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Highlights

What are the main findings?
• The proposed global self-attention-driven graph clustering ensemble (GSAGCE) effec-

tively fuses attribute and structural information through a novel global self-attention
graph autoencoder that captures long-range vertex dependencies.

• Our double-weighted graph partitioning consensus function simultaneously considers
both global and local diversity within base clusterings, enhancing the overall consensus
clustering performance.

What is the implication of the main finding?
• GSAGCE addresses critical limitations in existing clustering ensemble methods for

graph-structured data.
• The self-supervised strategy we designed provides more reliable guidance for producing

high-quality base clusterings, which can be extended to other domains requiring effective
processing of complex graph-structured data.

Abstract

A clustering ensemble, which leverages multiple base clusterings to obtain a reliable consen-
sus result, is a critical challenging task for Earth observation in remote sensing applications.
With the development of multi-source remote sensing data, exploring the underlying graph-
structured patterns has become increasingly important. However, existing clustering ensemble
methods mostly employ shallow clustering in the base clustering generation stage, which
fails to utilize the structural information. Moreover, the high dimensionality inherent in data
further increases the difficulty of clustering. To address these problems, we propose a novel
method termed Global Self-Attention-driven Graph Clustering Ensemble (GSAGCE). Specifi-
cally, GSAGCE firstly adopts basic autoencoders and global self-attention graph autoencoders
(GSAGAEs) to extract node attribute information and structural information, respectively.
GSAGAEs not only enhance structural information in the embedding but also have the capabil-
ity to capture long-range vertex dependencies. Next, we employ a fusion strategy to adaptively
fuse this dual information by considering the importance of nodes through an attention mecha-
nism. Furthermore, we design a self-supervised strategy to adjust the clustering distribution,
which integrates the attribute and structural embeddings as more reliable guidance to produce
base clusterings. In the ensemble strategy, we devise a double-weighted graph partitioning
consensus function that simultaneously considers both global and local diversity within the
base clusterings to enhance the consensus performance. Extensive experiments on benchmark
datasets demonstrate the superiority of GSAGCE compared to other state-of-the-art methods.
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1. Introduction
Benefiting from the continuous advancement of unsupervised learning, clustering

tasks for complex data have significantly alleviated the challenges posed by large-scale
unlabeled information [1]. Among these, the clustering ensemble has emerged as a
powerful paradigm in the clustering field, aiming to elegantly combine multiple weak
base clusterings to achieve a more robust and superior result [2–4]. This approach has
demonstrated remarkable success across diverse domains, including computer vision [5–7],
bioinformatics [8–10], and anomaly detection [11,12]. Clustering ensemble can effectively
handle and fuse this data heterogeneity through different base clusterings. However, de-
spite its widespread adoption, two critical limitations persist in current clustering ensemble
research, particularly in the context of graph-structured data.

First, existing clustering ensemble methods mainly focus on consensus function de-
sign and selective ensemble strategies, while neglecting the generation of high-quality
base clusterings—a fundamental yet understudied aspect of the ensemble framework.
The performance of clustering ensemble heavily depends on the diversity and quality
of base clusterings, low-quality base partitions can severely degrade the final ensemble
result. Unfortunately, most current approaches rely on shallow clustering algorithms
(e.g., k-means, spectral clustering) for base clustering generation, which suffer from limited
representation capacity and fail to capture the complex, high-dimensional structures in-
herent in the data [13]. As big data and remote sensing applications increasingly generate
graph-structured data [14–17], these shallow methods struggle to adapt, highlighting a
pressing need for more advanced deep representation learning techniques in the base
clustering phase.

Second, unlike common tabular data, graph-structured data contains more abundant
information, including node attribute information and topological structure information.
Due to the wealth of information inherent in graph-structured data, many real-world
tasks can be effectively tackled through the clustering ensemble, relying on graphs, such
as social networks [18,19] and biological interaction networks [20,21]. It is worth noting
that the spatial characteristics of remote sensing data are inherently consistent with the
representation of graphs. Each pixel can be regarded as a graph node, and its spatial
adjacency relationship constitutes the edge structure of the graph. This graph represen-
tation can effectively preserve the most crucial spatial context information. However,
existing methods often inadequately exploit this structural information. Traditional shal-
low clustering algorithms primarily focus on node attributes while ignoring the graph
topology, which encodes critical relational patterns among samples. Even recent ad-
vances in graph neural networks (GNN) [22,23]—which excel at joint feature and topol-
ogy learning [24–26]—have limitations. State-of-the-art GNN-based clustering methods
(e.g., SDCN [27], DFCN [28]) rely heavily on localized graph convolutions (GCN [29,30])
or graph autoencoders (GAE [31,32]), which capture only short-range node dependencies
and fail to model global structural patterns. This design restricts their ability to uncover
higher-order connectivity and long-range interactions, ultimately compromising clustering
accuracy. Therefore, effectively addressing the clustering ensemble of graph-structured
data is a highly challenging research topic with significant practical value.

To address the aforementioned problems, we propose a novel approach termed Global
Self-Attention-driven Graph Clustering Ensemble (GSAGCE), which simultaneously fuses
attribute information and structural information for consensus clustering. Specifically,
GSAGCE first exploits a basic autoencoder to mine node attribute information and then
constructs a global self-attention graph autoencoder (GSAGAE) to sufficiently extract
structural information. Unlike the standard graph autoencoder, GSAGAE utilizes a global
self-attention mechanism to enhance the capability of graph convolutional network and
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captures long-range vertex dependencies on a global level. Next, we employ a learning-
aware feature fusion graph network, which incorporates node importance through attention
mechanisms to adaptively fuse attribute and structural information. Furthermore, we
design a self-supervised strategy to tune the clustering distribution, which integrates the
learned representations from the autoencoder and GSAGAE as more reliable guidance
to train base clusterings. Finally, in the ensemble strategy, we devise a double-weighted
graph-partitioning consensus function that simultaneously considers the global diversity
of base clusterings and local diversity within the base clusterings to further enhance the
consensus performance.

In summary, the main contributions of our work are as follows:

• We propose a novel global self-attention-driven graph clustering ensemble method.
In the process of capturing structural information, a novel global self-attention graph
autoencoder is constructed to introduce extra expressive power to the graph con-
volutional network. It addresses the limitations of graph convolutional network in
capturing global structural information. Moreover, the self-supervised strategy we de-
signed can guide the learning of clustering distribution to achieve clearer boundaries
and higher accuracy, significantly enhancing the clustering performance after training.

• In the ensemble strategy, a novel double-weighted graph-partitioning consensus func-
tion is devised to incorporate a global weighting uncertainty measure into a local
weighting framework. Through this approach, it not only reflects the underlying rela-
tionships between clusters but also considers the differences between base clusterings,
thereby enhancing the consensus clustering performance.

• The comprehensive experiments on seven benchmark datasets have demonstrated
that our method significantly outperforms comparative state-of-the-art algorithms.

The remainder of this paper is organized as follows: In Section 2, we provide a brief
related work on the clustering ensemble and deep clustering algorithms. The methodology of
our proposed algorithm is elaborated in Section 3. The experimental results and analysis will
be discussed in Section 4. Section 5 presents the conclusion and future work of this paper.

2. Related Work
In this section, we will introduce methods and techniques related to the proposed

GSAGCE, primarily focusing on two aspects: clustering ensemble and deep clustering.
Clustering ensemble is initially inspired by the idea of ensemble learning in

classification [33], which involves using multiple weak learning models to construct a
more robust and superior one. Based on the construction approach of the consensus func-
tion, clustering ensemble methods can be categorized into two types: median partitioning
and object co-occurrence [34]. Methods of the median partitioning type attempt to find a
partition in the clustering ensemble that is most similar to all other partitions. Therefore,
they typically involve solving an optimization problem to achieve a consensus partition
result. Methods of the object co-occurrence type, on the other hand, obtain a consensus
result by voting among the objects. Specifically, they seek cluster labels associated with
each object in the consensus partition.

In recent years, many classic clustering ensemble methods have been primarily fo-
cused on research around the co-occurrence type. Tao et al. [35] proposed a robust spectral
ensemble clustering method to address the noise issue in the co-association matrix by
learning a robust representation of the co-association matrix through low-rank constraint.
Liu et al. [36] devised a spectral ensemble clustering method for large-scale data, aim-
ing to alleviate the high time and space complexities of consensus clustering through
more efficient utilization of the co-association matrix. Zhou et al. [37] developed a dense
representation-based ensemble clustering algorithm by weakening the influence of outliers
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and theoretically verified that the final solution is the global optimal solution. Taking into
account the impact of the reliability of base clusterings on the ensemble, Huang et al. [38]
proposed a clustering ensemble algorithm based on ensemble-driven cluster uncertainty
estimation and local weighting strategy. This algorithm is one of the most classic clustering
ensemble methods in recent years. Zhou et al. [39] optimized the clustering ensemble
from the perspective of improving the quality of base clustering and proposed an adaptive
consensus multiple k-means method. Of course, there are many other excellent types of
clustering ensemble methods used to address various constraints [40,41]. However, most
of these clustering ensemble methods obtain base clusterings using shallow clustering
models, with research focusing on the design of consensus functions while overlooking the
importance of the mechanism for base clustering generation.

Deep clustering combines unsupervised deep representation networks into the clus-
tering process, enabling clustering through the learning of deep embedded representations
within complex data [42]. At present, researchers have explored various deep cluster-
ing methods, which are typically categorized based on the types of unsupervised deep
representation networks used, such as autoencoder-based deep clustering, variational
autoencoder-based deep clustering [43–46], and graph neural network-based deep cluster-
ing. The former two mainly perform clustering based on attribute features, while the latter
mainly performs clustering based on graph structure features. Here, two main types of
deep clustering are introduced, including autoencoder-based (AE-based) deep clustering
and graph neural network-based (GNN-based) deep clustering.

Deep embedded clustering (DEC) [47], as a representative of the AE-based type, uti-
lizes autoencoders for representation learning and enhances cluster cohesion through a KL
divergence loss function. Guo et al. [48] improved DEC by incorporating a decoder network
to preserve local structures in the data. They also proposed a convolutional neural network-
based version specifically tailored for image data [49]. Alqahtani et al. [50] proposed a deep
convolutional autoencoder embedded clustering method that is highly effective in image
processing by simultaneously learning feature representations and cluster assignments.
While these AE-based methods are able to capture deep intrinsic features in complex data
compared to traditional shallow clustering models, they often fail to fully leverage the
structural characteristics present in graph-structured data. Bo et al. [27] proposed a struc-
tural deep clustering network to address this limitation, where they integrated structural
information into deep clustering by transferring representations learned by autoencoders
to graph convolutional networks. This method is the first to explicitly apply structural
information to deep clustering and is also the first GNN-based deep clustering method.
Tu et al. [28] proposed a deep fusion clustering network by dynamically combining au-
toencoders and graph neural networks to leverage structural information for enhancing
clustering performance. Liu et al. [51] proposed a self-supervised deep graph clustering
method that addresses the issue of representation collapse during graph node encoding.
They reduced information correlation in a dual manner to enhance the discriminative
capability of features. These GNN-based methods, compared to AE-based methods, have
the capability to incorporate local structural information into deep clustering. However,
the existing graph attention mechanism learns representations through local neighbor
aggregation. Although it is computationally efficient, its attention range is limited, and it
is difficult to capture long-range dependencies in the graph. This is particularly crucial
in clustering-ensemble tasks, as the quality of the base clusters is highly dependent on
the accurate modeling of global node similarities. Therefore, we designed a global self-
attention mechanism to calculate the attention weights for all node pairs, which can directly
establish associations between distant nodes and avoid the information attenuation caused
by multiple layers of message passing.
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3. Global Self-Attention-Driven Graph Clustering Ensemble
In this section, we present the proposed model for global self-attention-driven graph

clustering ensemble (GSAGCE). The overall framework of GSAGCE is depicted in Figure 1.
GSAGCE can be divided into two major modules, namely the global self-attention-driven graph
clustering (GSAGC) module and the double-weighted clustering ensemble (DWCE) module.
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Figure 1. Illustration of the GSAGCE framework. GSAGCE is divided into two components, includ-
ing the global self-attention-driven graph clustering (GSAGC) module and the double-weighted
clustering ensemble (DWCE) module. Among them, GSAGC generates base clustering results by fully
utilizing and integrating node attribute information and graph structure information, while DWCE
enhances the ensemble performance by considering global and local diversity in the base clusterings.

The GSAGC can be further divided into an autoencoder (AE) module, a global self-
attention graph autoencoder (GSAGAE) module, a feature fusion graph network (FFGN)
module, and a self-supervised strategy module. Formally, given a graph G = {V , E} with
K categories of nodes, V is the node set and E is the edge set. The graph G is characterized
by its attribute feature matrix X ∈ Rn×d and an original adjacency matrix A ∈ Rn×n, where
n is the number of samples, and d is the feature dimension. The AE module captures the
node attributed feature information, and the GSAGAE module extracts the topological
graph structure information. The FFGN exploits a learning-aware fusion strategy, which
adaptively fuses the attribute information and the structure information by considering the
importance of nodes through an attention mechanism. As for the self-supervised strategy
module, to generate more reliable guidance for clustering network training, we integrate
the information from AE and GSAGAE to learn a more suitable clustering distribution for
target distribution generation.

In the double-weighted clustering-ensemble module, we simultaneously consider the
global diversity of base clusterings and the local cluster-wise diversity inside the same
base clustering. Then, we design a novel double-weighted graph-partitioning consensus
strategy that incorporates a global weighting uncertainty measure into a local weighting
framework. After obtaining the double-weighted cluster uncertainty, the hybrid ensemble-
driven cluster estimation (HECE) is proposed to further measure the reliability of the
clusters. In the following subsections, we will detail the main components of our approach.
Table 1 presents the summary of the main notations used in this paper.
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Table 1. The summary of the main notations and descriptions.

Notations Descriptions

X ∈ Rn×d The attribute feature data matrix
G = {V , E} The graph structure

K The number of clusters
V , E The node set and the edge set

A ∈ Rn×n The original adjacency matrix
H(i) ∈ Rn×di The i-th layer encoder part of autoencoder

di The dimension of the i-th layer network
Ĥ(i) The i-th layer decoder part of autoencoder
O(l) The global self-attention representation
Z(l) The representation of GSAGAE
Â The reconstruction of graph adjacency structure

M(i) The attention coefficient matrix of FFGN
Z̃ The fused representation of AE and GSAGAE

Z(L) The clustering probability distribution
qhij

The similarity between hi and cluster center µj

phij
The auxiliary distribution of H

qzij The similarity between zi and cluster center vj
pzij The auxiliary distribution of Z

Π = {πi}M
i=1 The clustering ensemble set

M The number of base clusterings
πm The m-th base clustering
nm The number of clusters for πm

Sim(πm, πn) The similarity between πm and πn

GUE(πm) The global uncertainty estimation of πm

Hm(Ci) The uncertainty of cluster Ci
HECE(Ci) The hybrid ensemble-driven cluster estimation of Ci

3.1. Global Self-Attention-Driven Graph Clustering (GSAGC)
3.1.1. Attributed Feature Representation via Autoencoder

Learning an effective data representation is crucial for clustering. There are many
unsupervised representation learning methods, such as variational autoencoder [52],
convolutional autoencoder, and adversarial autoencoder [53]. They are the variations
in the basic autoencoder. In GSAGCE, to maintain generality, we utilize a basic autoencoder
(AE) to capture the low-dimensional attributed representations of raw data. We assume
that there are t layers in AE, and t indicates the number of layers. Specifically, the i-th layer
representation H(i) ∈ Rn×di in the encoder part can be obtained as follows:

H(i) = ϕ
(

W(i)
en H(i−1) + b(i)

en

)
, i = {1, 2, . . . , t}, (1)

where W(i)
en and b(i)

en denote the weight and bias of the i-th encoder layer. ϕ is a LeakyReLU
activation function (negative input slope is set as 0.2). di is the dimension of the i-th layer
network. Moreover, H(0) is the raw attribute feature matrix X, and we typically set t = 4.
The corresponding decoder part is expressed as follows:

Ĥ(i) = ϕ
(

W(i)
de Ĥ(i−1) + b(i)

de

)
, i = {1, 2, . . . , t}, (2)

Here, Ĥ(i) denotes the decoder outputs from the i-th layer, and Ĥ(t) = X̂. X̂ is the recon-
struction of raw data. W(i)

de and b(i)
de are the weight and bias of the i-th decoder layer. Then,
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we can obtain the attribute information by minimizing the reconstruction loss between
X and X̂:

LRH = ∥X − X̂∥2
F, (3)

where ∥ · ∥F indicates the F-norm. By minimizing the reconstruction loss LRH , the model is
able to learn to accurately reconstruct the representations of node attributes, thus enabling
us to obtain the corresponding attribute information in the graph structure data.

3.1.2. Structural Information via Global Self-Attention Graph Autoencoder

The AE module is able to learn the attributed feature representation from the node
feature matrix while failing to exploit the underlying structure information among graph
data. To sufficiently extract the graph structural information, we propose a global self-
attention graph autoencoder (GSAGAE). GSAGAE firstly transforms the l-th encoder
hidden layer representation Z(l) (l ≤ t) into two feature spaces ( f , g) to calculate the
self-attention with the following equation:

βi,j = softmaxj∈{1,2,··· ,n}
[
si,j
]
,

where si,j =
(

Z(l)
i W f

)(
Z(l)

j Wg

)T
,

(4)

βi,j indicates the attention importance of node j on node i. W f and Wg are two learned
weight matrices, where the first role is to reduce the computational load by dimension-
ality reduction, and the second is to provide additional flexibility for trainable vari-
ables. After obtaining the attention importance map, the global attention feature can
be expressed with the following equation:

o(l)i =

(
n

∑
j=1

βi,jZ
(l)
j Wh

)
Wr , (5)

where Wh is for dimensionality reduction and Wr projects the features back to the
original size.

The global self-attention representation captures the information on a global level.
However, for graph networks, local geometry is also crucial. Thus, we add the input feature
map back to the global attention feature:

Z(l+1) = σ
((

D− 1
2 (A + I)D− 1

2 Z(l) + γO(l)
)

W(l)
)

, (6)

Here, D = diag(D1, D2, . . . , Dn) is the degree matrix, and Di = ∑vj∈V(aij + Iij). I is the

identity matrix. D− 1
2 (A+ I)D− 1

2 means the normalization for the original adjacency matrix
A. The reason for this normalization is that directly using the original adjacency matrix
causes nodes to prefer high-degree nodes regardless of the information carried in the node.
O(l) is the output of the global self-attention, and W(l) is the feature transformation weight
of l-layer. In Equation (5), o(l)i represents the i-th row of O(l). σ is the LeakyReLU activation
function (negative input slope is set as 0.2). γ > 0 is a learnable scalar with initial value 0.
Introducing a learnable γ allows the network to first explore the local neighborhood and
then gradually assign more weights to the global level. During model training, when the
tensor parameter ‘requires_grad’ is set to True, the value of γ will be automatically updated
as the gradient descends.

The core limitation of existing attention graph neural networks (such as GAT) is the
“limited attention range”: they only calculate attention weights based on the local neighbors
of nodes (such as K-nearest neighbors, first-order neighborhoods). Although it can capture
the local structural correlations, it cannot directly model the long-range dependencies of
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non-neighbor nodes. The innovation of GSAGAE lies in designing a “global attention
feature + local graph convolution” dynamic fusion module instead of simply using global
attention. Through γ, it achieves a dynamic balance of local and global information
without manually setting the neighbor range and can simultaneously cover local topology
and global correlation, which is a mechanism design that existing attention GNNs have
not involved.

Then, in decoder, we use the inner product of Z and ZT to reconstruct the graph
topological structure Â:

Â = sigmoid
(

ZZ⊤
)

, (7)

The reconstruction loss of GSAGAE is given by

LRA = CrossEntropyLoss(A, Â)

= − 1
n2

n

∑
i=1

n

∑
j=1

[
Aij log(Âij) + (1 − Aij) log(1 − Âij)

]
,

(8)

By integrating Equations (3) and (8), the reconstruction loss of the GSAGC module is
defined as follows:

LR = LRH + LRA , (9)

3.1.3. Feature Fusion Graph Network

To further enhance the capability of representation learning, we exploit a learning-
aware feature fusion graph network to adaptively fuse the attributed and structural repre-
sentation. Here, the attention mechanism is employed for feature fusion, aiming to address
the issue of feature heterogeneity. The attribute representation H(i) and the structural rep-
resentation Z(i) come from different information sources and are thus heterogeneous repre-
sentations. Therefore, in the traditional fusion strategy, direct simple average accumulation
will lead to the corresponding loss in heterogeneous expression fusion. Specifically, we first
concatenate H(i) and Z(i) as [H(i)∥Z(i)] ∈ Rn×2di . Then, a weight matrix W(i)

a ∈ R2di×2 is
introduced to capture the relationship of the concatenated features. Moreover, we apply a
LeakyReLU activation function (negative input slope is set as 0.2) on the product between
[H(i)∥Z(i)] and W(i)

a . Finally, through softmax function and ℓ2 normalization, we formulate
the corresponding expression as follows:

M(i) = ℓ2(softmax((LeakyReLU([H(i)∥Z(i)]W(i)
a )))), (10)

where M(i) indicates the attention coefficient matrix. Thus, we can adaptively fuse the
GSAGAE feature Z(i) and the AE feature H(i) as follows:

Z̃(i) = M(i)
1 ⊙ H(i) + M(i)

2 ⊙ Z(i), (11)

M(i)
1 , M(i)

2 represent the expanded matrix of M(i), and ⊙ denotes the Hadamard product.
Afterwards, we obtain the final fused representation Z̃ and directly use the softmax function
to obtain the clustering probability distribution:

Z(L) = softmax(Z̃),

s.t.
K

∑
j=1

zij = 1, zij > 0,
(12)
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Thus, we can obtain the clustering label through Z(L):

yi = arg max
j

zij, j = {1, 2, . . . , K}, (13)

3.1.4. Self-Supervised Strategy

Due to the lack of reliable guidance for cluster probability distribution Z(L) when
training the previous networks, we integrate the information from AE and GSAGAE to
obtain suitable clustering distribution for guidance. In particular, we calculate the soft
assignment distribution of H and Z using Student’s t-distribution [47]:

qhij
=

(
1 +

∥∥hi − µj
∥∥2
)−1

∑j′

(
1 +

∥∥∥hi − µj′
∥∥∥2
)−1 ,

qzij =

(
1 +

∥∥zi − vj
∥∥2
)−1

∑j′

(
1 +

∥∥∥zi − vj′
∥∥∥2
)−1 ,

(14)

where qhij
indicates the similarity between hi and cluster center µj, hi is the i-th row of H,

and cluster center µj is initialized by k-means. The initialization of cluster centers is carried
out after the pre-training process. The pre-trained representations are then subjected to
the k-means algorithm to initialize the cluster centers µj. The reason for the existence of
the Student’s t-distribution lies in that its power-law form can better model the similarity
between high-dimensional data points and the cluster centers, while also alleviating the
interference of outliers on the soft assignment. The interpretation of qzij is similar to qhij

.
Then, we construct the corresponding auxiliary distribution of H and Z as follows:

phij
=

q2
hij

/ ∑i qhij

∑j′ q2
hij′

/ ∑i qhij′
,

pzij =
q2

zij
/ ∑i qzij

∑j′ q2
zij′

/ ∑i qzij′
,

(15)

Thus, we can utilize auxiliary distribution ph to guide qh and qz, which help AE and
GSAGAE to learn more reliable representation for clustering. Here, we minimize the KL
divergence loss among them:

LKLH = KL(ph ∥ qh) + KL(ph ∥ qz),

= ∑
i

∑
j

phij
log

phij

qhij

+ ∑
i

∑
j

phij
log

phij

qzij

,
(16)

In addition, to promote a highly consistent distribution alignment to train our model, we
employ auxiliary distribution pz to guide the update of qz and cluster distribution Z(L) by
minimizing the KL divergence:

LKLZ = KL(pz ∥ qz) + KL(pz ∥ Z(L)),

= ∑
i

∑
j

pzij log
pzij

qzij

+ ∑
i

∑
j

pzij log
pzij

Z(L)
ij

, (17)
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In summary, combining the Equations (9), (16) and (17), the overall loss function of
GSAGC can be written as follows:

L = LR + λ1LKLH + λ2LKLZ , (18)

where λ1 > 0 and λ2 > 0 are the trade-off hyper-parameters. For clarity, we summarize
the complete training process of GSAGC in Algorithm 1.

Algorithm 1 Training process of GSAGC

Input: X: attribute feature matrix, A: original adjacency matrix, K: number of clusters,
λ1, λ2: trade-off hyper-parameters (default 1), Itermax: maximum iterations (default 200).

Output: π: clustering result
1: Pre-trained basic AE via Equations (1)–(3);
2: Pre-trained GSAGAE via Equations (4)–(8);
3: Initialize the k-means cluster center µ and v;
4: while iter ≤ Itermax do
5: Compute the attributed representations H(i);
6: Reconstruct raw attribute data X̂;
7: Compute the loss function LRH via Equation (3);
8: Compute the structural representation Z(i) via Equation (6);
9: Fuse H(i) and Z(i) via Equations (10) and (11) to obtain Z̃;

10: Generate representations of GSAGAE via Equation (6);
11: Reconstruct the graph structure Â;
12: Compute the loss function LRA via Equation (8);
13: Generate the cluster probability distribution Z(L) via Equation (12);
14: Compute the soft assignment distribution qh and qz via Equation (14);
15: Compute the corresponding auxiliary distribution ph and pz via Equation (15);
16: Compute the KL divergence loss LKLH and LKLZ via Equations (16) and (17);
17: Compute the overall loss L via Equation (18);
18: Backward propagate and update parameters in GSAGC;
19: iter = iter + 1;
20: end while
21: Obtain clustering result π via Equation (13);
22: return π

3.2. Double-Weighted Clustering Ensemble (DWCE)

Given the ensemble Π = {π1, . . . , πM} consisting of M base clusterings,
πm = {Cm

1 , Cm
2 , . . . , Cm

nm} is the m-th base clustering. nm is the number of clusters for
πm, and Cm

i is the i-th cluster.

3.2.1. Global Uncertainty Estimation

Considering the global diversity of base clusterings in ensemble Π, we propose a
global uncertainty estimation to calculate the reliability of base clustering. Specifically, we
first measure the similarity between two base clusterings πm and πn by the adjusted rand
index (ARI) [54]:

Sim(πm, πn) = ARI(πm, πn), (19)

Then, we can obtain the overall similarity for πm:

Sim(πm) =
1

M − 1 ∑
πn∈Π,n ̸=m

Sim(πm, πn), (20)



Remote Sens. 2025, 17, 3680 11 of 22

After that, the global uncertainty estimation (GUE) in Π for πm can be defined as follows:

GUE(πm) =
Sim(πm)

maxπn∈Π Sim(πn)
, (21)

where the value of GUE is between [0, 1]. The higher the GUE value of a base clustering,
the higher the credibility of the clustering results.

3.2.2. Local Uncertainty Measurement

Inspired by the uncertainty measurement of different clusters [38], we consider the
local cluster diversity inside the same base clustering. In particular, the uncertainty of
cluster Ci ∈ πm (πm ∈ Π) is calculated as follows:

Hm(Ci) = −
nm

∑
j=1

p
(

Ci, Cm
j

)
log2 p

(
Ci, Cm

j

)
,

p
(

Ci, Cm
j

)
=

∣∣∣Ci
⋂

Cm
j

∣∣∣
|Ci|

,

(22)

where Cm
j is the j-th cluster in πm, and |Ci| represents the number of objects. Then, the entire

local uncertainty of Ci in ensemble Π can be obtained via the following equation:

HΠ(Ci) =
M

∑
m=1

Hm(Ci), (23)

3.2.3. Hybrid Ensemble-Driven Cluster Estimation

Based on global uncertainty estimation in Equation (21) and local uncertainty mea-
surement in Equation (23), we can compute the double-weighted cluster uncertainty of Ci

in ensemble Π:

DΠ(Ci) =
HΠ(Ci)

GUE(πm)
, (24)

When the value of GUE(πm) is larger, the reliability of the base clustering that generates
Ci is higher. Thus, the uncertainty of Ci is expected to decrease. In the way, it makes the
cluster-level uncertainty more accurate and further estimates the uncertainty of the cluster
from the base clustering level.

After computing the double-weighted cluster uncertainty, we construct a novel hybrid
ensemble-driven cluster estimation (HECE) to measure the reliability of the clusters, which
is defined as follows:

HECE(Ci) = e−
DΠ(Ci)

θ·M , (25)

Here, θ > 0 adjusts the impact of uncertainty on the HECE. θ is set to 0.4 in this paper. It is
easy to see that a smaller uncertainty value leads to a greater HECE value.

Finally, based on HECE, we design a double-weighted graph partitioning consensus
function. The weighted graph is expressed as G = (V, L), in which V = X

⋃ C is the
node set and L is the link set. The link weight between two nodes vi and vj is calculated
as follows:

lij =


HECE

(
vj
)
, if vi ∈ X, vj ∈ C, and vi ∈ vj,

HECE(vi), if vj ∈ X, vi ∈ C, and vj ∈ vi,

0, otherwise.

(26)
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where C = {C1, C2, · · · , CNc} consists of all clusters in Π. Nc = n1 + . . . + nM denotes the
total number of clusters in Π. The final consensus clustering π∗ is obtained by using the
Tcut algorithm [39].

3.3. Method Discussions

This section concludes with discussions of the computational and space complexity of
our approach. In addition, we introduce the training steps of the GSAGC part.

Computational complexity: The computational complexity of GSAGCE consists of
two parts: global self-attention-driven graph clustering (GSAGC) and double-weighted
clustering ensemble (DWCE). For a given data matrix X ∈ Rn×d, n is the number of
samples, and d is the feature dimension. t indicates the number of network layers.
di is the dimension of the i-th layer network. The graph structure G = {V , E} is di-
vided into K categories of nodes. |E | denotes the number of edges. For the GSAGC,
the complexity comes from the basic autoencoder (AE), global self-attention graph au-
toencoder (GSAGAE), feature fusion graph network (FFGN), and self-supervised mod-
ule. The complexity of AE is O(n ∏t

i=2 di−1di). For the GSAGAE, as the operation
can be computed efficiently using sparse matrix computation, the complexity is only
O(|E |∏t

i=2 di−1di + nd ∏t
i=2 di−1di + n2) according to [55]. The complexity of FFGN is

O(∏t
i=2 di−1di + K), and the complexity of the self-supervised module is O(nK + nlogn).

For the DWCE, the complexity is O(Mnm + Kne + K(nm)2), where M is the number of
base clusterings, nm is the number of clusters in πm, and e is the average number of links
connecting to a node in the graph partitioning.

Space complexity: In the training process of GSAGC, the space complexity main
composes of attribute feature matrix X, adjacency matrix A, encoder matrices H(i), decoder
matrices Ĥ(i), global attention representation matrix O(l), GSAGAE representation matrix
Z(l), and fused representation matrix Z̃. Thus, the whole space cost can be analyzed as
O(nd + n2 + 4 ∑t

i=1 ndi + ndt).
GSAGC training steps: In order to learn more effective feature representations and

avoid overfitting problems, we adopted pre-training and self-supervision strategies to train
our GSAGC part. Specifically, we pre-train the AE and GSAGAE, respectively, and then
load the pre-trained weights into the overall framework for joint training in combination
with the self-supervised strategy and clustering loss.

4. Experiments and Results
In this section, to verify the effectiveness of the proposed GSAGCE algorithm, we

conduct comprehensive experiments on seven benchmark datasets commonly used to com-
pare GSAGCE against ten clustering ensemble methods and six deep clustering algorithms.
Moreover, we also conduct ablation experiments, hyper-parameter sensitivity studies and
visualization results to demonstrate the effectiveness of all parts in our model.

Regarding the clustering performance evaluation metric, we choose four widely
used metrics, including accuracy (ACC), normalized mutual information (NMI), adjusted
rand index (ARI), and macro F1. The larger the values of these metrics, the better the
clustering performance. The detailed computation of these evaluation metrics is shown in
the literature [56].

4.1. Datasets

We evaluate the proposed GSAGCE on seven benchmark datasets, including both
graph type data and non-graph type data. Cora, ACM, Pubmed, and IMDB are typically
popularly used in graph clustering literature. USPS, HAR, and REUT datasets are classically
used to evaluate the performance of graph clustering algorithms on non-graph data. We
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summarize the brief information of datasets in Table 2. For a detailed description of
datasets, please refer to the relevant literature [28,51]. For the non-graph datasets, we
follow literature [27] and construct the adjacency matrix with the heat kernel method.

Table 2. Statistics of the datasets.

Data Name Sample Feature Category Type Edges

Cora 2708 1433 7 graph 5278
ACM 3025 1870 3 graph 13,128

Pubmed 19,717 500 3 graph 44,326
IMDB 4780 1232 2 graph 49,005
USPS 9298 256 10 image -
HAR 10,299 561 6 record -
REUT 10,000 2000 4 text -

4.2. Experimental Settings

For all comparison baseline algorithms, for each dataset, we run 10 times and compute
the average and standard deviation result for the evaluation measure. For clustering
ensemble baselines, their ensemble size M is 20, and the number of clusters K is set to the
true number of categories on the dataset.

For our porposed GSAGCE, the layers of the AE and GSAGAE modules are set
to 4. The corresponding network dimensions of AE are 500-500-2000-20. The network
dimensions of GSAGAE are the same as the AE. Before the formal training, we first pre-
trained the AE module and the GSAGAE module separately. The epoch is set to 50 in the
pre-training phase. The optimizer is selected as Adam, and the learning rate is dynamically
adjusted using the cosine annealing strategy provided by PyTorch1.13. For the hyper-
parameters λ1, λ2 in Equation (18), we perform a parameter sensitivity experiment to select
the best performing value for each data. In most cases, we can set λ1 and λ2 to 1 by default.
The remaining parameters are automatically updated by setting the tensor parameters
‘requires_grad’ to true, thereby enabling automatic differentiation. For non-graph data,
we utilize KNN to construct a 3-NN graph with the heat kernel method. To ensure fair
comparison, all the comparison methods of graph neural networks are based on the same
graph construction method.

4.3. Analysis of Comparison Experiment

To fully verify the superiority of the GSAGCE, we compare with ten clustering en-
semble methods, including RSEC [35], SECWK [36], LWEA [38], LWGP [38], DREC [37],
LRTCE [57], ECCMS [58], ACMK [39], SCCABG [40], and CEAM [41]. Moreover, we
also conduct comparisons with six popular deep clustering algorithms, including AE-
kmeans [59], DEC [47], IDEC [48], SDCN [27], DFCN [28], and DCRN [51]. Among them,
the first three are deep clustering methods that only utilize attribute information. The re-
maining three are deep graph clustering methods that simultaneously employ both attribute
and structural information. Here is a brief introduction to these comparative methods.

• Clustering ensemble methods: Base clusterings employ a shallow clustering model,
which can only utilize node attribute information and cannot utilize structural information.

- RSEC [35] addresses the noise issue in the co-association matrix by learning a
robust representation through low-rank constraint.

- SECWK [36] aims to alleviate the high time and space complexities of clustering
ensemble through a more efficient utilization of the co-association matrix.

- LWEA and LWGP [38] consider ensemble-driven cluster uncertainty estimation
and local weighting strategy in clustering ensemble.
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- DREC [37] uses a dense representation-based ensemble clustering algorithm by
weakening the influence of outliers.

- LRTCE [57] refines the co-association matrix from a global perspective through a
novel constrained low-rank tensor approximation model.

- ECCMS [58] utilizes a co-association matrix self-enhancement method to
strengthen its quality.

- ACMK [39] exploits an adaptive consensus multiple k-means method by improv-
ing the quality of base clustering.

- SCCABG [40] gradually incorporates data from more reliable to less reliable
sources in consensus learning using adaptive bipartite graph learning.

- CEAM [41] learns an updated representation using a manifold ranking model
through adaptive multiplex.

• Deep clustering methods:

- AE-kmeans [59] learns embedded vectors of raw data using a basic autoencoder
and then performs the k-means algorithm on the embedding.

- DEC [47] utilizes denoising autoencoders for representation learning and en-
hances cluster cohesion through a KL divergence loss function.

- IDEC [48] enhances DEC by incorporating a decoder network to preserve lo-
cal structures.

- SDCN [27] integrates structural information into deep clustering for the first
time by transferring representations learned by autoencoders to graph convolu-
tional networks.

- DFCN [28] enhances clustering performance by dynamically combining autoen-
coders and graph neural networks while leveraging both attribute and struc-
tural information.

- DCRN [51] is a self-supervised deep graph clustering method that addresses the
issue of representation collapse during graph node encoding.

The clustering performance results of the comparison experiment are shown in
Tables 3 and 4. For ease of presentation, we have retained four significant figures and
multiplied the values of the four evaluation metrics by 100%. Table 3 shows the compara-
tive results of clustering ensemble methods, while Table 4 presents the comparative results
of deep clustering algorithms. The best clustering performance obtained for each dataset
is highlighted in bold. All the results in bold are statistically superior (based on a paired
t-test at the 5% significance level) to the other non-bold methods.

From Table 3, we can observe that GSAGCE significantly outperforms the comparative
clustering ensemble methods. The reason is that their base clustering generation algorithm
adopts a shallow clustering model, which cannot leverage the implicit information in
these high-dimensional sparse data, especially for graph type data, as they overlook
the graph structure information. Graph structure information is conducive to capturing
the relationships between data and discovering cluster structures. The quality of base
clustering plays a crucial role in the ensemble phase, low-quality base clustering will
inevitably greatly reduce the performance of the ensemble. Regarding the comparative
clustering ensemble baselines, we found that LWEA and LWGP achieve performance
close to GSAGCE on USPS data, but significantly underperformed GSAGCE on HAR
and REUT datasets. SCCABG fails to obtain reasonable clustering results on HAR data,
so the evaluation metrics are empty (-). The ECCMS, ACMK, and SCCABG methods
performed poorly on the four graph datasets. The reason is that they are based on adaptive
strategies to explore ensemble clustering, and are not well suited for sparse graph structure
data. The CEAM algorithm sometimes produces SVD errors when applied to graph type
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data. In terms of computational efficiency, RSEC, LRTCE, ECMMS, and ACMK exhibit
exponential growth in runtime as the number of data samples and dimensions increase.
SECWK is the fastest, followed by LEWA, LWGP, and GSAGCE, while the remaining
methods have similar runtime durations.

Table 3. The experimental results of clustering ensemble comparative methods on seven datasets.
The best results are highlighted in bold.

Method Metrics
Dataset

Cora ACM Pubmed IMDB USPS HAR REUT

RSEC

ACC 33.62 ± 3.23 66.89 ± 1.88 50.65 ± 7.48 62.17 ± 5.88 57.17 ± 4.63 67.13 ± 4.98 60.63 ± 6.40
NMI 12.63 ± 2.13 33.36 ± 1.17 15.86 ± 7.16 1.20 ± 0.46 60.51 ± 3.40 67.38 ± 5.01 40.44 ± 8.29
ARI 8.88 ± 1.98 30.93 ± 1.11 13.20 ± 8.16 −3.87 ± 0.81 46.39 ± 5.36 57.11 ± 5.58 34.01 ± 13.09
F1 31.43 ± 3.41 67.10 ± 2.03 49.16 ± 11.48 44.15 ± 0.88 52.81 ± 4.69 64.69 ± 7.06 53.57 ± 7.23

SECWK

ACC 34.95 ± 2.28 58.91 ± 7.37 51.86 ± 6.65 74.79 ± 1.78 53.52 ± 5.79 49.01 ± 5.57 67.80 ± 10.58
NMI 14.95 ± 2.18 22.33 ± 8.59 21.11 ± 11.09 0.34 ± 0.29 54.53 ± 4.84 51.25 ± 8.77 43.14 ± 11.62
ARI 9.25 ± 2.00 19.83 ± 8.26 17.98 ± 11.63 −0.68 ± 1.75 35.47 ± 8.94 32.44 ± 10.60 40.76 ± 16.86
F1 29.76 ± 2.57 55.79 ± 10.01 43.28 ± 12.37 44.64 ± 1.78 51.22 ± 6.32 45.66 ± 6.19 54.57 ± 13.69

LWEA

ACC 35.67 ± 2.94 73.36 ± 2.65 52.44 ± 4.19 74.03 ± 0.18 74.05 ± 2.37 69.37 ± 6.29 67.24 ± 7.85
NMI 16.34 ± 3.04 38.94 ± 2.69 15.49 ± 5.32 0.45 ± 0.05 75.67 ± 1.15 74.91 ± 1.88 48.54 ± 5.44
ARI 8.62 ± 2.60 37.52 ± 3.06 14.44 ± 7.41 −2.08 ± 0.14 67.68 ± 2.59 63.92 ± 3.50 45.04 ± 10.72
F1 26.09 ± 5.73 73.55 ± 2.59 49.17 ± 6.28 43.99 ± 0.08 71.53 ± 2.78 63.23 ± 8.51 56.33 ± 8.82

LWGP

ACC 32.95 ± 3.06 65.57 ± 1.94 46.08 ± 4.31 74.18 ± 0.41 73.44 ± 5.46 65.41 ± 3.39 55.18 ± 7.11
NMI 15.13 ± 1.98 32.69 ± 0.68 6.92 ± 2.92 0.36 ± 0.14 75.84 ± 1.15 69.61 ± 1.81 39.73 ± 10.02
ARI 7.60 ± 2.52 30.07 ± 1.06 4.51 ± 4.72 −1.76 ± 0.38 67.48 ± 4.36 59.27 ± 2.16 27.73 ± 10.58
F1 25.69 ± 4.08 65.73 ± 2.02 38.03 ± 7.66 44.21 ± 0.59 70.80 ± 6.45 59.76 ± 4.31 41.14 ± 9.09

DREC

ACC 36.91 ± 2.16 69.64 ± 1.85 47.29 ± 4.11 74.02 ± 0.88 68.13 ± 2.85 71.93 ± 3.39 74.46 ± 3.59
NMI 16.77 ± 2.42 35.43 ± 1.60 8.24 ± 3.93 0.50 ± 0.17 68.75 ± 1.23 68.89 ± 2.32 47.97 ± 5.56
ARI 11.83 ± 2.10 33.31 ± 2.08 5.30 ± 5.22 −2.13 ± 0.58 57.28 ± 1.98 59.45 ± 2.85 50.65 ± 9.55
F1 34.79 ± 2.37 69.93 ± 1.82 37.38 ± 6.81 43.88 ± 0.17 66.67 ± 3.66 70.79 ± 4.85 62.31 ± 4.56

LRTCE

ACC 29.03 ± 9.68 68.40 ± 7.31 59.54 ± 8.39 57.59 ± 4.28 65.56 ± 2.16 56.91 ± 4.39 68.17 ± 8.12
NMI 9.72 ± 8.34 34.24 ± 6.61 31.19 ± 7.21 0.22 ± 0.30 62.06 ± 0.89 60.20 ± 0.71 48.49 ± 8.88
ARI 7.05 ± 6.17 31.96 ± 6.45 28.05 ± 8.67 −1.04 ± 1.17 53.58 ± 1.71 44.22 ± 2.59 42.27 ± 11.66
F1 27.39 ± 9.50 68.78 ± 7.33 58.21 ± 9.03 47.32 ± 1.43 63.42 ± 2.26 55.00 ± 4.70 58.62 ± 4.65

ECCMS

ACC 30.29 ± 0.03 35.04 ± 0.19 40.93 ± 2.10 73.85 ± 0.41 46.72 ± 11.49 39.50 ± 7.88 43.27 ± 6.64
NMI 0.48 ± 0.05 0.26 ± 0.23 1.38 ± 1.66 0.48 ± 0.28 60.15 ± 12.24 57.47 ± 6.34 17.45 ± 7.20
ARI 0.03 ± 0.03 0.02 ± 0.02 0.44 ± 0.80 −2.07 ± 0.67 40.02 ± 14.39 36.44 ± 7.62 3.04 ± 9.72
F1 6.91 ± 0.08 17.61 ± 0.25 22.15 ± 3.73 44.16 ± 0.72 28.51 ± 11.62 24.92 ± 9.22 25.75 ± 7.87

ACMK

ACC 18.47 ± 0.95 36.67 ± 2.68 39.89 ± 1.62 51.14 ± 0.94 63.03 ± 3.28 47.32 ± 7.31 35.76 ± 6.77
NMI 1.18 ± 0.29 0.88 ± 1.44 2.51 ± 0.84 0.08 ± 0.05 59.16 ± 3.32 44.44 ± 7.72 8.71 ± 11.16
ARI 0.45 ± 0.16 0.87 ± 1.54 1.92 ± 0.84 0.02 ± 0.13 51.10 ± 3.22 30.08 ± 8.52 6.50 ± 7.70
F1 17.59 ± 0.81 36.61 ± 2.63 39.94 ± 1.70 47.14 ± 0.98 60.49 ± 3.75 45.84 ± 7.43 32.03 ± 4.98

SCCABG

ACC 30.79 ± 0.75 35.09 ± 0.05 40.24 ± 0.45 73.10 ± 0.90 37.72 ± 20.66 - 39.16 ± 0.01
NMI 1.61 ± 1.42 0.15 ± 0.04 0.94 ± 0.80 0.15 ± 0.14 35.84 ± 34.46 - 14.43 ± 1.46
ARI 0.15 ± 0.15 0.31 ± 0.05 0.02 ± 0.10 −0.44 ± 0.75 25.95 ± 25.89 - −2.06 ± 0.16
F1 8.20 ± 3.41 17.39 ± 0.07 20.26 ± 1.07 43.53 ± 0.21 24.60 ± 20.86 - 21.21 ± 0.16

CEAM

ACC 28.37 ± 2.15 59.45 ± 7.21 41.06 ± 2.27 69.28 ± 2.02 47.65 ± 14.09 55.41 ± 5.59 48.03 ± 10.52
NMI 10.56 ± 1.52 21.72 ± 7.41 0.51 ± 0.55 0.68 ± 0.03 50.67 ± 13.57 59.27 ± 4.31 27.68 ± 13.12
ARI 5.96 ± 2.19 20.96 ± 7.11 0.29 ± 0.60 −3.62 ± 0.23 36.24 ± 15.67 44.01 ± 6.29 15.79 ± 15.21
F1 23.02 ± 1.11 59.42 ± 7.63 22.48 ± 5.57 45.01 ± 0.47 38.23 ± 18.60 51.28 ± 6.48 35.95 ± 11.89

GSAGCE

ACC 69.08 ± 2.21 91.76 ± 1.03 63.57 ± 3.21 75.27 ± 2.32 74.38 ± 2.23 82.47 ± 1.13 76.63 ± 1.86
NMI 51.22 ± 1.47 72.00 ± 0.86 23.30 ± 2.46 4.27 ± 1.02 75.89 ± 1.36 82.91 ± 1.85 50.26 ± 2.18
ARI 45.46 ± 1.36 78.49 ± 0.70 23.28 ± 3.01 13.71 ± 1.54 67.85 ± 2.40 74.89 ± 2.91 53.89 ± 2.03
F1 65.44 ± 2.04 91.77 ± 0.92 63.79 ± 2.89 58.56 ± 2.11 72.72 ± 1.87 81.78 ± 2.58 65.38 ± 2.87

From Table 4, we can observe that GSAGCE has achieved the best clustering perfor-
mance compared to these deep clustering algorithms. The reason is that GSAGCE not only
utilizes attribute information and structural information simultaneously but also incorpo-
rates global self-attention to enhance the capability of graph convolution network (GCN) to
capture long-range vertex dependencies and feature convolutions. This capability provides
additional expressive power to GCN. On the other hand, GSAGCE further enhances the
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capability of representation by adaptively fusing dual information in a synergistic manner.
For the comparative deep clustering baselines, we found that DCRN performed poorly on
three non-graph data types and encountered a CUDA out of memory (oom) issue on the
Pubmed data. Even when the DCRN algorithm was imported to a larger GPU memory
platform, the problem persisted.

Table 4. The experimental results of deep clustering comparative methods on seven datasets. The best
results are highlighted in bold.

Dataset Metrics AE-kmeans DEC IDEC SDCN DFCN DCRN GSAGCE

Cora

ACC 35.44 ± 2.12 45.53 ± 2.23 45.20 ± 1.74 46.76 ± 6.00 44.67 ± 4.85 54.90 ± 8.37 69.08 ± 2.21
NMI 14.52 ± 2.02 24.26 ± 1.94 25.44 ± 1.81 27.17 ± 4.45 33.09 ± 7.39 45.55 ± 6.41 51.22 ± 1.47
ARI 10.69 ± 1.72 19.21 ± 1.87 18.82 ± 2.08 21.67 ± 4.69 28.70 ± 5.24 33.43 ± 7.64 45.46 ± 1.36
F1 33.43 ± 2.09 44.11 ± 2.32 45.00 ± 1.78 39.90 ± 5.69 27.43 ± 4.92 48.01 ± 9.00 65.44 ± 2.04

ACM

ACC 56.03 ± 6.59 59.63 ± 6.76 73.57 ± 7.46 87.56 ± 1.44 90.77 ± 0.25 90.93 ± 0.42 91.76 ± 1.03
NMI 19.18 ± 3.12 22.84 ± 4.78 36.64 ± 8.03 62.24 ± 2.77 69.32 ± 0.63 69.66 ± 0.95 72.00 ± 0.86
ARI 18.61 ± 3.79 21.50 ± 5.36 39.94 ± 10.15 67.22 ± 3.19 74.77 ± 0.62 75.13 ± 1.07 78.49 ± 0.70
F1 55.97 ± 6.71 59.94 ± 6.89 73.38 ± 7.72 87.46 ± 1.51 90.71 ± 0.26 90.93 ± 0.39 91.77 ± 0.92

Pubmed

ACC 53.42 ± 6.32 57.48 ± 4.73 57.11 ± 3.39 57.70 ± 4.77 50.67 ± 0.36 oom 63.57 ± 3.21
NMI 17.17 ± 4.50 20.46 ± 3.38 19.73 ± 2.67 17.72 ± 4.59 6.80 ± 0.20 oom 23.30 ± 2.46
ARI 14.26 ± 4.94 17.42 ± 4.25 16.26 ± 3.13 15.15 ± 5.03 6.75 ± 0.36 oom 23.28 ± 3.01
F1 53.62 ± 6.54 57.94 ± 5.17 57.38 ± 3.62 58.06 ± 5.50 41.23 ± 0.35 oom 63.79 ± 2.89

IMDB

ACC 52.67 ± 1.55 52.73 ± 1.37 52.28 ± 1.98 53.35 ± 2.47 67.94 ± 9.65 71.34 ± 0.65 75.27 ± 2.32
NMI 0.23 ± 0.27 0.88 ± 0.87 0.98 ± 1.10 1.94 ± 0.99 2.19 ± 1.52 0.43 ± 0.29 4.27 ± 1.02
ARI 0.10 ± 0.37 −0.33 ± 0.33 0.03 ± 0.72 −0.02 ± 1.43 1.09 ± 2.29 −2.58 ± 1.15 13.71 ± 1.54
F1 47.76 ± 1.93 47.86 ± 2.72 48.10 ± 3.34 50.27 ± 3.48 48.98 ± 5.34 45.44 ± 1.01 58.56 ± 2.11

USPS

ACC 65.90 ± 3.17 66.97 ± 2.80 71.25 ± 3.30 72.74 ± 5.08 73.51 ± 0.30 23.43 ± 3.72 74.38 ± 2.23
NMI 63.65 ± 1.98 65.07 ± 1.26 73.61 ± 1.70 75.78 ± 2.53 75.49 ± 0.18 16.32 ± 7.63 75.89 ± 1.36
ARI 55.39 ± 2.47 56.87 ± 1.74 64.17 ± 2.57 67.54 ± 4.10 67.45 ± 0.30 3.21 ± 5.62 67.85 ± 2.40
F1 63.71 ± 4.22 64.99 ± 3.60 69.26 ± 4.87 70.43 ± 6.68 72.42 ± 0.35 15.14 ± 0.45 72.72 ± 1.87

HAR

ACC 62.94 ± 6.19 62.63 ± 3.23 70.91 ± 4.79 62.66 ± 5.52 77.26 ± 6.44 41.41 ± 2.51 82.47 ± 1.13
NMI 57.41 ± 3.21 62.14 ± 2.99 77.00 ± 4.72 67.62 ± 2.42 81.09 ± 4.93 51.27 ± 0.64 82.91 ± 1.85
ARI 49.71 ± 3.37 53.25 ± 3.27 66.75 ± 4.59 53.26 ± 3.81 71.29 ± 6.05 30.65 ± 1.52 74.89 ± 2.91
F1 60.53 ± 7.33 60.82 ± 3.99 68.12 ± 5.27 54.17 ± 7.48 76.34 ± 7.91 34.17 ± 2.43 81.78 ± 2.58

REUT

ACC 56.69 ± 3.98 56.39 ± 2.23 59.72 ± 2.80 61.33 ± 6.09 63.82 ± 5.23 50.34 ± 4.61 76.63 ± 1.86
NMI 27.77 ± 4.12 28.24 ± 3.45 34.54 ± 2.89 37.21 ± 10.39 41.23 ± 4.36 22.56 ± 8.51 50.26 ± 2.18
ARI 26.40 ± 5.01 26.49 ± 3.39 30.63 ± 3.33 36.20 ± 11.11 42.52 ± 6.72 15.99 ± 6.40 53.89 ± 2.03
F1 51.79 ± 4.27 51.51 ± 2.49 54.26 ± 3.73 54.07 ± 9.14 57.86 ± 6.18 33.31 ± 3.81 65.38 ± 2.87

4.4. Analysis of Ablation Experiment

To demonstrate the effectiveness of global self-attention graph autoencoder (GSAGAE),
self-supervised strategy, and hybrid ensemble-driven cluster estimation (HECE) in
Section 3, we conduct ablation experiments with four variants of GSAGCE in this sec-
tion. “noGSA” is the variant of GSAGCE without global self-attention, which aims to verify
the expressive power of GSAGAE. In noGSA, we only employ a standard graph convo-
lution network without using global self-attention. “noKLh” and “noKLz”, respectively,
denote the variant of GSAGCE that does not utilize the LKLH loss and LKLZ KL diver-
gence loss. “noHECE” represents a variant of GSAGCE that excludes the double-weighted
cluster uncertainty metrics and adopts only local uncertainty measurement. The ablation
experiment results are shown in Table 5.

From Table 5, we can observe that the clustering performance of GSAGCE, considering
all components together, is superior to these variant algorithms. Moreover, we found that
the clustering performance of the noKLz algorithm is the worst across almost all datasets
except for the ACM and REUT datasets. It indicates that in the various components of
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GSAGCE, utilizing pz to guide qz and cluster distribution Z(L) training is crucial. This is
because the clustering performance is entirely dependent on the training level of the cluster
distribution Z(L). Only with reliable training guidance can a clustering-friendly cluster
distribution be obtained. The variant with the second worst clustering performance is
noKLh, and its performance gap compared to GSAGCE is quite significant. This indicates
that utilizing ph to guide qh and qz training is necessary, as it can help AE and GSAGAE
learn more reliable representations. noGSA has achieved very poor clustering performance
on REUT data and obtained a significant performance gap to GSAGCE on other datasets.
This indicates that integrating global self-attention representations into GCN is highly
effective. Furthermore, we have discovered an interesting phenomenon during the training
of noGSA. In formal training, noGSA often reaches its highest clustering performance
only in the initial iterations of training. In subsequent training, the clustering performance
deteriorates until it stabilizes at a certain value, which is usually significantly lower than
the highest value. This unreasonable phenomenon would not occur in GSAGCE. Regarding
the variant noHECE, its performance on all datasets is also lower than GSAGCE. This
indicates that the construction of a double-weighted cluster uncertainty metric is effective,
performing better than considering only local uncertainty measurement.

Table 5. The ablation experiment results on seven datasets. The best results are highlighted in bold.

Dataset Metrics noGSA noKLh noKLz noHECE GSAGCE

Cora

ACC 66.84 ± 1.72 66.46 ± 1.46 47.41 ± 5.73 67.14 ± 1.89 69.08 ± 2.21
NMI 47.45 ± 1.63 46.15 ± 1.44 28.72 ± 4.64 50.41 ± 2.01 51.22 ± 1.47
ARI 42.69 ± 1.24 43.15 ± 2.16 20.35 ± 5.78 43.84 ± 1.56 45.46 ± 1.36
F1 62.09 ± 0.53 61.20 ± 1.24 35.86 ± 5.20 64.81 ± 2.47 65.44 ± 2.04

ACM

ACC 91.21 ± 0.83 65.78 ± 1.76 75.30 ± 6.32 91.23 ± 0.86 91.76 ± 1.03
NMI 69.84 ± 2.04 28.94 ± 5.04 47.22 ± 10.01 70.58 ± 0.63 72.00 ± 0.86
ARI 75.90 ± 2.03 25.66 ± 3.91 48.34 ± 11.03 76.82 ± 1.05 78.49 ± 0.70
F1 91.26 ± 0.86 66.61 ± 1.70 72.62 ± 7.70 91.20 ± 1.14 91.77 ± 0.92

Pubmed

ACC 61.58 ± 2.86 60.17 ± 3.05 52.05 ± 2.41 60.32 ± 2.68 63.57 ± 3.21
NMI 20.00 ± 2.12 12.42 ± 2.24 16.42 ± 1.79 20.16 ± 2.43 23.30 ± 2.46
ARI 18.69 ± 2.65 14.96 ± 3.14 17.75 ± 2.86 20.16 ± 2.79 23.28 ± 3.01
F1 61.80 ± 2.25 55.13 ± 3.39 48.11 ± 2.91 60.58 ± 2.93 63.79 ± 2.89

IMDB

ACC 71.69 ± 0.23 72.35 ± 2.33 66.78 ± 6.87 74.30 ± 2.46 75.27 ± 2.32
NMI 3.44 ± 0.23 3.72 ± 1.59 0.37 ± 2.72 3.94 ± 0.67 4.27 ± 1.02
ARI 9.98 ± 6.44 9.55 ± 3.79 0.91 ± 4.80 11.89 ± 1.94 13.71 ± 1.54
F1 55.31 ± 7.25 54.28 ± 4.20 43.31 ± 7.22 57.86 ± 2.33 58.56 ± 2.11

USPS

ACC 72.45 ± 3.51 68.83 ± 6.87 53.37 ± 4.33 73.83 ± 2.10 74.38 ± 2.23
NMI 72.08 ± 6.02 65.78 ± 2.72 56.29 ± 4.94 75.32 ± 1.17 75.89 ± 1.36
ARI 63.10 ± 5.57 57.10 ± 4.80 39.17 ± 6.65 67.51 ± 2.32 67.85 ± 2.40
F1 65.79 ± 6.68 67.27 ± 7.22 43.36 ± 6.14 72.12 ± 2.06 72.72 ± 1.87

HAR

ACC 80.32 ± 1.27 78.66 ± 1.51 63.06 ± 4.85 81.36 ± 0.68 82.47 ± 1.13
NMI 80.88 ± 1.53 71.06 ± 1.49 61.99 ± 3.42 81.76 ± 1.20 82.91 ± 1.85
ARI 72.36 ± 3.06 63.38 ± 2.83 47.41 ± 4.58 72.54 ± 2.87 74.89 ± 2.91
F1 80.42 ± 3.22 77.88 ± 2.53 55.16 ± 5.57 80.64 ± 3.05 81.78 ± 2.58

REUT

ACC 49.85 ± 1.47 39.36 ± 1.82 47.54 ± 2.25 75.31 ± 2.28 76.63 ± 1.86
NMI 14.33 ± 1.29 3.10 ± 3.55 3.66 ± 2.56 48.88 ± 2.53 50.26 ± 2.18
ARI 7.55 ± 1.57 1.23 ± 2.61 7.37 ± 3.00 52.79 ± 2.76 53.89 ± 2.03
F1 32.65 ± 2.51 26.79 ± 4.96 32.02 ± 6.14 64.90 ± 3.05 65.38 ± 2.87

4.5. Analysis of Hyper-Parameters Sensitivity

In the previous ablation experiments, we found that the KL divergence loss functions,
LKLH and LKLZ , play crucial roles in the entire GSAGCE component. Therefore, selecting
appropriate hyper-parameters, λ1 and λ2, is particularly important. In this section, we
conduct sensitivity experiments on two hyper-parameters. Specifically, we take λ1 and λ2



Remote Sens. 2025, 17, 3680 18 of 22

through {0.001, 0.01, 0.1, 1, 10, 100, 1000} and carry out experiments to take the mean value
of ARI on the Cora and ACM dataset. Selecting these two datasets as representatives for
hyper-parameter sensitivity analysis, the results are shown in Figure 2.

From Figure 2, we can observe that the clustering performance on the Cora dataset
is less affected by two hyper-parameters, and the performance improves as the values
of λ1 and λ2 approach 1. On the ACM dataset, the performance is greatly influenced
by two hyper-parameters; especially when λ1 is less than λ2, the clustering performance
is poor. Moreover, when λ1 is less than 0.1, regardless of the value of λ2, the clustering
performance is poor. This indicates that for the ACM dataset, when guiding the training
for reliable representations simultaneously in a self-supervised strategy, the importance
of guidance from ph is greater. The main reason for the difference in hyper-parameter
sensitivity between the Cora dataset and the ACM dataset lies in the complexity of the data.
Cora is a classic citation dataset, and compared to ACM, it has a relatively smaller number
of nodes and edges, with a simpler structure. Therefore, the model’s performance on the
Cora dataset is less sensitive to hyper-parameter choices, as the inherent characteristics of
the data make it easier for the model to converge to a good solution. The ACM dataset
has a larger number of nodes and edges, as well as a more complex structure. This implies
that models may require more precise hyper-parameter tuning during training to achieve
optimal performance. The optimal hyper-parameter acquisition approach for other datasets
is the same as these two datasets. In most datasets, we can set λ1 and λ2 to 1 by default.
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Figure 2. The ARI results of hyper-parameter sensitivity in Cora and ACM.

4.6. Analysis of Visualization

For a more intuitive display of the clustering effects in the global self-attention-driven
graph clustering (GSAGC), we utilize t-SNE for the visualization of clustering on ACM and
HAR data. Specifically, t-SNE visualizations are performed on the raw data matrix, the qh

distribution, the qz distribution, and the cluster label distribution Z(L). The visualization
results are shown in Figure 3. From Figure 3, we can observe that compared to the raw
data representation, the representations generated after GSAGC training are significantly
better than the original data, exhibiting a more clustering-friendly nature. Therefore, this
results in high-quality base clusterings generated by GSAGC, laying the foundation for the
subsequent ensemble performance.
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(a) Raw on ACM (b) qh on ACM (c) qz on ACM (d) Z(L) on ACM

(e) Raw on HAR (f) qh on HAR (g) qz on HAR (h) Z(L) on HAR

Figure 3. The visualization results on ACM and HAR.

5. Conclusions
In this paper, we present a novel clustering-ensemble algorithm called the global self-

attention-driven graph clustering ensemble, which introduces graph clustering to the clustering
ensemble. Considering the sparse and high-dimensional characteristic of graph-structured data,
as well as the inability of existing clustering-ensemble methods to fully utilize the structural
information in graph data, global self-attention-driven graph clustering (GSAGC) is constructed
to simultaneously fuse attribute information and structural information. Moreover, we employ
dual information to guide more reliable base clustering training. To enhance the consensus
performance, we propose a global and local uncertainty estimation in the ensemble phase.
The sufficient experiments on benchmark datasets validate the superiority of GSAGCE. The
drawback and limitation of our method lies in the fact that it cannot be applied directly when
dealing with incomplete or missing graph data. When applied to large-scale graphs, direct use
may fail (due to out of CUDA memory). Dimensionality reduction must be performed first
before this method can be used. Meanwhile, our method is not very suitable for heterogeneous
graphs. It was mainly designed for isomorphic graphs. The gap between the benchmark data
performance of the method and its adaptability in practical applications mainly lies in the
fact that the benchmark data are standard and complete graph data. When there are missing
parts or incorrect graph node structures in real data, it will significantly affect its performance.
Combining incomplete clustering or multi-view learning with the proposed method is the
main direction of our future work.
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