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Abstract

Multi-view clustering is effective in unsupervised multi-
view data analysis and has received considerable attention.
However, most existing methods excessively emphasize cer-
tain attributes, resulting in unfair clustering outcomes, i.e.,
certain sensitive attributes dominate the clustering results.
Moreover, existing methods struggle to effectively capture
complex nonlinear relationships and interactions across
views, limiting their ability to achieve optimal clustering
performance. Therefore, in this work, we propose a novel
method, Deep Fair Multi-View Clustering with Attention
Kolmogorov-Arnold Network (DFMVC-AKAN), to gener-
ate fair clustering results while maintaining robust perfor-
mance. DFMVC-AKAN integrates attention mechanisms
into Kolmogorov-Arnold Networks (KAN) to exploit the
complex nonlinear inter-view relationships. Specifically,
KAN provides a nonlinear feature representation capable
of efficiently approximating arbitrary multivariate contin-
uous functions, augmented by a hybrid attention mecha-
nism which enables the model to dynamically focus on the
most relevant features. Finally, we refine the clustering as-
signments with a distribution alignment module to ensure
fair outcomes across diverse groups while maintaining dis-
criminative ability. Experimental results on four datasets
containing sensitive attributes demonstrate that DFMVC-
AKAN significantly improves fairness and clustering per-
formance compared to state-of-the-art methods.

1. Introduction

Multi-view data refers to the representation of the same ob-

ject from multiple perspectives or different sources and have

become increasingly ubiquitous in practice [6, 9, 24, 41].

For instance, in medical imaging, a patient’s condition can

be characterized through multiple scanning modalities, such

as CT, MRI, and X-ray. Each imaging modality captures

different aspects of the patient’s health. Compared with

single-view data, such multi-view data provides comple-
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mentary information, enabling a more comprehensive un-

derstanding of underlying patterns [2, 31].

Multi-view clustering (MVC), as a widely-applied unsu-

pervised multi-view data analysis tool, aims to partition un-

labeled multi-view datasets into distinct categories by fus-

ing the information from all accessible views [5, 7, 28, 44].

It effectively uncovers a wider range of latent patterns by in-

tegrating consistent and complementary information from

multiple perspective, thereby garnering increasing atten-

tion in various fields, e.g., bioinformatics, computer vi-

sion, etc. Existing MVC methods can be broadly catego-

rized into traditional approaches and deep learning-based

approaches[20, 42]. Traditional methods primarily focus

on leveraging linear transformation to integrate multiple

views, including matrix factorization-based, graph-based,

and subspace-based methods [8, 45]. While these tradi-

tional methods have demonstrated effectiveness in various

applications, they often rely on linear assumptions and im-

poses limitations on their overall effectiveness in real-world

multi-view data. This limitation has prompted the advance-

ment of deep learning-based methods, which utilize the ca-

pabilities of neural networks to capture complex patterns

and interactions across different views.

Deep learning-based MVC methods are able to capture

nonlinear relationships and high-level feature representa-

tions from multi-view data [18, 33]. These methods can be

broadly categorized into three categories: (1) autoencoder-

based methods [35, 37], which utilize deep autoencoders to

extract and fuse multi-view representations; (2) generative

adversarial network (GAN)-based methods [27, 29], which

employ adversarial training to align the distributions of dif-

ferent views and generate unified representations for clus-

tering; (3) attention-based methods [11, 34], which lever-

ages attention mechanism to dynamically adjust the impor-

tance of different views or features. Deep MVC has demon-

strated superior performance in capturing complex data pat-

terns, thereby achieving impressive clustering results.

Despite the significant progress in deep MVC, they gen-

erally place excessive emphasis on certain attributes, such

as gender, race, age, etc., introducing extra bias and result-

ing in unfair results [15, 21, 49]. For instance, in a health-
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care scenario where patient data includes gender attribute as

sensitive attribute, a clustering model might disproportion-

ately group individuals based on sensitive attributes rather

than medical conditions, resulting in biased treatment rec-

ommendations. To mitigate this problem, several fair deep

MVC methods have been proposed [46, 48]. For example,

Zheng et al. developed a fairness-aware MVC method that

achieves fairness by enforcing a uniform distribution of sen-

sitive attributes with a fairness constraint [48]. However,

these methods enforce sensitive attributes equal in each

cluster to realize ideal fairness, which might not align with

their real cluster distribution, resulting a trade-off between

clustering performance and fairness insurance. In addi-

tion, these methods extract features via either CNN or MLP,

which cannot efficiently approximate the complex continu-

ous function of several variables.

To tackle these problems, we propose DFMVC-AKAN,

a deep fair multi-view clustering method with attention

Kolmogorov-Arnold network. DFMVC-AKAN utilizes

KAN to efficiently approximate the complex nonlinear re-

lationship. Besides, it integrates attention mechanism with

KAN, enabling the model to select features most relevant

to clustering. Finally, a distribution alignment module is

introduce to align sensitive attributes with the target distri-

bution, which ensures fairness without reducing the cluster-

ing accuracy. The main contributions of this paper can be

summarized as follows:

• We propose a deep fair MVC method named DFMVC-

AKAN that uses target clustering distributions to ensure

fairness by mitigating the impact of sensitive attributes.

• We develop attention KAN encoder to learn complex data

relationships and extract multi-view features most rele-

vant to clustering, ensuring the clustering performance.

• Experiments on four datasets with sensitive attributes

demonstrate that DFMVC-AKAN significantly improves

both fairness and clustering accuracy compared to exist-

ing methods.

2. Related Work

2.1. Multi-view Clustering
Multi-view Clustering (MVC) methods improve clustering

accuracy by integrating comprehensive information from

multiple views. They generally extract the consistent la-

tent representations shared by all the views. For example,

Zhao et al. [47] leveraged deep matrix decomposition to

extract shared latent representations; Kumar and Rai [13]

optimized kernels to improve clustering accuracy; Li et al.
[18] use GANs to generate unified latent representations

across views. Deep Multi-view Subspace Clustering with

Unified and Discriminative Learning (DMSC-UDL) [26]

integrates global and local structures with a self-expression

layer, improving intra-cluster coherence. Similarly, Self-

supervised Information Bottleneck for Deep Multi-view

Subspace Clustering (SIB-MSC) [30] utilizes cross-view

features as mutually supervised signals, applying the in-

formation bottleneck principle to enhance consistency be-

tween views and learn a purer affinity matrix. However, the

ubiquitous sensitive attributes might influence the cluster-

ing process and results in biased clustering outcomes, while

the above methods ignore this issue and thus confronts un-

fairness problem [32].

2.2. Fair Clustering
Fairness is a crucial issue in clustering, since traditional

clustering methods might lead to sensitive attributes dom-

inating clustering and biased results. Therefore, fair clus-

tering was proposed. Traditional fair clustering is based

on constraint optimization. For instance, Kleindessner

et al. [12], directly incorporate fairness constraints into

the objective function. Chierichetti et al. proposed Fair

Clustering through Fairlets [4], which introduces fairness

penalty terms during clustering and partition the dataset into

smaller subsets, each satisfying predefined fairness con-

straints. However, this method has a high computational

complexity as quadratic time complexity, which hinders its

potential applicability. To address this issue, ScFC [1] in-

troduced a tree-based metric approach to construct fairlet

in near-linear time, which improves scalability and simul-

taneously guarantees fairness. Data reconstruction meth-

ods [3] achieves fairness by data pre-processing or resam-

pling. There are also several deep fair clustering methods.

For example, Li et al. [15] proposed a representation learn-

ing method that preserves group balance.

Some works concentrate on the fairness in MVC. For ex-

ample, Wang et al. [32] introduced the iFiG method, which

ensures fairness in multi-view graph clustering by balanc-

ing the distribution across views. Li et al. [16] developed a

one-stage fair multi-view spectral clustering approach, opti-

mizing a fair spectral objective. Yang et al. [40] introduced

the Multi-view Fair-Augmentation Contrastive Graph Clus-

tering method, which enhances fairness using contrastive

graph clustering. Although these methods improve fair-

ness in clustering, they always sacrifice clustering accuracy

to achieve fairness. For another, they are on the basis of

CNN or MLP, leading to them inefficiently approximating

the inter-view relationship.

3. Methodology
Suppose a multi-view dataset comprising V distinct views,

where each view is indexed by v ∈ {1, 2, . . . , V }. The

dataset is defined as X = {X1,X2, . . . ,XV ,S}, where

Xv ∈ R
N×dv represents the data matrix for the v-th view

with N samples and dv features, and S ∈ R
N×ds repre-

sents sensitive attributes. Each individual sample from the

v-th view is denoted as xv
i . DFMVC-AKAN aims to cate-
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Figure 1. The architecture of our DFMVC-AKAN framework consists of three key modules: The Attention KAN Learning Module

employs view-specific encoder-decoder pairs with hybrid attention mechanisms and KAN networks to extract robust features while min-

imizing reconstruction loss. The View-Contrastive Module generates label probabilities from view-specific representations and enforces

semantic consistency across views. The Fair Clustering Module performs an adaptive fusion for multi-view representations and learns a

unified embedding Z, which is then processed through a distribution alignment Constraint that ensures fairness.

gorize these N samples into K distinct clusters while ensur-

ing fairness by preventing sensitive attributes from dispro-

portionately influencing the clustering outcomes, which is

composed of three modules, i.e., Attention KAN Learning

Module responsible for extracting view-specific features,

View-Contrastive Module enforcing semantic consistency

across views, and Fair Clustering Module ensuring equi-

table representation across protected groups.

3.1. Attention KAN Learning Module

Extracting robust features from multi-view data with noise

and redundancy is a persistent challenge in representation

learning. We propose an Attention KAN Learning Module

to address this issue, leveraging its ability to model complex

distributions through learnable univariate functions. This

module is composed of multiple view-specific encoders and

decoders. For the v-th view encoder Ev , it processes the in-

put xv
i through a series of KAN layers, augmented by our

hybrid attention mechanism, and generates view-specific

representations, i.e.,

zvi = Ev(xv
i ), (1)

Table 1. Basic notations used in the paper.

Notation Meaning

Xv Data matrix for view v
xv
i Sample i from view v
S Sensitive attribute matrix

Zv Latent representation for view v
zvi Latent features of sample i in view v
x̃v
i Reconstructed sample i in view v

Hv Cluster assignment matrix for view v
hv
i Cluster probabilities for sample i in view v
Z Unified latent representation

cj Centroid of cluster j
Q Soft cluster assignment matrix

Qij Probability of sample i in cluster j
P Target distribution matrix

Pij Target probability of sample i in cluster j
Xg Subgroup with same sensitive attribute value

where zvi ∈ R
dz is the learned essential features of the in-

put xv
i , with dz typically smaller than dv . Next, we will

introduce the component of the encoder in detail.
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Hybrid Attention Mechanism: The first component

in our encoder is a novel hybrid attention mechanism

that combines Squeeze-and-Excitation (SE)[10] with Multi-

head Attention[25]. Given the input xv
i , the SE component

recalibrates channel-wise feature responses:

SEv
i = xv

i � σ(W2δ(W1x
v
i )), (2)

where σ is the sigmoid function, δ is ReLU, and W1 ∈
R

dv
r ×dv , W2 ∈ R

dv× dv
r are learnable weights with reduc-

tion ratio r, and � denotes element-wise multiplication.

The Multi-head Attention component extends SEv
i by

capturing complex feature relationships. For each attention

head t ∈ {1, ..., T}, we compute:

Av
t = WA

t SE
v
i , Bv

t = WB
t SE

v
i , Cv

t = WC
t SE

v
i ,
(3)

where WA
t , WB

t , and WC
t are learnable projection matri-

ces.

The attention output for each head is:

ov
t = Av

t · ϕ(Bv
t ) · η(Cv

t ), (4)

where ϕ and η are normalization functions (implemented

as softmax) that distribute attention weights across features.

The outputs from all heads are concatenated and projected:

MHAv
i = Wrecon[o

v
1;o

v
2; ...;o

v
T ], (5)

where Wrecon is a learnable projection matrix.

The final attention output is:

avi = α · SEv
i + (1− α) ·MHAv

i , (6)

where α is a learnable parameter balancing both attention

mechanisms.

KAN Layer: After the attention mechanism, the en-

hanced features avi are processed by KAN layers to gen-

erate the final representation zvi . KAN is inspired by the

Kolmogorov-Arnold theorem[22], which demonstrates that

any multivariate function can be decomposed into univari-

ate components. The computation in KAN layers follows:

zvi = φ

(
dv∑

m=1

ψm(avi,m)

)
, (7)

where avi,m represents the m-th element of the attention-

enhanced input vector avi for view v. Here, ψm denotes a

learnable function tailored to process each individual input

dimension, while φ is another learnable function that acts

as an activation, applied to the summed contributions of

all dimensions. This formulation empowers KAN to cap-

ture intricate patterns in the data by dynamically adapting

its functional components to the specific characteristics of

each view.

The attention mechanism and KAN layers work in syn-

ergy: attention selectively emphasizes the most informative

dimensions, while KAN models complex relationships be-

tween them, ensuring that zvi is both concise and expressive.

The decoder Dv mirrors the encoder structure to recon-

struct the original input:

x̃v
i = Dv(z

v
i ), (8)

where x̃v
i ∈ R

dv is the reconstructed sample. The decoder

first applies attention to zvi to focus on the most relevant

latent features, followed by KAN layers that map the latent

representation back to the original input space.

To optimize the representation and reconstruction

pipeline, we define the reconstruction loss across all V
views and N samples:

Lr =

V∑
v=1

N∑
i=1

‖xv
i − x̃v

i ‖22, (9)

where ‖ · ‖2 is the Euclidean norm. This loss quantifies

the discrepancy between the original input and its recon-

struction, driving the model to preserve critical information

while achieving an effective latent representation.

3.2. View-Contrastive Module
While reconstruction alone captures the structural fidelity

of multi-view data, it falls short in ensuring semantic con-

sistency across views and distinguishing between sam-

ples effectively. To address this, we introduce the View-

Contrastive Module. This module leverages embedded fea-

tures to enforce view-shared consistency and inter-cluster

distinctiveness, thereby enhancing the robustness of repre-

sentations for clustering

This module takes as input the data for each view v,

denoted Xv , and transforms it into an embedding Zv =
Ev(X). These embeddings are subsequently processed

through two linear layers followed by a softmax activa-

tion to yield the clustering assignment probability matrix

Hv ∈ R
N×K :

Hv = f(Zv, θ), (10)

where N is the number of samples, K is the number of

clusters, and θ denotes the parameters of the linear trans-

formations. Each row hv
i of Hv encapsulates the cluster

assignment probability vector for the i-th sample in the v-th

view, with the element Hv
ij representing the probability that

sample i belongs to cluster j. The semantic label for each

sample is inferred by selecting the cluster with the highest

probability in hv
i .

To assess semantic consistency across views, the module

computes the similarity between cluster assignment vectors

from different views, hu
j and hv

j (u and v represent different

views), using their dot product:

sim(hu
j ,h

v
j ) = (hu

j )
�hv

j . (11)
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This metric quantifies the alignment of cluster assign-

ments for the same sample across views. Within this

paradigm, pairs of assignment vectors from different views

of the same sample are designated as positive pairs (reflect-

ing their shared underlying identity), while pairs from dis-

tinct samples (whether within or across views) are treated

as negative pairs. For a given view v, each positive pair

(hu
j ,h

v
j ) is associated with (V − 1) positive pairs and

V (K−1) negative pairs (where V denotes the total number

of views).

To reinforce the alignment of positive pairs, a specialized

loss function is introduced. For a positive pair (hu
j ,h

v
j ), an

intermediate term Ω is defined as:

Ω =

K∑
k=1,k �=j

esim(hu
j ,h

v
k)/τ+

K∑
k=1

esim(hu
j ,h

v
k)/τ−e1/τ , (12)

where τ is a temperature parameter modulating the sharp-

ness of the exponential distribution. The loss for an individ-

ual positive pair is then formulated as:

l(u, v) = − 1

K

K∑
j=1

log
esim(hu

j ,h
v
j )/τ

Ω
. (13)

This loss function incentivizes the model to maximize

the similarity between cluster assignments of the same sam-

ple across views, thereby enhancing consistency. The over-

arching Semantic Contrastive Loss Lc comprises two com-

plementary components. The first, termed the Clustering

Consistency Loss, enforces alignment by minimizing the di-

vergence between cluster assignments of identical samples

across views while maximizing separation from dissimilar

clusters:

Lc1 =
1

2

V∑
u=1

V∑
v=1,v �=u

l(u, v). (14)

The second component is a regularization term that pre-

vents the degenerate case where all samples collapse into a

single cluster. Defining rvj = 1
N

∑N
i=1 H

v
ij as the average

assignment probability for cluster j in view v, the regular-

ization term is expressed as:

Lc2 =

Vn∑
v=1

K∑
j=1

rvj log r
v
j . (15)

The total Semantic Contrastive Loss is then the summa-

tion of these terms:

Lc = Lc1 + Lc2. (16)

3.3. Fair Clustering Module
While the reconstruction and contrastive learning frame-

works in the preceding sections effectively generate multi-

view embeddings and enforce semantic consistency through

clustering, they do not inherently guarantee fairness in the

resulting cluster assignments with respect to sensitive at-

tributes. To address this limitation, we propose a fair clus-

tering module that refines these assignments to ensure equi-

table outcomes across diverse groups, preserving both dis-

criminative power and impartiality.

After obtaining view-specific representations from each

encoder, we fuse them into a unified embedding Z ∈
R

N×dz using learned importance weights:

Z =

∑V
v=1 avZ

v∑V
v=1 av

(17)

where av ∈ A = [a1, a2, ..., aV ] are learnable parameters

that weight each view according to its information content.

Views containing more discriminative information receive

higher weights in this fusion process.

The unified embedding Z is then passed to a clustering

layer that computes soft assignments using a Student’s t-

distribution. For each sample i and cluster j, the assignment

probability is:

Qij =
(1 + ‖zi − cj‖2/α)−α+1

2∑K
j′=1(1 + ‖zi − cj′‖2/α)−α+1

2

(18)

where cj represents the centroid of cluster j, and α is the

degrees of freedom parameter.

Given a sensitive attribute that divides the dataset into

protected subgroups Xg (e.g., males and females for gen-

der), we define a balanced target distribution that prevents

any cluster from being dominated by samples with the same

sensitive attribute:

Pij =
Q2

ij/
∑

i′∈Xg
Qi′j∑K

j′=1

(
Q2

ij′/
∑

i′∈Xg
Qi′j′

) (19)

where Xg represents the subgroup that sample i belongs

to, and
∑

i′∈Xg
denotes summation over all samples in that

subgroup. For example, if the sensitive feature is gender,

Xg could represent either the male or female subgroup. The

squared term Q2
ij amplifies high-confidence assignments,

enhancing clustering decisiveness.

The squared term Q2
ij amplifies high-confidence assign-

ments, enhancing clustering decisiveness, while the group-

specific normalization ensures that each protected sub-

group’s distribution is independently calibrated, preventing

any single cluster from being dominated by samples with

the same sensitive attribute.

The fairness-aware clustering objective is then defined as

the KL divergence between the soft assignments Q and the

target distribution P:

Lf =
∑

g∈{0,1}

∑
i∈Gg

K∑
j=1

Pij log
Pij

Qij
(20)
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By minimizing this loss, we encourage the model to

align cluster assignments with a distribution that inherently

balances representation across sensitive attributes, yielding

clusters that not only capture natural data patterns but also

maintain equitable representation across protected groups.

3.4. Unified Optimization Objective
The proposed framework harmonizes three distinct objec-

tives: the reconstruction loss Lr from the KAN-based

multi-view representation module, the semantic contrastive

loss Lc from the feature alignment and consistency module,

and the fairness loss Lf from the fair clustering module.

The total optimization objective is formulated as:

Ltotal = Lr + λLc + γLf , (21)

where λ and γ are hyperparameters that regulate the trade-

off between semantic consistency across views and fair-

ness with respect to sensitive attributes. This unified ob-

jective enables the model to strike a delicate balance among

reconstructing faithful multi-view representations, enforc-

ing view-shared semantic coherence, and ensuring equitable

clustering outcomes. Upon convergence, the soft cluster

assignments hv
i —the i-th row of the clustering probabil-

ity matrix Hv for view v, with elements Hv
ij summing to

1 across K clusters—yield semantic labels via:

yi = argmax
j

(
1

V

V∑
v=1

Hv
ij

)
, 1 ≤ i ≤ N, (22)

where V is the number of views and N the number of sam-

ples.

4. Experiment
4.1. Datasets & Metric
In this study, we evaluate the performance of the DFMVC-

AKAN model using four diverse fairness datasets, which

span various real-world application scenarios. These in-

clude credit card default prediction [43], banking product

marketing [43], law school candidate qualification predic-

tion [14], and a synthetic dataset. The datasets differ in

sample size, feature dimensions, and the choice of sensitive

attributes, such as gender, marital status, and binary val-

ues. To model the complexity of multi-view data, we apply

multiple nonlinear functions to each dataset, generating two

distinct views.

To evaluate the performance of the DFMVC-AKAN

model, we use two key metrics: Normalized Mutual Infor-

mation (NMI) and Balance Level (BAL). These metrics are

commonly used to assess clustering performance and fair-

ness. NMI measures the agreement between the predicted

clusters and the true labels, with a higher value indicating

better alignment. BAL evaluates the equitable distribution

of sensitive attributes across clusters, with a higher value

reflecting a more balanced representation. Our metrics re-

fer to the methodology of this DFMVC[46] article, which

ensures a comprehensive assessment of clustering effective-

ness and fairness.

4.2. Experiment Setup
Experiments were run on an NVIDIA GeForce RTX 4090

GPU (driver 552.41, CUDA 12.4) in a Windows server envi-

ronment. Implemented using Python 3.10.13 with PyTorch,

and MATLAB was used as a supplementary tool for simu-

lation and validation.

4.2.1. Comparison methods
Our proposed DFMVC-AKAN method was benchmarked

against a suite of state-of-the-art clustering techniques to

evaluate its effectiveness and efficiency:

• K-means [23]: A classic clustering algorithm that parti-

tions data into k clusters by assigning each point to the

nearest cluster center based on Euclidean distance.

• DEC [36]: A deep learning method that combines feature

representation learning with clustering by minimizing re-

construction loss in the embedded space.

• CC [17]: A clustering approach based on contrastive

learning that optimizes instance-level and cluster-level

contrastive losses to learn discriminative representations.

• MvDSCN [50]: A multi-view deep subspace clustering

network that learns a self-representation matrix to capture

the structure of multi-view data for enhanced clustering.

• DCP [19]: A multi-view clustering method leveraging

contrastive learning and dual prediction modules to han-

dle incomplete views and ensure consistent representa-

tions.

• APADC [39]: A subspace learning-based multi-view

clustering method that aligns view distributions by mini-

mizing disparity loss to improve clustering accuracy.

• MFLVC [38]: A multi-level feature learning method for

contrastive multi-view clustering that captures both low-

level and high-level features to improve the clustering

process.

• Fair-MVC [48]: A fairness-aware multi-view clustering

algorithm that integrates contrast regularization to ensure

fair representation across protected groups.

• DFMVC [46]: A deep learning-based multi-view cluster-

ing approach that incorporates fairness constraints to en-

sure equal representation of different groups in the clus-

tering results.

4.2.2. Parameter Settings
For the DFMVC-AKAN model, we used a training regimen

combining standard training cycles and Progressive Train-

ing, a variant of Transfer Learning. We set a batch size

of 100 and a learning rate of 0.0001. The model under-

went two stages: a pre-training phase with 200 epochs us-
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Table 2. Results on four datasets with sensitive features. The best results are highlighted in bold, while the second-best values are

underlined. (A higher balance score indicates better fairness.)

Methods Banking Market Zafar Credit Card Law School
Metrics (%) NMI BAL NMI BAL NMI BAL NMI BAL
K-means [23] 28.67 ± 1.44 37.64 ± 0.66 70.32 ± 0.78 17.06 ± 0.76 20.94 ± 1.14 35.53 ± 0.37 20.12 ± 1.25 43.22 ± 1.05

DEC [36] 30.93 ± 1.15 37.60 ± 0.96 72.55 ± 1.92 16.85 ± 0.73 21.03 ± 2.09 35.96 ± 0.60 21.23 ± 1.21 44.15 ± 1.24

CC [17] 36.23 ± 1.01 37.46 ± 0.97 78.95 ± 0.68 17.01 ± 0.71 23.87 ± 1.28 35.74 ± 0.47 23.02 ± 0.92 44.24 ± 1.16

MvDSCN [50] 36.24 ± 0.55 37.59 ± 0.67 76.91 ± 0.42 17.13 ± 0.65 21.92 ± 1.53 35.82 ± 0.41 22.06 ± 1.28 44.82 ± 0.98

DCP [19] 39.93 ± 1.84 26.75 ± 2.06 81.87 ± 1.57 21.65 ± 1.23 26.73 ± 0.26 24.19 ± 1.05 23.85 ± 1.26 35.76 ± 1.12

APADC [39] 40.62 ± 0.25 27.79 ± 2.59 72.38 ± 0.80 21.21 ± 0.57 23.07 ± 0.45 26.32 ± 0.22 22.08 ± 1.24 36.85 ± 0.56

MFLVC [38] 37.76 ± 1.15 38.64 ± 1.48 90.52 ± 1.42 27.16 ± 0.85 24.02 ± 0.42 36.09 ± 0.24 21.84 ± 1.52 43.87 ± 0.46

DFMVC [46] 54.62 ± 1.25 42.16 ± 0.82 93.93 ± 0.36 29.08 ± 0.28 35.13 ± 0.62 39.71 ± 0.38 24.24 ± 0.32 45.66 ± 0.38

Fair-MVC [48] 38.89 ± 0.91 40.75 ± 1.56 81.81 ± 0.57 28.32 ± 0.48 24.19 ± 0.51 37.23 ± 0.42 21.57 ± 0.92 44.79 ± 0.56

Our Method 80.46 ± 0.51 42.52 ± 0.32 99.98 ± 0.02 29.39 ± 0.14 34.84 ± 0.21 39.98 ± 0.11 23.64 ± 0.28 46.01 ± 0.04

(a) Raw features (b) Fairness feature (c) Raw features (d) Fairness feature

Figure 2. In this visualization, we apply the t-SNE algorithm to explore sensitive features in the Bank Marketing and Zafar datasets. For

the Bank Marketing dataset, blue points represent unmarried individuals, while orange points represent married individuals. In the Zafar

dataset, green points correspond to binary 0 values, and yellow points represent binary 1 values. The visualizations on the left show the

original data, and the right visualizations display the clustering results after training.

Table 3. Statistics summary of four datasets.

Dataset Samples Sensitive Feature Clusters

Bank Marketing 5000 Marital status 2

Zafar 10000 Binary value 2

Credit Card 5000 Gender 5

Law School 3600 Gender 2

ing autoencoder and reconstruction loss, followed by 200

epochs of fine-tuning. For the Credit Card and Law School

datasets, we applied Progressive Training, saving model

weights after pre-training and fine-tuning, and retraining

from the checkpoint until performance was optimized.

4.3. Ablation Experimental Analysis
This section evaluates the impact of the semantic contrastive

learning module (Lc) and the fairness learning module (Lf )

on DFMVC-AKAN’s performance, as shown in Table 4.

The full DFMVC-AKAN model achieves the highest NMI

and BAL scores. Removing either module results in sig-

nificant performance drops. Excluding the fairness learning

module decreases BAL, particularly on the “Banking Mar-

ket” dataset (BAL = 41.59), highlighting its importance for

group fairness. Removing the semantic contrastive learning

module negatively affects clustering accuracy, emphasizing

its role in capturing semantic relationships in the data.

4.4. Experimental Analysis

Visualization Analysis: Figure 2 presents t-SNE visual-

izations comparing raw features and fairness-processed fea-

tures. In the Bank dataset, Fig.2a shows raw features where

blue points (unmarried individuals) and orange points (mar-

ried individuals) form distinct clusters with clear separation

between groups, indicating that marital status strongly in-

fluences the feature distribution. After processing through

DFMVC-AKAN (Fig.2b), these points become more inter-

mixed with reduced separation, demonstrating the model’s

ability to diminish the influence of this sensitive attribute

while maintaining overall data structure. Similarly, in

Fig.2c and 2d, the raw features show some separation based

on sensitive attributes, while the fairness-processed features

exhibit more uniform distribution. This visual evidence

confirms that DFMVC-AKAN effectively mitigates the im-

pact of sensitive attributes in the feature representation, pro-

ducing more equitable embeddings where clustering out-

comes are less influenced by protected characteristics.
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Table 4. Ablation study of the primary components in the proposed DFMVC-AKAN model across all datasets. The terms ”Excl. Semantic”

and ”Excl. Fairness” denote model variants without the semantic contrastive learning and cluster distribution-guided fairness learning

modules, respectively.

Model Variants Lr Lc Lf
Banking Market Zafar Credit Card Law School
NMI BAL NMI BAL NMI BAL NMI BAL

Excl. Fairness � � - 76.36 41.59 95.23 28.60 24.69 38.06 21.44 44.29

Excl. Semantic � - � 59.73 42.25 86.66 28.91 19.98 39.75 17.85 45.87

DFMVC-AKAN Full � � � 80.46 42.52 99.98 29.39 34.84 39.98 23.64 46.01

(a) Credit Card NMI (b) Bank Marketing NMI (c) Credit Card Balance (d) Bank Marketing Balance

Figure 3. The NMI and balance values yielded by the DFMVC-AKAN method with different α and β combinations on the datasets.

Hyper-parameter Analysis λ and β: In DFMVC-

AKAN, we analyze how λ (reconstruction loss weight) and

β (fairness loss weight) balance clustering accuracy (NMI)

and fairness (BAL) across two datasets. For Bank Market-

ing, NMI peaks at 81.34% with λ = 0.01, β = 0.1, but sta-

bilizes around 62% when λ > 1, indicating potential over-

fitting. BAL increases with β from 41.59% to 42.40% with-

out significantly affecting NMI. The Credit Card dataset

shows higher sensitivity: NMI reaches 34.16% at λ =
0.01, β = 0.01 but drops to 15.88% at λ = 0.1, β = 0.1,

while BAL improves from 38.64% to 40.24% as β increases

to 100. These findings suggest that dataset-specific tuning

with fine-tuned λ and elevated β effectively optimizes the

fairness-accuracy trade-off.

Convergence Analysis: Figure 4 shows the pre-training

loss and comparison loss curves of the DFMVC-AKAN

method on different datasets, reflecting the convergence

performance of the model. The pre-training loss curves

show that the model loss decreases and stabilizes with the

training cycle on all datasets, indicating that the model is

able to learn the low-dimensional representation of the data

effectively. Similarly, the comparison loss curve gradu-

ally decreases during the training process, indicating that

the model shows good convergence properties with in-

creased consistency of feature representations across differ-

ent views. These results validate the stability and effective-

ness of the DFMVC-AKAN model in multi-view clustering

tasks, which is able to achieve fast and stable convergence

in the pre-training and contrast learning stages.

(a) The pre-training loss curve (b) The contrastive loss curve

Figure 4. Convergence results achieved through the DFMVC-

AKAN method across all the datasets

5. Conclusions

In conclusion, our proposed fair multi-view clustering

method utilizing the Kolmogorov-Arnold network (KAN)

attention mechanism effectively addresses the limitations

of existing approaches that enforce uniform distribution

of sensitive attributes within clusters. By leveraging con-

trastive learning, we achieve consistent and differentiated

representations across multiple views, allowing for a more

nuanced understanding of the data. The incorporation of a

fair loss function ensures that the distribution of sensitive

attributes aligns with the target clustering distribution, thus

enhancing both fairness and overall clustering performance.

Our experimental results across four datasets demonstrate

the significant improvements achieved by our method, es-

tablishing it as a robust solution for fair multi-view cluster-

ing in sensitive contexts.
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regularized multi-view spectral clustering. In Advances in
Neural Information Processing Systems, pages 1413–1421,

2011. 2

[14] Tai Le Quy, Arjun Roy, Vasileios Iosifidis, Wenbin Zhang,

and Eirini Ntoutsi. A survey on datasets for fairness-aware

machine learning. Wiley Interdisciplinary Reviews: Data
Mining and Knowledge Discovery, 12(3):e1452, 2022. 6

[15] Peizhao Li, Han Zhao, and Hongfu Liu. Deep fair clustering

for visual learning. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages

9070–9079, 2020. 1, 2

[16] Rongwen Li, Haiyang Hu, Liang Du, Jiarong Chen, Bing-

bing Jiang, and Peng Zhou. One-stage fair multi-view spec-

tral clustering. In ACM Multimedia 2024, 2024. 2

[17] Yunfan Li, Peng Hu, Zitao Liu, Dezhong Peng, Joey Tianyi

Zhou, and Xi Peng. Contrastive clustering. In Proceedings of
the AAAI conference on artificial intelligence, pages 8547–

8555, 2021. 6, 7

[18] Zhilong Li, Qi Wang, Zhiqiang Tao, Qiyu Gao, and Zong-

ming Yang. Deep adversarial multi-view clustering network.

In Proceedings of the International Joint Conference on Ar-
tificial Intelligence, pages 3995–4001, 2019. 1, 2

[19] Yijie Lin, Yuanbiao Gou, Xiaotian Liu, Jinfeng Bai,

Jiancheng Lv, and Xi Peng. Dual contrastive prediction for

incomplete multi-view representation learning. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 45(4):

4447–4461, 2022. 6, 7

[20] Hong Liu and Yun Fu. Consensus guided multi-view cluster-

ing. Proceedings of the ACM on Knowledge Discovery and
Data Mining, pages 933–941, 2018. 1

[21] Zixin Liu, Xin Zhang, and Bin Jiang. Active learning with

fairness-aware clustering for fair classification considering

multiple sensitive attributes. Information Sciences, 2023. 1

[22] Ziming Liu, Yixuan Wang, Sachin Vaidya, Fabian Ruehle,

James Halverson, Marin Soljai, Thomas Y. Hou, and Max

Tegmark. Kan: Kolmogorov-arnold networks. ICLR 2025
Oral, 2024. 4

[23] James MacQueen et al. Some methods for classification

and analysis of multivariate observations. In Proceedings of
the fifth Berkeley symposium on mathematical statistics and
probability, pages 281–297. Oakland, CA, USA, 1967. 6, 7

[24] Chang Tang, Zhenglai Li, Jun Wang, Xinwang Liu, Wei

Zhang, and En Zhu. Unified one-step multi-view spectral

clustering. IEEE Transactions on Knowledge and Data En-
gineering, 35(6):6449–6460, 2022. 1

5069



[25] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszko-

reit, Llion Jones, Aidan N Gomez, Łukasz Kaiser, and Illia

Polosukhin. Attention is all you need. Advances in neural
information processing systems, 30, 2017. 4

[26] Qianqian Wang, Jiafeng Cheng, Quanxue Gao, Guoshuai

Zhao, and Licheng Jiao. Deep multi-view subspace clus-

tering with unified and discriminative learning. IEEE Trans-
actions on Multimedia, 23:3483–3493, 2020. 2

[27] Qianqian Wang, Zhengming Ding, Zhiqiang Tao, Quanxue

Gao, and Yun Fu. Generative partial multi-view clustering

with adaptive fusion and cycle consistency. IEEE Transac-
tions on Image Processing, 30:1771–1783, 2021. 1

[28] Qianqian Wang, Zhiqiang Tao, Quanxue Gao, and Licheng

Jiao. Multi-view subspace clustering via structured multi-

pathway network. IEEE Transactions on Neural Networks
and Learning Systems, 35(5):7244–7250, 2022. 1

[29] Qianqian Wang, Zhiqiang Tao, Wei Xia, Quanxue Gao, Xi-

aochun Cao, and Licheng Jiao. Adversarial multiview clus-

tering networks with adaptive fusion. IEEE transactions on
neural networks and learning systems, 34:7635–7647, 2023.

1

[30] Shiye Wang, Changsheng Li, Yanming Li, Ye Yuan, and

Guoren Wang. Self-supervised information bottleneck for

deep multi-view subspace clustering. IEEE TIP, 32:1555–

1567, 2023. 2

[31] Siwei Wang, Xinwang Liu, Qing Liao, Yi Wen, En Zhu, and

Kunlun He. Scalable multi-view graph clustering with cross-

view corresponding anchor alignment. IEEE Transactions on
Knowledge and Data Engineering, 2025. 1

[32] Yian Wang, Jian Kang, Yinglong Xia, Jiebo Luo, and Hang-

hang Tong. ifig: Individually fair multi-view graph cluster-

ing. In 2022 IEEE International Conference on Big Data
(Big Data), pages 329–338. IEEE, 2022. 2

[33] Jie Wen, Chengliang Liu, Shijie Deng, Yicheng Liu, Lunke

Fei, Ke Yan, and Yong Xu. Deep double incomplete multi-

view multi-label learning with incomplete labels and missing

views. IEEE transactions on neural networks and learning
systems, 2023. 1

[34] Danyang Wu, Xia Dong, Feiping Nie, Rong Wang, and Xue-

long Li. An attention-based framework for multi-view clus-

tering on grassmann manifold. Pattern Recognition, 128:

108610, 2022. 1

[35] Si-Jia Xiang, Heng-Chao Li, Jing-Hua Yang, and Xin-

Ru Feng. Dual auto-weighted multi-view clustering via

autoencoder-like nonnegative matrix factorization. Informa-
tion Sciences, 667:120458, 2024. 1

[36] Junyuan Xie, Ross Girshick, and Ali Farhadi. Unsupervised

deep embedding for clustering analysis. In International
conference on machine learning, pages 478–487. PMLR,

2016. 6, 7

[37] Jie Xu, Yazhou Ren, Guofeng Li, Lili Pan, Ce Zhu, and

Zenglin Xu. Deep embedded multi-view clustering with

collaborative training. Information Sciences, 573:279–290,

2021. 1

[38] Jie Xu, Huayi Tang, Yazhou Ren, Liang Peng, Xiaofeng Zhu,

and Lifang He. Multi-level feature learning for contrastive

multi-view clustering. In Proceedings of the IEEE/CVF con-

ference on computer vision and pattern recognition, pages

16051–16060, 2022. 6, 7

[39] Jie Xu, Chao Li, Liang Peng, Yazhou Ren, Xiaoshuang Shi,

Heng Tao Shen, and Xiaofeng Zhu. Adaptive feature projec-

tion with distribution alignment for deep incomplete multi-

view clustering. IEEE Transactions on Image Processing,

32:1354–1366, 2023. 6, 7

[40] Shaochen Yang, Zhaorun Liao, Runyu Chen, Yuren Lai, and

Wei Xu. Multi-view fair-augmentation contrastive graph

clustering with reliable pseudo-labels. Information Sciences,

674:120739, 2024. 2

[41] Yan Yang and Hao Wang. Multi-view clustering: A survey.

Big data mining and analytics, 1(2):83–107, 2018. 1

[42] Shixin Yao, Guoxian Yu, Jun Wang, Carlotta Domeniconi,

and Xiangliang Zhang. Multi-view multiple clustering. In

Proceedings of the 28th International Joint Conference on
Artificial Intelligence, pages 4121–4127, 2019. 1

[43] Muhammad Bilal Zafar, Isabel Valera, Manuel Gomez Ro-

griguez, and Krishna P Gummadi. Fairness constraints:

Mechanisms for fair classification. In Artificial intelligence
and statistics, pages 962–970. PMLR, 2017. 6

[44] Chaoyang Zhang, Zhengzheng Lou, Qinglei Zhou, and

Shizhe Hu. Multi-view clustering via triplex information

maximization. IEEE Transactions on Image Processing, 32:

4299–4313, 2023. 1

[45] Xianliang Zhang, Xiaotong Zhang, and Shuhui Liu. Multi-

task multi-view clustering for non-negative data. In Proceed-
ings of the International Joint Conference on Artificial Intel-
ligence, pages 4043–4049, 2015. 1

[46] Bowen Zhao, Qianqian Wang, Zhiqiang Tao, Wei Feng, and

Quanxue Gao. Dfmvc: Deep fair multi-view clustering. In

ACM Multimedia 2024, 2024. 2, 6, 7

[47] Handong Zhao, Zhengming Ding, and Yun Fu. Multi-view

clustering via deep matrix factorization. In Proceedings of
the AAAI conference on artificial intelligence, 2017. 2

[48] Lecheng Zheng, Yada Zhu, and Jingrui He. Fairness-aware

multi-view clustering. In Proceedings of the 2023 SIAM In-
ternational Conference on Data Mining (SDM), pages 856–

864. SIAM, 2023. 2, 6, 7

[49] Zhuoping Zhou, Davoud Ataee Tarzanagh, Bojian Hou, Bon-

ing Tong, Jia Xu, Yanbo Feng, Qi Long, and Li Shen. Fair

canonical correlation analysis. Advances in Neural Informa-
tion Processing Systems, 36, 2024. 1

[50] Pengfei Zhu, Binyuan Hui, Changqing Zhang, Dawei Du,

Longyin Wen, and Qinghua Hu. Multi-view deep subspace

clustering networks. CoRR, abs/1908.01978, 2019. 6, 7

5070



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


