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ARTICLE INFO ABSTRACT
Keywords: Contrastive graph clustering holds significant importance for numerous real-world applications
Deep graph clustering and yields encouraging performance. However, current efforts often overlook hierarchical

Graph contrastive learning
Multi-scale representation
Hard sample mining

high-order semantic information and treat all contrastive pairs equally during optimization.
Consequently, the abundance of well sample pairs overwhelms the critical structural context
learning process, limiting the accumulation of information and deteriorating the network’s
learning capability. To address this concern, a novel contrastive deep graph clustering method
termed MHGC is proposed by conducting hard sample mining in contrastive learning with
multi-granularity. Specifically, random walk with restart is utilized to sample subgraphs
centered around anchor nodes. Then, an attribute encoder to learn node representations is
designed to obtain subgraph embeddings. Subsequently, hard and easy sample pairs within
high-confidence clusters is identified by applying a two-component beta mixture model to
the clustering loss. Building upon this, a weight regulator is then elaborated to adaptively
tune the weights of sample pairs and a multi-scale contrastive loss framework is proposed to
leverage structural context information in a hierarchical contrastive manner. Comprehensive
experiments conducted on six widely used datasets confirm the comparable performance of our
MHGC relative to the state-of-the-art baselines, demonstrating an average increase of 1.54% in
accuracy. Additionally, the ablation study further proves that our proposed multi-scale learning
scheme and BMM-based hard mining strategy are effective approaches for the graph clustering
task. The source code is available at https://github.com/sodarin/MHGC

1. Introduction

Graphs is an essential data structure for representing complex relationships between objects and have been extensively studied
over the years. Especially graph learning algorithms, which utilize machine learning to derive significant features from graphs,
have gained exceptional success in various tasks like node/graph classification (Duan et al., 2024; Ju et al., 2024a; Mao et al.,
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2023; Wang et al., 2024, 2023; Wu et al., 2022; Yuan et al., 2023), link prediction (Halliwell, 2022; Roy et al., 2021; Wang et al.,
2022a, 2025) and anomaly detection (Duan et al., 2023; Liu, Ding et al., 2023). Within the diverse landscape of graph learning, one
core and challenging task that has recently attracted considerable interest is graph clustering, serving as a highlighting prerequisites
in multiple real-world applications, such as domain adaptation (Luo et al., 2024a, 2024b; Ma et al., 2019; Yuan et al., 2022),
representation learning (Ju et al., 2023a; Shang et al., 2024; Zhang et al., 2024), and community detection (Hu et al., 2019; Wang
et al., 2021), anomaly detection (Duan et al., 2023; Liu, Ding et al., 2023).

The primary concept of graph clustering is to divide the nodes of a graph into separate groups, ensuring that nodes within the
same cluster exhibit higher resemblance to one another than to those in different clusters. Due to the robust representation capacity
of deep learning, especially graph neural networks (GNNs) (Ju et al., 2024c; Kipf & Welling, 2017; Xu et al., 2019), numerous
deep graph clustering methods have been continuously developed, generally falling into three main categories: reconstructive-based
methods (Mrabah et al., 2022; Wang et al., 2019, 2017; Yi et al., 2023), adversarial-based methods (Gong et al., 2022; Pan et al.,
2019; Tao et al., 2019) and contrastive learning methods (Cui et al., 2020; Hassani & Khasahmadi, 2020; Liu, Yang, Zhou, Liu,
Wang, Liang, Tu, Li, Duan et al., 2023; Xia, Wang et al., 2022; Yang et al., 2023). Reconstructive-based and adversarial-based
methods learn cluster-oriented node representations through mechanisms such as recovering graph information and generating and
recognizing fake samples, respectively. Since most of these methods typically leverage the original topology structure as the input for
the learning process, their performance is highly susceptible to the potential noisy or low-quality input graph, leading to sub-optimal
and inconsistent results.

Recently, contrastive learning methods have shown significant promise in deep graph clustering. By augmenting the distance
between negative sample pairs while concurrently reducing the distance between positive sample pairs, these methods can implicitly
acquire supervisory information without necessitating human annotations, resulting in loss functions for graph clustering that are
more coherent and discriminative. For example, SCGC (Liu, Yang, Zhou, Liu, Wang, Liang, Tu and Li, 2023) proposes a simple
neighbor-oriented contrastive loss to maintain structural consistency across different views. CCGC (Yang et al., 2023) performs
contrastive learning guided by the high-confidence clustering pseudo labels to improve the graph clustering result. HSAN (Liu,
Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan et al., 2023) considers both the information implicit in the attribute and the structure
of the graph, focusing on the hard sample mining to compute the similarity.

Although these recent efforts have achieved significant success, they suffer all or at least partially the following limitations.
(1) Fail to effectively capture high-order semantics. Existing works mostly focus on the perspective of a single node scale contrast
and have overlooked the potential for further exploration of subgraph information. We argue that nodes and their local neighbors
exhibit stronger correlations, while distant nodes have minimal influence. Subgraphs consisting of regional neighborhoods are crucial
for providing high-order structure contexts and have demonstrated benefits for graph-based machine learning tasks (Duan et al.,
2023; Jiao et al., 2020). (2) Fail to sufficiently capture hard boundary samples. Most contrastive methods treat all samples as equally
significant and overlook hard yet important boundary samples in the graph clustering task. This issue is particularly pronounced in
multi-scale graph learning methods, which will lead to a model bias towards either global or highly localized representations. As a
result, it is often insufficient to distinguish hard samples with only a single scale perspective.

Towards this end, we propose MHCG in this paper, a new Multi-scale Hard sample mining framework for deep Graph Clustering,
which considers the hardness correlation between anchor nodes and their regional subgraphs. Specifically, we consider the original
graph and its edge modification version as two views of the graph. In each view, subgraphs are sampled through random walks,
and a hierarchical multi-scale contrastive scheme is proposed to preserve multi-level information in the representation. Then, we
employ a clustering layer to align the learned representation with the clustering results. By fitting a two-component (true-false) beta
mixture model (BMM) on the clustering loss, we can distinguish high-confidence nodes. Consequently, samples within the same
clusters that show low similarity, along with those from different clusters that display high similarity, are identified as potential
hard samples. In our hierarchical contrastive scheme, we increase the weights of hard sample pairs while decreasing those of easier
ones as the granularity becomes finer, which further enhances the discriminative capacity of samples across multiple scales for the
graph clustering task. The contributions of this paper can be summarized as follows:

» Conceptual: We incorporate the subgraph information to offer high-order structural contexts for graph clustering and highlight
the hard samples from a multi-scale perspective. The ablation study on the combinations of each level demonstrate the
contributions of leveraging multi-scale structural contexts.

* Methodological: We propose a hierarchical multi-scale contrastive learning scheme with a graph clustering layer and utilize a
BMM to estimate the high-confidence nodes, which further guides hard sample mining and, in turn, dynamically weights the
learning scheme. The ablation study and the parameter analysis of = both highlight a promising improvement of discriminative
capability provided by the BMM-based mining strategy.

+ Experimental: We perform comprehensive experiments on various public datasets to evaluate the performance of MHGC.
Experimental results highlight the superiority and effectiveness of our proposed framework for the deep graph clustering task
with an average increase of 1.54% in terms of accuracy.

2. Related work
2.1. Deep graph clustering

Deep graph clustering has emerged as a popular framework in recent years, with the goal of partitioning the nodes of a graph into
disjoint clusters using neural networks (Wang et al., 2017; Xia et al., 2021; Zhang et al., 2020). From a learning paradigm perspective,
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deep graph clustering roughly falls into three categories: (1) reconstructive-based methods; (2) adversarial-based methods; and (3)
contrastive learning methods. Our model is primarily focused on the last contrastive learning methods, and we dedicates the next
subsection to provide a detailed review of these methods.

Reconstructive-based approaches exploit intra-data information within the graph and learn representations by integrating both
graph structure and the node attributes (Mrabah et al., 2022; Wang et al., 2019, 2017). For example, MGAE (Wang et al., 2017)
utilizes a graph-based auto-encoder (GAE) to generate hidden representations of nodes. DAEGC (Wang et al., 2019) combines
attention mechanism and auto-encoder to capture the topological information. More recently, R-GAE (Mrabah et al., 2022) proposes
a novel scheme to alleviate the feature randomness and drift issues, enhancing the performance of existing GAE-based methods.

Adversarial-based methods aim to provide promising node representations by establishing a adversarial training scheme between
the generator and the discriminator (Gong et al., 2022; Pan et al., 2019; Tao et al., 2019). For example, AGAE (Tao et al., 2019)
incorporates adversarial mechanism into auto-encoder to improve the discriminative capability of samples. ARGA (Pan et al., 2019)
employs adversarial training to ensure that latent features align with a prior distribution. AGC-DRR (Gong et al., 2022) introduces
adversarial learning to adaptively learn the adjacency matrix for attributed graph clustering.

Although these methods have been proven to be effective, they depend heavily on the quality of the input topology structure
for graph learning, since they are trained by reconstructing the objectives of adjacency matrix or feature matrix (Gong et al., 2022;
Mrabah et al., 2022). Therefore, this reliance will force the model to remember high-frequency noises in features introduced from the
original graph, leading to suboptimal performance (Cui et al., 2020; Wang et al., 2022b). In contrast, contrastive learning methods
(Pan & Kang, 2021; Xia, Wang et al., 2022; Yang et al., 2023) focus on gathering supervisory information from the augmented view
of the original graph in a contrastive manner, thereby alleviating the impact of a low-quality input graph.

2.2. Graph contrastive learning

Graph contrastive learning is an effective method that reduces the reliance on labeled data by exploring the intrinsic consistency
between different views of a graph (Ju et al., 2024). Existing efforts in graph contrastive learning have primarily applied to fields
such as drug discovery (Gu et al., 2023; Ju et al., 2023), recommender systems (Chen et al., 2023; Li et al., 2024; Mao et al.,
2021), and out-of-distribution detection (Duan et al., 2023; Liu, Ao et al., 2023; Liu, Ding et al., 2023). Concretely, HSL-RG (Ju
et al., 2023) builds relation graphs using graph kernels to learn transformation-invariant representations in a self-supervised manner.
HGCL (Chen et al., 2023) leverages heterogeneous relational semantics to model user-item interactions using contrastive learning,
enhancing the knowledge transfer across different views of the graph. GOOD-D (Liu, Ding et al., 2023) introduces a hierarchical
contrastive learning on augmented graphs to capture semantic inconsistencies across multiple levels of granularity.

Recently, the application of contrastive learning on graph clustering has garnered considerable attention which enhances the
discriminativeness of features by separating negative samples further apart while pulling positive samples closer (Cui et al., 2020;
Hassani & Khasahmadi, 2020; Xia, Wang et al., 2022; Yang et al., 2023). Specifically, GDCL (Zhao et al., 2021) utilizes contrastive
learning to align the negative and positive samples from different views. SCAGC (Xia, Wang et al., 2022) improves the quality of
negative pairs by randomly sampling nodes from the distinct clusters. CGCC (Yang et al., 2023) leverages contrastive learning to
learn representations by contrasting negative and positive samples derived from high-confidence clustering pseudo labels.

In spite of their success on extensive benchmarks, most of these works assume that all samples contribute equally, neglecting
the influence of hard samples. As a result, they may suffer from a loss of discriminative capability. We suggest a unique BMM-based
hard sample mining strategy to overcome this constraint by dynamically modifying the weights assigned to hard samples, thereby
enhancing the reliability of the sample pairs and improving overall performance.

2.3. Graph hard sample mining

Hard negative mining, which serves as a selection strategy for negative and positive samples, is essential for achieving promising
performance by emphasizing hard negatives. Previous approaches (Chuang et al., 2020; Kalantidis et al., 2020; Robinson et al., 2020)
on images have demonstrated that hard negative mining is a promising approach to further boost the performance of contrastive
learning. Motivated by their success, many efforts have tried to incorporate hard negative mining into deep graph clustering to
tackle the challenge of effectively discriminating between hard negative pairs within graph data. For example, CuCo (Chu et al.,
2021) applies a scoring function to rank the negative samples from easy to hard. ProGCL (Xia, Wu et al., 2022) constitutes a novel
measure for the hardness of negative samples by a probability estimator. HSAN (Liu, Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan
et al., 2023) proposes a weight modulating function to recognize both the hard negative and positive samples, and dynamically
adjust the weights of hard and easy pairs.

However, most of these methods primarily focus on the contrast between node-node level, which neglects the exploration of
high-order semantics and results in an insufficient utilization of topological information (Ju et al., 2023; Wang et al., 2022c). In
this paper, we propose a multi-scale contrastive scheme to leverage the high-order structural contexts of nodes and their regional
neighbors for the graph clustering tasks.

3. Problem definition and preliminaries

In this section, we first give the notations and problem definition of our paper. Then, we introduce some important concepts for
the task.
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Fig. 1. An overview of our MHGC. (a) The original graph and its augmented version are treated as two views of the graph and processed by Laplacian filters.
(b) The multi-scale representations, encompassing the node and the corresponding subgraph feature, of each view are embedded by attribute encoders. (c) A
dual graph clustering layer is proposed to derive the soft clustering labels, and high-confidence samples are selected via the Beta Mixture Model. (d) Build upon
this, the hard samples are dynamically weighted in multi-scale contrastive learning.

3.1. Notations

Let an arbitrary undirected graph be represented by a tuple ¢ = {V, &}, where ¥V = {v,,...,vy} denotes the node set with N
nodes, £ is the edge set with M edges. The node feature matrix is denoted as X = (x,, ..., xy)T € R¥*¢ where each row x; € R?
represents the feature vector of node i and d is the dimension of node feature. We use adjacency matrix A = (g;;) € RV to
characterize the structural information of G, which is generated according to edge connections in €, namely, each entry g;; = 1 if

. . . . . N
(v;,v)) € &, otherwise, a;; = 0. The corresponding degree matrix can be formulated as D = diag(d,. ..., d ) with degree d; = Z/ | Gije

- AL R
The graph Laplacian matrix is defined as L = D — A and can be normalized as L = I — D" 2 AD™ 2, where A = A + [ for considering
self-connections, I € RV*V is the identity matrix.

3.2. Deep graph clustering

Given an unlabeled graph consisting of N nodes, the target of deep graph clustering is to partition these nodes into several
disjoint groups without human annotations. Concretely, node embeddings Z € RV*? are first learned in an unsupervised manner
by encoding the graph structure and node attribute with a deep neural network 7, and the process can be defined as follows:

Z =F(A X). @
Then, based on the learned embedding, a clustering algorithm (e.g. spectral clustering, clustering neural network layer, or the
K-means Bo et al., 2020) is employed to divide these nodes into K groups {C,,...,Cx}.

4. Methodology

In this section, we first introduce the motivation and architecture of the proposed MHGC. We then present the details of each
component and the overall optimization for deep graph clustering.

4.1. Overview

The basic idea of our proposed MHGC is to explicitly exploit high-order structure contexts with the hierarchical multi-scale
contrastive scheme and focus more on hard samples to promote the learned node representation for graph clustering. As shown
in Fig. 1, there are four parts in MHGC framework: Graph Augmentation, Multi-Scale Graph Encoding, Dual Self-Supervised Graph
Clustering and Hard Sample Aware Contrastive Learning. In the Graph Augmentation module, we treat the original graph and its edge
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modification version as two views of the graph. Then in the Multi-Scale Graph Encoding module, we sample the subgraph context of
a node with random walk and encode different scales of information, encompassing the node and corresponding subgraph feature.
So in this process, the high-order context information is integrated to boost the quality of the representation. After that, we perform
a dual graph clustering layer on the embedded representation to derive the soft clustering labels in a self-supervised manner, and
high-confidence clustering results are selected via the proposed mixture model. Finally, we place greater emphasis on hard positive
and negative samples across various representation granularities and propose a dynamic weighted multi-scale contrastive scheme
that leverages high-confidence clustering results and sample similarity.

4.2. Graph augmentation

Graph augmentation methods are crucial for unsupervised learning models, as they directly impact the learned node embeddings.
Effective graph augmentation methods should assist the model in uncovering semantic information about nodes, enabling the
discovery of deeper features directly relevant to downstream tasks like graph clustering. Here, we employ edge perturbation to
augment the graph in our framework, where a subset of edges is randomly removed, and another random subset of edges is added.
Then, the input graph serves as the first view, while the augmented graph forms the second view. We sample nodes and subgraphs
from both views of the graph, which serve as inputs for the subsequent model training.

Edge Modification. Given the input graph G, we employ edge perturbation as the graph augmentation method in our framework.
Instead of merely dropping edges from the graph, we also add an equivalent number of edges as those dropped to the graph (Duan
et al., 2023; Jin, Zheng et al., 2021). Specifically, given the adjacency matrix A with M edges, we define an edge perturbation ratio
p to randomly drop % edges from A and then randomly adding ‘% of new edges to A. Notice that both the edge dropping and
adding processes follow an i.i.d. uniform distribution. In this way, the edge modification approach preserves the original properties

of the graph while complicating the augmented view without compromising node semantics.

Random Walk Subgraph Sampling. Since the node feature in the graph is related to its surrounding neighbors, we explicitly
exploit the high-order structure contexts of the node to promote the node representation learning for the graph clustering task.
Inspired by the previous work (Qiu et al., 2020), we adopt random walk with restart (RWR) (Tong et al., 2006) to sample the ego
subgraph around the target node, which enables to capture the structure and attribute information from the surrounding neighbors.
Specifically, we start a random walk on the graph from the ego node v; by iteratively traveling to its neighbors and returning back
with a probability proportional to the edge weight. Then, the walked nodes are collected as a subset S; and regarded as an ego
subgraph of node v;.

4.3. Multi-scale graph encoding

We design an attribute graph encoder to map the nodes and subgraphs into the hidden space. Following the previous work (Cui
et al., 2020), we initially leverage Laplacian filter to aggregate neighbor information and eliminate the high-frequency noises from
the attribute matrix, defined as follows:

t
X=JJa-Dyx=0a-0D'x, @
i=1
where (1 — L) is the graph Laplacian filter stacking up ¢ times to achieve loss-pass filtering. X is the corresponding filtered node
feature matrix. Thus, given two input graph views, namely the original graph ¢ and its edge perturbation version ¢/, we apply the
Laplacian filter to obtain the corresponding smoothed attribute matrix X, and X,. Then, we encode X; and X, with two encoders
AE,; and AE, as follows:

v
Z

Z =G M) = AR (X)); 2 = ——.i=1,...,N,
12211, @
i
~ Z,
Zy = (2, ... 23" = ABy(Xy); 2y = ——.i=1,...,N,
1z, ll>

where Z, and Z, are node embeddings of the two views. AE, and AE, denote the attribute encoders. In practice, we simply
implement via two multi-layer perceptions (MLPs) following the previous works (Liu, Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan
et al., 2023; Yang et al., 2023), which has the same structure but with unshared parameters.

For two input graph view, we sample the ego subgraph S; of node v; and the representation of subgraph is derived from the
aggregation of all node representations within the subgraph by readout function. This can be formally described as follows:

S
z' = READOUT({2}) . 51).

N )
z,' = READOUT({2}} c52).

S
where z)!

is the subgraph-level representation, READOUT is implemented via the averaging pooling function.
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4.4. Dual self-supervised graph clustering

Since graph clustering is deemed as an unsupervised task without available feedback, we perform a dual self-supervised clustering
layer on the encoded node representation of the original input graph Z, to derive the pseudo soft label. In particular, for each node
v; and each cluster C;, we measure their similarities as the soft cluster assignment Q = (g;;) € RV*K by utilizing the student’s
t-distribution as a kernel, which can be defined as:

A+ 12" = el
ISR ERE D
where u, indicates cluster center vector of C,. After obtaining the initial probability, we aim to optimize the node representation
for clustering by learning from the high-confidence assignments. Thus, we foster all nodes to get closer to the corresponding cluster
centers and the target distribution P = (p;;) € R¥*X can be sharpened as:

2
4y Xk
e
Zk(q,‘k/ Z[ qik)
In the target distribution, we square and normalize each node-cluster pair in the assignment distribution so that the cluster

assignments will have higher confidence. Therefore, we further minimize the KL divergence between g, and p;, to align the student’s
distribution to the target distribution:

p.
Loy =KLP Q=Y Y pylog q—k @)
k ik

i

(5)

ik

Pik (6)

By utilizing the target distribution P as supervision, the refined distribution Q can be further used to update P in turn. This
cluster assignment process helps to obtain more discriminative node representation for graph clustering. And finally we adopt the
well-trained assignment matrix Q to predict the cluster label of node, i.e., node v; can be:

Yy = argmaxy ey . k) 4ik- (8)

4.5. Hard sample aware contrastive learning

The paradigm of graph contrastive learning has demonstrated its effectiveness in unsupervised settings by efficiently capturing the
semantic information of nodes. As effective representation benefits the graph clustering process, we propose a multi-scale contrastive
learning scheme with newly added subgraph information. Meanwhile, since hard samples usually confuse the model learning, we
focus on the positive and hard negative samples and propose a hard sample aware contrastive loss with dynamic weighting strategy
to further guide our contrastive framework.

Cluster-guided Hard Sample Mining. In this part, we focus on identifying hard samples for graph clustering. As our hard sample
is guided by the clustering result, we first use the difference in self-supervised clustering loss to select nodes with high-confidence
cluster assignments. More concretely, we utilize a two-component (high-low) Beta Mixture Model (BMM) to estimate the confidence
probability. And the probability density function (pdf) of beta distribution over the per-sample clustering loss ¢; (L., = X ; Z;) can
be defined as follows:
I'(a+p)
p(@la, p) = T@T'(p)
where «, f > 0 are the parameters of beta distribution and I'(-) represents the Gamma function. The mixture pdf of C component
on 7 can be formulated as:

1= o)1, (©)]

c
pE) = Y, dep(lac, B, (10)
c=1
where 1. is the mixture coefficient. Here we let C = 2 to model the distribution of nodes with high and low confidence in
their clustering assignments. Expectation Maximization (EM) algorithm is then applied to fit the BMM to the observed per-sample
clustering loss distribution. In E-step, we fix the parameter of BMM and compute the probability of node v; being high or low
confidence sample with Bayes rule, defined as:
Ap(ilac, B.)

plel?) = . an
T Zo Aupilag. o)
Then for M-step, we fixed p(c|¢;) and estimate parameters «, and f, using the method of moments in statistics:
s L.(=2, 1-2,
ap =L T gy 2l 2P 12)
SL’ c
where 7, and 52 are the weighted average of the per-sample clustering loss and corresponding variance estimate:
N N 7 \2
2, = Lioy Pl s2 = Zioy PN~ ) . 13)

SN opelzy € >N bl
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And the mixing coefficient 4, can be computed as:
N
1
DG (14)
i=1

The E and M-steps are performed iteratively until convergence or reaching the maximum number of iterations (i.e., 10 in our
experiments). By setting a threshold z on the posterior probability p(c|#;), where high-confidence one are with lower mean, we
select the nodes set H with high-confidence cluster assignments.

In this way, nodes within the same clusters are regarded as positive pairs while those from distinct clusters are recognized as
possible negative pairs. As a result, negative pairs with high similarity and positive pairs with low similarity are identified as hard
samples and the weight can be defined as:

w(Ui’ Uj) = {1, =(i,j € H), (15)

|r;; = Norm(s(v;, v;))I”,  otherwise,

where r;; reveals the clustering relationship between node v; and v;, namely r;; = 1 if y; = y;, otherwise r;; = 0. s(v;,v;) denotes
the similarity between the node pair and Norm(-) is the min—max normalization. y is the focusing factor used to control the rate at
which the sample is weighted.

Hard-aware Multi-scale Contrast Scheme. We consider a hierarchical multi-scale contrastive learning framework, which includes
three types, node-subgraph, node-node and subgraph-subgraph contrast. Meanwhile, instead of treating each sample pair equally,
we focus more on the selected hard nodes across different scales to uncover the intrinsic discriminative structure information for
graph clustering.

Node-subgraph contrast. Node-subgraph contrast focuses on identifying inherent patterns from the node perspective within
each graph view. And the learning objective is to enhance the alignment between the node embedding and its corresponding
ego-subgraph, i.e., for the original input graph view:

ew(u} ,Sil )-s(u} .s} )

L, =Y —log( ), (16)

1 ¢l 1 1
7 ew(ull ,Sll )-S(U’l ’51]) + Zj#i e(U(U, vs/ )'X(U,- A,Sj)

where s(v!,S!) = (2] )Tzf" denotes the similarity between node and subgraph embedding, w(v!,S!) is the corresponding weight
focusing more on the hard samples. Dynamically adjusting the weights during training allows the chosen hard samples to effectively
convey their neighboring structures in the latent space. Similarly, we can also obtain £2_ and the final contrast loss is:

2
1 .
Em' = m Z E‘LS (17)
j=1
Node-node contrast. Node-node contrast is capable of effectively capturing information at the node level, enhancing the
expressiveness of the encoded node embeddings. We contrast the node embeddings that span across two views. Thus, the same node
from the different views forms a positive pair while different nodes form a negative pair. The loss function can be then defined as:
1.2 1.2
ew(v[ U )~s(v[ U )

ch,=Y —log( ), 18)

1.2 1.2 1.2 1.2
w(v; ,v7)-s(v; ,v7) w(v; ,v5)-s(v; ,05)
@i V) s 2#1. et

i

where s(v},0?) = (z]')Tz; and (v, v?) denote the similarity and the up/down-weighting rate of hard/easy samples. Note that we
can also calculate £2 , and the node-node contrast loss can be calculated as L,,.

Subgraph-subgraph contrast. Subgraph-subgraph contrast aims to incorporate more representative and intrinsic subgraph embed-
ding into the graph clustering task. We treat the subgraph as forming a positive pair with its perturbed version, which is the
ego-subgraph of the same target node v; appearing in another view. To this end, the subgraph-subgraph contrast loss can be defined
as:

(S} $2)5(8).82)

£lo= 2 —log( )
ss 1 ¢2y.«gl g2
- ew(S} ,s}ys(s},s}) + Z#i ew(si 2S7)-8(S;.S7)

(19)

i

where s(S,.1 s Siz) = (z‘lgi )Tzzsi and 0)(5[1 R S,.Z) denote the similarity and the corresponding adjust weight. Similarly, we can also calculate
£2 and get L.
ss 58

4.6. Optimization target

To integrate the advantages of the three contrasts, we jointly optimize three different levels of the contrast loss function with
the self-supervised clustering loss. The total loss of the framework can be:

L= Kltns + K2[’nn + K3£xs + [’clu’ (20)

where « represents the hyper-parameter to trade off the weight of contrastive loss and self-supervised clustering loss. The detailed
training process of our MHGC is illustrated in Algorithm 1.
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Algorithm 1 The overall training process of MHGC

Input: Graph ¢ = {V, £} with adjacency matrix A and feature matrix X; cluster number K.
Output: The final clustering result Y.
1: while not convergence do
2:  Form two graph views from the original graph and the edge modification version. Sample subgraphs via RWR in each view;
Divide V into batches B by random;

3:  for v, € Bdo
4: Encode multi-scale graph information to get node and subgraph representation zf’,z;‘, z‘f’,zf’ ; // Egs. (3)-(4)
5: Calculate cluster assignment distribution QO and P, and get the self-supervised clustering loss £, ; // Egs. (5)-(7)
6: Obtain high-confidence clustering results via fitting BMM and select hard sample pairs ; // Egs. (9)-(15)
7: Perform hard-aware multi-scale contrastive learning via down(up)-weighting easy(hard) samples ; // Eqs. (16)-(19)
8: end for
9:  Obtain the clustering result Y with well-trained O
10: end while
Table 1
The statistics of datasets.
Datasets Nodes Edges Attributes Classes
Cora 2708 5429 1433 7
Citeseer 3327 4732 3703 6
AMAP 7650 119081 745 8
BAT 131 1038 81 4
EAT 399 5994 203 4
UAT 1190 13599 239 4

5. Experiment

In this section, we carry out comprehensive experiments on six commonly used benchmark datasets to assess the effectiveness
of our MHGC and address the following research problems:

» RQ1: How does our proposed MHGC performs compared with baselines for graph clustering?

» RQ2: How do the multi-scale contrastive scheme and BMM-based hard negative samples mining strategy influence the model
performance?

» RQ3: How do different hyper-parameters in MHGC influence the model performance?

» RQ4: Can we intuitively visualize the effectiveness of MHGC?

5.1. Experimental setup

Datasets. Following the setting of previous works (Liu, Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan et al., 2023; Yang et al., 2023),
we evaluate the performance of MHGC on six benchmark graph clustering datasets, including CORA (McCallum et al., 2000), CITE
(Giles et al., 1998), AMAP (McAuley et al., 2015), BAT, EAT, and UAT (Mrabah et al., 2022). These datasets span various types of
networks, including citation networks, social networks, and traffic networks, exhibiting significant differences in scale. They serve
as generalized benchmarks widely used in prior graph clustering research. We briefly introduce the mentioned datasets below and
the statistics of these datasets are listed in Table 1.

» CORA contains 2708 papers across seven topics: algorithm, theory, neural network, case-based, probabilistic method, genetic,
and reinforcement learning, where nodes denote published papers and edges denote citation relationships.

CITE contains 3327 scientific papers on six topics: machine learning, database, agent, information retrieval, human-computer
interaction, and artificial intelligence. Similarly to CORA, nodes denote papers and edges represent citation relationships.
AMAP comprises 7,650 products categorized into eight distinct groups, based on the Amazon co-purchase graph, where nodes
symbolize products and edges indicate the frequent purchasing relationships between pairs of items.

BAT, EAT and UAT are air-traffic datasets sourced from the National Civil Aviation Agency of Brazil, Europe, and the Bureau
of Transportation Statistics of the U.S.. Each node in these databases represents an airport, representing airport networks.
The four groups into which the airports are divided reflect the importance or activity level of each airport. Furthermore, the
network’s edges show that there are commercial flights operating between the airports.

Baselines. We compare MHGC against eleven state-of-the-art deep graph clustering methods with their original settings. These
methods can be grouped into three categories, including classical deep graph clustering methods (i.e., DAEGC Wang et al., 2019,
SDCN Bo et al., 2020, DFCN Tu et al., 2021), contrastive deep graph clustering methods (i.e., AutoSSL Jin, Liu et al., 2021, AFGRL



Table 2
The mean performance across six benchmark datasets during ten runs. Four measures are used to evaluate the performance, and the mean value and standard deviation are
presented. The top results are indicated by red values, while the runner-up results are indicated by blue values.

Dataset Metric Classical deep graph clustering Contrastive deep graph clustering Hard sample mining
DAEGC SDCN DFCN AutoSSL AFGRL CCGC MAGI GDCL ProGCL HSAN MHGC
1JCAI 19 WWW 20 AAAT 21 ICLR 22 AAAT 22 AAAT 23 KDD 24 IJCAI 21 ICML 22 AAAT 23 Ours
ACC 70.43 + 0.4 35.60 + 2.8 36.33 + 0.5 63.81 + 0.6 26.25 + 1.2 73.88 + 1.2 75.72 + 2.1 70.83 + 0.5 57.13 + 1.2 77.07 + 1.6 77.72 + 0.4
CORA NMI 52.89 + 0.7 14.28 + 1.9 19.36 + 0.9 47.62 + 0.5 12.36 + 1.5 56.45 + 1.0 55.07 + 0.7 56.60 + 0.4 41.02 + 1.3 59.21 + 1.0 57.50 + 1.0
ARI 49.63 + 0.4 07.78 + 3.2 04.67 + 2.1 38.92 + 0.8 1432 + 1.9 52.51 + 1.9 57.34 + 2.4 48.05 + 0.7 30.71 + 2.7 57.52 + 2.7 57.96 + 1.5
F1 68.27 + 0.6 24.37 + 1.0 26.16 + 0.5 56.42 + 0.2 30.20 + 1.2 70.98 + 2.8 7391 + 1.4 52.88 + 1.0 45.68 + 1.3 7511 + 1.4 75.50 + 1.1
ACC 64.54 + 1.4 65.96 + 0.3 69.50 + 0.2 66.76 + 0.7 31.45 + 0.5 69.84 + 0.9 70.60 + 0.6 66.39 + 0.7 65.92 + 0.8 71.15 + 0.8 72.21 + 0.7
CITE NMI 36.41 + 0.9 38.71 + 0.3 43.90 + 0.2 40.67 + 0.8 15.17 + 0.5 44.33 + 0.8 43.14 + 0.5 39.52 + 0.4 39.59 + 0.4 45.06 + 0.7 45.88 + 0.8
ARI 37.78 + 1.2 40.17 + 0.4 45.50 + 0.3 38.73 + 0.6 1432 + 0.8 45.68 + 1.8 46.87 + 0.7 41.07 + 1.0 36.16 + 1.1 47.05 + 1.1 48.34 + 0.8
F1 62.20 + 1.3 63.62 + 0.2 64.30 + 0.2 58.22 + 0.7 30.20 + 0.7 62.71 + 2.1 62.81 + 0.4 61.12 + 0.7 57.89 + 2.0 63.01 + 1.8 63.48 + 1.1
ACC 75.96 + 0.2 53.44 + 0.8 76.82 + 0.2 54.55 + 1.0 75.51 + 0.8 77.25 + 0.4 77.40 + 0.3 43.75 + 0.8 51.53 + 0.4 77.02 + 0.3 79.24 + 0.5
AMAP NMI 65.25 + 0.5 44.85 + 0.8 66.23 + 1.2 48.56 + 0.7 64.05 + 0.2 67.44 + 0.5 67.85 + 0.3 37.32 £ 0.3 39.56 + 0.4 67.21 + 0.3 68.79 + 0.3
ARI 58.12 + 0.2 31.21 + 1.2 58.28 + 0.7 26.87 + 0.3 54.45 + 0.5 57.99 + 0.7 57.63 + 0.6 21.57 + 0.5 34.18 + 0.9 58.01 + 0.5 62.67 + 0.7
F1 69.87 + 0.5 50.66 + 1.5 71.25 + 0.3 54.47 + 0.8 69.99 + 0.3 72.18 + 0.6 71.79 + 0.3 38.37 + 0.3 31.97 + 0.4 72.03 + 0.5 77.12 + 0.4
ACC 52.67 + 0.0 53.05 + 4.6 55.73 + 0.1 42.43 + 0.5 50.92 + 0.4 75.04 + 1.8 40.61 + 0.9 45.42 + 0.5 55.73 + 0.8 77.15 = 0.7 78.41 + 0.6
BAT NMI 21.43 + 0.4 25.74 + 5.7 48.77 + 0.5 17.84 + 1.0 27.55 + 0.6 50.23 + 0.4 13.56 + 1.6 31.70 + 0.4 28.69 + 0.9 53.21 + 0.9 54.27 + 0.7
ARI 18.18 + 0.3 21.04 + 5.0 37.76 + 0.2 13.11 + 0.8 21.89 + 0.7 46.95 + 3.1 06.71 + 0.8 19.33 + 0.6 21.84 + 1.3 52.20 + 1.1 52.38 + 0.7
F1 52.23 + 0.0 46.45 + 5.9 50.90 + 0.1 34.84 + 0.2 46.53 + 0.6 74.90 + 1.8 40.93 + 0.9 39.94 + 0.6 56.08 + 0.9 77.13 + 0.8 78.38 + 0.6
ACC 36.89 + 0.2 39.07 + 1.5 49.37 + 0.2 31.33 + 0.5 37.42 + 1.2 57.19 + 0.7 35.04 + 1.1 33.46 + 0.2 43.36 + 0.9 56.69 + 0.3 58.48 + 0.7
EAT NMI 05.57 + 0.1 08.83 + 2.5 32.90 + 0.4 07.63 + 0.9 11.44 + 1.4 33.85 + 0.9 06.07 + 0.5 13.22 + 0.3 23.93 + 0.5 33.25 + 0.4 34.47 + 0.6
ARI 05.03 + 0.1 06.31 + 2.0 23.25 + 0.2 02.13 + 0.7 06.57 + 1.7 27.71 + 0.4 04.11 + 0.5 04.31 + 0.3 15.03 + 1.0 26.85 + 0.6 28.18 + 0.8
F1 3472 + 0.2 33.42 + 3.1 42,95 + 0.0 21.82 + 1.0 30.53 + 1.5 57.09 + 0.9 35.04 + 1.1 25.02 + 0.2 42.54 + 0.5 57.26 + 0.3 58.54 + 0.6
ACC 52.29 + 0.5 52.25 + 1.9 33.61 + 0.1 42.52 + 0.6 41.50 + 0.3 56.34 + 1.1 45.95 + 1.5 48.70 + 0.1 45.38 + 0.6 56.04 + 0.7 56.72 + 0.4
UAT NMI 21.33 + 0.4 21.61 + 1.3 26.49 + 0.4 17.86 + 0.2 17.33 + 0.5 28.15 + 1.9 1291 + 0.6 25.10 + 0.0 22.04 + 2.2 26.99 + 2.1 27.39 + 0.6
ARI 20.50 + 0.5 21.63 + 1.5 11.87 + 0.2 1313 + 0.7 13.62 + 0.6 2552 + 2.1 12.54 + 0.6 21.76 + 0.0 14.74 + 2.0 25.22 + 2.0 25.72 + 0.8
F1 50.33 + 0.6 45.59 + 3.5 25.79 + 0.3 34.94 + 0.9 36.52 + 0.9 55.24 + 1.7 45.95 + 1.5 45.69 + 0.1 39.30 + 1.8 54.20 + 1.8 55.61 + 1.1
Avg. rank 6.92 7.71 5.92 8.71 8.54 3.21 6.29 7.54 7.33 2.63 1.17
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Lee et al., 2022, CCGC Yang et al., 2023, MAGI Liu et al., 2024), and hard sample mining methods (i.e., GDCL Zhao et al., 2021,
ProGCL Xia, Wu et al., 2022, HSAN Liu, Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan et al., 2023).

Evaluation Metrics. Following the previous research (Liu, Yang, Zhou, Liu, Wang, Liang, Tu, Li, Duan et al., 2023; Yang et al.,
2023), we adopt ACC, NMI, ARI, and F1 to measure the graph clustering performance of our model. We conduct experiments 10
times with random seeds for each dataset and record the mean and the standard deviation of these for metrics.

Implementation. In practice, we set the maximum training epoch to 400 and adopt Adam optimizer (Kingma & Ba, 2015) to
minimize the total loss. We set the perturbation rate p to a fixed value 0.2. We fix the confidence threshold  to 0.2, the focusing factor
y to 2, and the influence factors of node-node contrastive loss, node-subgraph contrastive loss, and subgraph-subgraph contrastive
loss to 0.8, 0.2, and 0.1, respectively. Due to the variation in the size of datasets and unknown inherent structures, we search the
optimal values of Laplacian filtering 7 and subgraph sizes s from the range [2,3,4,5,6,7,8] and [2,4, 6, 8, 10], respectively.

5.2. Performance comparison (RQ1)

We evaluate the performance of our MHGC compared with all baselines and summarize the results in Table 2. From the
experimental results, we draw the following conclusions:

» Compared to classical deep graph clustering methods, most contrastive learning approaches show improved performance,
which implicitly incorporate supervision information from different graph views, effectively mitigating the impact of noise or
low-quality input data to produce high-quality node representations.

» Most hard-aware contrastive learning methods, such as HSAN and our proposed MHGC, consistently outperform traditional
contrastive deep graph clustering methods. This result highlights the strategy is essential for identifying hard negative pairs,
especially those challenging yet important boundary samples, to enhance the model’s discrimination capability.

+ Overall, our MHGC achieves significantly improved performance compared to existing approaches. Since existing hard sample
mining methods often overlook high-order structural information, we conduct hard boundary sample mining in a hierarchically
contrastive manner, leading to the outstanding discriminative capability for graph clustering task.

5.3. Ablation study (RQ2)

Our proposed MHGC incorporates multi-scale graph contrastive scheme at three levels (i.e., node-node level, node-subgraph
level, and subgraph-subgraph level). To demonstrate the effectiveness of each component, we perform experiments on all possible
combinations of these levels. Additionally, we conduct ablation studies on the vanilla version of MHGC (without the hard negative
sample mining module denoted as “H”) to further verify the influence of the BMM-based hard sample mining strategy. The
experimental results on benchmarks are summarized in Table 3, yielding the following conclusions:

» The performance varies across the three levels. Generally, the inclusion of the node-node level or node-subgraph level tends to
outperform the subgraph-subgraph level. This is mainly attributed to the fact that the contrastive learning in node-node level
can capture pairwise relationships between nodes, which facilitates the learning of effective discriminative patterns for node
clustering. Meanwhile, the node-subgraph level contrastive learning draws structural information from regional neighbors and
provides high-order semantics for the clustering task. However, subgraph-subgraph level focuses on entire subgraphs and may
ignore the fine-grained node features, leading to deficient representations for clustering.

Nevertheless, jointly executing contrastive learning from multi-scale graph levels leads to improved performance. This
highlights the significance of multi-scale contrastive learning in enriching high-order structural contexts which contributes to
overall performance enhancement. These findings also suggest that properly up-weighting £, and £ g is more conducive
to achieving better performance.

Additionally, it is evident that the hard sample mining technique based on BMM enhances the model’s performance. This
suggests that by dynamically up-weighting the learning method, the strategy directs our model to concentrate on hard sample
pairs, improving the samples’ discriminative power.

5.4. Parameter sensitivity (RQ3)

We then examine the sensitivity of the proposed MHGC to various hyper-parameter. Concretely, we study the effect of
perturbation rate p, subgraph size |S|, focusing factor y for modulating the weights of hard and easy sample pairs, and confidence
threshold r for the identification of high-confidence samples.

Efficient of the Perturbation Rate p and Subgraph Size |S|. To investigate the optimal scale of subgraph and graph augmentation,
we study the performance of model with varying values of p and |S|. Specifically, we search the values of p and |S| in the range
of {0.1,0.2,0.4,0.6,0.8} and {2,4,6,8, 10}, respectively. Fig. 2 shows the performance w.r.t. different values of p and s on the BAT,
EAT, and UAT datasets. We find that:
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Table 3
Ablation study on multi-scale contrastive learning and hard sample mining strategy. The red values represent
the best results, while the blue values indicate the runner-up outcomes.

1T

Dataset  Lyy  Lys Lgs H ACC NMI ARI F1
v - - 7263+16 5514+1.2 51.96+21 6827 +3.1
- v - - 7273+ 13 5506+ 08 5121 +18 68.69 + 2.7
- - v - 720115 5512+ 1.0 5144 +24 67.67 =27
CORA v v - - 7438+ 12 5553+1.2 5306+17 6842+ 26
v - v - 7356+16 5490+1.2 51.0l+14 67.85+16
- v v - 7387 +18 5551 +1.1 5251 +22 6950+ 26
v v v - 7544+ 13 5669+ 1.3 5445+17 7268 + 1.1
v v v v 7772+£04 5750 +10 5796+ 1.5 7550 + 1.1
v - - - 7061 £ 07 4444 +03 4693 13 6235+ 0.4
- v - - 7057 £ 0.7 4429+ 04 4684 + 1.4 6225+ 0.5
- - v - 7052+ 07 4425+ 04 4674+ 13 6222+ 05
ITE v v - - 7127 £ 09 4561 +07 47.04 +1.4 6253 £ 05
v - v - 71.08 £ 0.7 4554 + 04 47.04 + 1.3 6235 + 0.4
- v v - 7116 £ 0.7 4538+ 04 4688+ 15 6231 +05
v v v - 716807 4561 + 04 47.00 + 1.4  63.33 + 0.5
v v v v 7221 £07 4588+ 08 4834+ 08 6348 + 1.1
v - - - 7814x11 665407 601526 7512 %23
- v - - 7836+13 6730+06 606612 7233+16
- - v - 7568 +13 6778+ 1.4 5585+09 71.22 %21
AMAP v v - - 7883+09 6814+05 61.78+18 7578 + 0.4
v - v - 7740 04 67.08+04 6038 +12 73.08 %05
- v v 7817 £ 0.2 67.79 + 0.4 60.83 + 0.3 7203 + 0.3
v v v - 7869+09 6869+05 61.54+19 7527 +06
v v v v 7924 +05 6879 +03 6267 +07 7712+ 0.4
v - - - 7583+08 51.34+05 4716 +0.8 76.05+ 0.8
- v - - 7596 +0.6 51.31+06 4759+1.0 76.11 +0.7
- - v - 7462+ 13 4979+ 18 4569 +22 7476 + 1.3
BAT v v - - 7608+ 11 50.98+05 4726 +13 7631 + 1.1
v - v - 7603+08 51.16+05 4737 +0.8 76.24 + 0.8
- v v - 7634x11 51.39+05 4770 +13 7656 + 1.1
v v v - 7710+ 07 5288+08 492211 7731 +07
v v v v/ 7841 +£06 5427 +07 523807 7838 + 0.6
v - - - 5689x11 3314+08 2628+09 56.30+14
- v - - 5647 +09 3268+06 2545+1.0 56.76 + 0.8
- - v - 5639+07 3318+09 2548 +07 5644+ 1.1
EAT v v - - 5714x11 3324+09 2612+09 56.35=%15
v - v - 5701 +11 3312+08 2624+08 5657 + 14
- v v - 5739+08 3336+06 2604+09 569207
v v v - 578911 3364+09 2712+09 5735%15
v v v vV 5848 £07 3447 £06 2818+ 08 5854 + 0.6
v - - - 5597 +04 2680 +1.1 2368+19 5446+ 12
- v - - 5538+08 2585+13 2400x11 5370+ 1.1
- - v - 5524+04 2469+05 21.66+05 54.88 + 0.3
UAT v v - - 56.05+04 2594+07 239011 551110
v - v - 5622+04 2718+06 2373+06 553405
- v v - 5608+07 2698+1.1 244212 541010
v v v - 56.62+04 2694+05 252214 5565+ 1.0
v v v v/ 5672 +0.4 2739 %06 2572+08 5561 + 1.1
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Fig. 2. Performance comparison w.r.t. different values of the hyper-parameter p and |S| on the BAT, EAT, and UAT datasets.
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Fig. 3. Performance comparison w.r.t. different values of the hyper-parameter y on six benchmarks.

The optimal value of subgraph size varies across datasets. For instance, the best performance is achieved on BAT when |S| =4,
whereas on EAT and UAT, the best performance is achieved when |S| = 10. This discrepancy is due to the relatively smaller
scale of BAT compared to the others. A larger value of subgraph size is more likely to introduce noise for the anchor nodes,
results in a decline in performance.

As the value of |S| increases, the rising trend becomes less pronounced for both EAT and UAT. This suggests a feasible way
to strike a balance between performance and computational cost by properly reducing the subgraph size, particularly on large
datasets like AMAP.

When p = 0.1, the augmented graph closely resembles the original graph with only slight perturbations, which leads to a
noticeable decline in performance. By setting p = 0.2, our model reaches the optimal performance. However, as the value of
p further increases, a marginal decline in performance is observed, indicating that over-perturbation may potentially disrupt

the regional contexts, albeit in a minor manner.

Efficient of the Focusing Factor y. By varying the values of focusing factor, we explore the optimal weighting rate of high-
confidence samples. Specifically, we search the value of focusing factor y in the range of {1,2,3,4,6}. Fig. 3 shows the performance
w.r.t. different values of y for modulating the weights of hard and easy sample pairs in the high-confidence set. We have the following

conclusions:

» When y = 1, the disparity between the down-weighting rate of easy sample pairs and up-weighting rate of hard sample pairs
is trivial to identify tangible discriminative patterns. By setting y = 2, MHGC achieves the best performance, illustrating the
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Fig. 4. Performance comparison w.r.t. different values of the hyper-parameter r on six benchmarks.
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Fig. 5. 2D ¢-SNE visualization of eight methods across two benchmark datasets. The first row corresponds to the CORA dataset, while the second row pertains

to the AMAP dataset.

importance of modulating the weight of hard and easy sample pairs during the training process, which significantly improves

the discriminative capability.
» However, excessively increasing of y (i.e., y > 2) results in a descending trend of model performance. This can be attributed to

an excessive focusing factor, which results in an exponential decay in the down-weighting rate of easy sample pairs, negatively

impacting the clustering tasks.

Efficient of the Confidence Threshold . We further analyze the influence of high-confidence sample set. In particular, we search
the value of 7 in the range of {0.2,0.4,0.5,0.6,0.8,0.9}. Fig. 4 shows the performance w.r.t. different values of confidence threshold

7 for controlling the selection of high-confidence samples. We observe that:

» When 7 = 0.2, the broad criteria leads to an inadequate selection of high-confidence set, causing relatively poor performance.
Increasing the value of r substantially enhances the model performance, with the best performance achieved when = = 0.5.
This finding highlights the emphasis on high-confidence samples contributes to improving discriminative capability of hard

pairs, thereby attaining better semantics for clustering.
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« Setting the confidence threshold too high (i.e., = > 0.5) results in a degradation of model performance. This is likely because
the stringent criteria mistakenly identifies the high-confidence samples as low-confidence samples, which negatively impacts
the learning of discriminative patterns and causes sub-optimal performance.

5.5. Case study and visualization (RQ4)

To provide an intuitive illustration of the superior performance of MHGC, we select CORA and AMAP datasets to visualize
the learned node embeddings using 2D t-distributed stochastic neighbor embedding (t-SNE) (Van der Maaten & Hinton, 2008). As
shown in Fig. 5, we highlight the impressive ability of our MHGC to identify discriminative patterns and reveal the underlying
cluster structure. Our MHGC exhibits better separability among different clusters, characterized by improved aggregation within
the same cluster and a more significant gap between different clusters, and surpass the performance of other baseline methods.

6. Conclusion

We introduce a novel contrastive-based model, referred to as MHGC, designed to identify challenging samples for the graph
clustering task from a multi-scale perspective. We employ edge perturbation to generate an augmented view of the original graph
and utilize random walk with restart to create subgraphs centered around each node in both views. Subsequently, an attribute
encoder is utilized to embed node representations within latent space. We subsequently incorporate a clustering layer to align the
learned representation with the clustering outcomes. Fitting a beta mixture model to the clustering loss enables the identification of
high-confidence nodes. Utilizing high-confidence clustering information, we propose a weight regulator that dynamically increases
the weights of difficult sample pairs while decreasing those of easy sample pairs in our hierarchical contrastive scheme, facilitating
effective learning of discriminative patterns for the graph clustering task. Experimental results across six benchmark datasets validate
the effectiveness of our MHGC. In the future, we will expand our research to include additional fields, such as node classification.
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