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Abstract

The widespread adoption of graph neural networks (GNNs)
has brought increased attention to fairness issues related to
sensitive attributes, such as gender and race, in practical sce-
narios. However, this concern remains largely unexplored in
the context of graph clustering. Conventional fair graph clus-
tering methods primarily depend on spectral clustering ap-
proaches. Meanwhile, we argue that existing graph learning
works mainly focus on a single type of fairness, whereas
graph clustering should achieve group equality-informed in-
dividual fairness. In this paper, we introduce for the first time
a fairness-aware framework termed FairGC for deep graph
clustering, which integrates the dual objectives of individ-
ual and group fairness while maintaining accurate cluster-
ing results. Specifically, we construct two views with distinct
semantics using Siamese encoders. Then, we apply multi-
step random walks on view-specific affinity graphs to capture
high-order affinities of node pairs, thereby reformulating the
contrastive learning with a focus on individual similarity. Be-
sides, we utilize adversarial learning by making node repre-
sentations independent of the estimated sensitive attributes to
further eliminate group biases of clustering results. Extensive
experiments on four benchmarks demonstrate the effective-
ness and superiority of our proposed framework FairGC.

Introduction
Graphs serve as a crucial data structure for representing
complex relationships and interactions among objects and
have been extensively studied over the years. In particu-
lar, graph learning algorithms, which leverage rich infor-
mation encoded from graphs, have shown great potential in
various tasks like link prediction (Cai and Ji 2020; Zhang
and Chen 2018), node/graph classification (Tu et al. 2024b,
2025; Zhang et al. 2025), and anomaly detection (Liu et al.
2023b,a). Among these various directions of graph learn-
ing, one key and challenging task, namely graph clustering,
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Figure 1: An illustration of the disparity in individual fair-
ness among different sensitive groups. (a) Individual fairness
fails to impose equal constraints on similar outputs between
groups. For example, given node v6 in group A and v4 in
group B, which share equal distances to v0, are identified to
be distinct clusters due to their unequal constraining scalars
between the groups, namely ϵA < ϵB . (b) By incorporating
group fairness, the constraint scalar for each group can be
maintained at the same level, namely ϵA = ϵ = ϵB , yielding
a better fairness-aware clustering result.

has recently attracted intensive attention and has been ex-
tensively applied across various domains, including social
network analysis (Newman 2006), community detection (Tu
et al. 2018) and recommender system (Liu et al. 2024b,c).

The main idea of graph clustering is to divide the nodes
into distinct groups, ensuring that nodes within the same
cluster share higher similarity than those from different clus-
ters (Ren et al. 2025). Thanks to the powerful capabilities of
deep learning, particularly graph neural networks (GNNs),
a number of deep graph clustering approaches have been
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proposed. Reconstructive and adversarial methods aim at
learning cluster-oriented node representations by recover-
ing graph information and using fake sample generation-
recognition mechanisms, respectively (Liu et al. 2022b; Yi
et al. 2023). More recently, contrastive methods reduce dis-
tortion relative to pre-learned clustering centers, and more
discriminative contrastive loss functions are designed for
network training (Yang et al. 2023; Liu et al. 2023d).

Despite their encouraging performance, fairness in graph
clustering still remains largely underexplored. Intuitively,
clustering results could be affected by sensitive attributes
such as gender and race (Caton and Haas 2024), and unfair
graph clustering can result in discriminatory outcomes. For
example, a particular group is more likely to be clustered to-
gether, which can perpetuate stereotypes or result in unequal
treatment. Although a few studies investigate graph parti-
tions with fairness constraints (Wang et al. 2023; Li, Wang,
and Merchant 2023; Ghodsi, Seyedi, and Ntoutsi 2024), they
rely on classical spectral clustering methods, which struggle
to handle high-dimensional node features effectively. Thus,
it is essential to implement deep fair graph clustering meth-
ods that are unbiased by sensitive node attributes.

In the literature, existing fair graph learning works mainly
focus on a single type of fairness. Individual fairness ignores
sensitive features and ensures that individuals who are simi-
lar in non-sensitive features receive similar treatment or out-
comes from the system (Kang et al. 2020), while group fair-
ness strives to provide equal outcome rates across various
demographic groups defined by sensitive features (Dai and
Wang 2021). Nevertheless, as an example illustrated in Fig-
ure. 1, given a graph with two sensitive groups, since indi-
vidual fairness approaches often fail to enforce equal con-
straints on similarity outputs between the groups, it is possi-
ble that nodes from the two groups, despite having the same
similarity in the input space, may be assigned to different
clusters. Thus, an ideal way for fairness-aware graph clus-
tering is to achieve individual and group fairness simultane-
ously. In this way, similar nodes should yield similar rep-
resentations, which are more likely to be distributed in the
same cluster. Meanwhile, nodes in each sensitive group are
approximately proportionally represented in each cluster.

Motivated by the observation, in this paper, we propose
FairGC, a unified Fairness-aware framework fostering in-
dividual and group fairness for deep Graph Clustering. The
core idea of our FairGC is to constrain group equality in-
formed individual fairness and ensure that each cluster main-
tains the same proportion of groups as in the original dataset
for the clustering results. Specifically, we take advantage of
Siamese encoders to construct two views with different se-
mantics. Then, given the calculated affinity graph of the two
views in the embedding space, we apply the multi-step ran-
dom walks for each node to obtain the high-order affinity of
node pairs globally. A fairness-aware cross-view contrastive
learning approach is proposed between the two views to en-
sure that similar nodes receive similar embeddings, thereby
promoting individual fairness. Furthermore, we use adver-
sarial learning to ensure group fairness by adding a discrim-
inator to eliminate the sensitive information for clustering.

To summarize, we make the following contributions:

• Conceptual: We highlight the sensitive attributes and in-
troduce the novel problem of fairness-aware deep graph
clustering. To the best of our knowledge, we are the first
to study fairness in deep graph clustering.

• Methodological: We propose a unified framework that
not only leverages the fairness-aware cross-view con-
trastive learning but also introduces fairness-aware ad-
versarial learning to foster individual and group fairness.

• Experimental: We conduct extensive experiments on
4 benchmark datasets to evaluate the performance of
FairGC. The experimental results demonstrate the su-
periority of our proposed framework, while also main-
taining fairness considerations for deep graph clustering.

Related Work
Deep Graph Clustering
Deep graph clustering has emerged as a prominent frame-
work aimed at partitioning graph nodes into disjoint clusters
using neural networks (Liu et al. 2023c; Tu et al. 2024a).
From the perspective of the learning paradigm, deep graph
clustering can be broadly classified into three types: 1) Re-
constructive methods, which prioritize the use of intra-data
information within the graph, learning meaningful repre-
sentations by integrating both graph structure and node at-
tributes (Liu et al. 2025b,a); 2) Adversarial methods, which
enhance the quality of node representations through an ad-
versarial training scheme between the generator and the dis-
criminator (Pan et al. 2019; Gong et al. 2022); 3) Con-
trastive methods, which improves feature discriminativeness
by drawing positive sample pairs closer while pushing nega-
tive sample pairs apart (Cui et al. 2020; Yang et al. 2023; Xia
et al. 2022). However, prior efforts tend to propagate infor-
mation among nodes with the same sensitive attributes due
to the message-passing mechanism in GNNs, significantly
heightening the risk of discrimination towards sensitive at-
tributes. Despite their great success in clustering, they may
fall into the trap of fairness issues. In this paper, we propose
a scheme that integrates individual and group fairness to en-
sure effective clustering while preserving fairness.

Fairness-Aware Graph Learning
Fairness-aware graph learning has garnered considerable at-
tention as the application of GNNs has widely expanded in
the field of recommendation systems and social networks.
And previous fairness-aware graph learning can be broadly
divided into three categories: group fairness (Guo, Chu, and
Li 2023; Dai and Wang 2021; Li et al. 2024), individual fair-
ness (Song et al. 2022; Ghodsi, Seyedi, and Ntoutsi 2024;
Zhan et al. 2024), and counterfactual fairness (Agarwal,
Lakkaraju, and Zitnik 2021; Guo et al. 2023). For exam-
ple, FatraGNN (Li et al. 2024) focuses on node classification
by minimizing the representation distances for each sensi-
tive group through adversarial learning. Guide (Song et al.
2022) equalizes the level of individual fairness across dif-
ferent groups in node classification. CAF (Guo et al. 2023)
attains model fairness from a causal perspective by contrast-
ing original scenarios with their counterfactual alternatives.
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While these approaches show satisfactory performance
across extensive benchmarks, they primarily focus on su-
pervised learning tasks, such as node classification (Guo
et al. 2023; Song et al. 2022) and link prediction (Cao et al.
2023), leaving graph clustering—an unsupervised learning
scheme—largely unexplored. Some conventional methods,
such as FNM (Li, Wang, and Merchant 2023) and iFairN-
MTF (Ghodsi, Seyedi, and Ntoutsi 2024), have made efforts
to enhance fairness in clustering. However, they fail to han-
dle high-dimensional node features, resulting in poor clus-
tering performance. To the best of our knowledge, this is the
first study addressing fairness-aware deep graph clustering.

Preliminary and Problem Definition
Notations. Let a tuple G = (V , E) represent an undirected
graph, where E denotes the set of edges and V denotes the
set of N nodes. The adjacency matrix A = (auv) ∈ RN×N

characterizes the structure of the graph, with auv = 1 if
(u, v) ∈ E , otherwise, auv = 0. The degree matrix is given
by D = diag(d1, . . . , dN ), where di =

∑N
j=1 aij . The

Laplacian matrix can be defined as L = D − A and is
normalized to L̃ = I − D̂− 1

2 ÂD̂− 1
2 , with Â = A + I

with self-connections, and I ∈ RN×N is the identity matrix.
The node attribute set X = (X,S) consists of non-sensitive
attributes X = (x1, . . . ,xN ) ∈ RN×d′ , where xv is the
feature vector of node v with dimension d′, and sensitive at-
tributes S = (s1, . . . , sN ) ∈ RN , where sv ∈ {1, . . . ,M}.

Deep Graph Clustering. Given an unlabeled graph with
N nodes, deep graph clustering focuses on dividing these
nodes into several disjoint groups without human annota-
tions. Specifically, node embeddings Z ∈ RN×d are first
learned in an unsupervised manner by encoding the node
and structure attributes with a deep neural network F(·):

Z = F(A,X). (1)
Then, a clustering algorithm (e.g., spectral clustering, K-
means, or the clustering neural network layer (Bo et al.
2020)) can be employed to divide these nodes intoK groups
{C1, . . . , CK} based on the learned embedding.

Individual and Group Fairness. Individual fairness em-
phasizes that similar inputs should receive consistent and
fair treatment. Let xu and xv be two nodes of G, the out-
put of model zu and zv are individually fair w.r.t. the input
node similarity Tin and output distance measure Tout if the
following Lipschitz constraint holds.

Tout(zu, zv) ≤ ϵ · Tin(xu,xv) ∀u, v = 1, . . . , N, (2)
where ϵ > 0 is a constant that rescales the level of the input
distance. Moreover, group fairness is satisfied if ϵ across all
groups is equal. Formally, we denote the node partition in-
duced by the sensitive attribute as {V1, . . . ,VM}. The clus-
tering result is group fair if each cluster maintains the same
proportion of nodes from each group as observed in the orig-
inal dataset, which can be defined as:

|Vm ∩ Ck|
|Ck|

=
|Vm|
|V|

, ∀m = 1, . . . ,M, (3)

where Ck denotes the k-th cluster, and M is the number of
classes for sensitive attribute.

The Proposed Framework
Overview
The fundamental concept of our FairGC emphasizes the
sensitive attribute of nodes, ensuring the encoding of both
individual and group fairness-aware representations. As
shown in Figure. 2, there are three components in our
FairGC framework. Given the input undirected graph, we
first employ two Siamese encoders to embed attribute and
structure information of the node into the latent space as two
views. Then, the affinity graphs are constructed, and multi-
step random walks are performed for two views to iden-
tify the node pair similarities in a global manner. We treat
the similarities of one view as input space similarities, and
individual fairness-aware contrastive learning is performed
to preserve the cross-view consistency. Finally, we seek to
leverage adversarial learning to make the clustering results
independent of the sensitive attributes for group fairness.

Attribute and Structure Encoding
Since both the attributes and structure of nodes are crucial
for calculating node pair similarity (Liu et al. 2023d), we
adopt two types of graph encoders in this section for node
attribute and structure encoding.

Attribute Encoding. For attribute encoding, we adopt
a widely used Laplacian filter (Cui et al. 2020) to con-
duct neighborhood attribute aggregation and filter out high-
frequency noises in X as follows:

X̃ = (
l∏
i=1

(1− L̃))X = (1− L̃)lX, (4)

where (1 − L̃)l is the graph Laplacian filter stacking up l
times. X̃ is the filtered feature matrix and is encoded with
two encoders AE1 and AE2. Taking AE1 as an example:

Z1 = (zv11 , . . . , z
vN
1 ) = AE1(X̃)

zvi1 =
zvi1

∥zvi1 ∥2
, i = 1, . . . , N,

(5)

where Z1 is the attribute embedding of the first view. In
practice, we simply utilize multi-layer perceptions (MLPs)
for the implementation of AE1 and AE2.

Structure Encoding. For structure encoding, we further
leverage two encoders SE1 and SE2 and take adjacency ma-
trix A as input. For instance, consider SE1 as:

E1 = (ev11 , . . . , e
vN
1 ) = SE1(A)

evi1 =
evi1

∥evi1 ∥2
, i = 1, . . . , N,

(6)

where E1 denotes the structure embedding of the first view.
Similarly, SE1 and SE2 can be simple MLPs.

Individual Fairness-Aware Contrastive Learning
To promote the individual fairness of the learned represen-
tation, we construct affinity graphs via random walks (Lu
et al. 2023) to capture high-order node similarity and con-
duct cross-view contrastive learning to satisfy the constraint.
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Figure 2: An overview of our FairGC. We first extract attribute and structure information of the node from two views. Then,
the affinity graphs are constructed via a multi-step random walk on node pair similarities. Finally, we leverage adversarial
learning to make the clustering results independent of the sensitive attributes.

Affinity Graph via Random Walks. Given that node pair
similarity depends on both structure and attribute informa-
tion, we calculate the attribute-structure similarity of the
node pairs for each view, formulated as:

r(1)uv = ρ · (zu1 )Tzv1 + (1− ρ) · (eu1 )Tev1, (7)
where ρ denotes the learnable parameter, and we could ob-
tain the similarity matrix R1 = (r

(1)
uv ) ∈ RN×N for the first

view. In this way, the random walk transition matrix R̃1 is
obtained by row-wise normalization of R1. The multi-step
transition matrix, R̃t

1, is then derived by raising the transi-
tion matrix to the power of t, which represents the global
similarity of node pairs. Finally, we use the R̃t

1 and identity
matrix IN to construct an affinity graph of the first view, i.e.,

T1 = αIN + (1− α)R̃t
1, (8)

where α is a trade-off parameter between self and node pair
similarities. In the implementation, we construct the affinity
graph for one view and use it as the pseudo target similarity
in the input space for the other view accordingly.

Cross-view Contrastive Learning. To preserve the node
pair similarity under the individual fairness constraint, we
propose cross-view contrastive learning by maximizing the
consistency between the embedding similarity from one
view and the pseudo target similarity:
LI = H(T1, p(Z(2→1),Z1))+H(T2, p(Z(1→2),Z2)), (9)

where H(·, ·) is the cross entropy, p(·, ·) denotes the pair-
wise similarity with the row-wise normalization operator,

[p(Z(1→2),Z1)]uv =
exp(q(zu(1→2), z

v
2 )/τ)∑N

v′=1 exp(q(z
u
(1→2), z

v′
2 )/τ)

, (10)

where q(·, ·) is the similarity function, i.e., cosine similar-
ity, τ is the temperature parameter. Notice that cross-view
contrastive learning can be degraded into a common con-
trastive learning method when T is set as the identity ma-
trix IN . Meanwhile, simply maximizing the consistency be-
tween cross-view embedding in a common space may over-
look view-specific semantics. Instead, we introduce a cross-
view decoder that maintains these semantics in different

spaces while ensuring cross-view consistency, defined as:

Z(1→2) = g(1→2)(Z1), (11)

where g(1→2)(·) denotes the cross-view decoder and can be
implemented via an MLP.

Group Fairness-Aware Adversarial Learning
To further ensure group fairness for graph clustering re-
sults, we deploy an adversarial learning approach to learn
fair node representations and stabilize the learning process
with the proposed covariance constraint.

Adversarial Learning. The general goal of adversarial
learning is to make the learned node representations inde-
pendent of the corresponding sensitive attributes. To be spe-
cific, we first fuse the two views of the extracted node em-
beddings as follows:

Z = (zv1 , . . . , zvN ) =
1

2
(Z1 +Z2). (12)

Then, we introduce a discriminator D(·) with parameter ψ
and let θ denote the parameters in F(·). Given the repre-
sentation zv of each node v, D(·) tries to predict the corre-
sponding sensitive attribute sv , formulated as:

LG = −
N∑
v=1

[sv logD(zv)+(1−sv) log(1−D(zv))]. (13)

We adopt the following min-max learning strategy:

min
ψ

max
θ

LG(θ, ψ). (14)

During the training process, on the one hand, we minimize
the adversarial objective w.r.t. ψ to enable the discrimina-
tor to recognize the sensitive attribute. On the other hand,
we maximize the adversarial objective w.r.t. θ to confuse the
discriminator. So, in this way, we can facilitate our model
F(·) to generate a fair representation of the nodes.
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Covariance Constraint. The instability of adversarial
learning during training is well-known in previous work (Ar-
jovsky and Bottou 2017). Especially in adversarial debi-
asing, insufficient convergence can lead to discriminatory
classifiers. As a remedy, we introduce a covariance con-
straint on the learned node representation Z for more sta-
ble group fairness-aware adversarial learning. The covari-
ance constraint has also proven effective in achieving a fair
classifier by minimizing the absolute covariance between the
noisy sensitive attribute and the label prediction (Dai and
Wang 2021). In our issue, we aim to adaptively decorre-
late the sensitive attribute from the learned node represen-
tations to ensure group fairness in graph clustering. Thus,
we regard the absolute covariance between the sensitive at-
tribute sv and each column of the extracted feature zv,i, ∀i ∈
{1, . . . , d} as the loss function, defined as:

LR =
N∑
v=1

d∑
i=1

|Cov(sv, zv,i)|, (15)

where | · | is the absolute value, E(·) is the expectation op-
eration and Cov(·) corresponds to covariance for each node
v, which can be formulated as:

Cov(s, zv,i) = E[(s− E(s))(zv,i − E(zv,i))]. (16)
The covariance constraint ensures that the node representa-
tion zv and sensitive attribute sv are independent, thereby
promoting effective adversarial learning.

Objective Function
To foster the individual and group fairness for deep graph
clustering, we integrate each component, and the final loss
objective of the proposed FairGC is given by:

L = LI − βLG + γLR, (17)
where β and γ denote the hyperparameters to balance the
weight of each component. The final optimizing algorithm
of the FairGC can be formulated as:{

minθ LI − βLG + γLR,
minψ βLG.

(18)

In a nutshell, all three loss objectives contribute to fairness-
aware deep graph clustering. And we optimize our frame-
work in an alternative manner. The final clustering results
are obtained by performing K-means algorithm (Hartigan
and Wong 1979) over Z directly.

Experiment
Experiment Setup
Datasets. We evaluate the performance of FairGC on
four widely-used benchmark graph datasets, including NBA
(Dai and Wang 2021), Credit (Yeh and Lien 2009; Luo et al.
2024), Income (Dong et al. 2023; Luo et al. 2024), and Bail
(Jordan and Freiburger 2015; Luo et al. 2024). Specifically,
we use Nationality as the sensitive attribute for the NBA
dataset, Age for the Credit dataset, and Race for both the
Income dataset and the Bail dataset. The clustering task is
to forecast the player’s position for NBA, credit card pay-
ments for Credit, individuals based on their occupations for
Income, and the likelihood of committing violent or nonvio-
lent crimes for Bail.

Baselines. We compare our proposed FairGC against
nine approaches. Specifically, these methods can be cate-
gorized into three groups: 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 clus-
tering methods (i.e., DCRN (Liu et al. 2022a), CCGC (Yang
et al. 2023), HSAN (Liu et al. 2023d), MAGI (Liu et al.
2024a)), and fair graph clustering methods (i.e., FNM (Li,
Wang, and Merchant 2023), iFairNMTF (Ghodsi, Seyedi,
and Ntoutsi 2024)).

Metric. Following prior work (Yang et al. 2023), we
employ accuracy (ACC) to evaluate the clustering perfor-
mance. Additionally, we evaluate the performance of in-
dividual fairness with metrics: overall individual fairness
(IF) (Song et al. 2022) and group disparity of individual
fairness (GDIF) (Song et al. 2022). To measure the group
fairness of clustering, we adopt Balance following previous
research (Li, Wang, and Merchant 2023).

Implementation. Our model is implemented using the
PyTorch deep learning framework. In practice, all the en-
coders and decoders are implemented as unshared one-layer
MLPs with 256 hidden units. The maximum training epoch
is 400 with Adam optimizer (Kingma and Ba 2015) to up-
date the model’s parameters. More concretely, we fix the rec-
tified weight α to 0.5, the filter times l to 8, and the influence
factors of covariance loss and adversarial loss to 0.5 and 0.1,
respectively. We search for the optimal value of the random
walk step t in the range {2, 4, 6, 8}. For baseline methods,
we adopt their original settings and reproduce the results.

Performance Comparison
Table 1 shows the performance of our FairGC against all
baselines. Note that individual fairness metrics rely on en-
coded embeddings to compute node pair similarity, which
traditional non-deep clustering methods (e.g., FNM and
iFairNMTF) do not support; we do not report their results
in Table 1. We have the following conclusions. ❶ Com-
pared with classical deep graph clustering methods, con-
trastive deep graph clustering methods achieve comprehen-
sive improvement in both clustering performance and fair-
ness. ❷ Fair graph clustering methods that consider sen-
sitive attributes exhibit competitive performance regarding
fairness while lagging behind other baselines in terms of
clustering metrics due to their disregard for node features.
❸ Overall, our proposed FairGC consistently outperforms
other baselines, enhancing both individual and group fair-
ness while maintaining superior clustering performance.

Parameter Analysis
Effect of the Affinity Graph. For the random walk step
t and trade-off parameter α, we search the optimal value in
the range of {2, 4, 6, 8} and {0.1, 0.3, 0.5, 0.7, 0.9}, respec-
tively. As shown in Figure. 3, we can find that: ❶ The model
achieves optimal performance while maintaining individual
fairness when node pair similarity is appropriately integrated
(i.e., α = 0.5). ❷ However, the optimal value of t differs
across datasets (t = 4 for the NBA dataset and t = 6 for the
Income dataset). This can be attributed to the smaller scale
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Classical Deep Graph Clustering Contrastive Deep Graph Clustering Fair Graph Clustering
DAEGC SDCN DFCN DCRN HSAN CCGC MAGI FNM iFairNMTF FairGCDataset Metric
IJCAI 19 WWW 20 AAAI 21 AAAI 22 AAAI 23 AAAI 23 SIGKDD 24 ECAI 23 PAKDD 24 Ours

ACC(↑) 26.55 28.78 24.42 24.37 29.88 24.76 24.62 26.50 24.52 31.74
Balance(↑) 0.59 0.54 0.44 0.44 0.66 0.57 0.61 0.72 0.65 0.74

IF(↓) 165.29 62.72 11.52 73.80 0.36 73.10 59.94 - - 0.09NBA

GDIF(↓) 1.42 1.31 1.30 1.87 1.29 1.49 1.31 - - 1.27
ACC(↑) 63.72 68.12 66.19 67.31 70.17 68.81 57.62 60.93 62.30 72.77

Balance(↑) 0.56 0.59 0.56 0.52 0.59 0.60 0.54 0.80 0.62 0.63
IF(↓) 595.74 749.61 2051.75 647.78 407.85 1199.49 601.48 - - 36.98Credit

GDIF(↓) 5.60 4.96 11.03 2.06 1.90 1.77 1.82 - - 1.74
ACC(↑) 11.07 12.26 12.04 11.47 12.28 12.35 15.15 11.81 11.10 12.40

Balance(↑) 0.32 0.19 0.39 0.45 0.49 0.49 0.41 0.51 0.47 0.54
IF(↓) 9033.38 370.01 3559.54 9454.47 2426.06 2422.90 3309.06 - - 162.81Income

GDIF(↓) 8.67 2.82 1.51 3.79 2.61 2.61 8.62 - - 1.30
ACC(↑) 57.11 61.99 61.85 64.28 78.38 75.81 76.32 56.70 59.35 80.23

Balance(↑) 0.85 0.80 0.94 0.92 0.91 0.86 0.89 0.94 0.92 0.95
IF(↓) 8183.49 8746.30 5168.98 302.16 136.92 285.06 283.38 - - 39.76Bail

GDIF(↓) 1.12 1.03±0.01 1.02 1.07 1.03 1.03 1.11 - - 1.01

Table 1: The reported performance is the average of ten runs on four benchmark datasets, assessed by the mean of four metrics.
Bold and underlined values indicate the best and second-best results.
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Figure 3: Performance comparison w.r.t. different values of
α and t on NBA and Income.

of the NBA dataset, where a larger random walk step might
introduce noise for the node pairs.

Effect of the Component Weight. We further explore the
weights of covariance constraint and adversarial debiasing,
β and γ, within the range {0.01, 0.05, 0.1, 0.5}. As shown
in Figure. 4, we have the following observations: ❶ Our
FairGC is not sensitive to both β and γ in terms of clus-
tering performance. ❷ Covariance constraint and adversar-
ial learning contribute to improving fairness. Nevertheless,
large values of β and γ may introduce perturbation during
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Figure 4: Performance comparison w.r.t. different values of
β (top) and γ (bottom) on Income dataset.

the training process, leading to decreased performance.

Ablation Study
We conduct ablation experiments from two perspectives. For
individual fairness-aware contrastive learning, we examine
the following variants: ❶ variant 1: removal of the multi-
step transition matrix (R̃t = I); ❷ variant 2: removal of
the cross-view decoder. For group fairness-aware adversarial
learning, we analyze these variants: ❶ w/o ADV: exclusion
of the adversary module; ❷ w/o COV: elimination of the
covariance constraint in the objective.

As shown in Table 2, we can find that the clustering per-
formance has been slightly affected with the removal of in-
dividual and group fairness-aware learning. Specifically, the
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(a) DCRN (b) HSAN (c) CCGC (d) MAGI (e) Ours

Figure 5: 2D t-SNE visualization of eight methods on the NBA (first row) and Income (second row) datasets. We randomly
highlight 100 nodes in red to show their distributions across different clusters.

Dataset Method ACC(↑) Balance(↑) IF(↓) GDIF(↓)
Variant 1 29.90 0.68 0.87 1.36
Variant 2 29.16 0.71 0.35 1.34
w/o ADV 30.60 0.58 0.18 1.29
w/o COV 30.65 0.66 0.13 1.29

NBA

Ours 31.74 0.74 0.09 1.27
Variant 1 70.37 0.60 94.08 1.94
Variant 2 71.59 0.61 63.97 1.90
w/o ADV 72.41 0.50 44.36 1.77
w/o COV 72.04 0.58 42.12 1.74

Credit

Ours 72.77 0.63 36.98 1.73
Variant 1 10.74 0.52 834.63 1.64
Variant 2 11.40 0.50 310.40 1.43
w/o ADV 11.82 0.41 219.53 1.33
w/o COV 12.04 0.46 224.37 1.34

Income

Ours 12.40 0.54 162.81 1.30
Variant 1 77.48 0.91 70.55 1.03
Variant 2 76.67 0.90 61.45 1.04
w/o ADV 79.76 0.83 41.54 1.01
w/o COV 79.82 0.90 41.29 1.01

Bail

Ours 80.23 0.95 39.76 1.01

Table 2: Ablation studies on both individual and group
fairness-aware graph learning components.

global affinity graph and the cross-view decoder are criti-
cal to individual fairness, as they leverage individual sim-
ilarity to enhance the capability to capture supervision in-
formation. Adversarial learning and covariance constraint,
which contribute to effectively decoupling the relationship
between sensitive attributes and features, also show a sub-
stantial impact in terms of group fairness. In total, the collab-
orative leverage of both individual and group fairness-aware
learning enhances the overall performance of our FairGC
in terms of clustering and fairness.

Visualization
To demonstrate the superiority of FairGC, we conduct 2D
t-distributed stochastic neighbor embedding (t-SNE) to vi-
sualize the learned node representations on the NBA and
Income. As shown in Figure. 5, we randomly select 100
nodes and highlight them in red to indicate that their na-

tionality is overseas for the NBA dataset and their race
is Black for the Income dataset. Compared to other base-
lines, our FairGC demonstrates more fairness-aware clus-
tering results. For instance, the highlighted nodes in Income
are concentrated in Clusters 5, 8, and 10 in CCGC, while
our method shows a more evenly distributed performance.
Meanwhile, it shows better separability between clusters,
with tighter within-cluster aggregation and clearer distinc-
tions between clusters.

Conclusion
In this paper, we propose a novel model termed FairGC
to foster both individual and group fairness for deep graph
clustering. And we believe this is the first study to address
fairness-aware deep graph clustering. Specifically, we utilize
Siamese encoders to construct two views with distinct se-
mantics. Then, we compute view-specific affinity graphs, on
which multi-step random walks are applied to capture high-
order similarities of global node pairs. Building upon this,
we reformulate contrastive learning with individual simi-
larity to enhance individual fairness. Furthermore, we em-
ploy adversarial learning to ensure group fairness by miti-
gating the influence of sensitive information through the dis-
criminator. Experimental results on four benchmark datasets
demonstrate the efficacy of our FairGC. In future work,
we plan to generalize our approach to more complex fair-
ness settings, including scenarios with multiple sensitive at-
tributes, as well as dynamic graphs.
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