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Abstract

Due to its powerful capability of self-supervised representation learning and clus-
tering, contrastive attributed graph clustering (CAGC) has achieved great success,
which mainly depends on effective data augmentation and contrastive objective
setting. However, most CAGC methods utilize edges as auxiliary information to
obtain node-level embedding representation and only focus on node-level embed-
ding augmentation. This approach overlooks edge-level embedding augmentation
and the interactions between node-level and edge-level embedding augmentations
across various granularity. Moreover, they often treat all contrastive sample pairs
equally, neglecting the significant differences between hard and easy positive-
negative sample pairs, which ultimately limits their discriminative capability. To
tackle these issues, a novel robust attributed graph clustering (RAGC), incorpo-
rating hybrid-collaborative augmentation (HCA) and contrastive sample adaptive-
differential awareness (CSADA), is proposed. First, node-level and edge-level
embedding representations and augmentations are simultaneously executed to es-
tablish a more comprehensive similarity measurement criterion for subsequent
contrastive learning. In turn, the discriminative similarity further consciously
guides edge augmentation. Second, by leveraging pseudo-label information with
high confidence, a CSADA strategy is elaborately designed, which adaptively
identifies all contrastive sample pairs and differentially treats them by an inno-
vative weight modulation function. The HCA and CSADA modules mutually
reinforce each other in a beneficent cycle, thereby enhancing discriminability in
representation learning. Comprehensive graph clustering evaluations over six
benchmark datasets demonstrate the effectiveness of the proposed RAGC against
several state-of-the-art CAGC methods. The code of RAGC could be available at
https://github.com/TianxiangZhao0474/RAGC.git.

1 Introduction

Attributed graph representation learning, as an effective method, fully leverages both attribute features
and the neighborhood structure among samples [[1]. Graph data is widely present in practice, making
graph representation learning essential across various fields such as node classification [2, 3} 4} 5[],
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node clustering [6, [7 18} 9], knowledge graph analysis [10], traffic prediction [11], due to its powerful
representation capability. Attributed Graph Clustering (AGC), which uses Graph Neural Networks
(GNNs) to learn discriminative embedding representation [12} [13] and partitions nodes into disjoint
clusters without label information, has become a popular and fundamental task in the field of data
mining. However, it also faces numerous challenges [14]].
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Figure 1: The overall framework of the proposed RAGC, which mainly consists of HCA and CSADA
modules. The HCA module constructs reliable augmented views and comprehensive similarity by
hybrid-collaborative augmentation from node-level embedding and edge-level embedding. With
dynamic high confidence samples selection strategy, the CSADA module significantly distinguishes
the contrastive samples through a powerful weight modulation function.

Recently, contrastive learning, a powerful self-supervised representation learning paradigm that does
not rely on label information, has attracted widespread attention and achieved significant progress
in various fields, such as computer vision [15]], natural language processing [16], feature selection
[L7]. The key idea of contrastive learning is to generate supervised signals from the data itself by
data augmentation and then learn discriminative representation by optimizing a contrastive objective
between positive and negative sample pairs. Building upon the prominent success of contrastive
learning, several contrastive AGC (CAGC) methods have integrated contrastive learning into the
AGC framework to boost clustering performance. Specifically, most existing CAGC methods aim to
construct augmented views using carefully designed augmentation operators, encouraging identical
samples across different views to align while ensuring distinct samples diverge [18].

Although CAGC methods have achieved satisfactory performance, data augmentation and contrastive
objective design remain critical components that significantly impact on clustering performance. In
graph data augmentation, various manual strategies introduce perturbations to node attributes or
structure, such as attribute masking [[19], edge perturbation [20], noise perturbation [21]. Furthermore,
to improve the adaptability and flexibility of data augmentation for downstream tasks, several
learnable strategies have been proposed [22| [23]]. However, most existing CAGC methods only treat
edges as auxiliary information to obtain augmented graph embedding representations and measure
contrastive similarity between samples by single embedding representation-level augmentations,
while paying no attention to the importance of edge-level embedding representation learning and
augmentation. Few existing CAGC methods have explored the collaborative interaction between
node-level and edge-level embedding augmentations across different granularity. Moreover, the
contrastive objective setting also plays an important role in CAGC methods. Recently, contrastive
sample awareness strategies have attracted great attention, enabling more exhaustive contrastive
learning and improving discriminative capability. However, most existing CAGC methods only
perceive a subset of contrastive sample pairs in a differentiated manner, often prioritizing specific
cases, such as hard negative samples [24] or hard samples [25| 26} 27]. Specifically, they struggle to
adaptively and effectively distinguish all contrastive samples, especially in differentiating positive-



easy, positive-hard, negative-easy, and negative-hard ones. This limitation compromises the quality
of embedding representation learning.

To remedy these shortcomings, this study proposes a novel Robust Attributed Graph Clustering
(RAGC), which goes beyond single node-level embedding augmentation and partial contrastive
sample awareness, offering a more comprehensive approach to contrastive graph clustering. The
RAGC seeks to leverage hybrid augmentations of node-level embedding representation and edge-level
representation through collaborative interaction, while also incorporating comprehensive contrastive
sample awareness with adaptive and differential weighting.

As shown in Fig.[I] the overall framework of RAGC mainly consists of two key modules: Hybrid-
Collaborative Augmentation (HCA) and Contrastive Sample Adaptive-Differential Awareness
(CSADA) modules. In particular, the HCA module simultaneously constructs node-level embedding
representation augmentation and edge-level embedding representation augmentation to provide a
more comprehensive and reliable contrastiveness metric. And, the cross-view contrastive similarity
matrix is leveraged to refine and optimize the graph structure to achieve the multi-level contrastive-
ness and collaborative augmentation between node-level embedding representation and edge-level
embedding representation and improve robustness against graph structure noise. Furthermore, guided
by clustering pseudo labels with high confidence and adaptive confidence factor, the CSADA module
thoroughly identifies and perceives the contrastive samples to enhance the discriminative capability of
representation learning. Specifically, contrastive samples with high confidence are treated differently
based on positive-negative and hard-easy perspectives through a weight modulation function, which
adaptively adjusts participation of samples in self-supervised training. By leveraging contrastive
similarity and clustering pseudo labels as a bridge, the HCA and CSADA modules mutually promote
each other, further enhancing representation learning.

For clarity, the main contributions of this study are summarized as follows:

* Instead of solely relying on node-level embedding, this study further explores edge-level
embedding representation augmentation and unifies them to obtain more comprehensive data
augmentation and a reliable cross-view contrastive similarity across multiple granularity-
levels.

* Guided by relatively reliable clustering pseudo-label information with dynamic confidence,
contrastive sample pairs are adaptively differentiated by a novel and well-designed weight
modulation function. To the best of the authors’ knowledge, this study is the first to
simultaneously perceive and emphasize positive-easy, positive-hard, negative-easy, and
negative-hard samples, all of which contribute to deeper contrastiveness and improve the
discriminative ability of self-supervised learning.

* Extensive experimental results on six benchmark datasets clearly demonstrate the superiority
of the proposed RAGC over representative state-of-the-art methods. More importantly, the
strong scalability of CSADA strategy in enhancing other CAGC methods is also validated.

2 Model Formulation

2.1 Notations

For an attributed graph G = {V,£,X}, V = {v1,--- ,vn} represents the node set with N nodes
from disjoint K classes, £ is the edge set describing the connection relationships between pairwise
nodes, and X € RV*P denotes the node attribute features. The connection relationships in the edge
set £ can be mathematically formulated as an adjacency matrix A € {0, 1}V*~ where each element
A is defined as follows:

1, if (v;,v5) €E
A =17 I 1
! {O7 otherwise M

N
The diagonal degree matrix is D = diag(ds, - ,dn), where d; = > A;;. The normalized graph
j=1
Laplacian matrix is defined as L = I — A, where A = D—/2AD~1/2 is the normalized adjacency



Table 1: The explanation of main notations.

Notation Meaning

X € RVxP Original attribute feature matrix

A € RVXN Original adjacency matrix

A € RVXN Modified adjacency matrix with self-connections
Xug € RVXP Node-level embedding representation

Agug € RNVXN Dynamic semantic correlation matrix
Ie{0,1}VxN Identity matrix

D,D € RV*N Degree matrices

L € RVxN Normalized graph Laplacian matrix

Ze,7b ¢ RN x4 Node-level embeddings in augmented views
E* Eb ¢ RVxd Edge-level embeddings in augmented views
Z c RVxd Fused node-level embedding representation
Pe {1, ,K}" Clustering pseudo labels

Q< {0, 1}VxN Pseudo label semantic correlation matrix

HCV,|H|=M  High-confidence sample set with M nodes

matrix with the refined adjacency matrix of self-connections A=A+TIandD =D+L For clarity,
the notations used in this study are summarized and explained in Table [I]

2.2 Hybrid-Collaborative Augmentation

Learning edge representation is beneficial for effectively improving the discriminability of embedding
representation. Hence, node-level embedding representation and edge representation encoders embed
the attributed graph into the various latent spaces, while two-level augmentations are simultaneously
employed to construct a comprehensive contrastive similarity metric.

Node-level Embedding Augmenter. To achieve simple and effective node-level embedding aug-
mentation, a representation-first, augmentation-later strategy is adopted. To improve representation
generalization ability and robustness to noise, a mixed attribute perturbation augmentation strategy is
employed, where Gaussian noise and random masking are added to the original attribute features, i.e.,

Xy =X+ N(0,0n) 2)
X]W =X © Mmask (T) (3)
where A(0, ox) and M,;,45(r) indicate the Gaussian noise with standard deviation oy and the
randomly generated mask matrix with mask ratio r, respectively. After that, a multi-order low-passing

graph Laplacian filter is performed on both the noisy attribute matrices X 5 and X, effectively
suppressing high-frequency noise and aggregating neighbor information:

Xk =(I-L)"Xy, X}, = (I-L)" Xy, (4)

where I — L is the graph Laplacian filter, and ¢,, and ¢,,, are the order of filters. Furthermore, X]LV and

X%, are fused to obtain the robust and comprehensive node-level embedding representation X, for
subsequent contrastive augmentation:

Xoug = = (XK +XT)) (%)

N |

Then, two MLPs encoders are employed on the node-level embedding representation X4 to generate
two augmented views:

Z® = MLP, (Xu,), Z" = MLP}, (X u,) (6)

where MLP, and MLP, are two simple and learnable augmenters with the same MLP structure but
without shared parameters. After that, augmented node-level embedding representations Z¢ and Z°
are further normalized along the row dimension by l2-norm to facilitate the calculation of contrastive
similarity:

27 (i) = 2% (i,2) /112 (i.2) |2, Z° (i,2) = Z° (i, ) /| 2° (i) |2 M



Edge-level Embedding Augmenter. The multi-order graph filter is prone to over-smoothing. To
effectively leverage the structural information of the attributed graph, the edge-level embedding
representation and augmentations can be obtained using two MLPs encoders:

E® = EMLP, (A),E’ = EMLP, (A) ®)

where, similarly, EMLP, and EMLP, are two structure encoders with the same MLP structure
but without shared parameters. The E¢ and E? are augmented edge-level embedding representations,
which contains different and rich semantic information. Further, the E® and E? are also normalized
along the row dimension:

E® (i,:) = E* (i,:) /|E® (i,) |2, E” (i.:) = E” (i.:) /[|E” (i, ) ||z ©

Comprehensive Contrastive Similarity Construction and Collaborative Interaction between
Various Augmentations. With node-level embedding augmentations Z®, Z® and edge-level embed-
ding augmentations E?, E°, the comprehensive contrastive similarity matrix across attribute and
structure is constructed as follows:

St = oZ' (2" + (1 — )E (E™)" YV 1,m € {a,b} (10)

where « is a learnable balance coefficient that adjusts the role between the node-level and edge-level
embeddings.

Obviously, the comprehensive similarity matrices S will provide beneficial guidance for contrastive
training. In addition, the structural information in similarity matrix S®° is more discriminative and
can provide adaptive refinement for edge-level embedding representation learning. Eq. (§) is further
formulated as follows:

E¢ = EMLP, (A,.,), E’ = EMLP, (Agug) an

where

Aqug = Norm (Z*(Z")" + E*(E")") © Aqyy (12)
where Norm(-) is the min-max normalization operator. The A, is a dynamic semantic correlation
matrix and iteratively updated to achieve structure rectification, and the initial setting is A g,y =
A. The node-level embedding representation augmentations Z® and Z° also guide the edge-level
embedding augmentations in reverse, achieving the collaborative interaction between node-level
embedding augmentations and edge-level embedding augmentations.

2.3 Contrastive Sample Adaptive-Differential Awareness

Contrastive learning usually maximizes the agreement between different augmentations of the same
objective sample while minimizing the similarity between the augmented views from different
objective samples. For target sample v; in [-th augmented view, the InfoNCE loss is utilized for
self-supervised representation learning, i.e.,

E 69(1)5 )

N _ m#l
L(v;) = —log SRR IR (13)

m#l j#ime{a,b}

where 0(v!, v") is the contrastive similarity, defined as a similar way in Eq. (I0). However, SH™
contains edge-level embedding augmentations, so it is a more comprehensive similarity. Further, it is
evident that the classical InfoNCE loss treats all contrastive sample pairs equally limiting the discrim-
inability of self-supervised representation learning. To deepen contrastiveness, contrastive samples
with high-confidence clustering structure are given greater emphasis and effectively distinguished by
a dynamic weighting strategy.

Dynamic High Confidence Samples Selection. In contrastive learning, focusing on high confidence
samples with clear clustering structure helps improve the boundaries of representation learning.
After node-level embedding representation augmentation, a comprehensive, clustering-oriented
representation of node-level embedding is obtained by linearly fusing Z* and Z°:

1
2

Z=(Z2"+12" (14)



Then, the K-means clustering algorithm is performed on Z to extract clustering information, including
pseudo labels P € {1,--- , K}* and clustering centers {Kj, - -- , Kx}. To select high confidence
samples more efficiently, the confidence score CONF; is defined based on the distance between the
embedding and the corresponding center:

CONF; = ¢ (D(Z:,Kp,)) (15)

where K p, is the clustering center corresponding to sample Z;, D(Z;, K p,) is the distance function,
and o is the so ftmax activation function to normalize the distance. The high confidence sample set
is constructed by selecting top M samples with the highest confidence scores:

H = {v;| top (CONF, M)} (16)

where M = [N (1 — 7)] is the number of high confidence samples, [-] is rounding function, and
7 is a dynamic confidence factor. In practice, the confidence parameter 7 is initially set to a large
value, and then gradually decreases as the training progresses. This ensures that an increasing number
of samples are selected and focused on, which is beneficial for contrastive training. With iterative
training, the discriminability of the embedding representation Z and clustering structure improve.
Therefore, more high confidence samples are prioritized in contrastive learning, further enhancing
self-supervised representation learning in a reinforcing cycle.

In addition, the label semantic correlation matrix Q € {0, 1} > is constructed based on clustering
pseudo labels P as follows:

Qi — 1, P =P

" 0, P # P

Q;; effectively reveals the pseudo label correlation between nodes v; and v;. Specifically, when
Q;; = 1, it indicates that nodes v; and v; belong to the same cluster with high probability, i.e., they

are more likely to be positive sample pairs. Conversely, when @;; = 0, it indicates that the nodes v;
and v; have different pseudo labels, implying that they are more likely to be negative sample pairs.

a7

Adaptive-Differential Weight Modulation Function for Contrastive Sample. Different contrastive
sample pairs play significantly different roles in self-supervised training. For example, some samples
are easily confused and require deliberate attention, which helps enhance the discriminative ability of
representation learning. To adaptively distinguish contrastive sample pairs, a novel weight modulation
function is designed and defined as:

17 vi,vj ¢ H ,
Lm
W (vl o) = { e(=NormSE™)" oy e H,Quy = 1 (18)
e(l—Nomn(Si}m))v, Vi, V5 € H7Qij =0

where 8 € (0,1) and v € [1,5] are adjustable weight factors. Fig. (2) visualizes the weight
modulation function under various cases. Some desirable properties of W (v!, v;-"’) can be summarized
as follows, all of which contribute to enhancing contrastive learning.

1) For high-confidence contrastive samples, W (v}, 11;") > 1 is always satisfied, ensuring strong
attention to contrastive samples with a clear clustering structure. In contrast, samples with an
unclear clustering structure should not be emphasized, as it may lead to an inaccurate label semantic
correlation matrix Q, which could negatively impact contrastive learning.

2) For a positive sample pair (i.e., Q;; = 1), the greater the similarity, the easier it is to promote
agreement between them. Hence, positive hard sample pairs with low similarity are up-weighted,
while positive easy sample pairs with high similarity still receive a relatively high weight. And, the
weight assigned to positive hard sample pairs is always greater than the weight of positive easy ones.
For a negative sample pair (i.e., Q;; = 0), the greater the similarity, the more difficult it is to push
them apart. Hence, negative hard sample pairs with high similarity are down-weighted, ensuring that
they are forced to separate as much as possible.

3) For contrastive similarity, positive sample pairs are assigned higher weights to strengthen the
aggregation of similar samples. In addition, under the same similarity, negative sample pairs are
assigned relatively lower weights than positive ones, thereby pushing apart negative samples more
effectively during optimization. Hence, appropriately adjusting 8 € (0,1) and v € [1, 5] allows



control over the weight difference between positive and negative sample pairs, enhancing the flexibility
of the weight modulation mechanism in dealing with various applications. Specifically, reducing 3
and increasing +y sufficiently amplifies the weight difference between positive and negative sample
pairs with moderate similarity, thereby strengthening the ability of RAGC to capture complex
boundaries and improve discriminative representation learning.

In summary, the CSADA module adaptively distinguishes contrastive sample pairs by the well-

designed weight modulation function W (v}, v;”) effectively handling positive-hard, positive-easy,

negative-hard, and negative-easy sample pairs.
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Figure 2: Visualization of weight modulation function W (v!, v7") with different weight adjustment
factors.

2.4 Objective Function

By calculating the view-wise contrastive similarity function S“™ and the weight adjustment function
W (v, 1);”), for a target sample v; in [-th view, the contrastive sample adaptive-differential awareness
guided self-supervised training loss can be defined as:

mygls
Z eW(vﬁ,vi )8
m#l

myal,m 1, myql,m
Z eW(vé,vi )S;; + Z Z eW(”iij )S;;
m#l j#ime{a,b}

L(vh) = —log (19)

By incorporating a comprehensive contrastive similarity metric S™ and an effective weight adjust-
ment mechanism, the RAGC enforces discriminative learning across positive-hard, positive-easy,
negative-hard, and negative-easy sample pairs. The overall training loss of the RAGC method is

formulated as follows: N
1 l
L=y > Zﬁ(vi) (20)
1e{a,b} i=1

For clarity, the detailed training process of RAGC is described in Algorithm T}

3 Experiment

In this section, the superiority and effectiveness of the proposed RAGC are validated through extensive
experiments. Detailed experimental settings are shown in Appendix [B| and additional results are
shown in Appendix [C]

3.1 Experimental Setting

Following the key baseline in [26], the proposed RAGC is evaluated on six challenging graph
benchmark datasets, including CORA [28]], CITESEER (CITE) [28]], AMAP [29], BAT[21], EAT
[21] and UAT [21]]. The detailed statistics of these datasets are briefly summarized in Appendix@ In
the experiment, RAGC is compared against 11 state-of-the-art baseline methods, which are introduced
in the Appendix [B-2] Moreover, to reduce the impact of random initialization, the parameters are



Algorithm 1 Training process of RAGC.

Input: Attributed graph G; Cluster number K; Iteration number /¢; Standard deviation of Gaussian
noise on; Mask ratio r; Filter orders t,,, t,,; Hyper-parameters 7, 3, .

Output: Clustering label matrix P.

1: Construct the node-level embedding representation X4 using Eqgs. (2)-().

2: Initialize A4,y = A.

3: for iter =1to It do

: Obtain two augmented views of node-level embedding representation X, using Eqs. (6)-(7).

Obtain augmented views of edge-level embedding representation using Egs. (9),
Update the augmented structure matrix A4 using Eq. (I2).
Calculate contrastive similarity S“™ using Eq. (T0).
Perform K-means on comprehensive node-level embedding Z to obtain clustering pseudo
labels P and construct dynamic high-confidence sample set H using Eqs. (T4)-(T6).

9:  Obtain label semantic correlation matrix Q based on pseudo labels P using Eq. (I7).
10:  Calculate the weight modulation function W (v}, vjm) to distinguish contrastive sample pairs

AR

using Eq. (T8).
11:  Train the entire network by minimizing £ in Eq. (20).
12: end for

13: Calculate the final clustering result P by performing K-means on Z.

initialized with different random seeds and all methods run 10 times, and then the experimental
results report the mean value and corresponding standard deviation for all clustering metrics.

3.2 Performance Comparison

The quantitative experimental results of the all AGC comparative methods on the benchmark datasets
are shown in Table 2] Notably, except for a few cases, the proposed RAGC achieves optimal
clustering performance across all six datasets, clearly demonstrating its superiority and effectiveness.
Specifically, the performance improvements of RAGC are significant on several datasets. For example,
on the BAT dataset, RAGC outperforms the sub-optimal HSAN method by 2.65%, 2.53%, 2.44%
and 2.53% in terms of ACC, NMI, ARI and F1 metrics, respectively. Similarly, for the CORA dataset,
the RAGC exceeds the sub-optimal HSAN by 1.67%, 1.41%, 2.32% and 1.80% on ACC, NMI, ARI
and F1 metrics, respectively.

Obviously, the proposed RAGC significantly outperforms classical generative-based, adversarial-
based, and existing contrastive AGC methods. This effectiveness stems from its hybrid-collaborative
augmentation that integrates node-level and edge-level embeddings, and a contrastive sample adaptive-
differential awareness strategy that distinguishes between hard-easy and positive-negative sample
pairs. These modules enhance the discriminability and boundary awareness of the learned represen-
tations, leading to improved clustering results. Experimental comparisons, including with strong
baselines like HSAN, confirm RAGC’s effectiveness in contrastive learning for graph clustering. A
more detailed analysis can be found in the Appendix [C.T}

3.3 Ablation Study

The ablation experiments are conducted to evaluate the impact of the key modules in the RAGC
method. Specifically, three ablation variants of RAGC are defined as follows: 1) (w/o) D: This
ablation variant represents RAGC with static high confidence samples selection, where the confidence
coefficient 7 remains fixed in the training process. 2) (w/0) H: This ablation variant represents RAGC
without the HCA module, where a simple low-pass filtering is utilized to obtain node-level embedding
representation and the corresponding augmented views are generated by MLPs encoders. 3) (w/o) C:
This ablation variant is RAGC without the CSADA module, where the classical infoNCE contrastive
loss is utilized for self-supervised training.

From the experimental results of the ablation variants in Fig.[3] several notable observations can be
drawn. 1) The ablation results clearly validate the effectiveness of each core component in RAGC.
Removing any key strategy leads to performance degradation, highlighting their compatibility and
necessity. 2) Notably, the HCA module contributes most significantly by enabling collaborative



Table 2: The performance comparison on six datasets. All results are reported with (mean * std)
under ten runs. The red and blue values indicate the best and the suboptimal results, respectively.

Dataset | Metric

Generative and Adversarial AGC Methods

Classic CAGC Methods

Hard Sample Aware CAGC Methods

DAEGC SDCN DFCN ARGA

AGE NCLA CCGC GL

GDCL ProGCL  HSAN

RAGC

ACC

NMI

ARI
F1

CORA

70.43+0.36 35.60+2.83 36.33+£0.49 71.04£0.25
52.8940.69 14.28+1.91 19.36+0.87 51.06+0.52
49.63+0.43 07.78+3.24 04.67+2.10 47.71£0.33
68.27+0.57 24.37+1.04 26.16+0.50 69.27+0.39

73.50+1.83 51.09+1.25 73.88+1.20 74.91£1.78
57.58+1.42 31.80+0.78 56.45+1.04 58.16+0.83
50.60+2.14 36.66+1.65 52.51+1.89 53.82+2.25
69.68+1.59 51.12+1.12 70.98+2.79 73.33+1.86

70.83+0.47 57.13+1.23 77.07£1.56
56.60+0.36 41.02+1.34 59.21x1.03
48.05+0.72 30.71+2.70 57.524#2.70
52.88+0.97 45.68+1.29 75.11x1.40

78.74+0.72
60.62+0.34
59.84+0.60
76.91£0.78

ACC

NMI

ARI
F1

CITE

64.54+1.39 65.96+0.31 69.50£0.20 61.07x0.49
36.41+0.86 38.71+0.32 43.90+0.20 34.40+0.71
37.78+1.24 40.1740.43 45.50+0.30 34.32+0.70
62.20+1.32 63.62+0.24 64.30+0.20 58.23+0.31

69.73+0.24 59.2342.32 69.84+0.94 70.12+0.36
44.93+0.53 36.68+0.89 44.33+0.79 43.56+0.35
45.3120.41 33.3740.53 45.68+1.80 44.85+0.69
64.45+0.27 52.67+0.64 62.71+2.06 65.01+0.39

66.39+0.65 65.92+0.80 71.15+0.80
39.5240.38 39.59+0.39 45.06+0.74
41.07£0.96 36.16+1.11 47.05£1.12
61.12+0.70 57.89+1.98 63.01x1.79

71.30£0.42
45.3240.51
46.51+0.63
62.49+1.13

ACC

NMI

ARI
F1

AMAP

75.96+0.23 53.44+0.81 76.82+0.23 69.28+2.30
65.25+0.45 44.85+0.83 66.23+1.21 58.36+2.76
58.1240.24 31.21£1.23 58.28+0.74 44.18+4.41
69.87+0.54 50.66+1.49 71.25+0.31 64.30£1.95

75.98+0.68 67.18+0.75 77.25+0.41 77.24+0.87
65.38+0.61 63.63+1.07 67.44+0.48 67.12+0.92
55.89+1.34 46.30£1.59 57.99+0.66 58.14+0.82
71.7420.93 73.04+1.08 72.18+0.57 73.02+2.34

43.75+0.78 51.53+0.38 77.02+0.33
37.3240.28 39.56+0.39 67.21x0.33
21.5740.51 34.18+0.89 58.01+0.48
38.37+0.29 31.97+0.44 72.03+0.46

78.29+0.82
67.50+0.64
59.53+1.39
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node-level and edge-level augmentation, ensuring more reliable contrastive similarity. 3) The CSADA
module also plays a vital role by enhancing boundary perception through adaptive differentiation
of contrastive samples. The scalability and effectiveness of the CSADA module on other CAGC
methods are further validated in Appendix 4) Additionally, the dynamic confidence factor
facilitates progressive learning by expanding the set of high-confidence samples, further boosting
representation discriminability.

Amap cmeseer Amap ciTeseER Amap cmeseer amap. ciTEsEER
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var Ear [
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Figure 3: The clustering results of three ablation variants and RAGC on the six used datasets, where

the proportion between best result achieved by RAGC and each ablation variant is shown.
3.4 Robustness to Noise

To evaluate robustness to noise, this section presents a performance comparison between RAGC and
several representative CAGC methods, including SCGC [21]], DCRN [29]], and CCGC [30]], under
various noisy conditions. To be specific, Gaussian noise A (0, o) is added to the attribute features
with varying standard deviations: 0.1, 0.2, and 0.3. The experimental results, presented in Table
reveals the following key observations. 1) The proposed RAGC consistently outperforms all the other
comparisons across all metrics, even under varying levels of noise disturbances. 2) Although the
performance of all methods declines as the noise ratio increases, RAGC exhibits the smallest average
degradation ratio across all metrics and datasets, demonstrating its superior robustness to noise. For
example, the performance of RAGC decreases by 11.36%, while DCRN experiences a 19.03% drop.
The robustness of RAGC to noise is mainly attributed to its comprehensive HCA data augmentation
and discriminative contrastive setting.

3.5 Visualization Analysis

To intuitively demonstrate the advantages of RAGC in discriminative representation learning, the raw
attribute feature and embedding representations learned by several representative AGC methods are



Table 3: The performance comparison of SCGC [21], DCRN [29], CCGC [30], and RAGC with
different noise levels. Negative values indicate the performance degradation percentages compared to
corresponding methods without noise.

Method

Cora

Citeseer

UAT

ACC NMI ARI Fl1

ACC NMI ARI Fl1

ACC NMI ARI F1

Avg.

SCGC

7158 (-3) 5329 (-5) 48.72(-6) 6451 (-9)
67.63 (-8) 47.91 (-15) 42.16 (-19) 61.68 (-13)
67.44 (-9) 46.99 (-16) 41.60 (-20) 62.58 (-12)

67.15 (-5) 39.52 (-13) 39.81 (-14) 59.01 (-9)
55.11 (-22) 27.52 (-39) 23.42 (-49) 49.48 (-24)
46.53 (-34) 20.89 (-54) 15.54 (-66) 42.66 (-34)

50.60 (-11) 2037 (-27) 18.09 (-27) 46.64 (-16)
50.08 (-11) 20.08 (-28) 16.75 (-32) 48.34 (-13)
50.69 (-10) 20.34 (-28) 18.07 (-27) 47.76 (-14)

-20.61

DCRN

57.68 (-7) 41.62(-8) 3291 (-1) 4945 (-1)
56.76 (-8) 40.79 (-10) 32.46 (-2) 48.81 (-1)

3 [51.22 (-17) 34.73 (-23) 23.56 (-29) 44.27 (-11)

56.81 (-20) 33.00 (-28) 28.13 (-27) 53.97 (-6)
56.33 (-21) 28.92 (-37) 27.31 (-30) 52.27 (-9)
55.52 (-22) 26.33 (-43) 25.39 (-35) 50.53 (-12)

43.28 (-13) 20.51 (-15) 11.88 (-31) 36.37 (-19)
43.19 (-13) 15.82 (-34) 12.24 (-29) 37.21 (-17)
42.77 (-14) 15.06 (-37) 10.49 (-38) 37.00 (-17)

-19.03

CCGC

7030 (-5) 5291 (-6) 46.55 (-11) 65.37 (-8)
64.78 (-12) 49.02 (-13) 40.78 (-22) 59.02 (-17)
60.96 (-17) 44.73 (-21) 34.58 (-34) 56.67 (-20)

63.84 (:9) 37.85 (-15) 34.63 (-24) 56.88 (-9)
51.81 (-26) 27.84 (-37) 20.50 (-55) 44.84 (-28)
45.04 (-36) 21.51 (-51) 14.12 (-69) 40.11 (-36)

52.82 (-6) 23.85 (-15) 18.11 (-29) 49.46 (-10)
52.44 (-7) 22.28 (-21) 19.75 (-23) 49.22 (-11)
5226 (-7) 21.01 (-25) 20.40 (-20) 47.43 (-14)

-21.36

OURS

76.84 (-2) 5741(-5) 55.68 (-7) 7543 (:2)
7327 (-7) 52.80 (-13) 49.47 (-17) 72.41 (-6)

3 (70.30 (-11) 48.69 (-19) 45.05 (-25) 69.49 (-9)

69.19 (-3) 41.81(-8) 43.06(-7) 61.17 (-2)
65.35 (-8) 36.68 (-19) 37.46 (-19) 57.68 (-7)
59.10 (-17) 29.52 (-35) 29.58 (-36) 51.32 (-18)

56.09 (-4) 25.13 (-12) 24.51 (-10) 54.01 (-6)
55.71(-5) 25.76 (-10) 25.06 (-8) 53.19 (-7)
54.40 (-7) 24.97 (-12) 22.45 (-17) 52.38 (-9)

-11.36

visualized using t-SNE [31]]. As shown in Fig.[4]and Appendix [C.4] different clusters are marked
with distinct numbers and colors. It can be observed that the distribution of nodes with raw attribute
features appears irregular. Among all AGC methods, RAGC exhibits the strongest discriminability in
embedding representation, as evidenced by nodes within the same cluster being more compact and
boundaries between different clusters being relatively well-defined.

(a) raw

(b) DCRN (c) CCGC  (d) GraphLearner (e) DAEGC (f) RAGC

Figure 4: The 2-D visualization on CORA dataset. The 2-D visualization of the AMAP dataset is
provided in Appendix

4 Conclusions

In this study, a novel deep contrastive clustering method, termed RAGC, was proposed for the
attributed graph clustering task, primarily comprising the HCA and CSADA modules. Specifically,
RAGC takes advantage of edge-level embedding representation and performs hybrid-collaborative
data augmentation by integrating both node-level and edge-level embeddings. A comprehensive
contrastive similarity is constructed, which in turn provides reverse guidance for edge-level embedding
augmentation. Furthermore, a novel weight modulation function-oriented contrastive strategy was
designed to adaptively distinguish sample pairs according to their own characteristics, including
contrastive similarity, clustering label confidence, and pseudo label correlation. This approach
enhanced boundary perception and discriminative capability in self-supervised representation learning.
Extensive experiments on six benchmark datasets demonstrated the promising clustering performance
of RAGC and the scalability of the key CSADA module in CAGC methods. Although RAGC has
demonstrated outstanding performance, there are still potential challenges when dealing with highly
sparse and dynamic graphs. Exploring clustering for such graph data is a promising direction for
future research.
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Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction section include the main claims made in the
paper.
Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of the work in Section 4}
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the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
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Justification: This paper is not theoretical in nature, but rather a proposal of a graph clustering
method, with its effectiveness demonstrated through the presented experimental results.
There are no mathematical theoretical results.
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* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: See Section[3]and Appendix
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* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
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instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
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nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Justification: We released codes and data at https://anonymous.4open.science/r/Mask-
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¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

 The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We specify all the training details in Appendix
Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: Our experimental results already include error bars.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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10.

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We list the details of experiments compute resources in Appendix [B.5]
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper fully adheres to the NeurIPS Code of
Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

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

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

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: Unfortunately, due to space limitations, we did not include this part. Given the
fundamental nature of our work, we do not anticipate any direct negative impact on society.

Guidelines:

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

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

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

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

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

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

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

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

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

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

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The existing assets used in this paper are from publicly available sources, with
clear documentation and proper citation. All licenses and terms of use are fully respected.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

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

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

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

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

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

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

Answer: [Yes]

Justification: The new asset introduced in this paper (e.g., code) is complete and well
documented, and it is provided via an anonymized URL.

Guidelines:

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

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

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

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Not applicable.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

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

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

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

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Not applicable.
Guidelines:

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

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: Not applicable.
Guidelines:

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

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

In recent years, deep attributed graph clustering has attracted significant attention, aiming to learn
node-level embedding representation and classify nodes into disjoint clusters according to feature
distribution of embedding representation. Existing AGC methods can usually be classified into three
classes: generative, adversarial and contrastive [[18].

A.1 Generative and Adversarial Attributed Graph Clustering

Generative and adversarial AGC methods usually utilize Graph Convolutional Network (GCN) [32]
and Graph Attention network (GAT) [33]] to learn node-level embedding representation, with the core
difference between them lying in their representation learning objectives. Generative AGC methods
focus on recovering graph information (either attribute or structure) from the learned embedding
representation [34]]. For example, Deep Attention Embedded Graph Clustering (DAEGC) [35] and
Parallelly Adaptive Graph Convolutional Clustering (PAGCC) [36]] reconstruct the graph structure,
to enhance clustering performance. On the other hand, adversarial AGC methods improve the
discriminability of embedding representation by an adversarial game between a discriminator and
a generator 37, 138} 139]. Furthermore, to alleviate the over-smoothing problem and obtain more
comprehensive embedding representation, some methods effectively pass attribute representation
through an auto-encoder to GNNs by a delivery operator in a layer-by-layer manner, such as Structural
Deep Clustering Network (SDCN) [40] and Deep Fusion Clustering Network (DFCN) [41]. To
unify representation learning and clustering, self-supervised training strategies are widely utilized.
These strategies typically minimize the Kullback-Leibler (KL) divergence between the initial label
distribution and the confidence augmented distribution, ensuring more effective clustering.

A.2 Contrastive Attributed Graph Clustering

Although generative and adversarial AGC methods have achieved notable success, most of them
rely on certain prior knowledge, such as feature distribution or label distribution, making their
performance relatively sensitive to these assumptions. In contrast, contrastive learning, a self-
supervised representation learning paradigm, has been rapidly extended to AGC. It constructs
self-supervision signals by maximizing the similarity between the embeddings of positive samples
while minimizing the similarity between the negative ones. Contrastive Multi-View Representation
Learning on Graphs (MVGRL) [42] generates augmented structure by a graph diffusion network
and maximizes the mutual information between cross-views through the InfoMax contrastive loss.
Similarly, Self-supervised Contrastive Attributed Graph Clustering (SCAGC) [43] constructs two
augmented graphs by adding noise to attribute and applying random edge perturbation to structure. It
then performs contrastive learning at both the node-level and the clustering label-level. Similar to the
augmentation strategies in [43]], Dual Correlation Reduction Network (DCRN) [29]] further reduces
redundant correlation at both the feature level and the sample level to alleviate the representation
collapse problem. To eliminate the need for complex and manual data augmentation, several learnable
augmentation strategies have been developed. Simple Contrastive Graph Clustering (SCGC) [21] first
smooths graph signal using a low-passing Laplacian filter and then utilizes parameter-unshared MLPs
to generate augmented views, and further constructs a neighbor-oriented contrastive loss. Graph
Node Clustering with Fully Learnable Augmentation (GraphLearner) [23]] dynamically constructs
an augmented graph through rich learnable structure and attribute augmenters in a self-cycle way
and utilizes normalized temperature-scaled cross-entropy loss to pull positive samples closer while
pushing negative samples apart.

However, most existing the methods treat all contrastive samples equally, limiting the discriminability
of contrastive learning. Recently, some studies focus on hard samples, recognizing their crucial role
in improving both the generalization and discriminability of the model. Structure-enhanced Heteroge-
neous Graph Contrastive Learning (STENCIL) [24] focuses on hard negative samples and enriches
model training by randomly mixing up negative samples with highest similarity. Similarly, Xia et
al. [44] establishes a more suitable measure criterion for hard negative samples through probability
estimators and focuses on them by weight adjustment or a node mixing strategy. Furthermore, to
mitigate interference from false negatives, Niu et. al [25] propose an affinity uncertainty-based hard
negative mining approach for graph contrastive learning, which evaluates the hardness of negative
samples according to collective affinity information. Beyond negative sample pairs, Liu et al. [26]
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also extend the focus to hard positive samples by a unifying Hard Sample Aware Network (HSAN),
strengthening the boundary perception capability.

Obviously, graph data augmentation and contrastive objective play a crucial role in contrastive AGC
methods. However, most existing CAGC methods fail to fully leverage edge information. Specifically,
they only utilize edge information to obtain node-level embedding representation and achieve a single
augmentation. The edge-level embedding representation learning and augmentation are ignored,
preventing the natural modeling of collaborative interaction across multiple levels. In addition,
existing methods struggle to sufficiently perceive contrastive samples, failing to differentiate them
from the perspectives of hard-positive, hard-negative, easy-positive, and easy-negative. Adaptively
perceiving and significantly distinguishing these samples is crucial for improving the discriminative
capability of representation learning.

B Experimental Setting

B.1 Datasets

Following the key baseline in [26], the proposed RAGC is evaluated on six challenging graph
benchmark datasets, including CORA [28]], CITESEER (CITE) [28], AMAP [29], BAT[21]], EAT
[21] and UAT [21]]. The detailed statistics of these datasets are briefly summarized in TableE}

B.2 Baselines
In the experiment, RAGC is compared against 11 state-of-the-art baseline methods, including:
* four generative and adversarial AGC methods: DAEGC [35], SDCN [40], DFCN [41] and
Adversarially Regularized Graph Auto-encoder (ARGA) [37]];

* four classic CAGC methods: Adaptive Graph Embedding (AGE) [28]], Neighbor Contrastive
Learnable Augmentation (NCLA) [45]], Cluster-guided Contrastive Graph Clustering Net-
work (CCGC) [30], GraphLearner (GL) [23];

* three hard sample aware CAGC methods: Graph Debiased Contrastive Learning with Joint
Representation Clustering (GDCL) [46]], ProGCL [44], HSAN [26].

Please refer to Section[A]or the original papers for a detailed description of these methods. For fair
comparison, the original clustering results of all comparison methods are directly taken from their
respective papers.

Table 4: The statistics of all used datasets and parameter settings of proposed RAGC method.

Dataset Statistics Parameters

Sample Dimension Edge Class| 5 v Ir
CORA 2708 1433 5429 7 109 2 le3
CITESEER | 3327 3703 4732 6 |09 1 le3
AMAP 7650 745 119081 8 0.1 2 5e-5
BAT 131 81 1038 4 109 1 1le-3
EAT 399 203 5994 4 107 5 le4
UAT 1190 239 13599 4 108 5 le4

B.3 Parameter Setting

During the training process, the number of training epoch is set to 400. The detailed settings of weight
factors 3, v and learning ratio [r are shown in Table 4] In the HCA module, both the node-level
embedding encoders and edge-level embedding encoders are both single-layer MLPs with unshared
parameters. The embedding dimension is set to 1500 for CORA, CITESEER, BAT and EAT datasets,
and set to 1000 for AMAP and UAT datasets, respectively. In the attribute augmenter, the standard
deviation oy of Gaussian noise is 0.001 and the mask ratio r of the mask matrix is 0.005.
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B.4 Metrics

To comprehensively evaluate the clustering performance of all AGC methods, four widely used
clustering metrics are utilized, including Accuracy (ACC), Normalized Mutual Information (NMI),
Average Rand Index (ARI) and macro F1-score (F1). Each of these metrics is positively correlated
with clustering performance. All methods are conducted ten times and the average values along with
their corresponding standard deviations of all clustering metrics are reported.

B.5 Computing Resource Details

The experimental environment is a server equipped with an Intel(R) Xeon(R) Gold 6348 CPU, a
NVIDIA A800 PClIe 80GB GPU, 100GB RAM, and the PyTorch deep learning platform. The training
time per run for each dataset is less than 3 minutes.

C Additional Experiments

In this section, additional experiments are conducted to further verify the robustness and effectiveness
of the proposed RAGC. These include a detailed analysis of the performance comparison experiment
(Section [C.T)), an investigation of the scalability of the CSADA module (Section [C.2)), sensitivity
analysis of parameters [3, v, on, and 7 (Section , as well as comprehensive visualization results

(Section[C.4).

C.1 Performance Comparison

The quantitative experimental results of the all AGC comparative methods on the benchmark datasets
are shown in Table 2] Notably, except for a few cases, the proposed RAGC achieves optimal
clustering performance across all six datasets, clearly demonstrating its superiority and effectiveness.
Specifically, the performance improvements of RAGC are significant on several datasets. For example,
on the BAT dataset, RAGC outperforms the sub-optimal HSAN method by 2.65%, 2.53%, 2.44%
and 2.53% in terms of ACC, NMI, ARI and F1 metrics, respectively. Similarly, for the CORA dataset,
the RAGC exceeds the sub-optimal HSAN by 1.67%, 1.41%, 2.32% and 1.80% on ACC, NMI, ARI
and F1 metrics, respectively.

Further, several fine-grained analyses are drawn from the following aspects:

1) It is clear that RAGC always achieves better performance on all six datasets compared to the
classical generative-based and adversarial-based AGC methods. For example, RAGC achieves an
average improvement of 17.28%, 9.13%, 15.78% and 21.08% over DFCN in terms of ACC, NMI,
ARI and F1, respectively. The primary reason is that classical generative and adversarial based AGC
methods learn node-level embedding representation under the guidance of prior knowledge, making
their discriminability sensitive to these assumptions. They lack specialized contrastive strategies to
achieve information alignment and fully leverage self-supervised information from the discriminative
latent space, leading to poor clustering performance. In most cases, contrastive AGC methods
outperform classical generative-based and adversarial-based AGC methods, further validating the
effectiveness of the contrastive learning strategy.

2) Among all contrastive AGC methods, RAGC remains superior, with its performance advantage
being even more pronounced. As an example, on the CORA dataset, RAGC outperforms the CCGC
method by 4.86%, 4.17%, 7.33% and 5.93% in terms of ACC, NMI, ARI and F1, respectively. The
main reason for this superior performance is that RAGC enhances the discriminability of embedding
representation effectively by distinguishing contrastive sample pairs, with a particular emphasis on
hard samples. In addition, hard sample aware contrastive AGC methods (such as GDCL, ProCGL, and
HSAN) achieve better performance on some datasets. However, they still underperform compared
to the proposed RAGC on all datasets, demonstrating that RAGC is more effective in learning
discriminative embedding representation. Especially compared to the important baseline HSAN, on
all datasets, RAGC achieves an average improvement of 1.66%, 1.25%, 1.53% and 1.51% across all
datasets in terms of ACC, NMI, ARI, and F1, respectively. This superior performance is primarily
due to RAGC’s hybrid-collaborative augmentation, which integrates both node-level embedding
representation and edge-level embedding representation, resulting in a more comprehensive and
discriminative contrastive similarity. In addition, the designed contrastive sample adaptive-differential
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Figure 5: The experimental results of HSAN [26] and SCGC [21]] with the proposed CSADA module
on all datasets.

awareness strategy allows RAGC to effectively distinguish sample pairs, especially positive-hard,
positive-easy, negative-hard, and negative-easy ones. This significantly enhances its boundary
perception ability in representation learning, leading to improved clustering performance.

In conclusion, these experimental results and analyses evidently validate the effectiveness of the
proposed RAGC method in attributed graph clustering task.

C.2 Scalability of the CSADA module

To further validate the scalability and compatibility of the proposed CSADA strategy, it is transferred
to other contrastive DGC methods, including SCGC [21]] and HSAN [26]]. Specifically, the data
augmentation strategy and similarity construction across augmented views remain with the original
settings in [26, 21]], and only the contrastive setting is replaced by the proposed CSADA strategy. As
shown in Fig.[5] in most cases, the clustering performance of these methods significantly improves
when combined with the proposed CSADA strategy. This demonstrates that CSADA is not only
compatible with existing CAGC methods but also exhibits strong scalability.

C.3 Parameter Sensitivity Analysis

Several key parameters influence the performance of the RACG method, including the weight factors
5, v in the CSADA module, as well as the noise standard deviation o and mask ratio r in the
HCA module. The performance sensitivity analysis of RAGC with respect to these parameters are
examined as follows.

C.3.1 Sensitivity Analysis of 5 and ~

The factors 5 and ~ control the weight magnitude of contrastive samples. The search ranges of
these weight factors 8 and « are {0.1,0.3,0.5,0.7,0.9} and {1, 2, 3,4, 5}, respectively. As shown in
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Figure 7: The clustering results of RAGC with different y on six datasets.

Fig. [ and Fig.[7} all clustering metrics across different datasets exhibit commendable performance
and excellent stability when (3 and  across these parameter variations. The experimental results
show that the proposed RAGC is insensitive to 5 and -y, demonstrating its strong robustness to these
hyperparameters.

C.3.2 Sensitivity Analysis of parameters oy and r

The candidate ranges for noise standard deviation and mask ratio in the HCA module are
on € {0.0001,0.001,0.01,0.1,1} and r € {0.0005,0.005,0.05,0.5,0.7, 0.8}, respectively. Fig.
and Fig. [0] show the variations in ACC metrics with respect to on and r. It can be observed
that the performance of RAGC remains relatively stable when o varies in relatively wide range
{0.0001, 0.001,0.01, 0.1}, indicating its robustness to moderate noise perturbations. Despite notice-
able performance fluctuations when r varies within the given range, RAGC still maintains relatively
excellent performance when r € {0.0005,0.005,0.05}. This suggests that moderate disturbance
(such as noise or feature mask) can enhance the generalization ability and robustness of represen-
tation learning. However, excessive noise and feature masks may cause semantic drift in attribute
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Figure 8: The sensitivity analysis of standard deviation oy in Gaussian noise.
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Figure 9: The sensitivity analysis of the mask ratio  in attribute mask matrix.

information, increasing the difficulty of representation learning, which in turn hinders discrimination

and degrades clustering performance.

C.4 Visualization
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Figure 10: The 2-D visualization on two datasets. The first row and second row correspond to CORA

and AMAP datasets, respectively.
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