exemplar Set) Let the representative power of a set of exemplar nddesv be
de ned as:

(A= [ Revk-NN(V) Vi | 1)
V2A

Here, Rewk-NN(v) denotes the reverdenearest neighbors of nodein the GNN embedding space.
Given a node se¥ and budgeb, we seek a subset of train nodes V  of sizebthat maximizes:

A =arg Avn:a;jﬁj:b( A) )

Theorem 1. Maximizing the representative power in Eq. 2 is NP-hard.

PROOF See App. A.4 for a reduction from the clasSiet Cover Problerfb].

Fortunately, the objectivé A) is monotone and submodular, making it amenable to greedy approx-
imation.

Theorem 2. The greedy algorithm (Alg. 1) guarante€sAgreedy ) 1 % (A).
PrROOF App. A.5 shows the monotonicity and submodularity(ofA). An analogous proof for the
case using the approximate RiedN is provided in App. A.6.

Alg. 1 iteratively selects nodes that maximize marginal gain in coverage. By exploiting the transi-
tivity of proximity in the embedding space, this greedy strategy avoids redundancy: if two nodes
share most of their reverdeNN sets, selecting one reduces the marginal utility of the other. Thus,
the algorithm promotes both coverage and diversity within the budget.

3.4 Discovery of Exemplar Signatures

Our goal is to analyze the embeddings of an exemplar node and itk-R&Vset, and derive a sym-

bolic Boolean rule, expressed in natural language, that closely matches f&Bedictions on this
population (see Prob.1). To this end, we leverage the reasoning capabilities of large language models
(LLMs), motivated by two key factorg1) LLMs have demonstrated strong mathematical and causal
reasoning abilities, including over graph-structured data[55, 6, 26(2R&iven our aim to express

logical rules in natural language, LLMs are particularly well suited due to their well-established
strengths in linguistic articulationSelf-re nement paradigm: Fig. 2 presents the pipeline of the
signature discovery process of an exemplar, which leverageethe ne platform [26]. We select

an initial sample opositiveandnegativenodes. The positive sample contains nodes from the Rev-
k-NN set, and the negative sample contains those not in thekR¢M- Both samples are drawn
uniformly at random. The sample size is a hyperparameter. These node sets are further divided into
training and validation sets. Instead of asking the LLM to directly output the boolean rule in natural
language, we decouple it into two steps. The LLM is rst asked to generatgheoon codethat

takes as input a node and its associated information, passes it through a boolean logic, and returns
a True/False answer. The ideal rule returfigue for all positive nodes anéalse for negative

nodes. The rule encoded in the Python code is then translated to natural language by the LLM.
Initially, the Python code is a trivial solution, such as returnirrge for any input node, which

is iteratively improved througfeedback The iterations stop when either the accuracy of the code
(rule) exceeds a certain accuracy threshold on the validation set or the number of iterations reaches
an upper limit.

Prompt speci cation: The prompt includes the following components; a visual overview is pro-
vided in Fig. 10 (query), Fig. 1iféedback and Fig. 12 fe nemen) in the Appendix.



Figure 2: Pipeline of signature discovery through iterative self-re nement of LLM output.

 Training and validation nodes: As discussed above, we provide a set of positive and negative
nodes. If the GIN being explained is layers deep, then the embedding of a node is a function
of its “-hop neighborhood only [44]. Hence, we provideianmaryof the “-hop neighborhoods
of each node in th@ositive and negativesamples. The summary of a node includes: (1) the
attributes of the nod€?) the normalized frequency distribution of\@ predicted class labels for
all nodes in each hop frorhto °, (3) the averagé ; distance per attribute between the exemplar
and all nodes at each hop level frdirto *. While GNN class distribution signals the degree of
homophily-bias learned by theNBi, the average attribute-wise distance offers insight into feature
relevance in the embedding space. Speci cally, if the average distances to positive and negative
nodes are similar for a given attribute, it suggests that the feature contributes little to the embedding
representation. Note that, since we only provide distribution-level information, the context size
remains independent of the graph's density. This property is crucial for ensuring that large graphs
do not exceed the LLM's context window capacity.

» Code skeleton:The skeleton of the python code that the LLM is supposed to Il in. The skeleton
contains the function de nition that takes as input the summary of a node and the output speci -
cation, which should return a boolean value.

» Feedback: This includes the Python code and the associated natural language rule from the last
iteration and the summary of all nodes where the latest rule failed to matchnkeaf@diction.

4 Experiments

In this section, we benchmarkN&I X EMPLAR and establish:

« Limitations of Existing Explainers: Current explainers, primarily designed for graph classi ca-
tion on small graphs, fail to generalize effectively to node classi cation in large-scale graphs.

» High-Fidelity explanations: GNNXEMPLAR bridges this gap by consistently achieving high -
delity across both homophilic and heterophilic graph benchmarks.

» User Preference for Textual Explanations: Our user survey involving 60 participants shows a
statistically signi cant preference for textual explanations over graph-based visualizations.

4.1 Experimental Setup

The details of our hardware and software platform, hyper-parameters, LLM engine, training details
of the black-box @GN and their accuracies are discussed in App. A.1 and App. A.2. Our codebase
is shared at https://github.com/idea-iitd/GnnXemplar.git.

Datasets: Table 1 presents th& benchmark datasets we use. Wherever available, we adopt the
standard train/validation/test splits from PyTorch Geometric or the original data releases, preserving
class balance. We train a GAT for TAGCora and GCN for the rest.

Baselines: As discussed in § 1, there are no existing explainers designed to handle node classi -
cation on large graphs. Hence, we adapt state-of-the-art explainers originally developed for graph
classi cation. To enable a fair comparison, we reframe the node classi cation task as a graph classi-
cation problem by extracting the-hop subgraph around each target node and assigning the node's
label to the entire subgraph;denotes the number of layers in theske We compare against the
following baselines:



Table 1: Dataset statistics. Detailed descriptions of each dataset are in App.A.9

Homophilous Heterophilous
Name #nodes  #edges #features #clas#eblame #nodes #edges  #features #classes
TAGCora[21] 2;708 10556 1433 7 Amazon-ratings [32] 24,492 93050 300 5
Citeseer [10] 3,327 9104 3703 6 Minesweeper [32] 10,000 39402 7 2
WIkiCS [29] 11,701 216123 300 10 Questions [32] 48,921 153540 301 2
ogbn-arxiv [14] 169343 1166243 128 40 BA-Shapes [48] 300 4110 0 4

« GNNinterpreter [42]: A generative model trained to synthesize class-representative graphs using
reinforcement learning.

» GCNeuron [45]: A neuron-level explainer that identi es high-level subgraph concepts that acti-
vate neurons within a @.

* GLGExplainer [2]: The only prior global logical explainer that ts a Boolean formula to GNN
outputs by clustering local explanation subgraphs (e.g., PGExplainer [24]) around prototypes and
learning a formula over those prototypes using ELEN [4].

Since both GNNInterpreter and GCNeuron identify representative subgraphs without generating
explicit Boolean rules, we construct a rule by taking a logical OR over all identi ed subgraphs for
each class label. We do not compare with GraphTrail [1] since it only considers graphs with discrete
node labels. MGE [50] is also omitted since it is speci ¢ to molecular graphs.

Metrics: We evaluate each explainer by applying its generated Boolean formula to the test set of
each dataset. The alignment between the formula and thés@redictions is quanti ed using the
following metrics: Fidelity (the proportion of test nodes where the formula's output matches the
GNN's prediction),Precision Recall andF1-score

4.2 Fidelity

Table 2 reports the delity of each explainer on node classi cation tasks. Precision, recall and F-
score for the same experiments are reported in Tables 6, 7 and 8 in the Appendix. Several key
observations emerggl) GNNXEMPLAR consistently achieves the highest delity, establishing a
new benchmark for global explanation in node classi cati(®).Explainers for graph classi cation
demonstrate brittle performance when adapted to node classi cation, con rming that exact subgraph
repetition is rare in real-world graph&) motif-based explainers reliant on subgraph isomorphism
fails to scale on large graphs. We elaborate below.

NAs: The NA cases occur when an explanation is generated but cannot be applied or evaluated
on any speci ¢ node (or neighborhood subgraph) instance. This limitation arises from the reliance
of GNNInterpreter on subgraph-based rules. Its only mode of application is through subgraph iso-
morphism, which severely constrains its generalizability. Subgraph isomorphism can only function
when node features are either absent or purely discrete (e.g., scalars). With continuous or high-
dimensional node features, determining whether two nodes, or their neighborhoods, are “identical”
becomes ill-de ned, rendering the explanation unusable in most real-world settings.

NFs: NF stands for “No Formula Generated,” which is encountered in GLGExplainer. GLGEXx-
plainer rst trains a surrogate model to mimic the black-boxnzand then attempts to distill this
surrogate into interpretable boolean logic. However, we nd that in several datasets, either the sur-
rogate model fails to approximate the GNN, or the boolean distillation step breaks down. In both
scenarios, GLGExplainer outputs an empty string. This failure indicates that GLGExplainer is brittle
when faced with noisy, irregular, or highly entangled graph patterns.

Inferior Baseline Performance. Even when the baselines produce actionable rules, all three yield
signi cantly lower delity. This is primarily because they rely on identifying common subgraph
patterns per class, an assumption that rarely holds in complex, real-world graphs. In comtrast, G
NXEMPLAR is grounded in exemplar theory and computes distributional distances to strategically
selected exemplars in theN& embedding space. This approach avoids subgraph isomorphism
while remaining faithfully aligned with the @N's predictive behaviorScalability: Both GLGEx-
PLAINER and GCN:URON frequently encounter out-of-memory (OOM) errors on large or dense
graphs, with GLGEPLAINER failing because of its reliance on subgraph-isomorphism and GC-
NEURON due to exhaustive neuron-activation pattern enumeration. In contrastXGmPLAR is
explicitly designed to avoid subgraph isomorphism and scales gracefully.



Table 2: Fidelity of the GINXEMPLAR and the various baselines. OOM indicates out-of-memory.

NA indicates “Not Applicable”, and NF indicates the case where the algorithm failed to generate a
formula. GNNInterpreter assumes discrete node attributes only, and hence, for datasets with contin-
uous attributed notes, it is not applicable.

Homophilous Heterophilous
TAGCora Citeseer WikiCS arxiv ‘ Amazon-R Questions Minesweeper BA-Shapes
GNNinterpreter NA 0:50 0:0 NA NA NA NA 0:50 0:0 047 0.0
GCNeuron 0:51 0.0 050 00 OOM OoOoM 0:56 0:0 OOM 0:54 0.0 050 00
GLGEXxplainer NF NF OOM OOM NF OOM 022 007 Q30 0:09

GNNXEMPLAR 0:83 0:01 0:92 0:03 0:78 0:01 0:84 0:01‘0182 0:01 0:92 0:01 0:86 0:02 0:93 0:00

4.3 Ablation Study

To quantify the contributions of our two key innovations, exemplar selection througl Rév-and
iterative self-re nement using LLM, we conduct two controlled ablations.

Revk-NN vs. Random Exemplar SelectionHere, we replace our R&-NN based exemplar se-
lection with an equal-sized set of randomly sampled nodes (exemplars) per class. This change yields
a noticeable delity decrease, as random prototypes fail to capture the dense, semantically coherent
neighborhoods that Rek-NN provides (see Fig. 3-Left subplot).

Self-Re nement vs. Zero-Shot: In the zero-shot variant, we bypass the structure self-re ning
pipeline discussed in § 3.4 and directly ask the LLM to predict the rule (signature) in one go.
Ablation results in Fig. 3 (Right subplot) demonstrate that this zero-shot approach yields notice-
ably lower delity and higher variance on every dataset. This reveals that the full self-re nement
pipeline systematically identi es misclassi ed instances and adjusts the rules accordingly, produc-
ing signi cantly more accurate and robust explanations with reduced variance across runs.

4.4 Impact of Parameters and GIN architectures

App. A.7 studies the impact of parametkrisn Revk-NN, sample size in Rei~-NN approximation,
and the training-set sample size in self-re ne. App. A.8 evaluates robustnessn@@hitectures.

4.5 Case Study: Visual Analysis of Rules

To demonstrate the interpretability and domain-alignment of our global explanations, we show rep-
resentative rule sets from TAGCora (homophilous) (Fig. 14) and BAShapes (heterphilous) (Fig. 15).

TAGCora (Fig. 14) In the TAGCora citation network, topic (class) assignments are driven by both
textual features and neighborhood context. For instadearal Networkgpapers are identi ed by

the presence of domain-speci c terms like “backpropagation” and “activation functions”. Further-
more, the rule also discovers homophillic associations with other “Neural Network” papers among
1 and2-hop neighbors. The rule further comments that the presence of ICA and HMM words in the
abstracts of the neighbors further reinforces the class assignment.

BAShapes (Fig. 15)0n the synthetic BAShapes graph, membership in each geometric role is de-
termined solely by local connectivity patternsN&XEMPLAR is successfully able to identify these
purely structural and heterophilic associations, such as nodes belonging to the class “notin a house”
have at least six “non-house” neighbors and minimal ties to other roles.

Figure 3: Ablation study on @NXEMPLAR. Left: Impact of Revk-NN based exemplar selection.
Right: Impact of self-re nement strategy vs. zero-shot rule discovery.
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Table 3: Results of one-sided binomial tests assessing user preference for text-based explanations
over subgraph-based explanations across ve A/B test questions. Boidaldes indicate a statis-
tically signi cant preference for the text modalifp < 0:05).

Q1 Q2 Q3 Q4 Q5 | Total
Dataset TAGCora Questions Questions BAShapes BAShapes
Prefer text 43 41 36 42 38 200
Prefer subgraph 17 19 24 18 22 100
p-value 0:0005  0:0031 0:0775 0:0013 0:0259 < 0:0001

4.6 Application: Diagnostic Power in Failure Cases

In Questions, active users exhibit homophilous behavior—they tend to connect to other active users.
Inactive users, in contrast, behave heterophilously by connecting primarily to active users. Interest-
ingly, our explanation rule for the inactive class does not re ect this expected heterophily. Instead,
it points toward a homophilous pattern even for inactive users. At rst glance, this seems contradic-
tory: how can an explanation be so seemingly incorrect and still achieve high delity (see Table 2)?

To investigate, we visualized 2-hop neighborhoods of inactive nodes: once with ground-truth labels,
and once with GiN predictions (see example in Fig. 5). The results were revealing: te G
predicts even the neighbors of inactive nodes as inactive, indicating that it has learned an incorrect
homophilous pattern for the inactive class as well. This behavior is likely driven by the dataset's class
imbalance — most nodes are active, so homophily becomes a statistically advantageous shortcut for
the model.

Far from being awed, the explanation is insightful-it does not mimic the ground truth, but rather
points to the root cause of why the inactive class is often misclassi ed with a low precis68f
the G\N has failed to capture the intended heterophilous behavior.

4.7 Human Evaluation: User Survey

In this work, we advocate a shift from conventional subgraph-based visualizations to natural lan-
guage explanations. Our motivation stems from the hypothesis that presenting dense graph neigh-
borhoods with high-dimensional node attributes in full detail can overwhelm human cognitive ca-
pacity. To test this, we conducted a user study @ibtparticipants, each responding3d\/B test
guestions, resulting iBO0total comparisons. Each question presented the same explanation for a
model prediction in both textual and subgraph form, and participants were asked to indicate their
preferred modality. See App. B for survey design details and example screenshots.

We analyzed the results using tBenomial tes{37] andMcNemar's tesf27]. The Binomial test,
applied to the aggregate respong2@30=300), evaluates whether one modality was preferred signif-
icantly more often overall. This yielded a highly signi cant resyit\alue< 0:0001), indicating

that text-based explanations were favored by participants at the population level. Table 3 presents
the per-question binomial test results, showing that this preference was consistent and statistically
signi cant in all except Q3. While Q3 does not reach statistical signi cance, this was by design:
we deliberately selected an explanation where the subgraph visualization was small and simple. The
goal was to verify that participants were not blindly preferring the text modality due to any prior bias.

To assess within-participant consistency, we additionally conducted McNemar's test using the “exact
Binomial' method. Out 060 participants45 chose text more often, while onlys preferred sub-

graph more often. This difference was also statistically signi caatglue= 0:0001), con rming

that the preference for text was not only strong but consistent across individuals.

5 Conclusions, Limitations and Future Works

In this work, we presented BN X EMPLAR, a novel framework for global explanation of node classi-
cation in GNNs. Unlike prior explainers that rely on brittle motif discovery and struggle with scale,
GNNXEMPLAR explains through exemplar nodes, which serve as semantic anchors for model behav-
ior. To generate human-understandable explanations, we leveraged LLMs to distill the de ning char-
acteristics of each exemplar and its neighborhood into concise natural language rules. Our empirical
evaluations demonstrate than@XEMPLAR outperforms existing methods in delity, scalability,

and user interpretability, with a user study con rming strong preference for textual explanations.

Limitations and Future Works: GNNXEMPLAR operates in a setting with access only to the
GNN's embedding space, limiting visibility into how feature-topology interactions in uence internal
activations. As a result, ne-grained mechanistic understanding of the model's decision process
remains out of reach. We plan to study this aspect through the lens of mechanistic interpretability.
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» The answer NA means that paper does not include experiments requiring code.
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12.

Guidelines:

» The answer NA means that the authors have not reviewed the NeurlPS Code of Ethics.

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

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

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal

impacts of the work performed?

Answer: [Yes]

Justi cation: Sec. 1

Guidelines:

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

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

« Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake pro les, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact speci ¢ groups), privacy
considerations, and security considerations.

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

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

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

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release

of data or models that have a high risk for misuse (e.g., pretrained language models, image

generators, or scraped datasets)?

Answer: [NA]

Justi cation: [NA]

Guidelines:

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

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

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

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

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the

paper, properly credited and are the license and terms of use explicitly mentioned and properly

respected?

Answer: [NA]

Justi cation: [NA]

Guidelines:

« The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

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

» The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

16.

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

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

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

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

New assets

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

provided alongside the assets?

Answer: [Yes]

Justi cation: Sec. 4

Guidelines:

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

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

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

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

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable, as well as

details about compensation (if any)?

Answer: [Yes]

Justi cation: Fig. 6,7, 8,9

Guidelines:

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

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

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

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

Question: Does the paper describe potential risks incurred by study participants, whether such

risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals

(or an equivalent approval/review based on the requirements of your country or institution) were

obtained?

Answer: [NA]

Justi cation: This study involved a minimal-risk user survey where participants were not asked

to provide any sensitive information. Participation was voluntary and anonymous. Based on

institutional policy, IRB approval was not required for this type of research.

Guidelines:

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

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

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

* For initial submissions, do not include any information that would break anonymity (if appli-
cable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-

standard component of the core methods in this research? Note that if the LLM is used only
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for writing, editing, or formatting purposes and does not impact the core methodology, scienti c
rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]

Justi cation: Sec. 3

Guidelines:

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

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

Figure 4: Taxonomy of factual GNN explaineiGeneration: RGExplainer [36], GFlowExplainer
[19], GEM [20]; Gradient: SA [3], Guided-BP [3], Grad-CAM [33]Pecomposition: CAM [33],
Excitation-BP [33], DEGREE [8], GNN-LRP [35], GOAT [23Rerturbation: GNNExplainer [48],
PGExplainer [24], CF[38], GraphMask [34], ReFine [41], Zorro [9], SubgraphX [52], GstarX [53],
TAGEXxplainer [43]; Surrogate: GraphLime [15], ReLex [54], PGM-Explainer [40], DnX [31],
GraphSVX [7];Subgraph sets:XGNN [51], GCNeuron [46], GNNInterpreter [42], DAGExplainer
[25], MAGE [50]; Subgraph formulae: GLGExplainer [2], GraphTrail [1].

A.1 Experimental setup

Hardware details All experiments were performed on Intel(R) Xeon(R) Gold 6426Y: 64 cores,
126 GB RAM, 2 NVIDIA-L40S GPUs, 45 GiB each running on Ubuntu 20.04.6 LTS.

Hyper-parameters We provide the hyper-parameter values we choose for current pipeline. In
sec. 3.2 we st pickedk for k-NN and Reversek-NN, for all the datasets in experiment we choose

k = 5. Next in sec. 3.3 for coverage maximization instead of selecting number of points we set the
stopping criterion based on coverage of pointswhen the coverage becomes95% Then for

sec. 3.4 we useyemini-1.5- ash' LLM from google's generativeai package. Then for sampling
positive and negative points which will be used in self-re nement we setdahgple size= 50 each

We split these samples training and validation set in the ratio of 6 : 4respectively. Finally for
stopping criteria of self-re nement process we stop the iteration when either élceuracy 95

or if the number ofterations reachesb.

A.2 Training Details of GNNs

We rst write the details about the GNNs we use for all the datasets,

» For TAGCora, we pick the GAT model (with layers andb4 hidden dimension) from paper [21]
where they of cially use this dataset.
» For WIikiCS dataset we pick the of cial implementation of GCN used in their paper [29]. And use
2 layer model with a hidden dimension 64.
 For ogbn-arxiv, we pick the of cial GCN fronogb repositoryfor node classi cation on arxiv, we
used &3 layered version of it with hidden dimension 256
 For Citeseer, amazon-ratings, questions and minesweeper we use the same model as use in ogbn-
arxiv dataset and for all these datasets wedldsgers with hidden dimension &#4.
» For BA-Shapes, we use the model use in the paper [48]3Jilyers, a hidden dimension a6.

Since none of the above implementations provide trained model weights so we train the GNNs on
these datasets from scratch. For training all the GNNs we use the standard training pipeline of
pytorch which resembles closely to what all the above models use in their implementation. We train
all the models fo250epochs and choose the learning rates from thé 605 0:01g with Adam
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Figure 5: Subgraphs from the Questions dataset. Notice how active nodes 1, 2, and 3 surrounded by
inactive nodes are predicted as inactive. This misclassi cation pattern is the signalNRateE®-
PLAR picks up when learning the signature for the inactive class.

optimizer and a weight decay 68 4. We report the best accuracies of trained GNNs in table 4.
Although we try to get as close as possible to the quoted numbers in the datasets of cial papers there
could still be some deviation because of random initialization of model weights.

Table 4: GNN performance

Homophilous Heterophilous
Name Accuracy | Name Accuracy
TAGCora 7384 Amazon-ratings 46:43
Citeseer 66:20 Minesweeper  80:36
WikiCS 7840 Questions 97.07
ogbn-arxiv 6258 BA-Shapes 9571
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A.3 Proof of Lemma 1

LetS V  be a set oz nodes sampled uniformly at random from the full training nodeVget
For a xed nodev 2 Vy , de ne the indicator random variabk ! for eachu 2 S such that:

1 if v 2 k-NN(u)

vV —
Xu= o otherwise 3)
The total number of timeg appears in thk)ENN lists of sampled nodes is given by:
X¥=  Xy=1z §v) 4)

u2s

Since nodes are sampled independently and uniformly, we B§€] = z ( v), where ( V)
is the true representative power of node Thus, XV follows a Binomial distribution: XY
Binomial(z; ( v)).
Applying Chernoff bounds for any 0:

2

Uppertail: P (XY (1+ )z( V) exp 57 z(v) (5)
2
Lowertail: P(XY (1 )z(vVv) exp Ez( V) (6)
Combining both bounds:
2
P(X" z(v)i z(v) 2exp 5 —z(V) 7
2
)y P z8v) z(V) z (V) 2exp 7% z (V) (8)
2
) P §&v) (V) (v)  2exp 5 —z(V) )
Substituting = ( v) from Lemma 1in Eqg. 9, we rgwrite Eq. 9 as:
2
P ¢€v) (v 2exp% v, ( v)g (10)
2+
2
2ex —VZ 11
P v ) -
Since ( v) 1, we obtain:
2
P &€v) (v 2exp 55 2 (12)
To ensure this probability is at mostwe solve:
2
2exp >3 z (13)
2 2
) I = 5z (14)
In 2 2+ )
)z ——— (15)
Hence, if we sample at least 'n(g)# nodes inS, then for anyw 2 V:

gv)2[(v) ; (v)+ 1 withprobabilityatleast : (16)
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A.4 NP-hardness: Proof of Theorem 1

PrROOF We prove NP-hardness of the representative node selection problem by a reduction from
the classicabet Coveproblem [5].

universeU = fuy;:::;uygsuch thatS U for all igthe Set Cover problem asks whether there
exists a subcollectioB® S of sizejSY = bsuchthat ¢ ,50Si = U.

Given an instance of Set CoveS, Ui ; b, we construct a grap8 = (V; E) and corresponding node
embeddings such that solving our representative selection problem on this graph is equivalent to
solving the Set Cover instance.

We create a training node sét = Vy [V s, where:

* For each element; 2 U, we create a node,, 2 Vy.
» For each subs&; 2 S, we create a nodes, 2 Vs.

We de ne thek-NN relationship over the learned GNN embeddings such that for each S;,
nodevs, 2 kK-NN(vy, ), i.e.,vy; 2 Rev k NN (vs,). This means thats, representsll v, for
whichu; 2 S;.

Now, consider the exemplar selection problem: choose & seVY of sizeb that maximizes the
representative power:

ffv2Vy jOvP2 A such thav 2 Revk-NN(v9gj

A) = —
(A Vi |

17)

Our construction ensures th&tA) = :\\,’%‘] if and only if all nodes invy are covered by the reverse
k-NNs of nodes iPA. This is equivalent to ndingb nodes fromVs (i.e., subsets in the original
Set Cover instance) whose reveks&INs jointly cover all nodes ivy (i.e., elements itJ). Thus,

there exists a set cover of sikéf and only if there exists a node subget V  of sizebsuch that

— Vui
(A)_ Nu j*

A.5 Proofs of Monotonicity and Submodularity

Theorem 3(Monotonicity). LetA  A°be two subsets of nodes in the graph. Then,

(A) (A O

'S .
Proof. Recall that( A) = w The denominatojVy, j is constant, so we only need

to show that the numerator is monotonic.
SinceA® A, we have: [

Revk-NN(v) Revk-NN(v)
v2 Al V2 A

because the union operator is monotonic under set inclusion. Therefore, the size of the covered set
cannot decrease &sgrows. This implies:

(A (A
O

Theorem 4(Submodularity) LetA  A%andv be any node in the graph not alreadyA®. Then,
(A°lfvg) (A) (A[fvg) (A
PROOF BY CONTRADICTION. Assume instead that:
(A°[fvg) (AY> (A[fvg (A (18)
Let R, = Revk-NN(v) denote the set of nodes that consideamong theikk nearest neighbors.
The marginal gain of addingto a setA is:

[
Ryn  Revk-NN(V9

vO02 A
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Inequality (18) implies:
[ [
jRy N Revk-NN(V9j > jRy n ~ Revk-NN(V9j
v02 A0 vO2 A
But sinceA® A, we have:

[
Revk-NN(v9) Revk-NN(V9
vO2 A v02 AO
which implies theeverseinequality:

[ [
jRy N Revk-NN(V9j j Ryn  Revk-NN(VY9j
v02 A vO2 A

This contradicts our assumption in Eq. (18), completing the proof.

A.6  Proof of Monotonicity and Submodularity under Estimated Rev-k-NN

Let Bevk-NN(v) denote the approximate reverse k-NN set of a nodend € A) denote the ap-
proximate coverage function computed using these sets. The greedy algorithm in Theorem 2 pro-

vides a(1  1=€)-approximation to the maximization df A), since the proof relies solely on
submodularity and monotonicity of the input function—both of which are preserved under the ap-
proximation (as the union of approximate sets still yields a valid set function).

To relate this back to the true optimufn A ), we leverage the uniform error bound from Lemma 1
(Appendix A.3), which ensures that for any get

€A (A with high probabilitf 1 ):

Let & be the set returned by greedy maximization dzeandA be the optimal set under the true
objective . The greedy guarantee gives:

l .
§/H 1 fA)

By the uniform bound, we knoR A ) ( A) , SO:
§A 1 ((A) )= 1 3 (A) 1

Thus, even when using approximate Rev-k-NN sets, the greedy algorithm achieves the following
guarantee on estimated coverage:

€/ 1 Z (A) 1

A.7 Impact of parameters

All experiments in this section are conducted on two large-scale benchmarks—WikiCS (ho-
mophilous) and Questions (heterophilous)—to evaluate three critical hyperparameters:

Revk-NN neighbourhood size k). Fig. 17 shows that a moderate choic&kahaximizes delity

for both WikiCS and Questions. On WIkiCS, increasknfyjom 1 to 5 raises mean delity from 0.72

to 0.78, after which delity declines (0.72 at 20, 0.69 at 100). Likewise on Questions, delity peaks

at 0.92 fork = 5 and then falls to 0.86 & = 100. These trends indicate that too small a prototype

set under-covers the class distribution, while too large a set introduces noisy, less representative
examples.
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Table 5: Accuracy of the underlying & and delity of GNNXEMPLAR across different GN
architectures on TAGCora

Architecture GNN Accuracy (%) Fidelity (%)

GraphSAGE 68.91 76.75
GCN 68.71 79.11
GAT 73.84 83.00

Training set sampling size. Fig. 18 evaluates the number of positive and negative nodes used to
generate feedback in each self-re nement iteration. Fidelity on both datasets peaks at a sampling
size of 20 (0.78 for WikiCS, 0.92 for Questions). Smaller sample sizes (1 or 5) under-represent mis-
classi ed patterns, yielding lower delity, whereas excessively large samples (100 or 200) introduce
so much data that the LLM struggles to distill the most salient corrective signals

Sampling rate for exemplar selection. Fig. 19 shows delity and runtime as a function of the
fraction of nodes used to compute Re\NN prototypes. Fidelity rapidly saturates by 5-10 %
sampling—achieving 0.75-0.78 on WikiCS and 0.86—0.92 on Questions—while full sampling (100
%) incurs orders-of-magnitude higher runtimes (0.7 690 s on WIkiCS; 0.01 s 41.6 s on
Questions) without signi cant delity gains. This demonstrates that a small fraction of the data
suf ces to produce explanations of near—state-of-the-art delity at minimal computational cost.

Practical recommendations. In light of these results, we recommend setting 5, using a posi-
tive—negative sample size of 20 per iteration, and sampling 5-10 % of nodes for exemplar selection
to balance explanation quality and ef ciency.

A.8 Robustness Across @GN Architectures

To assess the generalizability tav@ architectures, we apply it to three widely-usediGback-
bones—GraphSAGE, GCN, and GAT—each trained on the same node-classi cation task for the
TAGCora dataset. Table 5 summarizes both then® accuracy and the delity of our extracted
rules.

Despite differences in representational power and message-passing mechams{EMBLAR
achieves consistently high delity ranging from 76.8 % for GraphSAGE to 83.0 % for GAT. These
results con rm that GINXEMPLAR reliably translates diverse learned graph representations into
interpretable symbolic rules.

A.9 Dataset Descriptions

We evaluate our method on eight established node-classi cation benchmarks, chosen to span ho-
mophilous and heterophilous graphs, text-driven and purely structural domains:

» TAGCora A citation network of 2,708 computer-science papers connected by 10,556 directed
edges. Each node corresponds to a paper and is featurized by its title and abstract text. The task is
to predict one of seven topic categories at the node level.

« CiteSeerA citation network of 3312 publications partitioned into six topic labels. Edges indicate
citation links. Each paper is represented by a 3703-dimensional binary bag-of-words vector.

» ogbn-arxiv A directed graph of all CS arXiv papers indexed by MAG, with 169343 nodes and
1166243 citation edges. Node features are 128-dimensional vectors formed by averaging skip-
gram embeddings over title and abstract text. The 40 subject-area labels (e.g. cs.Al, cs.LG) yield
a 40-way classi cation task.

* WikiCS A homogeneous hyperlink network of 11701 Wikipedia articles across ten computer-
science categories, connected by 216123 edges. Node features are 300-dimensional averages of
pretrained GloVe word embeddings over the article text.
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e Amazon-ratings A product co-purchase graph (24492 nodes, 93050 edges) where edges link
frequently co-bought items. The goal is to predict discretized average review scores ( ve classes).
Each product is featurized by the mean of fastText embeddings over its description.

* Minesweeper A synthetic 100 100 grid (10000 nodes, 39402 edges) modeling the
Minesweeper game. Twenty percent of cells contain mines. Node features are one-hot encod-
ings of the true count of adjacent mines, with a binary “unknown” ag on 50% of nodes.

» QuestionsA user-interaction graph from Yandex Q (48921 nodes, 153540 edges), where an edge
indicates one user answered another's question over one year. The binary classi cation task pre-
dicts which users remain active. Node features combine fastText averages over user-pro le text
with a binary “no pro le” indicator.

* BA-ShapesA synthetic heterophilous graph built by attaching 80 ve-node “house” motifs to a
300-node Baralsi—Albert backbone, then adding random edges (10% of number of nodes). Each
node is labeled atip, middle base or background

B Human Evaluation

We designed and executed a survey in the form oA# test to compare the interpretability of
text-based explanations versus traditional subgraph-based explanations.

Survey Setup Participants were shown global explanations for the same GNN model, one in the
form of a subgraph(s) and the other as a textual rule. Their task was to evaluate both independently
and indicate which modality better communicated the model's reasoning for classifying a particular
class of nodes. We explicitly clari ed the meaninggibbal explanations— those meant to summa-

rize common decision patterns across all nodes of a given class — in conti@stltexplanations

that are tailored to individual nodes. To help participants make an informed judgment, we included
clear and detailed instructions at the beginning of the survey. These instructions emphasized that:

» Each explanation should be evaluated in isolation.

« Participants should not attempt to align the textual and subgraph formats.

» The goal is to judge which modality stands better on its own in helping them understand the
GNN's reasoning.

Participant Demographics We recruited60 participants with at least a basic pro ciency in ma-
chine learning fo5 A/B tests amounting foBOO total comparisons. All respondents came from

a computer science or engineering background, and we deliberately sampled both experts, i.e., re-
searchers actively working on graphs, and non-experts, who may work in other ML domains but
are still familiar with model reasoning and classi cation tasks. This balance allowed us to assess
interpretability across varying levels of familiarity with graph-structured data.

Statistical Tests To evaluate user preferences between the two explanation modalities presented
across ve A/B questions, we conducted both a Binomial test and McNemar's testBibmial

test, applied to the aggregate responses (275 total comparisons), assesses whether one modality was
preferred signi cantly more often overall. While informative, this test treats each question response

as independent and does not account for within-subject consistency. To address this, we additionally
usedMcNemar's test, which considers per-user paired choices across the ve questions, capturing
whether individuals systematically favored one modality over the other. Together, these tests pro-
vide complementary insights: the binomial test re ects population-level preference strength, while
McNemar's test con rms the consistency of that preference at the individual level.

Survey Materials and Transparency To ensure full transparency and reproducibility, we include
screenshots of key survey components in the Appendix. Fig. 6 shows the welcome page, which
introduced the task, explained the distinction between global and local explanations, and outlined
the survey objective. Fig. 7 presents the instructional page detailing how to interpret and evaluate
the two explanation modalities. Fig. 8 shows a representative A/B test question featuring a dataset
description and both types of explanations. Finally, Fig. 9 illustrates the evaluation criteria provided
before each A/B comparison to guide participants in making modality-speci ¢ judgments. These
materials demonstrate the care taken to ensure participants understood the task and the evaluation
criteria, lending credibility to the ndings reported in Sec. 4.7.
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Controlling for Content Differences Across Modalities The goal of this survey was to compare
the modalities of explanation—text versus subgraph—not their content richness. Since our textual
explanations are generated automatically, we needed to ensure that the subgraph explanations were
as close in content as possible to the text ones, so that the only difference being judged by participants
was the modality, not the information conveyed.

Our textual explanations include both structural and feature-based insights. For example, Fig.
14 shows the explanation for the Rule Learning class in TAGCora: Publications in “Rule Learn-
ing” contain keywords such as “inductive logic programming,” “meta-knowledge,” or “hypothesis
space,” and/or their immediate and 2-hop citation neighborhoods are predominantly Rule Learning
papers.

This explanation draws on both graph topology and node features (keywords). However, subgraph
visualizations cannot communicate high-dimensional features — how would one visually encode a
128-dimensional feature vector within a graph view?

To address this mismatch and ensure a fair comparison, we intentionally disabled feature informa-
tion while generating the text explanations used in the survey. This ensured that both explanation
types were grounded purely in structure, making the comparison about modality alone. Without this
control, the text-based explanations would have had an inherent informational advantage, introduc-
ing bias into the survey.

This content difference is illustrated in Fig. 14 and 8. The former shows a feature-rich explanation,
while the latter corresponds to the feature-neutral version used in the survey.

Table 6: Precision

Homophilous Heterophilous
TAGCora Citeseer WikiCS ogbn-arxiv ‘ Amazon-ratings Questions Minesweeper BA-Shapes
GNNInterpreter NA 0.50 0.00 NA NA NA NA 0.50 0.00 0.54 0.10
GCNeuron 0.32 0.00 0.16 0.00 NA NA 0.75 0.10 NA 0.58 0.00 0.16 0.00
GLGExplainer ~ NF NF OOM OOM NF OOM 0.25 0.01 0.37 0.09
Ours 0:85 0:03 0:95 0:05 0:98 0:00 0:99 0:00 ‘ 0:81 0:05 0:96 0:00 0:81 0:02 0:95 0:01

Table 7: Recall

Homophilous Heterophilous
TAGCora Citeseer WikiCS ogbn-arxiv ‘ Amazon-ratings Questions Minesweeper BA-Shapes
GNNInterpreter NA 1.00 0.00 NA NA NA NA 1.00 0.00 0.29 0.10
GCNeuron 0.17 0.00 0.33 0.00 NA NA 0.27 0.00 NA 0.53 0.00 0.33 0.00
GLGExplainer  NF NF OOM OOM NF OOM 0.49 0.01 0.22 0.12
Ours 0:82 0:02 0:89 0:06 0:58 0:03 0:67 0:02 ‘ 0:80 0:02 0:81 0:04 0:96 0:00 0:91 0:00

Table 8: F1 Score

Homophilous Heterophilous
TAGCora Citeseer WikiCS ogbn-arxiv ‘ Amazon-ratings Questions Minesweeper BA-Shapes
GNNInterpreter NA 0.67 0.00 NA NA NA NA 0.67 0.00 0.34 0.10
GCNeuron 0.15 0.00 0.22 0.00 NA NA 0.26 0.00 NA 0.45 0.00 0.22 0.00
GLGExplainer ~ NF NF OOM OOM NF OOM 0.33 0.01 024 011
Ours 0:82 0:01 0:92 0:03 0:71 0:03 0:77 0:01 | 0:80 0:02 0:86 0:03 0:87 0:01 0:93 0:00
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Comparing global explanation modalities
for Graph Neural Networks

/ Thank you for participating in this study on the explainability of Graph Neural Networks
(GNNs)!

In this study, you will explore how a trained GNN classifies nodes into particular classes.
For each classification task, you will be presented with:

« Two global explanations of the same GNN

+ One in the form of a subgraph visualization

« One as a textual description

4 What are Explanations?

An explanation tells you why a model makes a particular prediction — what pattern it has
picked up. In this survey, explanations take the form of subgraph visualizations and short
textual summaries that highlight the patterns the GNN has learned.

4 What are "Global" Explanations?

The explanations in this survey are meant to be global explanations — this is a key point:

« Unlike local explanations, which justify why one specific node was classified a certain
way, resulting in one explanation per node,

« Global explanations aim to show the common reasoning the model uses across all nodes
of a given class, resulting in one explanation per class of nodes.

/ Your Task

« Review both explanations independently.

« Decide which modality — subgraph or text — better helps you understand how the model
thinks about the entire class.

A Few Notes
« There are no right or wrong answers — we're interested in your preference.
« Just let us know which explanation you find more helpful and understandable.

We appreciate your time and insights!

@" Target Audience: Individuals with an engineering background—preferably in Computer
Science—and a foundational understanding of machine learning.

T Duration: 7-10 minutes

@ PS: SurveyCircle users receive points for their participation, which can be used to
recruit free survey participants at SurveyCircle.com

\ J

Figure 6: Welcome page of the user study. This page introduced participants to the study’s objec-
tive, explained the distinction between local and global explanations, described the two explanation
modalities, and clarified the task expectations. It also included details about the target audience,
estimated completion time, and participant incentives.
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Figure 7: Instructions shown to participants prior to the survey. These guidelines clarified how to
interpret subgraph and text-based explanations, emphasized evaluating each modality independently,
and explained the concept of global explanations to ensure consistent and meaningful user responses.

Figure 8: Example survey question shown to participants. This page presents the task context for
a global explanation comparison—participants were shown a dataset description followed by two

explanation modalities (text-based and subgraph-based) for the same model prediction and asked to
select their preferred one.
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