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Abstract

Graph-level clustering (GLC), which aims to group entire
graphs according to their structural and attribute-based simi-
larities, represents a fundamental yet challenging task in var-
ious practical applications. Existing GLC methods primarily
fall into two main paradigms: 1) deep graph clustering ap-
proaches based on Graph Neural Networks (GNNs), and 2)
kernel-based methods that utilize predefined kernels to per-
form fine-grained structural comparison for clustering. How-
ever, GNN-based methods typically learn graph-level repre-
sentations by aggregating node embeddings through pooling
operations, which inevitably leads to substantial information
loss and suboptimal clustering performance. In contrast, ker-
nel methods, despite their theoretical discriminability, suffer
from prohibitive computational costs that hinder their scal-
ability to large-scale settings. To solve these issues, we pro-
pose a novel graph learning framework named Anchor-driven
Nystrom for Deep Graph-Level Clustering (ANGC), which
computes graph similarity via kernel methods while retain-
ing the scalability of GNNs. Specifically, we first employ
GNN:ss to encode individual graphs into sets of node embed-
dings. Rather than relying on pooling operations, we com-
pute graph similarities in a kernel space constructed from
these embeddings. To enhance both scalability and expres-
sive power, we introduce learnable graph Nystrom anchors,
which support end-to-end optimization and significantly ac-
celerate kernel computations. To further improve the discrim-
inative capability of these anchors, we propose the concept of
anchor response discrepancy, that is, the variation in a given
anchor’s responses across different samples. By maximizing
this discrepancy, the anchors are encouraged to strengthen
inter-graph distinctions for better clustering. Extensive ex-
periments demonstrate the effectiveness and superiority of
ANGC over existing state-of-the-art methods.

Code — https://github.com/JXWANG-GRAPH/ANGC

Introduction

Graph-level clustering (GLC) is a fundamental unsupervised
learning task that aims to group entire graphs such that
those within the same cluster exhibit high structural and se-
mantic similarity, while graphs in different clusters are dis-
similar (Chen et al. 2025). In recent years, Graph Neural
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Figure 1: Comparison of learning paradigms between exist-
ing GNN-based deep clustering methods and the proposed
ANGC. (a) Although graphs may exhibit subtle structural
differences, the coarse representations generated by GNN
pooling often lack sufficient discriminative power. (b) In
contrast, ANGC measures graph similarity in a kernel space
without relying on pooling, enabling more fine-grained and
expressive similarity comparisons. Furthermore, by intro-
ducing learnable anchors, ANGC supports end-to-end train-
ing while maintaining low computational overhead.

Networks (GNNs) have become the dominant paradigm for
graph learning (Tu et al. 2022, 2024b,a; Hu et al. 2025b; Liu
et al. 2025b), owing to their scalability and strong ability to
capture task-specific graph semantics.

According to the graph similarity metric, the state-of-the-
art graph-level clustering methods can generally be catego-
rized into two main types: deep graph clustering based on
GNNs and graph kernel-based clustering approaches (Bai
et al. 2024a; Li et al. 2024). The GNN-based GLC meth-
ods typically begin with encoding structural information into
node embeddings by the message-passing mechanism (Tu
et al. 2024c; Bicciato et al. 2024; Liang et al. 2024; Deng
et al. 2025). These node embeddings are then aggregated
(e.g., via sum or mean pooling) to obtain coarse-grained
graph-level representations, which are used for clustering
by measuring graph similarity (You et al. 2021; Cai et al.



Method Scalability Discrimination | Expressiveness Flexibility
Kernel-based methods X v X v
GNN-based methods 4 X 4 X
ANGC (Ours) v 4 4 4

Table 1: Comparison with related work. “Scalability” indicates that the method could be easily extended to large-scale scenarios.
“Discrimination” refers to the extent to which the learned representations exhibit strong discriminative capability. “Expressive
power” denotes the capacity to learn high-quality and robust representations tailored to specific tasks. “Flexibility” reflects the

ability to accommodate diverse graph similarity measures.

2022b; Bai et al. 2024b; Zhang et al. 2025a), as illustrated in
Fig. 1(a). Despite their success in scalability and expressive
power, pooling operations often compromise the discrimi-
native quality of graph representations by mapping struc-
turally distinct graphs to similar embeddings, due to substan-
tial information loss. This limitation hinders the resulting
graph-level representations from accurately capturing inter-
graph distinctions for clustering. In contrast, kernel methods
employ predefined kernels to explicitly capture both struc-
tural and attribute similarities, enabling fine-grained graph
comparisons without relying on pooling (Shervashidze et al.
2011; Zaripova et al. 2023; Cosmo et al. 2024; Wang, Tu,
and Cheng 2025). Moreover, their flexibility in defining di-
verse kernels allows them to characterize graph similarity
from multiple complementary perspectives. However, the
high computational complexity of kernel methods severely
limits their scalability to large-scale datasets (Wang et al.
2023; Zhang et al. 2025b). Additionally, their inability to
be jointly optimized with the clustering objective constrains
their capacity to learn representations that are well-aligned
with downstream clustering tasks (Qian et al. 2024). These
challenges motivate the development of novel frameworks
that seamlessly integrate the fine-grained similarity model-
ing of kernel methods with the scalability and end-to-end
representation learning advantages of GNNGs.

An intuitive solution is to develop a framework that ef-
fectively reconciles the fine-grained graph comparison ca-
pabilities of kernel methods with the scalability and repre-
sentation power of GNNs. Within this framework, a GNN is
employed to encode the structural and feature information of
graphs, followed by the application of kernel methods to per-
form graph similarity measurement based on these learned
representations. To achieve this, two key challenges are sup-
posed to be addressed: 1) the kernel-driven graph similar-
ity computation must be computationally efficient, ideally
with linear complexity; and 2) how to integrate graph sim-
ilarity measurement with GNNs into a unified optimization
framework. To tackle the first challenge, we draw inspira-
tion from the Nystréom method (Williams and Seeger 2000),
which approximates kernel computations by selecting a sub-
set of anchors to reduce computational overhead signifi-
cantly. For the second challenge, we parameterize these an-
chors as learnable entities, enabling joint optimization of
kernel computation and GNN representation learning. This
design allows the entire framework to be trained end-to-end,
effectively unifying the strengths of both GNNs and kernel
methods while aligning the learned representations with the
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clustering objective.

In this work, we design a simple yet effective kernel-based
deep graph-level clustering framework, termed Anchor-
Driven Nystrom for Deep Graph-Level Clustering (ANGC).
Specifically, we first employ GNNs to encode the structural
and attribute features of each graph into node embeddings.
These node embeddings are then used to compute graph sim-
ilarity via kernel methods. To make this process both end-to-
end trainable and computationally efficient, we design the
parameterized graph Nystrom anchors that serve as repre-
sentative proxies in the similarity computation. Moreover,
to enhance the discriminative capacity of these anchors, we
propose response difference regularization, which encour-
ages the model to learn more informative anchor represen-
tations by maximizing the variability in responses of differ-
ent graphs to the same anchor. In the end, we seamlessly
integrate graph similarity measurement with GNNs repre-
sentation learning into a unified framework. On one hand,
by leveraging the fine-grained graph comparison of kernel
methods, we can more accurately measure graph similar-
ity while avoiding the information loss caused by pooling.
Moreover, different base kernels can be flexibly employed to
capture various structural patterns. On the other hand, learn-
able graph Nystrom anchors reduce the kernel computation
to linear complexity. The end-to-end design enables the clus-
tering objective to directly guide the GNNs in learning more
expressive representations. To highlight the advantages of
our method over existing approaches, we conduct a com-
parative analysis of key characteristics, including scalability,
discrimination, expressiveness, and flexibility (see Table 1).
We summarize the contributions of this work:

* We propose ANGC, an end-to-end clustering framework
that seamlessly integrates the fine-grained comparison
strengths of kernel methods with the scalability and rep-
resentation learning power of GNNs within a unified op-
timization architecture.

* We propose learnable graph Nystrom anchors, which en-
able joint optimization of kernel-based graph similarity
measurement and the clustering objective in an end-to-
end manner. Additionally, we introduce a novel anchor
response discrepancy regularization to enhance the dis-
criminative power of these anchors, thereby improving
clustering performance.

Extensive experiments demonstrate that ANGC achieves
superior performance and computational efficiency com-
pared to state-of-the-art competitors.



Related Work

GNN-based GLC methods typically leverage graph neural
networks to encode structural information into node rep-
resentations, which capture local substructure patterns (Hu
et al. 2025a; Tu et al. 2025; Liu et al. 2025a). These node
representations are then aggregated into graph-level embed-
dings via a pooling operation, which are subsequently used
for clustering. For example, DCGLC (Cai et al. 2024) inte-
grates subspace clustering techniques and performs cluster-
ing in both subspace (Cai et al. 2022a) and Euclidean space
after pooling, aiming to enhance performance through multi-
ple clustering criteria. GPC (Chen et al. 2025) leverages pre-
trained GNNs with prompt-based finetuning to adapt graph-
level clustering to diverse data distributions. Despite their
successes, these approaches rely heavily on graph-level rep-
resentations derived from GNNs, which may cause signif-
icant information loss during the compression process and
thus limit clustering performance. Although various graph
pooling methods have been proposed, such as the clustering-
based DiffPool (Ying et al. 2018), the sorting-based Sort-
Pool (Zhang et al. 2018), and the attention-based SAG-
Pool (Lee, Lee, and Kang 2019), they enhance hierarchical
graph representations only to a limited extent. Due to the
inevitable loss of nodes or edges during pooling, these ap-
proaches often preserve limited structural information.

In contrast to GNN-based methods, graph kernel tech-
niques are the predominant tools for graph learning before
the emergence of GNNs. These methods rely on predefined
substructure (e.g., path, subtree, or subgraph) to perform
fine-grained comparisons of structural patterns (Borgwardt
and Kriegel 2005; Shervashidze et al. 2011; Cosmo et al.
2024; Zhang et al. 2024), often resulting in stronger expres-
sive power. While graph kernels enhance representational
power, they also incur substantial computational costs (Liu
et al. 2025c). To reduce this complexity, prior work intro-
duced the Nystrom method (Williams and Seeger 2000),
which approximates the full kernel matrix by randomly se-
lecting a subset of samples as anchors, thereby reducing the
computational cost from quadratic to linear. However, de-
spite this efficiency gain, their non-end-to-end nature pre-
vents joint optimization with downstream tasks, limiting
their capacity to learn task-specific representations for clus-
tering. In this paper, we introduce graph Nystrom anchors,
enabling the seamless integration of kernel methods and
clustering objectives into an end-to-end framework.

Method

In this part, we begin with an illustration of the basic nota-
tions and definitions, and then present the proposed ANGC
method in detail.

Notations and Definitions

A graph G = {X,A} with n nodes is represented by
two matrices: the adjacency matrix A € {0,1}"*", where
A;; = 1 indicates an edge between node ¢ and j; and the
node feature matrix X € R™*? where the i-th row x; €
R? represents the feature vector of node i. A kernel func-
tion k(-, -) measures the similarity between two objects and
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implicitly defines a mapping (-) into a high-dimensional
Hilbert space. Given a set of inputs {1, ..., z, }, the kernel
matrix K collects similarities with entries K;; = k(z;, ;).

Definition 1 (Nystrom Feature Mapping). Given a pos-
itive semi-definite kernel function k(x,x'), the Nystrom
method approximates the implicit mapping v (x) induced by

the kernel using a set of M anchor points {x1,...,xp} C
X. The Nystrom feature mapping is defined as:
—1/2
U(z) = Ko aK 30 (1)

where K, 4 k(z,21),...,k(z,z0)] € RM de-
notes the kernel similarities between x and the anchors
A={z1,...,2m}, and Ka 4 € RM*M js the kernel ma-
trix over the anchors. This yields a finite-dimensional, ex-
plicit approximately kernelized representation of x that pre-
serves the similarity structure encoded by k. In this paper,
Y(x) € RM denotes the vector representation of .

Anchor-Driven Nystrom Method

Graph Pre-Encoding Before training ANGC, we first
generate an augmented graph G = {X, A} from the origi-
nal graph G, following the augmentation strategy proposed
in GraphCL (You et al. 2020). Both the original graph and its
augmented view are then encoded using a shared graph en-
coder fg, which is implemented with GIN (Xu et al. 2019).
The entire pre-encoding process can be formalized as:

HG:fE(XaA)7 HG:fE(XvA)v (2)

where Hg, Ha € R™*4 and n is the number of nodes of
graph G and d is the embedding dimension. These represen-
tations are then leveraged to measure the similarity between
graphs in the subsequent modules. Prior work (Xu et al.
2019) has shown that the node representations obtained from
an L-layer GNNs implicitly capture the L-hop subtree struc-
tures rooted at each node, which are provably equivalent
to the features extracted by the 1-WL (Weisfeiler—Lehman)
test (Shervashidze et al. 2011). These representations are
then leveraged to measure the similarity between graphs in
the subsequent modules.

Deep Nystrom Feature Mapping To reduce the compu-
tational complexity of kernel computing, we employ the
Nystrom method (Williams and Seeger 2000) to acceler-
ate kernel computing. This enables costly kernel methods
to scale to large datasets while maintaining strong perfor-
mance. However, traditional Nystrom approaches rely heav-
ily on the choice of anchor points, and the quality of the ap-
proximation is highly sensitive to their representativeness.
Moreover, their non-end-to-end nature hinders seamless in-
tegration with deep learning models and joint optimization.
To address these limitations, we propose a novel formulation
of learnable anchors, i.e., parameterized anchors that can be
optimized jointly with the learning objective.

Definition 2 (Graph Nystrom Anchors). Let A
{Z1,Z5,...,Z)} be a set of M parameterized graph an-
chors, where each Z.,,, € R"*4 corresponds to the node em-
beddings matrix of the m-th anchor graph. Here, 7, is a
trainable parameter, meaning that its entries are optimized



during the learning process. The integer n denotes the num-
ber of nodes in the anchor graph, and d is the dimensionality
of the node representations.

The anchor set A can be jointly optimized with the train-
ing objective, enabling the anchors to serve as representative
graph prototypes that facilitate graph-level representation
learning and kernel approximation. Based on these learn-
able anchors, we then compute the Nystrom embedding of a
graph G in the anchor space A according to Eq. (1):

W(G) = Ka.aK '} 3)

This embedding is then used as the graph representation for
clustering via K -means. For this base kernel k(-,-) com-
putation in Eq. (3), we first use a distance metric to quan-
tify the difference between graphs G; and G based on
their encoded node representations Hg,, HGj, denoted as
d(Gi, Gj), and then apply a Gaussian kernel to convert the
distance into a similarity score, that is:

k(Gi, Gy) = exp (=Md(Gi, G;)?) @)

where ) is a hyperparameter that controls how strongly
the distance d(G;, G;) between graphs affects their simi-
larity. In this paper, we use Maximum Mean Discrepancy
(MMD) (Borgwardt et al. 2006) as the metric to measure the
graph distance d(, -).

Through the learnable graph Nystrom anchors, we ex-
plicitly map each graph into the kernel space induced by a
set of anchor embeddings, thereby approximating the origi-
nal kernel features. Most importantly, the parameterized de-
sign enables these embeddings to be directly used in down-
stream clustering tasks, allowing the representations to be
optimized in an end-to-end manner.

Response Discrepancy Regularization While parameter-
ized anchors provide flexibility through end-to-end learning,
their discriminative ability is not guaranteed without explicit
guidance. In practice, anchors with poor discrimination may
fail to effectively represent diverse graph structures, limit-
ing the quality of the resulting embeddings. To enhance the
discriminative power of the anchors, we introduce a dedi-
cated optimization objective that encourages each anchor to
respond distinctly to different graphs.

Definition 3 (Anchor Response Discrepancy). Let K x 7 €
RNXM denote the kernel matrix between N graphs and M
anchors, where [Kx z); ; = k(x;, z;) denotes the similarity
between graph i and anchor j. The response discrepancy of
the j-th anchor is defined as:

. g2
ri= Y (Exzli,j] = Kxz[i'. )" )
1<i<i’<n
In practice, the response discrepancy of all anchors can be
computed in closed form using matrix operations:
. o2
r=N-diag(K{,Kxz) — (Kxz1n) ,  (6)

where r € RM is the vector of response discrepancies for
all anchors, 1y € R¥ is an all-one column vector, diag(-)
extracts the diagonal of a matrix and (-)°? denotes element-
wise square. The response discrepancy of the j-th anchor,
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denoted as r;, quantifies the variability in responses of dif-
ferent samples to this anchor. A high value of r; indicates
that the anchor produces diverse responses across the sample
set, suggesting a strong discriminative capacity. In contrast,
a low response discrepancy implies that the anchor yields
similar responses for all samples, indicating limited discrim-
inative power.

Based on anchor response discrepancy, we propose re-
sponse difference regularization, which maximizes the total
response discrepancy across all anchors:

M
Lr=-) _ri (7
=1

This target loss promotes diversity and separation among an-
chors, improving their capacity to capture meaningful struc-
tural variations in the data.

Graph Encoder Optimization We now specify the opti-
mization for the graph encoder fg. For simplicity, we design
our optimization strategy based on the contrastive learning
paradigm (You et al. 2020).

Specifically, we obtain the Nystrom embeddings (G)
and ¢ (@) of the original graph G and the augmented graph
G according to Eq. (3). These embeddings are then used to
compute the contrastive loss. The NT-Xent loss (Sohn 2016)
is adopted in this paper as the contrastive loss, designed to
enhance the similarity between positive pairs while pushing
apart negative pairs. Given a positive pair of graph embed-
dings (¢(G),¥(G)), the loss is defined as:

exp (sim(w(G), 1/)((?))/7’ )
exp (sim(4(G), 6(G) /)
®)

where sim(-,-) denotes the cosine similarity between two
embeddings, 7 is a temperature parameter, and B is the set
of all graphs in the batch. The total contrastive loss is then
computed by averaging over all graphs in the mini-batch:

lg=—log

G'eB,G' 4G

Lic = > UG). ©)

1Bl &t

Cluster Refinement We have respectively designed opti-
mization strategies for the anchors and the graph encoder.
However, these strategies are not inherently designed for
deep clustering. To provide more reliable guidance for clus-
tering, we follow previous work (Tu et al. 2021) and adopt a
self-supervised approach to enhance the clustering process.
Specifically, we use the Student’s t-distribution to generate
soft assignments for each sample:

4 — (1 +[[¥(Gi) —ujHQ/t)‘%t o)

> (L + [6(Ga) = pye|2/6)=F

where ¢;; denotes the probability that graph G; belongs to
cluster j, and p; is the K'-means cluster center for cluster j.




Algorithm 1: The learning procedure of ANGC

Input: Graph datasets G = {G1, ..., Gy }; number of epochs
E; number of Nystrom anchors M and nodes of per anchor
graph n;
Output: The clustering results.
Initialize graph encoder fr and graph Nystrom anchors.
fore=1to £ do
Generate augmented graphs G for G € G.
Obtain graph embeddings Hg, Ha by Eq. (2).
Obtain Nystrom embeddings 1(G), ¢ (G) by Eq. (3).
Compute total loss by Egs. (7), (9), (12), (13).
Back-propagation and update graph encoder fr and
graph Nystrom anchors.
end for
Obtain the clustering results via K-means on ¢(G).
return The clustering results.

1:
2:
3:
4:
5
6
7

o ®

Subsequently, to increase the confidence of cluster assign-
ments, we derive a target distribution based on the soft as-

signments:
py = i i (1)
Zj’(qij’/Zi Qi)
We define ) = [g;;] as the soft assignment matrix and P =

[pi;] as the target distribution for all samples. The cluster
refinement loss is then defined as:

Z szg IOg sz

Training Strategy The graph encoder fr and graph
Nystrom anchors are jointly optimized by minimizing the
following total objective function:

L=Lg+BLr+7Lo,

Lo = KL(P||Q) = (12)

13)

where 3 and +y are trade-off parameters that control the con-
tributions of L and L to the total loss. The detailed train-
ing procedure is provided in Algorithm 1.

Complexity Analysis

The time complexity of ANGC primarily consists of two
parts: the Nystrom feature mapping and the graph encoder
fE. Given a batch of N graphs and M anchors, computing
the kernel matrix K 4 4 requires O(M?2Cy,), where Cj, de-
notes the cost of the base kernel &(-,-). Computing K¢ 4,
the similarities between all samples and anchors, takes
O(NMC},), resulting in a total cost of O((NM + M?)C)
for the Nystrom feature mapping. The time complexity of
the encoder is O(L(E 4+ nDiyDoy)), where L is the num-
ber of GIN layers, ' and n represent the numbers of edges
and nodes, and Dj,, Doy denote the input and output dimen-
sions, respectively. Therefore, the overall time complexity of
ANGCis O((NM + M?)Cy + NL(E +nDi,Doy)). Since
M is typically small (set to 15-30 in our experiments), the
total complexity grows nearly linearly with the number of
graphs and the number of nodes and edges.
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Dataset #Graphs #Avg. nodes #Avg. edges

MUTAG 188 17.93 19.79
PTC-MR 344 14.29 14.69
BZR 405 35.75 38.36
NCI1 4110 41.22 43.45

DD 1178 284.32 715.66
ENZYMES 600 32.60 62.14

COLLAB 5000 74.49 2457.78
IMDB-BINARY 1000 19.77 96.53
REDDIT-M-12K 11929 391.41 456.89

Table 2: Dataset statistics.

Experiments

In this section, we first evaluate the performance of ANGC
on graph clustering datasets. Next, we study the runtime be-
haviour of the proposed methods on large-scale datasets. Fi-
nally, we conduct ablation experiments and hyperparameter
analysis on ANGC.

Experimental Setup

Datasets We evaluate the proposed framework on nine
datasets from different domains and of varying scales, all
included in the TUDatasets collection (Morris et al. 2020).
These datasets are categorized as follows: small molecule
datasets (MUTAG, PTC-MR, BZR, NCI1), bioinformat-
ics datasets (DD, ENZYMES), and social network datasets
(COLLAB, IMDB-BINARY, REDDIT-M-12K). The dataset
statistics is in Table 2.

Baseline Methods We compare the proposed method
with several state-of-the-art baselines, which can catego-
rized into three main types: 1) Graph Kernels: SP (Borg-
wardt and Kriegel 2005), RW (Vishwanathan et al. 2010),
WL-OA (Kriege, Giscard, and Wilson 2016), 2) Unsu-
pervised Graph Learning: InfoGraph (Sun et al. 2019),
GraphCL (You et al. 2020), JOAO (You et al. 2021),
3) Deep Graph-Level Clustering: GLCC (Ju et al. 2023),
DCGLC (Cai et al. 2024), GPC (Chen et al. 2025). For un-
supervised graph learning baselines, we employ K -means to
obtain the clustering results.

Implementation Details The reported results of ANGC
and all compared methods were conducted on the same de-
vice and under identical settings for fair comparison. We
employ a 5-layer GIN as the graph encoder, with an output
dimension of 32. The batch size is fixed at 128, and the num-
ber of training epochs is set to 200 for all datasets. We follow
the graph augmentation strategy used in GraphCL (You et al.
2020). By default, the number of learnable anchors is set to
20, and each anchor corresponds to 20 nodes. The hyper-
parameter A is chosen from the values [0.001,0.01, 0.1, 1].
Moreover, the learning rate, dropout rate, and weight decay
are set to le—3, 0.3, and 5e—4, respectively, by default. We
employ clustering accuracy (ACC), normalized mutual in-
formation (NMI), and adjusted Rand index (ARI) as evalua-
tion metrics, presenting the mean and standard deviation val-
ues of these metrics across 10 independent runs per dataset.



Dataset Metric SP RW WL

InfoGraph

GraphCL

JOAO GLCC DCGLC GPC ANGC

ACC
NMI
ARI

72.8740.00
10.24+0.00
15.9540.00

77.654+0.00
30.81£0.00
30.2640.00

73.4040.00
14.50£0.00
21.20£0.00

MUTAG

77.95+1.41
35.2243.47
30.95+3.03

77.07+1.21
35.69+£2.83
28.9942.65

79.204+0.72
36.324+3.03
33.74+£1.65

71.9943.08
13.184+6.93
16.894+8.28

81.42+1.68
37.58+3.18
42.87+3.40

79.53+3.78
37.01+3.96
43.65+4.33

85.18+3.53
39.86+3.58
45.61+2.58

ACC
NMI
ARI

56.69+0.00
1.04+£0.00
0.50+0.00

56.98+0.00
0.63£0.00
1.254+0.00

52.914+0.00
0.234+0.00
0.05+0.00

PTC-MR

54.7940.68
0.49+0.35
0.28+0.21

1

54.334+0.76
15+0.55
0.16+0.029

56.394+0.18
0.531+0.21
0.41£0.01

56.10+3.29
1.2140.63
1.38£1.15

59.98+1.11
2.6040.89
3.661+0.92

55.69+1.59
1.2440.66
0.814+0.22

58.26+1.21
2.65+0.35
2.73£0.50

ACC
NMI
ARI

79.5140.00
4.134+0.00
3.97+0.00

64.69+0.00
0.00£0.00
-0.1540.00

75.5610.00
0.50+£0.00
3.76£0.00

BZR
2.39+

63.624+2.41
1.59+0.95 1

1.44 3

71.43+4.09
.04+0.77
.07£1.03

72.64+4.26
1.37£1.14
4.014£3.39

63.62+9.79
1.18+0.60
1.12£0.97

81.73£0.00
13.5740.00
18.2740.00

74.24+4.38
4.5940.75
2.32£0.86

83.07+0.73
14.78+0.47
18.75+0.33

ACC
NMI
ARI

50.10£0.00
0.10+0.00
0.00£0.00

50.0540.00
0.00+0.00
0.00£0.00

NCI1 OoOoT

55.214+0.41
1.34+0.55
0.94+0.39

1

54.82+1.13
0.65+0.21
.08+0.14

51.5542.23
0.84+0.18
0.51£0.22

56.31+1.50
1.32+0.41
1.01£0.35

56.94+1.27
1.07£0.13
1.31£0.42

59.18+2.85
2.57+0.38
3.15£1.32

61.48+1.91
2.671+0.14
3.32+0.90

ACC
NMI
ARI

58.8310.00
0.43+£0.00
0.14+£0.00

58.5740.00
0.13+0.00
-0.05+0.00

DD OOM

58.57+0.04
0.64+0.00
-0.02+0.08

58.024+0.04
0.6740.00
-0.33+0.03

57.954+0.04
1.49£0.00
-0.37+£0.00

60.7010.00
2.4040.00
2.3040.00

69.524+2.46
13.7741.62
21.254+1.08

61.35+1.16
7.694+0.79
14.31+1.85

75.27+4.18
20.64+2.21
23.531+2.34

ACC
NMI
ARI

22.00+0.00
2.5740.00
1.6940.00

17.0040.00
0.66+0.00
0.25+0.00

21.00£0.00
3.09+£0.00
-0.40£0.00

ENZYMES

22.064+0.98
2.40£0.45
1.25+0.52

1

21.5040.22
.25+0.12
0.9040.09

21.6610.37
1.60£0.01
0.94+0.02

21.8240.54
1.59£0.23
1.02+0.33

22.10+0.61
1.27£0.38
1.07£0.29

25.954+0.92
6.271+0.75
2.3040.58

27.82+1.42
5.52£2.04
2.414+0.41

ACC
NMI
ARI

47.3840.00
16.574+0.00
13.9540.00

53.5240.00
1.85+0.00
0.44+0.00

COLLAB OO0T

59.354+2.41
13.85+0.78
6.72+0.30

58.54+1.75
17.0140.95
10.2840.88

57.284+2.03
18.55+1.14
11.19+1.21

58.854+2.43
17.52+1.35
10.93+1.16

59.58+2.18
22.894+2.23
12.38+0.86

64.21+2.73
26.49+1.56
17.31+1.85

59.64+1.83
19.71+1.42
11.624+1.35

ACC
NMI
ARI

53.95£1.15 51.3040.00
6.52+1.69 0.16+0.00
0.66+0.36  0.03+£0.00

51.24+0.53
0.69+0.79
0.06+0.05

IMDB-BINARY

54.794+0.84
4.774+0.16
0.92+0.38

5

54.66+0.13
.16+0.19
0.83+0.02

58.20+1.84
6.76+£1.19
2.77£1.13

66.50+0.00
8.10+0.00
10.6040.00

66.50+2.37
9.16£2.09
11.03+2.72

59.57+2.85
7.32£1.84
9.27£1.96

70.831+2.31
13.78+1.25
15.39+1.64

ACC
NMI
ARI

18.91£0.00

REDDIT-M-12K OooT OooT

20.360.79
8.14+0.00 4.02+0.35
4.85+0.00 0.87£0.18 2.65+0.32 0.48+0.00 4.99+0.23

18.97+1.11
9.82+1.35

18.3540.75
1.65+0.08

22.6040.00
10.5140.46

21.6940.05 18.461+0.58 25.1410.69
10.40+1.58 2.18+0.31 15.57+0.62
3.1840.43 4.04+0.28 8.66+1.08

Table 3: Clustering performance (means * std) on nine graph datasets (%). “OOM” indicates the out-of-memory failure. “OO0T”
means cannot completed within 24 hours. The best and runner-up results are highlighted in bold and underline, respectively.

Dataset GraphCL DCGLC GPC ANGC
MUTAG 3.14 2.37 284  4.27
BZR 1.78 3.80 226  11.30

NCII 17.34 69.42  49.15 77.10

COLLAB 187.24 245.28 135.83 218.94

REDDIT-M-12K  532.95 1069.05 872.41 559.14

Table 4: One-epoch training runtime (in seconds) of the eval-
uated baseline approaches.

Performance Comparison

Table 3 reports the experimental results on nine datasets cov-
ering diverse domains and scale, where ANGC is compared
against nine state-of-the-art baselines. From the results, we
draw the following key observations. First, across 9 datasets,
ANGC achieves the highest accuracy on 8 of them, demon-
strating its strong ability to learn graph representations
that are well-suited for clustering. In particular, compared
to state-of-the-art baselines such as GLCC, DCGLC and
GPC, ANGC achieves clear and stable improvements across
molecule, bioinformatics, and social network datasets. For
example, on the datasets DD, IMDB-BINARY, and COL-
LAB, ANGC surpasses the closest competitor by 5.75%,
4.57%, and 4.33% in terms of ACC. Similarly, on the social
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network dataset COLLAB, IMDB-BINARY, and REDDIT-
M-12K, ANGC outperforms the second-best method across
all metrics. These results validate the effectiveness of in-
corporating kernel-based similarity modeling and the de-
sign choice to avoid information-lossy pooling operations in
ANGC. Moreover, we observe that ANGC maintains strong
performance on large-scale datasets, demonstrating its scala-
bility and robustness. In contrast, several kernel-based base-
lines (e.g., SP, RW) fail to complete within the 24 hours time
limit on datasets such as COLLAB and REDDIT-M-12K,
due to their high computational complexity in computing
pairwise kernel matrices. This highlights a major advantage
of ANGC—its ability to scale to large graphs without sacri-
ficing effectiveness.

Runtime Comparison To evaluate the scalability of our
proposed ANGC compared to existing GNNs, we con-
ducted experiments on large-scale datasets including NCI1,
COLLAB, and REDDIT-M-12K, as well as on small-scale
datasets MUTAG and BZR. The encoder was configured
with the same architecture across all models, consisting of
5 layers with a hidden dimension of 32, 20 anchors, and 20
nodes per anchor graph. All experiments were conducted on
a system equipped with an 8-core Intel Xeon E5-2667 v4 @
3.2GHz CPU, 256 GB of RAM, and an NVIDIA RTX 3090
GPU. Table 4 reports the runtime comparison across differ-
ent methods. From the results, we observe that on small-
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Figure 2: Hyperparameter sensitivity of ANGC on three
benchmark datasets with respect to four key hyperparame-
ters: number of anchors M, nodes per anchor n, 5 and .

scale datasets, ANGC incurs slightly higher runtime than
other baselines, as the computation cost introduced by kernel
methods is relatively more significant in this setting. How-
ever, as the dataset size increases, this kernel-induced cost is
no longer dominant, and ANGC achieves substantially lower
runtime than most methods, as demonstrated on REDDIT-
M-12K. This also demonstrates that, despite incorporating
kernel methods, our approach remains highly competitive
with existing GLC methods.

Ablation Study

To examine the effect of learnable anchors and the anchor re-
sponse discrepancy regularization, we evaluate two ANGC
variants on five benchmark datasets: ANGC_v1 replaces the
learnable anchors with fixed (non-learnable) anchors, while
ANGC_V2 removes the anchor response discrepancy reg-
ularization loss £r. As seen in Table 5, we can find that:
1) compared to ANGC_v1 and ANGC_v2, ANGC achieves
ACC performance gains of 10.64% / 3.65%, 6.1% / 1.45%,
8.09% /5.37%, 18.87% / 2.91%, and 8.79% / 5.35% across
the five datasets, respectively, demonstrating that learnable
anchors can adaptively capture discriminative substructures
and yield more clustering-friendly graph representations.
2) ANGC_v2 suffers noticeable degradation particularly on
large datasets, indicating that encouraging diversity among
anchor embeddings helps prevent redundancy and enhances
representation expressiveness. Overall, the complete ANGC
achieves the most robust and superior performance across
all datasets, confirming that the combination of learnable
anchors and anchor difference regularization is crucial for
effective graph-level clustering.

Hyper-Parameter Analysis

Figure 2 illustrates the sensitivity of ANGC to four key
hyperparameters on three representative datasets: MUTAG,
DD, and COLLAB. The hyperparameters include the num-
ber of anchors M, the number of nodes per anchor n, and
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Dataset Metric ANGC_vl ANGC.v2 ANGC

ACC 74.5445.18 81.53+4.87 85.18+3.53
MUTAG NMI 18.594+4.92 36.47+3.15 39.86+3.58
ARI 26374271 43.46+1.90 45.61+2.58

ACC 52.16+1.22 56.81+1.83 58.26+1.21

PTC-MR NMI  0.32+2.19 2.73+0.74 2.65+0.35
ARI  0.5940.30 2.134+0.49 2.734+0.50

ACC 53.39+1.60 56.11+2.24 61.48+1.91

NCI1 NMI  1.254043 1.414+0.39 2.6740.14
ARI  1.6940.23 1.8940.33  3.3240.90

ACC 56.40+3.82 72.36+3.51 75.27+4.18

DD NMI  0.12+0.00 18.924+2.11 20.64+2.21
ARI  -0.01£0.00 21.57+1.89 23.53+2.34

ACC 55.4243.70 58.86+3.11 64.21+2.73

COLLAB NMI 13.02+1.38 17.654+2.87 26.49+1.56
ARI  9.77+1.12 10.74+£1.90 17.31+1.85

Table 5: Ablation study for the Graph Nystrom Anchors.
ANGC_v1 employs fixed (non-learnable) anchors in place of
learnable ones, and ANGC_v2 removes the anchor response
discrepancy regularization loss L.

the regularization coefficients 5 and 7. As shown, ANGC
maintains relatively stable performance across a wide range
of hyperparameter values, indicating the robustness of our
design. For M and n, the accuracy first increases and then
slightly decreases, with the optimal range around 20-25,
suggesting that a moderate number of anchors and nodes per
anchor is sufficient to capture discriminative structural pat-
terns without overfitting. Regarding the regularization pa-
rameters J and -, the performance shows a bell-shaped
trend: extremely small or large values lead to performance
degradation, while moderate values (e.g., 5 = 0.01, v = 10)
achieve the best clustering accuracy on MUTAG. These ob-
servations clearly confirm that ANGC is not overly sensi-
tive to hyperparameter tuning and can consistently achieve
robust and reliable performance across a broad range of pa-
rameter settings.

Conclusion

In this work, we propose ANGC, a novel graph-level clus-
tering framework that effectively integrates the expressive-
ness of kernel methods with the scalability of GNNs via
an anchor-driven Nystrom approximation. By introducing
learnable graph anchors and formulating a response discrep-
ancy regularization, ANGC enables end-to-end optimization
of both graph representations and kernel similarities, which
enhances the ability of the model to capture fine-grained
structural differences across graphs. Extensive experiments
on diverse datasets validate the superiority of ANGC in
terms of clustering performance and scalability. In future
work, we will explore extending the anchor-based frame-
work to hierarchical clustering or multi-view graph scenar-
ios, and further tighten the theoretical understanding of the
anchor optimization strategy.
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