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Abstract

Attributed graph clustering has achieved remark-
able success by synergistically integrating topolog-
ical structures and node attributes. While subspace
learning has emerged as a dominant paradigm for
node partitioning, most existing methods rely on
implicit low-rank constraints, which often fail to
capture complex nonlinear manifolds and suffer
from prohibitive computational overhead on large-
scale graphs. In this paper, we propose ELSS
(Explicit Low-rank Structured Subspace learning),
a scalable and robust framework that transcends im-
plicit formulations. Specifically, ELSS learns an
explicit and nonlinear low-rank subspace within a
graph-structured embedding space, effectively un-
covering latent cluster structures. To effectively
mitigate the pervasive oversmoothing issue, we in-
troduce a homophily-aware adaptive graph filter,
which dynamically calibrates smoothing intensity
to preserve discriminative ego-information. Fur-
thermore, to ensure linear scalability, we develop
a PageRank-guided structural sampling strategy for
anchor-based approximation, which identifies piv-
otal landmarks based on their global topological
prestige. Theoretical analysis guarantees that ELSS
effectively mitigates spectral collapse while main-
taining a linear complexity. Extensive experiments
on diverse benchmarks demonstrate that ELSS con-
sistently delivers superior clustering accuracy over
state-of-the-art methods.

1 Introduction

Attributed Graph Clustering (AGC) is a fundamental task in
unsupervised graph learning that aims to partition nodes into
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semantically consistent clusters by integrating two comple-
mentary sources of topological structure and node attributes
[Li et al., 2025]. This dual-source fusion is critical for ad-
dressing real-world problems such as community detection
in social'networks [Xian er al., 2025], research field catego-
rization in citation networks [Tang er al., 2024], and func-
tional module identification in biological networks [Su et al.,
2025]. With the exponential growth of graph data, e.g., social
networks with billions of nodes and edges, AGC confronts
substantial challenges in simultaneously achieving represen-
tational expressiveness, computational scalability, and clus-
tering effectiveness.

The rapid development of deep clustering [Zhou et al.,
2024b] has witnessed increasing progress in AGC. Exist-
ing methods typically incorporate Graph Convolutional Net-
works (GCNs) [Wu et al., 2019; Klicpera ef al., 2019] to learn
graph embeddings, coupled with self-supervised clustering
heads for label assignment. Despite their powerful repre-
sentation learning capabilities, these methods heavily rely on
pretext tasks, such as contrastive learning [Yang er al., 2023;
Liu et al., 2024; Deng et al., 2025] and attribute reconstruc-
tion [Peng et al., 2021; Cheng et al., 2021], which often
require complex hyperparameter tuning and sensitive data
augmentation. Furthermore, most deep AGC frameworks
are computationally inefficient on full-scale graphs due to
the overparameterized neural operations. While topology-
guided subgraph sampling has been widely adopted to facili-
tate training [Xie ef al., 2025; Wu et al., 2025], it frequently
results in the loss of global structural dependencies, leading
to suboptimal clustering boundaries.

Recently, Attributed Graph Subspace Clustering (AGSC)
[Cai et al., 2023] has gained significant attention by in-
tegrating the classic self-expression principle [Miao et al.,
2025] into the graph embedding space, achieving state-of-
the-art performance. Mathematically, AGSC aims to learn
a low-dimensional coefficient matrix that captures a refined
latent structure, which typically exhibits superior discrimina-
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tive power compared to the raw graph topology. However,
vanilla AGSC formulations suffer from quadratic space and
cubic time complexity, severely limiting their applicability to
large-scale graphs [Lin et al., 2025]. To address this bottle-
neck, Fettal et al. [Fettal et al., 2023] proposed the SAGSC
model, which utilizes simplified graph convolution and or-
thogonal factorization to achieve linear computational com-
plexity.

In this paper, we theoretically demonstrate that SAGSC
is a specialized instance of explicit low-rank representation
restricted to a linear kernel. This observation reveals sev-
eral critical deficiencies in existing scalable models. First,
these methods predominantly operate in linear feature spaces,
hindering their capacity to uncover the complex nonlinear
manifold structures ubiquitous in real-world graphs. Second,
existing methods rely heavily on fixed-weight graph filters
to aggregate long-range structural dependencies; as the fil-
ter depth increases, these mechanisms inevitably trigger the
oversmoothing phenomenon, causing node representations
to homogenize and lose discriminative ego-information. Fi-
nally, while anchor-based approximation facilitates scalabil-
ity, it frequently resorts to uniform sampling that tends to
overlook pivotal structural landmarks and topological hubs,
leading to biased and suboptimal subspace approximations.

To address these challenges, we propose the Explicit
Low-rank Structured Subspace Learning framework (termed
ELSS), a scalable and robust solution for attributed graph par-
titioning. By extending explicit low-rank factorization to a
graph-smoothed nonlinear kernel space, ELSS enables pre-
cise mapping of nodes onto a latent manifold where cluster
structures are inherently more distinguishable. To alleviate
the loss of discriminative node characteristics caused by ex-
cessive smoothing, we incorporate an adaptive filtering mech-
anism that adapts to local homophily, thus preserving criti-
cal discriminative features. For computational efficiency, we
leverage the global topological prestige of nodes through a
PageRank-based sampling strategy. This facilitates the selec-
tion of high-quality structural anchors, enabling linear-time
optimization while retaining the graph’s.intrinsic structural
properties.

2 Related Work

2.1 Notations

Throughout this paper, we use boldface lowercase italics
(e.g., x), boldface uppercase roman (e.g., X), and regular ital-
ics (e.g., x;;) to denote vectors, matrices, and scalars, respec-
tively. Calligraphic symbols (e.g., V) are used for sets. An
attributed graph is defined as G = (V, &, A, X), where V is
the set of NV nodes, & is the set of edges, A € {0, 1}V*¥V
is the adjacency matrix, and X € RM*PD represents the
node attribute matrix. We define the augmented adjacency
as A = A 4+ I. The diagonal degree matrix is denoted by

D, where D;; = >, A;;. The symmetric normalized graph

Laplacian is defined as L = I — D~1/2AD~1/2,

2.2 Subspace Learning

Subspace representation learning operates on the premise
that data points are sampled from a union of multi-

ple low-dimensional linear subspaces [Miao et al., 2025].
This paradigm is traditionally formulated through the self-
expression property, where each data point is represented as
a linear combination of other points in the same subspace:

min |[X — ZX||7 + R (Z), (1)

where Z € RV <Y denotes the self-expressive coefficient ma-
trix, which ideally exhibits a block-diagonal structure indi-
cating the cluster assignments. The regularization term R(Z)
imposes specific structural constraints, such as sparsity via
IIZ||1 in Sparse Subspace Clustering (SSC) [Yu et al., 2023],
or low-rankness via the nuclear norm ||Z||, in Low-Rank
Representation (LRR) [Ding er al., 2025]. A classic formula-
tion of LRR is given by:

Inzin Z||, st X=ZX. 2)
The clustering result is obtained by conducting spectral clus-
tering on 3(|Z| +|Z 7).

Despite its theoretical elegance, traditional self-expression
models face significant challenges in the context of large-
scale attributed graphs. Specifically, the implicit nature of Z
necessitates solving for an NV x N matrix, leading to at least
quadratic or even cubic computational complexity, which is
prohibitive for massive graphs. Although anchor-based ap-
proximation methods offer a scalable alternative [Cai et al.,
2025]; they predominantly rely on uniform sampling, which
ignores the non-uniform importance of nodes. This leads to a
fidelity gap where structural hubs are undersampled, resulting
in inaccurate spectral approximations.

2.3 Attributed Graph Clustering

Given G, AGC aims to partition nodes into k disjoint clus-
ters {C1,...,Cx} by unsupervisedly integrating topological
structures and node attributes. This dual-source approach is
indispensable for applications such as social network anal-
ysis, citation networks, and bioinformatics, where neglect-
ing either source leads to suboptimal clustering performance.
Consequently, research in this field predominantly focuses
on graph embedding learning or cluster structure optimiza-
tion. Existing methods can be categorized into two-stage and
end-to-end approaches. Representative two-stage methods,
such as SAGSC [Fettal et al., 2023] and MCGC [Pan and
Kang, 2021], first project the raw data into a latent embed-
ding space via graph filtering, followed by a separate cluster-
ing algorithm. In contrast, end-to-end methods integrate dif-
ferentiable clustering heads with established techniques like
graph convolutions [Zhu et al., 2024], attention mechanisms
[Zhou et al., 2024al, or contrastive learning [Liu et al., 2024],
enabling joint optimization of embeddings and cluster assign-
ments.

Despite their success, the computational overhead of pro-
cessing large-scale graphs remains a critical bottleneck. In
particular, many deep subspace clustering methods that rely
on the self-expression of node embeddings, such as MCGC
[Pan and Kang, 2021], suffer from O(N?) complexity due to
the prohibitive eigenvalue decomposition of the refined affin-
ity matrix. To alleviate this, recent research has shifted to-
ward scalable AGC architectures. Within the deep learning
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community, methods such as [Xie et al., 2025; Wu et al.,
2025] employ topology-guided subgraph sampling to facil-
itate efficient mini-batch training. However, such localized
sampling strategies are inherently suboptimal, as they of-
ten fragment the graph, thereby failing to capture long-range
structural dependencies and global manifold structures. Par-
allel to these efforts, a class of lightweight attributed subspace
clustering (AGSC) methods, exemplified by SAGSC [Fettal
et al., 2023] and S?AGC [Lin et al., 2025], has emerged.
These methods prioritize the design of efficient yet effective
linear-time operators, bypassing the heavy neural architec-
tures or costly matrix decompositions of their predecessors.

3 Method

Inspired by the efficiency of SAGSC, we propose ELSS, a
scalable framework that generalizes explicit low-rank struc-
tured representations into a nonlinear kernel space, while in-
tegrating an adaptive graph filter and structural sampling to
ensure both clustering effectiveness and linear complexity.

3.1 Homophily-aware Adaptive Graph Filtering

To capture the structural dependencies inherent in the graph,
we map the raw attribute matrix X into a smoothed embed-
ding space H through non-parametric graph filtering. Con-
ventional approaches typically employ a L-order linear prop-
agation [Wu et al., 2019],i.e., H = PYX, where P =1 — L
denotes the normalized propagation matrix. However, such
a simplified mechanism is prone to oversmoothing, a phe-
nomenon where node representations converge toward a com-
mon subspace dominated by the graph’s stationary distribu-
tion, thereby depleting discriminative capacity as L increases.

To mitigate this, we adopt a homophily-aware adaptive
graph filter scheme inspired by APPNP [Klicpera et al.,
2019]. The core is to a teleport probability o &€ (0, 1] to
balance local smoothing and feature preservation. However,
we argue that a fixed global probability overlooks the struc-
tural heterophily across different nodes. To this end, we dy-
namically calibrate the filtering intensity based on local ho-
mophily. For each node v;, we measure the cosine similarity
between its attributes x; and the aggregated features of its
neighbors &; = ﬁ > jen; ;- The node-wise coefficient
o; is computed as:

1 vy
o = (5 (1— cos(a:i7:ii))> , 3)

The hyperparameter v~ > 0 controls the nonlinearity of
the homophily-to-teleportation mapping. We empirically set
v = 2, which provides a balanced quadratic scaling that
appropriately amplifies homophily differences without over-
penalizing moderate heterophily.Further, we define our filter
as the following recursive form

H =(I-a)PH ! +aX, H =X, 4)

where a = diag([ay]) is a teleport probability matrix that
preserves the fidelity of the original attributes for each node.
The weighting scheme in Eq. (4) ensures that nodes in high-
homophily regions (cos ~ 1) receive stronger smoothing
(a; — 0), while nodes in heterophilous or outlier regions

(cos =~ —1) retain more ego-information (cv; — 1). Based on
the Theorem 1, our adaptive graph filtering effectively miti-
gates oversmoothing in high-order propagation.

Theorem 1. The iteration of Eq. (4) is a contraction map-
ping that converges to a unique fixed point H* = (I — (I —
a)P)~taX. For any node pair (v;,v;), the Euclidean dis-
tance satisfies:

[h° = h3ll2 > [[lum: — ajlla — [[(DF° — @5°) 2],
where > = (I — a)PH®™.
3.2 Low-Rank Property of ASGC

Here, we theoretically analyze the properties of existing
SAGSC [Fettal et al., 2023], a representative AGGC model.
SAGSC reformulates the node partitioning problem through
an explicit self-representation framework. Specifically, given
the graph-smoothed features H € R™ <P it seeks an optimal
orthogonal basis U € RY*" (#.< N) by minimizing the
following reconstruction residual:

. T2
Jmin |H=UUH|;. )
where the self-expressive coefficient matrix is explicitly fac-
tored as Z = UU . By expanding Eq. (5), the optimization
is equivalent to the principal component pursuit:

max tr (U'THH'U), (6)

UTuU=I

where the optimal solution U* consists of the top-r left sin-
gular vectors of H. It should be noted that the procedure
requires only linear complexity. Further analyzing this for-
mulation, we establish the following two lemmas.

Lemma 1. The reconstruction objective in Eq. (5) is equiv-
alent to maximizing the spectral energy of a linear kernel
K = HH', where K;; = (h;, h;). Furthermore, the pro-
jection operator Z. = UUT is the analytical optimal solution
to the implicit LRR problem under the explicit hard-rank con-
straint rank(Z) = r.

Lemma 1 reveals the spectral duality between explicit fac-
torization and implicit low-rank regularization. It demon-
strates that while the explicit framework achieves linear scal-
ability by bypassing the cubic complexity of nuclear norm
minimization, its expressive capability remains fundamen-
tally limited by the linearity of subspace.

3.3 Explicit Low-Rank Structured Representation

To overcome the inherent linearity and structural limitations
of existing scalable AGSC models, we propose a generalized
explicit low-rank representation framework. By mapping the
filtered features H into a Reproducing Kernel Hilbert Space
(RKHS) F via an implicit nonlinear mapping ¢ : H — F, the
model is formulated to capture complex nonlinear manifold
structures. The objective function is defined as:
. T 2 T

Jmin |¢(H)—UU ¢ H)||, + xr (U'LU), (7)
where A is a smoothing coefficient. In this formulation, U
serves as the explicit orthogonal basis that spans the prin-
cipal subspace in F, effectively representing the data coor-
dinates in a r-dimensional latent space. The second term,
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tr(UTLU), acts as a manifold regularizer that enforces spec-
tral smoothness, ensuring that the learned representation pre-
serves the intrinsic structured relationships of the graph.

By expanding the Frobenius norm in Eq. (7) and invoking
the kernel trick, the objective is reformulated into a nonlinear
generalization of the problem in Eq. (6):

T

e r (U' (K- AL)U), 8)
where K = ¢(H)¢(H) " denotes the kernel matrix (Gaus-
sian kernel is used in the paper). Let M = K — AL be the
target operator. According to the Rayleigh-Ritz theorem, the
optimal U* is comprised of the r eigenvectors associated with
the largest eigenvalues of M.

While this formulation offers enhanced nonlinear expres-
sivity, the direct eigendecomposition of the N x N matrix
M incurs cubic complexity O(N?3), which undermines the
linear scalability inherent in the original SAGSC. Crucially,
if M can be factorized as M = BB where B € RV*™
(m < N), linear complexity can be recovered. To this end,
we introduce a scalable and efficient optimization strategy in
the following subsection.

3.4 Structural Anchor Sampling for Scalability

Theorem 2. Let M = K — AL, where K = 0 and L = 0.
For a Nystrom approximation M,,, with m sampled columns,

ifA < G then |M = M|y = O(0m 41 (K)).

Based on Theorem 2, the potential operator M can be ap-
proximated by using Nystrom method. This allows us to
solve Eq. (8) in linear scalability. Unlike standard Nystrom
approaches that rely on uniform random sampling, which
may overlook critical topological hubs in sparse graphs, we
propose a structure-aware sampling strategy to select infor-
mative anchors. Specifically, we first compute the PageRank
centrality vector w € RY by solving for the steady-state dis-
tribution of a random walk on the graph, formulated as:

o, 1=

=P w+ I 1, )

where P denotes the transition matrix and 3 is the damp-

ing factor. This process identifies landmark nodes that pos-

sess significant structural importance or reside in dense clus-

ter centers. We then select a set of m anchors (m < N) based
on the probability distribution defined by 7r.

Let C € RYX™ be the sub-matrix capturing the affinities
between all nodes and the anchors, and W € R™*™ be the
inner-potential matrix among the anchors. The Nystrom ap-
proximation is then formulated as:

M =CcwWiC’ = (cve~1/?)cve~1/2)T =BBT,

(10)
where Wi = VX~V denotes the Moore-Penrose pseu-
doinverse derived from the eigendecomposition of W. Note
that B € RN*™ is a tall-and-skinny matrix. ~Conse-
quently, the optimal embedding U* can be efficiently ob-
tained by extracting the top-r left singular vectors of B, i.e.,
U* = SVD(B,r), maintaining linear computational com-
plexity with respect to N.
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Figure 1: Strong positive correlation (r = 0.65) between PageRank
scores and the ground-truth leverage scores of the graph embedding
for the ACM dataset.

Theorem 3. Let {; = ||U;.||* be the statistical leverage
scores of M. The PageRank vector T is an asymptoti-
cally optimal sampling distribution for Nystrom approxima-
tion such that p; ocm; minimizes the approximation error
|M — M||3 by satisfying the structural coherence constraint:
7 > Cly-6(Amin), where 0(+) is a spectral filter that biases
sampling toward the principal manifold.

From Theorem 3, we observe that by integrating PageRank
centrality into the Nystrom sampling framework, the approxi-
mation becomes inherently structure-aware. This strategy ef-
fectively biases the low-rank reconstruction toward the prin-
cipal manifold, where the latent clustering signals are most
concentrated. As evidenced in Figure 1, the PageRank scores
of an attributed graph exhibit a strong empirical correlation
with the matrix leverage scores.

Algorithm 1 Explicit Low-rank Structured Subspace cluster-
ing (ELSS)

Input: Attributed graph G = (A, X), number of clusters %,
propagation order L, number of anchors m, regulariza-
tion coefficient \.

Output: Clustering assignments {C1,...,Cg}.

Step 1: Homophily-aware Adaptive Graph Filtering
1: Compute adaptive teleport coefficients a; via Eq. (3);
2: Compute graph embedding H using Eq. (4);

Step 2: Structural Anchor Sampling

Compute PageRank scores 7 via Eq. (9);

4: Sample m anchor according to distribution p; o m;;

Step 3: Explicit Low-rank Structured Approximation

5: Compute eigendecomposition: W = VEV T,

6: Form low-rank basis: B = CVX~1/2;

7. Extract top-k left singular vectors of B as U*;

Step 4: Postprocessing

8: Apply non-negative mapping on U and perform trun-

cated SVD;

9: Conduct K-Means to obtain cluster assignment;

W
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3.5 Postprocessing and Analysis

We adopt a postprocessing strategy similar to the SAGSC
model [Fettal er al., 2023] to conduct implicit spectral seg-
mentation. The complete learning procedure of our ELSS
is summarized in Algorithm 1. The primary computational
bottlenecks stem from the construction of the kernelized an-
chor graph (O(NDm)) and the eigendecomposition of the
m x m affinity matrix (O(m?)). Since the number of an-
chors m is a fixed hyperparameter independent of the graph
size, the cubic term O(m?) is negligible for large N. Due
to the sparseness of adjacent matrix, the graph filtering re-
quires O(L|E|D). Consequently, the overall time complex-
ity is O(NDm + LIE|D + m?), and the space complexity
is O(N(D + m) + |£|). This analysis confirms that ELSS
achieves linear scalability with respect to the number of nodes
and edges.

Dataset #Vertices #Edges #Attributes #Clusters
ACM 3025 16153 1870 3
Wiki 2405 14001 4973 17
DBLP 4057 2502276 334 4
Computers 13381 259159 767 10
PubMed 19717 64041 500 3
OGBN-ArXiv 169343 1327142 128 40

Table 1: Dataset statistics.

4 Experiments

In this section, we evaluate the performance of the proposed
ELSS on six benchmark datasets. Due to space limitations,
we defer additional experimental results to the Appendix B.

4.1 Datasets and Metrics

To evaluate the performance of the proposed models, we con-
duct experiments on six widely used benchmark datasets.
These include four citation networks: ACM, DBLP [Wang
et al., 2019], PubMed [Sen et al., 2008], and Wiki [Yang et
al., 2015], as well as the Amazon Computers sales dataset
[Shchur et al., 2018] and the large-scale OGBN-ArXiv
dataset [Hu er al., 2020]. Detailed summary statistics for
these datasets are provided in Table 1. For performance as-
sessment, we adopt three standard clustering evaluation met-
rics [Cai ef al., 2021]: Clustering Accuracy (ACC), Normal-
ized Mutual Information (NMI), and the Adjusted Rand Index
(ARD).

4.2 Baseline Models

To validate the superior clustering performance of our
method, we selected representative baseline methods, ranging
from classical clustering algorithms to state-of-the-art deep
graph clustering models. For consistent comparison, our eval-
vation includes classical methods ( K-Means and Spectral
Clustering (SC) and subspace learning approaches (LSR [Lu
etal.,2012], EnSC [You et al., 2016al, SSC-OMP [You et al.,
2016b], and k-FSC [Fan, 20211]). We also compare with pop-
ular deep graph clustering methods, including SGC [Wu et
al., 20191, GIC [Mavromatis and Karypis, 20211, S?GC [Zhu

and Koniusz, 20211, and GCC [Fettal et al., 2022]. Further-
more, we include recent state-of-the-art frameworks: CCGC
[Yang et al., 2023], HSAN [Liu et al., 2023], MAGI [Liu et
al., 20241, DGCluster [Bhowmick ez al., 20241, S2CAG [Lin
et al., 2025], FPGC [Xie et al., 2025], and SAGSC [Fettal et
al., 2023].

4.3 Implementation Details

We conduct all experiments on a high-performance Linux
workstation (Ubuntu) equipped with an Intel Core i9-14900K
CPU and a NVIDIA GeForce RTX 5090 GPU with 32GB
of GDDR7 memory. The system is supported by 128GB
of RAM, and the deep learning environment is implemented
using PyTorch with CUDA 12.4. To ensure statistical reli-
ability, all experiments are repeated 5 times with different
random seeds, and the mean values with standard deviations
are reported. For consistent comparison, we utilize the offi-
cial source codes provided by the respective authors for most
baseline methods. We strictly adhere to a standardized exper-
imental protocol. Furthermore, we set the maximum number
of training epochs to 400 for all datasets. To ensure compu-
tational efficiency, we impose a runtime limit of 1 hour for
standard datasets and 6 hours for large-scale graphs. Em-
pirically, we configure the key parameters of our method as
follows. We set m € [100,300] for medium graphs and
m € [500, 1000] for large graphs. We also adopt L € [10, 30],
r~kyand A € [107°,1074].

4.4 Performance Evaluation

This set of experiments reports the ACC, NMI, and ARI
scores achieved by our proposed ELSS and all representa-
tive baselines across six datasets ranging from small-scale to
large-scale networks.

The quantitative results are summarized in Table 2 (for
ACM, DBLP, Wiki) and Table 3 (for Amazon Computers,
PubMed, OGBN-ArXiv). The best and second-best results
are highlighted in blue, with darker shades indicating supe-
rior performance. The underlined entries denote the third-
best results. From the reported statistics, we can observe that
ELSS consistently achieves the highest or competitive rank-
ing in terms of overall clustering quality among all evaluated
methods. This observation validates the effectiveness of our
proposed subspace learning framework for attributed graph
clustering tasks.

Specifically, on small and medium-sized attributed graphs
(Table 2), ELSS outperforms or matches the state-of-the-art
baselines. For instance, on the ACM and DBLP datasets,
ELSS achieves comparable high performance to the strong
competitor S2CAG, while significantly surpassing classical
methods like K-Means and SSC-OMP. It is worth noting that
while S?CAG shows a slight advantage on the small Wiki
dataset, ELSS demonstrates better robustness and generaliza-
tion capabilities as the graph scale increases.

The superiority of ELSS is particularly pronounced on
large-scale datasets with high feature dimensions and com-
plex structures, as shown in Table 3. On Amazon Computers,
ELSS improves upon the best baseline (S2CAG) by a mar-
gin of 2.7% in ACC and 3.4% in NMI. Most importantly,
on the massive OGBN-ArXiv dataset (approx. 170k nodes
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ACM DBLP Wiki
Method Input
ACC NMI ARI ACC NMI ARI ACC NMI ARI
Kmeans X 87.8+£0.9 61.7£1.5 67.4+2.1 679+£0.0 37.3+£0.0 31.5+0.1 47.6£1.4 48.6£0.2 26.6+0.2
LSR X 78.6£0.0 43.1+£0.0 48.3+0.0 69.4+0.1 34.7+0.1 36.4+02 178405 2.8+1.7 0.3£0.2
EnSC X 83.8+£0.0 53.0+£0.0 58.6£0.0 30.0£0.1 0.8+£0.2  0.1£0.0 47.5£0.0 452+0.2 30.2+0.1
SSC-OMP X 82.1+0.0 49.4+£0.1 553+0.0 29.4+0.1 044+0.1 -0.1+0.0 37.8£8.5 34.4£9.1 212479
k-FSC X 59.7£7.2  25.247.1 272472 51.3+£11.1 174473 17.34£9.6 38.2+£5.1 35.64+3.9 17.7+44
SC A 36.5£0.2 1.0+0.2 0.7£0.1  91.0+0.0 73.0+0.1 78.3+0.1 30.7£1.1 24.0+0.8 6.0£0.1
SGC A X 8374+0.0 55.7+0.0 58.8£0.0 88.8£0.0 69.5£0.0 73.24+0.0 51.9+0.8 49.6+£0.2 28.6+0.1
GIC A/ X 90.1+£03 682+0.6 732406 90.2+£0.2 72.4+04 77.4+03 48.0£0.7 484403 31.04+0.3
S2GC A/ X 84.1+0.1 56.8+£0.1 59.6+0.2 883£0.0 69.2+0.0 71.9£0.0 52.1£1.0 52.240.1 33.0+04
GCC A X 9134+00 71.2+0.1 76.0£0.1 91.8£0.0 74.5£0.0 80.5+0.0 53.7+1.4 53.5£0.5 31.6*l1.1
CCGC A X 875+£13 608+£2.6 665+32 879+£0.2 68.8+0.3 73.0£03 50.7£1.3 47.3+0.5 26.0+0.7
HSAN A X 90.1+00 67.3+0.0 729+0.0 87.6£0.0 68.5£0.0 72.1£0.0 54.44+0.0 49.1£0.0 33.6£0.0
MAGI A X 913+14 70.54+3.1 759437 91.1£0.1 74.0+£0.1 78.9+0.2 54.94+4.7 519+0.7 37.1+£4.9
DGCluster A,X 90.4+0.0 68.7£0.0 73.6+£0.0 92.1£0.1 752+0.0 80.9£0.0 56.4+0.0° 50.24+0.0 40.6+0.0
S2CAG A X 935400 7544+0.0 81.4+£0.0 93.5£0.0 78.8+£0.0 84.3+0.0 64.4+0.0 55.1£0.0 44.9£0.0
FPGC A, X 68440.1 37.240.0 37.0£0.0 92.1£0.1 76.2+£0.0 80.9+0.0 56.0+2.1 40.5+£0.0 20.8£0.0
SAGSC A/ X 932+0.1 75.0£0.2 80.840.2 93.0£0.1 77.8+£0.2 83.1£0.2 563£1.7 52.7+0.5 34.4+1.1
ELSS A, X 935400 75.7+0.0 81.5£0.0 93.6£0.0 79.2+£0.0 84.4+0.0  614+0.5 54.1£03 35.8+1.1
Table 2: Clustering performance of the different models over ACM, DBLP, and Wiki.
Method Tnput Amazon Computers PubMed OGBN-ArXiv
ACC NMI ARI ACC NMI ARI ACC NMI ARI
Kmeans X 29.8£0.3 29.5+0.5 12.1£0.1 59.4+0.0 30.1£0.0 26.7£0.0 17.7£0.1 22.7+£0.2 0.1+0.0
SGC A, X 655+0.0 522400 45.7£0.0 69.6+£0.0 29.3£0.0 29.9+£0.0 34.6+£0.4 39.24+0.1 25.2£0.6
GIC A X 468422 47.5+09 313£35 645404 262+03 23.8404 16.0+0.8 17.9+0.5 5.840.2
S2GC A, X 65440.0 554400 49.5£0.0 71.04£0.0 @ 32.9+£0.0 33.7£0.0 41.9+0.3 4594+0.1 36.9£0.5
GCC A X 67.6+00 56.0+£0.0 46.5+£0.0 70.5£0.0 32.2+0.0 33.1+0.0 40.5+1.7 46.8+£0.2 35.1£2.0
CCGC A, X 589404 57.0+£03 424+0.6 63.74£1.9  29.3+1.1 27.1£0.8 OOM OOM OOM
HSAN A, X 49.14+0.7 46.6+£0.8 29.8+0.8 61.6+14 27.8+£3.3 25.6+1.9 OOM OOM OOM
MAGI A, X 62.0+0.2 59.24+0.2 46.2+03" 60.6+0.1 18.6+£0.1 17.3£0.1 38.8+0.1 46.94+0.1 31.0+0.1
DGCluster A,X 51.24+0.0 54.5+0.0 512400 414+0.0 34.7+£0.0 24.44+0.0 33.9+0.0 43.2+0.0 29.24+0.0
S2CAG A, X 73.6+0.0 59.84£0.0 51.1+£0.0 753+£0.0 36.5£0.0 41.9£0.0 46.9+0.0 46.1£0.0 38.7+0.0
FPGC A X 550429 523£1.3 38.0+4.1 702409 33.3+2.6 244+22 183+03 28.1+1.7 10.3+£1.1
SAGSC A X 689425 58.1+1.8463+4.3 71.1+0.0 32.8£0.0 34.0+0.0 47.3+2.0 46.7£0.5 38.8=£l.1
ELSS A X 763%+1.8 63.2£1.2 55.3+0.7 759+0.0 37.3£0.0 41.9+0.0 52.5+0.3 48.2+0.8 41.5+£0.4

Table 3: Clustering performance of the SOTA models over the larger graphs: Amazon Computers, Pubmed, and OGBN-ArXiv. OOM: Out-

of-memory.

and 1.3M edges), where traditional deep clustering meth-
ods like CCGC and HSAN fail due to memory constraints,
ELSS not only runs efficiently but also delivers a substan-
tial performance gain. Compared to the second-best SAGSC,
ELSS achieves a remarkable improvement of 4.7%, 1.1%,
and 3.1% in ACC, NMI, and ARI, respectively. This con-
firms that ELSS effectively mitigates the scalability bottle-
neck while maintaining superior clustering accuracy on large-
scale graphs.

4.5 Parameter Sensitivity

To evaluate model robustness and optimal configurations, we
conduct sensitivity analysis on four key parameters (the num-
ber of anchor points (m), the feature propagation order (L),
the dimension of the low-rank subspace (r), and the Lapla-
cian regularization coefficient (\)) across four datasets. Re-

sults for two datasets are deferred to Appendix B.2. In the
following experiments, we vary one parameter at a time while
fixing the others at default settings, with results visualized in
Figures 2-5.

Impact of Anchor Number (m)

Figure 2 illustrates the performance trend as the anchor size
varies. We observe a “saturation” pattern across all datasets:
performance improves sharply as m increases from a small
value, as an insufficient number of anchors fails to span the
diverse data manifold. However, performance stabilizes af-
ter reaching a critical point (e.g., m = 100 for ACM). This
observation aligns with our theoretical analysis in Theorem
3, indicating that selecting anchors proportional to PageRank
scores allows ELSS to approximate the global graph structure
with a small, representative subset, thereby avoiding unnec-
essary computational overhead.
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Figure 2: The impact of the number of anchor points on clustering
results.
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Figure 3: The impact of propagation order L on clustering perfor-
mance (NMI).
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Figure 4: The impact of Low-rank representation subspace dimen-
sion rank on clustering results.

Sensitivity Analysis on Propagation Depth (L)

To validate our homophily-aware adaptive graph filtering’s
superiority in capturing long-range dependencies while mit-
igating oversmoothing, we evaluated clustering performance
on two benchmarks with varying propagation orders L (Fig-
ure 3). Simple propagation without residuals shows severe
degradation as L increases (especially on ACM), confirm-
ing oversmoothing-induced discriminative loss. Global fil-
tering with fixed teleport improves stability but fails to adapt
to structural heterogeneity, leading to suboptimal results. In
contrast, our adaptive method achieves the highest accuracy
and robust performance even for deep L, verifying that local
homophily-based dynamic calibration effectively balances
neighborhood aggregation and ego-feature preservation, alle-
viating noise accumulation and feature collapse in deep graph
learning.

Impact of The Subspace Rank (r)

Figure 4 depicts the sensitivity to the subspace rank. A dis-
tinctive feature in these plots is the green dashed line, which
represents the ground-truth number of clusters (k). We ob-
serve a clear “rise-and-fall” pattern. When r < k, the sub-
space is too compressed to encode the discriminative infor-
mation for all clusters (underfitting). Interestingly, the opti-
mal 7 is consistently located slightly to the right of the green
line (i.e., » > k). For example, on Wiki, the optimal r = 17 is
close to the cluster number k = 17. However, as r continues
to grow significantly beyond k&, performance degrades due to
the introduction of noise and redundant information (overfit-
ting). This confirms that a subspace dimension slightly larger
than £ is the ideal choice.

Figure 5: The impact of Laplacian regularization constraint param-
eter A on clustering results performance.

Impact of Graph Regularization ()\)

Finally, we analyze the effect of the regularization coefficient
A'in Figure 5. The model demonstrates high robustness to
variations in A when it is small (e.g., A < 10~%), maintaining
stable high performance. However, when \ exceeds a cer-
tain threshold (typically > 10~%), the clustering metrics drop
precipitously. This observation is consistent with our theo-
retical analysis in Theorem 2. This can be attributed to the
fact that excessive regularization coefficient over-constrains
the embedding space, forcing node representations to become
overly smooth and losing the local discriminative variations
necessary for accurate clustering. Therefore, a moderate A
(around 10~%) is recommended to enforce manifold smooth-
ness without compromising feature expressiveness.

5 Conclusion

This work presents the ELSS framework to address the fun-
damental challenge of balancing representational expressive-
ness, computational scalability, and robustness against over-
smoothing in attributed graph clustering. By introducing non-
linear explicit low-rank modeling, homophily-adaptive graph
smoothing, and structure-aware anchor sampling, ELSS ef-
fectively addresses key limitations of existing AGSC meth-
ods while providing theoretical guarantees for spectral stabil-
ity and linear complexity. Extensive empirical results across
diverse benchmarks validate its superior clustering perfor-
mance and practical utility for large-scale data, thereby es-
tablishing a robust foundation for future research in unsuper-
vised graph representation learning.
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