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Abstract

Multi-view clustering (MVC) methods have garnered con-
siderable attention within centralized data frameworks. How-
ever, real-world multi-view data are often collected and stored
by different organizations, complicating the practical deploy-
ment of MVC and motivating the emergence of federated
multi-view clustering (FMVC). Existing FMVC approaches
typically necessitate post-processing to derive clustering la-
bels and confront challenges in effectively exploring the com-
plementary and consistent information across multi-view data
residing in different entities. To address these limitations, we
propose a novel framework termed Scalable Federated One-
Step Multi-View Clustering with Tensorized Regularization
(SFOMVC-TR). This framework facilitates one-step cluster-
ing at each client and employs tensor learning to capture
consistent and complementary information through a central-
ized server. Additionally, it adopts anchor graphs to enhance
clustering efficiency and scalability in high-dimensional data.
By incorporating a Lp,q sparse regularization on the projec-
tion matrix, SFOMVC-TR enables the direct projection of
anchors into clustering assignments to mitigate redundancy.
A federated optimization framework is developed to support
collaborative and privacy-preserving training under the co-
ordination of the server. Extensive experiments on multiple
datasets validate the privacy and effectiveness of our method.

Introduction
Multi-view data offers a comprehensive description by pro-
viding insights from various perspectives. For instance, mul-
tiple cameras capturing the same scene from different an-
gles can generate diverse viewpoints, thereby enhancing the
overall monitoring and analysis of events. Considering the
substantial costs of complex multi-view data label acquisi-
tion, multi-view clustering (MVC) has emerged as a popu-
lar approach for multi-view data processing. Current MVC
methods can be categorized into traditional MVC and deep
MVC approaches (Xu et al. 2021; Liu et al. 2023), both
of which have demonstrated impressive performance. No-
tably, traditional MVC methods, including multi-view sub-
space clustering (Cai et al. 2023), multi-view graph clus-
tering (Yu et al. 2024), multi-kernel learning (Tzortzis and
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Likas 2012), and non-negative matrix factorization (NMF)
based techniques (Liu et al. 2013), still receives consider-
able attention due to their simplicity and interoperability.

In real-world applications, multi-view data may origi-
nate from various entities that prefer data confidentiality
due to privacy concerns (Chen et al. 2023). This data iso-
lation and privacy requirement present challenges for col-
laborative training of MVC models in distributed environ-
ments. Federated learning, encompassing horizontal feder-
ated learning (Hammoud et al. 2022) and vertical federated
learning (Liu et al. 2024), becomes an effective solution as
a distributed learning paradigm. However, neither approach
is directly applicable to multi-view data, because they gener-
ally neglect the requirement in MVC to utilize the consistent
and complementary information of multiple views. In par-
ticular, vertical federated learning methods (Zhu et al. 2023;
Huang et al. 2022a) tend to focus more on dataset construc-
tion and communication efficiency, while giving insufficient
attention to the extraction of complementary features.

The potential of federated learning in distributed environ-
ments has inspired the development of federated multi-view
clustering (FMVC)(Huang et al. 2022b). In contrast to tra-
ditional federated learning, FMVC places greater empha-
sis on the extraction and fusion of consistent and comple-
mentary features. Huang et al.(2022b) introduced an effi-
cient FMVC framework based on non-negative matrix fac-
torization (NMF), which directly applies NMF to raw data
and hence may encounter efficiency issues when process-
ing high-dimensional data; Hu et al.(2023) proposed a fed-
erated multi-view fuzzy K-means method; Feng et al. devel-
oped a centerless NMF-based FMVC approach(Feng et al.
2024b). Nonetheless, these methods typically conduct fea-
ture extraction and clustering as separate processes and ne-
cessitate post-processing techniques like K-means to obtain
clustering labels. This separation may produce redundancy
in features and negatively impact clustering performance.

To address these limitations, we propose a novel frame-
work termed Scalable Federated One-Step Multi-View
Clustering with Tensor Regularization (SFOMVC-TR). Our
method leverages anchor graphs instead of raw data for fed-
erated multi-view clustering (FMVC), significantly reducing
computational complexity and enhancing model scalability.
SFOMVC-TR enables each client to perform one-step clus-
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tering on local data through Lp,q sparse regularization, facil-
itating a direct projection from the anchor graph to clustering
results. Besides, the server minimizes inconsistency among
the clustering assignment matrices of each client by em-
ploying tensor learning. Additionally, we develop a privacy-
preserving federated optimization framework to support col-
laborative training of the FMVC model. Our main contribu-
tions can be summarized as follows:
• We present SFOMVC-TR, a novel FMVC method, that

utilizes anchor graphs for improved scalability. Besides,
we introduce Lp,q regularization to remove feature re-
dundancy and realize one-step clustering.

• We develop a federated optimization framework with
adaptive weights, in which the server employs a tensor-
based approach to fuse the clustering results of different
clients to guide the local learning process of clients.

• We conduct a security analysis and extensive experi-
ments on multiple datasets to demonstrate the security
and availability of our method.

Related Work
Multi-View Clustering
Multi-view clustering (MVC) demonstrates impressive per-
formance due to its ability to describe objects from vari-
ous perspectives. Current MVC approaches include tradi-
tional methods (Li et al. 2015) and deep learning meth-
ods (Wang et al. 2023; He et al. 2023). Among them, tra-
ditional methods exhibit potential applications due to their
efficiency. Recently, anchor graph-based methods have gar-
nered significant attention for their ability to substantially re-
duce computational complexity (Fang et al. 2023; Yang et al.
2022). For example, MVSC (Li et al. 2015) incorporated
anchor graphs into multi-view spectral clustering; Kang et
al. (2021) developed an anchor-based subspace clustering
model that ensures connected components directly reflect
clusters by imposing connectivity constraints. Additionally,
Wang et al. (2021) combined anchor selection with graph
construction, enabling mutual enhancement between anchor
selection and subsequent clustering for improved perfor-
mance. However, these methods are designed for centralized
data settings and cannot be directly applied in federated sce-
narios due to data isolation and security issues.

Federated Multi-View Clustering
Federated learning is a distributed machine learning
paradigm that facilitates the collaborative training of a uni-
fied model. In particular, vertical federated learning (VFL)
is well-suited for the Federated Multi-View Clustering
(FMVC) scenario, where multi-view data is maintained by
different entities. So far, VFL has been extensively stud-
ied. For instance, Huang et al.(2022a) proposed a vertical
K-means method incorporating coreset techniques to en-
hance efficiency; Zhu et al.(2023) introduced a fuzzy clus-
tering method designed for vertically partitioned datasets.
Although these vertical federated clustering methods can be
readily adapted for MVC applications, they often fail to cap-
ture the complementary and consistent information neces-
sary for achieving satisfactory performance on multi-view

data. To address this challenge, several FMVC methods have
been proposed. For example, Chen et al.(2023) developed a
deep FMVC method that employs global self-supervision.
Despite its effectiveness, the deep model introduces addi-
tional communication and computational overhead. In con-
trast, Huang et al.(2022b) constructed a FMVC method uti-
lizing NMF and K-means, achieving improved efficiency.
Inspired by this work, several FMVC methods have been
developed (Feng et al. 2024a). However, these approaches
either necessitate post-processing of the learned features or
struggle to retain the complementary multi-view informa-
tion effectively, resulting in suboptimal performance.

Proposed Method
Problem Statement
Problem Definition: Our work considers a typical FMVC
scenario as introduced, where there is a server S and M
clients {Cm}(1 ≤ m ≤ M), with multi-view data X =
{X1,X2, ...,XM} distributed across these clients. Specifi-
cally, the m-th view data Xm ∈ RN×dm is held by Cm,
where N is the sample number and dm is the feature dimen-
sion of the m-th view. The server S is responsible for assist-
ing Cm to produce a global clustering result. Our method
aims to learn a global cluster assignment from the local
multi-view data without compromising privacy.
Security Model and Design Goals: FMVC aims to enable
all clients to cooperatively train an MVC model without
leaking any personal information. In this work, we assume
all the clients and the server are semi-honest, which means
that they are curious about the privacy of others but will be-
have honestly following the predefined protocol. However,
they may exploit the data information of others with the in-
formation they obtained. Our underlying model adopts an
anchor-based method and thus avoids exchanging raw data.
However, we consider that the anchor graph is highly related
to data features and might be used to infer data information,
which should not be obtained by others. Therefore, we have
the following goals:
• Security Goal: Neither of the server and clients could

obtain the raw data or anchor graph of others.
• Availability Goal: The clustering performance of our

FMVC model should be comparable to the centralized
MVC models.

Objectives of SOFMVC-TR
SFOMVC-TR is composed of Initialization, Local Training,
Global Training, and Aggregation. The Initialization pro-
cess initializes the necessary parameters, during which all
the clients Cm select a consistent group of anchors with the
assistance of S and generate each local anchor graph; Lo-
cal Training and Global Training respectively train the local
models {fm(·)}(1 ≤ m ≤ M) by Cm and a global model
fg(·) for consistency insurance. Aggregation is used to pro-
duce the final clustering result. In what follows, we intro-
duce the local and global objectives in detail.

Objective for Local Training: For each client Cm, it
trains a local clustering model Fm ← f (m)(F̂m,Gm) on
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their local anchor graph Gm ∈ RN×Ω, where Fm represents
the learned local clustering matrix, F̂m represents guidance
information from S for Cm . We employ a local projection
matrix Pm ∈ RΩ×K to directly project Gm into the clus-
tering result, so as to eliminate the redundancy and directly
learn the optimal clustering structure. In our work, we fol-
low the methods in (Hu et al. 2017; Zhang, Wei, and Liu
2022) and introduce Lp,q regularization, and with F̂m as the
guidance, we have the following local objective:

min
Gm,Pm

∥GmPm − Fm∥2F + β∥Pm∥qp,q

s.t. FT
mFm = I, Fm ≥ 0 Fm = fm

g ({Fm})
(1)

where Fm is cluster assignment matrix; F̂m ← fm
g ({Fm})

refers to the m-th component of the global model to generate
F̂m as guidance to instruct Cm, which will be introduced
in the following part; ∥ · ∥qp,q refers to Lp,q-regularization,
which is defined as follows:

∥P∥qp,q = (
∑
i

∥Pi∥qp)
1
q = (

∑
i

(
∑
j

|Pij |p)
q
p )

1
q (2)

Tensor-Based Consistency Objective for Global Train-
ing: With the local clustering results {Fm}(1 ≤ m ≤M)

output by local models {f (m)(F̂m,Gm)}, the server S trains
a global fusion model F̂ ← fg({Fm}) via tensor learning.
Specifically, S first constructs a tensor F by stacking all the
Fm (as depicted in Figure 1). To enable the optimization of
the multi-view clustering result, we introduce an extra auxil-
iary variable F̂ to bridge the gap between the client and the
server. By enforcing the optimized F̂ to be similar to F and
minimizing its tensor Schatten-p norm, it ensures the con-
sistency of clustering results. Following this line, the global
objective to be optimized is as follows:

min
F̂
∥F̂∥pSp

s.t. F̂m = f (m)(F̂m,Gm)(1 ≤ m ≤M) (3)

where ∥·∥pSp represents the tensor Schatten-p regularization.
Then, fm

g (·) returns F̂mthe guidance for Cm by taking the
m-th frontal slice of F̂ .

Federated Optimization
The optimization of local objectives and the global objective
requires the interaction between S and Cm. When adopting
the Alternative Iteration Method for optimization, the col-
laborative optimization of the local and global objectives is
equivalent to optimizing the following objective:

min
Pm,Fm

M∑
m=1

αv
m

(
∥GmPm − Fm∥2F + β∥Pm∥qp,q

)
+ γ∥F̂∥pSp

s.t. FT
mFm = I, Fm ≥ 0 Fm = F̂m

(4)

where γ is a hyper-parameter to balance the influence of the
global training. To further balance the contribution of each
client and the influence of the server, we assign a weight αm

to Cm and a fusion weight γ to the server. αm is the weight to
balance the contribution of each client, which is set as αm =√

sm∑M
m=1

√
sm

; v is used to adjust the influence of αm, which
is set as −1 in our work, indicating that a larger loss leads
to smaller contribution; sm is set as local loss, i.e., sm =
∥GmPm−Fm∥2F + β∥Pm∥qp,q . In our federated framework,
the influence of S and Cm on each other is achieved with
the constraint F̂m = f (m)(F̂m,Gm) and Fm = fm

g ({Fm}),
which enforces the local cluster result to be similar to be the
global fused result. We should note that the final aggregation
will not be performed until the model converges, because the
adopted tensor Schatten-p regularization helps to enforce the
consistency of each client’s Fm and meanwhile well exploits
complementary information, thus providing more flexibility.

For another, since multi-view data is distributed across
multiple clients, and for the sake of privacy, sensitive data
could not be shared, which brings a great challenge for op-
timization. Since anchor graph Gm can also reflect certain
data information, we consider Gm to be improper to be
transmitted to the server or other clients directly. However,
the clustering assignment matrix Fm, based on local data,
does not cause data leakage and can be transmitted between
the server and the clients. Based on these analyses, we illus-
trate our federated optimization framework as follows.

System Initialization: In this process, the server and all
the clients negotiate the consistent public parameters and co-
operatively determine the anchors. Our work adopts a basic
anchor selection strategy as illustrated in (Li et al. 2020),
whose federated implementation can be illustrated as fol-
lows. First, each client computes local feature scores by
scm =

∑dm

j=1

(
Xm(:,j) − xm,j1N

)
∈ RN×1 and sends them

to the server, where xm,j = mini Xm(i,j). The server aggre-
gates all the local scores via sc =

∑M
m=1 scm and selects an-

chor indices Ind. Since the score aggregation only contains
addition operation, partial homomorphic encryption (PHE)
can be utilized to prevent S from learning the original lo-
cal score scm for better privacy. Then, it broadcasts the Ind
to all clients, which computes their local anchor graphs Gm

based on the received indices. Notice that it happens only
once and PHE is relatively efficient, thus introducing lim-
ited communication or computational overhead.

Local Training: Each client Cm respectively optimizes
the local objective in Eq. (1) with the assigned weight αm

via the Augmented Lagrange Multiplier (ALM) method. In-
troducing the auxiliary variables Hm, and Qm, we rewrite
the local objective as:

min
1

αm
{∥GmPm − Fm∥2F + β∥Qm∥qp,q}

+
ρ1
2
∥Fm −Hm +

Mm

ρ1
∥2F

+
ρ2
2
∥Pm −Qm +

Ym

ρ2
∥2F

+
ρ3
2
∥Fm − F̂m +

Wm

ρ3
∥2F

s.t. FT
mFm = I, Hm ≥ 0

(5)
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Step 1. Update Pm:

min
Pm

1

αm
∥GmPm − Fm∥2F +

ρ2
2
∥Pm −Qm +

Ym

ρ2
∥2F

s.t. FT
mFm = I

(6)

By setting its partial derivative to zero, the optimal value
of Pm is given by:

Pm =

(
2

αm
GT

mGm + ρ2I
)−1

(
2

αm
GT

mFm + ρ2

(
Qm −

Ym

ρ2

)) (7)

Step 2. Update Qm: we focus on the term related to Qm:

min
Qm

β

αm
∥Qm∥qp,q +

ρ2
2
∥Pm −Qm +

Ym

ρ2
∥2F (8)

Proposition 1. (Hu et al. 2017), the optimization of Eq.(8)
is equivalent to solving the following M sub-problems:

min
Qm,i

β

αm
∥Qm,i∥qp +

ρ2
2
∥Pm,i −Qm,i +

Ym,i

ρ2
∥2F (9)

According to (Hu et al. 2017), Eq. (9) does not have an
analytical solution on all the conditions, and current works
provide its analytical solution q = 0, 1

2 ,
2
3 , 1, and p = 2. For

other general cases, it can be optimized via Newton method
(Hu et al. 2017).

Step 3. Update Hm:

min
Hm

ρ1
2
∥Fm −Hm +

Mm

ρ1
∥2F s.t. Hm ≥ 0 (10)

Setting Eq.(10) to zero under the constraint of Hm, we
obtain:

Hm = max

(
Fm +

Mm

ρ1
, 0

)
(11)

Step 4. Update Fm: The objective function can be written
as follows:

min
Fm

1

αm
∥GmPm − Fm∥2F +

ρ1
2
∥Fm − Hm +

Mm

ρ1
∥2F

+
ρ3
2
∥Fm − F̂m +

Wm

ρ3
∥2F

⇔

max
Fm

Tr(FT
m(

2

αm
GmPm + ρ1(Hm −

Mm

ρ1
)+

ρ3(F̂m −
Wm

ρ3
)))

s.t. FT
mFm = I

(12)
The optimal solution of Fm can be obtained by F∗

m =

UmV⊤
m, where Um and Vm are the left and right singu-

lar matrices of 2
αm

GmPm+ρ1(Hm− Mm

ρ1
)+ρ3(F̂m− Wm

ρ3
).

Algorithm 1: SFOMVC-TR
Input: The data X = {X1,X2, ...,XM} in M local clients;
the number of cluster K;
Output: Global cluster result F

1: ▷ System Initialization
2: Each client Cm initializes Fm with one-hot vector,

Ym = Mm = Wm = 0, and αm = 1
M ; S sets J = 0

3: Clients select a consistent anchor set with the assistance
of the server and produce local anchor graph Gm

4: while not converged do
5: for m = 1 to M do
6: ▷ Local Training on m-th client Cm
7: Compute weight αm with sm and s
8: Update Pm, Qm, and Hm

9: Update Fm

10: Update
√
sm

11: Send Fm and
√
sm to S

12: end for
13: ▷ Global Training on the Server S
14: Stack all Fm to construct tensor F
15: Update F̂ with F according to Eq.(14)
16: Compute s =

∑M
m=1

√
sm

17: Send s and F̂m to Cm
18: end while
19: ▷ Aggregation on the Server S
20: S aggregates Fm into F with

[∑M
m=1

Fm

αm

]
21: return F

Global Training: The only variable to be updated by S is
F̂ . By performing ALM, the global objective function w.r.t
F̂ becomes:

min
F̂

γ∥F̂∥pSp +
ρ4
2
∥F − F̂ +

J
ρ4
∥2F (13)

Accordingly, the solution is

F̂
∗
= ifft

(
U ∗D γ

ρ4
,p(P) ∗ VT

)
(14)

where P = F + J
ρ4

, and U and V are acquired via t-SVD
of P , i.e., P = U ∗ S ∗ VT .

Workflow
Joint training of these variables requires several rounds of
communication between the clients and the server to val-
idate both the local and global training. To better present
the procedures of our federated framework, we depict the
system workflow in Figure 1 and describe it as follows. As
shown in Figure 1, all the clients Cm and S initialize the pa-
rameters with the predefined values, and then, S assists the
clients to generate a consistent anchor point index Ind and a
local anchor graph Gm for Cm.

After that, the client starts the local training and gener-
ates Fm, which will be sent to S for global training. Since
the computation of αm requires the information from others,
after local training, Cm also computes and transmits

√
sm.

With the collected Fm and
√
sm, S performs global training
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Figure 1: Workflow of SFOMVC-TR

to learn F̂ and computes s =
∑M

m=1

√
sm. Subsequently,

it divides F̂ into M components F̂m, and sends F̂m and s
to Cm. The local training and global training are iteratively
conducted until the model converges.

Finally, S aggregates all the Fm into F =
∑M

m=1
Fm

αm
.

Alg.(1) summarizes the workflow.

Privacy Analysis and Performance Evaluation
Privacy Analysis
As mentioned, our primary privacy goal is to avoid data in-
formation leakage by protecting raw data Xm as well as an-
chor graph Gm. During the federated optimization, we could
observe that the parameters to be shared with S by Cm are
scm in the Initialization, local clustering assignment matrix
Fm, and sm. Among them scm =

∑
j

(
Xm(:,j) − xm,j1N

)
,

which contains quite limited information of Xm. For the
privacy-sensitive applications, this process can be further
preserved via PHE, as described in Initialization, which en-
sures S can only obtain

∑M
m=1 scm, without revealing the

plain scm. Therefore, the disclosure of smm will not intro-
duce privacy risk. For Fm and sm, they are the clustering
assignment and the local loss, which indicates less private
information and will not harm the data privacy. To summa-
rize, we consider that the federated optimization framework
well protects the security of raw data.

Performance Evaluation
Experimental Settings: We validated our method on
eight multi-view datasets and compared it with existing
methods to evaluate its availability. Our experiments include
a server and multiple clients, each holding a view of the data.
Since the objective with Lp,q regularization does not provide
a unified-from solution for all the cases, our implementation
fixes p of Lp,q as 2, since in this case there exists an analyt-
ical solution for 0 < q ≤ 1
Datasets: We evaluate our method on eight public multi-
view datasets: (1)ORL (Samaria and Harter 1994); (2)Yale;

(3)BBCSport (Greene and Cunningham 2006); (4)3-
sources; (5)WebKB (Blum and Mitchell 1998); (6) Uci-
Digit; (7)NGs (Hussain, Bisson, and Grimal 2010); (8)
Reuters (Apté, Damerau, and Weiss 1994).
Compared Methods: We compared our methods with ten
clustering methods: (1) FastMICE (Huang, Wang, and
Lai 2023); (2) MvLRSSC (Brbić and Kopriva 2018); (3)
RMSL (Li et al. 2019); (4) GMC (Wang, Yang, and
Liu 2019); (5) FPMVS-CAG (Wang et al. 2021); (6)
VKMC (Huang et al. 2022a); (7) FCVFL (Zhu et al. 2023);
(8) FedMVL (Huang et al. 2022b) (9) FMVC-IMK (Feng
et al. 2024a); (10) TensorFMVC (Feng et al. 2024b), where
(1)-(5) are centralized multi-view methods, (6)-(7) are ver-
tical federated learning methods, and (8)-(10) are federated
MVC methods.
Metrics: We use three metrics, i.e., Accuracy (ACC), Nor-
malized Mutual Information (NMI), and Purity (PUR).

Experimental Results and Analyses

Clustering Performance: Table 1 and Table 2 present
the clustering performance of SFOMVC-TR and the com-
parison methods, from which we have the following ob-
servations. Our method outperforms the other three FMVC
methods, probably because SFOMVC-TR performs feature
selection on the anchor graph to extract effective anchor
points and employs tensor-based regularization to explore
the complementary information between different views.
Even when compared with centralized MVC methods, our
method demonstrates comparable performance. Compared
to vertical federated clustering, our method is superior and
more stable, as it fully utilizes the complementary informa-
tion from different view embeddings. Notably, on the ORL
dataset, SFOMVC-TR achieved 100% in ACC, NMI, and
PUR. On the large Reuters dataset, despite many algorithms
failing due to memory constraints, our algorithm achieved
72.79% ACC, 64.51% NMI, and 77.22% PUR, indicating
its superiority to other methods. This demonstrates the ef-
fectiveness and superiority of SFOMVC-TR.
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Datasets ORL BBCSport 3-sources Yale
Metrics ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR
FastMICE 76.25 92.17 81.50 41.91 14.14 45.96 44.38 36.70 55.62 65.46 66.98 66.06
MvLRSSC 86.00 94.48 89.75 76.63 72.36 76.63 80.36 76.78 81.89 58.79 39.20 66.09
RMSL 83.00 93.16 87.75 76.63 72.36 76.63 31.95 14.46 41.42 78.78 78.23 79.38
GMC 21.21 27.51 24.24 80.70 76.00 79.43 69.23 62.16 74.56 54.55 62.44 54.55
FPMVS-CAG 57.75 79.20 61.75 42.10 15.09 51.84 27.82 8.12 38.46 50.31 59.32 51.52
VKMC 31.75 24.63 30.39 38.79 11.42 41.18 54.44 27.56 56.21 53.33 60.78 53.94
FCVFL 71.50 82.86 75.75 47.98 24.06 48.90 65.09 40.08 66.27 36.36 37.30 37.58
FedMVL 51.75 66.84 55.00 78.12 61.84 78.12 70.41 53.53 70.41 49.70 54.12 50.91
FMVC-IMK 93.25 89.66 93.05 90.26 74.95 90.26 78.70 70.50 84.62 78.79 77.90 79.39
TensorFMVC 99.75 99.77 99.75 86.94 68.71 86.94 72.19 66.18 81.07 79.39 78.48 79.39
SFOMVC-TR 100.00 100.00 100.00 93.38 84.98 93.38 84.02 76.20 87.57 98.18 97.73 96.18

Table 1: Clustering performance comparison in terms of ACC(%), NMI(%), and PUR(%) on ORL, BBCSport, 3-sources, and
Yale datasets.

Datasets NGs WebKB Uci-digit Reuters
Metrics ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR
FastMICE 38.40 26.63 48.00 95.62 66.40 95.63 84.05 85.95 86.25 47.05 33.49 60.97
MvLRSSC 90.26 88.82 91.72 92.58 58.19 92.58 80.36 76.78 81.89 56.58 37.15 56.98
RMSL 96.00 86.11 94.60 60.42 1.93 78.12 51.90 52.05 55.95 OM OM OM
GMC 97.80 92.93 97.80 84.02 25.78 84.02 83.90 87.41 86.35 OM OM OM
FPMVS-CAG 73.80 59.23 73.80 94.96 69.91 94.96 75.30 75.87 75.35 52.64 32.37 60.32
VKMC 24.00 5.88 24.40 78.02 6.15 78.12 77.80 75.12 80.05 OM OM OM
FCVFL 43.60 21.34 44.20 95.91 69.68 95.81 42.40 44.63 45.90 OM OM OM
FedMVL 76.60 56.65 76.60 78.12 61.84 78.12 42.50 33.26 44.05 OM OM OM
FMVC-IMK 93.20 81.95 93.20 93.72 78.17 97.43 51.80 40.26 52.15 OM OM OM
TensorFMVC 80.40 69.40 80.40 72.03 26.48 78.21 95.50 92.72 92.04 34.94 17.84 43.29
SFOMVC-TR 99.00 97.10 99.00 99.14 91.20 99.14 99.90 99.73 99.90 72.79 64.51 77.22

Table 2: Clustering performance comparison in terms of ACC(%), NMI(%), and PUR(%) on NGs, WebKB, Uci-digit, and
Reuters datasets.

Figure 2: The convergence curves of SFOMVC-TR on BBC-
Sport and Yale datasets

Convergence Analysis: Figure 2 presents the conver-
gence curves of ACC and the differences between the origi-
nal variables and the auxiliary variables ∥F − F̂∥∞ on the
BBCSport and Yale datasets. The results indicate that both
ACC and the objective loss converge within a limited num-
ber of iterations. The fluctuations observed during the pro-
cess are due to the global clustering assignments in each iter-

Figure 3: ACC w.r.t. β and γ on 3-sources, WebKB

ation, which are obtained by aggregating all local clustering
assignments within each cluster.

Parameter Analysis: Our objective function involves two
penalty parameters, i.e., β and γ. Figure 3 illustrates the
ACC with regard to (w.r.t) β and γ on two datasets. From
this, we can observe that: (1) The appropriate β helps to
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Figure 4: ACC w.r.t. r, p and q on 3-sources, WebKB, and ORL

Dataset NGs Yale 3-sources BBCSport
Metric ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR
TS-SFOMVC-TR 30.40 6.72 31.00 43.03 45.23 44.24 55.02 26.13 56.80 44.85 11.63 46.69
w.o. S-C & T-R 29.80 4.50 29.80 44.84 49.90 48.48 44.37 23.81 50.29 37.31 5.40 40.07
w.o. S-C 94.60 87.09 94.60 88.48 87.71 88.48 72.78 61.58 73.37 90.07 77.41 90.07
w.o. T-R 36.80 7.52 36.80 56.36 55.33 56.97 60.95 36.27 63.91 45.58 11.12 47.24
SFOMVC-TR 99.00 97.10 99.00 98.18 97.73 96.18 84.02 76.20 87.57 93.38 84.98 93.38

Table 3: Clustering results of the ablation experiments

remove redundant information from the anchor graph, im-
proving clustering performance; (2)A smaller γ reduces ac-
curacy because it hinders learning consistent cluster assign-
ments, but a larger γ also reduces accuracy as it overlooks
the heterogeneity of local data.

We also test the performance w.r.t. the three hyperparam-
eters: anchor rate r, parameter p of the Schatten p-norm,
and q of the Lp,q-norm. The results are depicted in Figure
4, from which we have the following observations: (1) Set-
ting the anchor rate as 1 does not always result in optimal
performance, indicating that the model does not necessarily
perform best when using all available data. This is probably
because a large anchor rate may introduce redundant and ir-
relevant information, which can be removed with the anchor
selection method. (2) When p ranges from 0 to 1, an ap-
propriate Schatten p-norm helps improve clustering perfor-
mance as it better captures the latent spatial distribution and
complementary information of data across different clients.
(3) When q ranges from 0 to 1, the smaller the value of q
is, the more it encourages the row sparsity of the projection
matrix. Therefore, an appropriate value of q can effectively
remove the redundant connections and noise in the anchor
graph and enhance the robustness of the method.

Ablation Experiments: We conduct ablation studies and
summarize the results in Table 3. We evaluate the per-
formance of SFOMVC-TR in four cases: (1) two-step
SFOMVC-TR (TS-SFOMVC-TR): Each client performs
SVD on its predefined anchor graph to extract right singular
vectors, then applies K-means clustering on these vectors.
The clustering assignment matrices are sent to the server,
which averages them to obtain global clustering results. (2)
One-step SFOMVC-TR without sparse constraints and ten-
sor regularizer (w.o. S-C&T-R); (3) One-step SFOMVC-
TR without sparse constraints (w.o. S-C); (4) One-step

SFOMVC-TR without tensor regularizer (w.o. T-R); and (5)
the complete SFOMVC-TR (SFOMVC-TR).

From Table 3, SFOMVC-TR w.o. S-C outperforms w.o.
S-C & T-R in terms of ACC, NMI, and PUR by 64.80%,
82.59%, and 64.80% on NGs dataset, respectively, indicat-
ing that tensor regularization effectively captures consistent
information across different views. Additionally, on the 3-
sources dataset, the ACC, NMI, and PUR of SFOMVC-
TR w.o. T-R increases by 16.58%, 12.46%, and 13.62%
compared to SFOMVC-TR w.o. S-C & T-R, which demon-
strates that the sparse constraint on the projection helps to
remove redundant information and enhances clustering per-
formance. Compared to TS-SFOMVC-TR, SFOMVC-TR
demonstrates that our method achieves clustering results in
one step without requiring complex post-processing, signif-
icantly improving performance across various datasets. The
ablation experiment illustrates the contribution and the ne-
cessity of each component of SFOMVC-TR.

Conclustion
In this paper, we developed a novel FMVC method based
on anchor graph projection and tensor learning, termed
SFOMVC-TR, which improves model scalability by lever-
aging anchor graphs constructed from the raw data for
FMVC tasks. Its main idea is to perform one-step cluster-
ing on each client via a Lp,q sparse regularization under the
guidance of the server, and the server enforces the clustering
results of each client to be consistent with tensor learning.
The developed federated optimization framework avoids the
exchange of sensitive information, including both the raw
data and the anchor graphs, and eventually produces a global
and unified clustering result. Security analysis and perfor-
mance evaluation indicate the security and effectiveness of
the proposed FMVC method.
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