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Abstract

Federated Multi- View Clustering has gained increasing atten-
tion for its ability to discover complementary clustering struc-
tures of distributed multi-view data while preserving data
privacy. However, real-world clients often only have access
to partial views, and the view incompleteness poses great
challenges to federated multi-view feature fusion to exploit
consistent and complementary information. Moreover, effi-
ciency is highly expected in federated scenarios due to the
limited resources of each client. To alleviate these issues, we
propose Federated Incomplete Multi-View Clustering with
Tensorized Low-Rank Constraint (FIMVC-TLRC), which
incorporates anchors to improve efficiency and is able to ad-
dress prevalent view incompleteness issue in federated sce-
narios. FIMVC-TLRC aligns the local anchor graphs and em-
ploys a tensorized low-rank constraint based on the tensor
Schatten p-norm to enforce the consistency of the data rep-
resentations learned by each client. Besides, a federated opti-
mization framework is developed to jointly optimize the con-
struction and alignment of anchor graphs, thus enabling col-
laborative and privacy-preserving training. Experimental re-
sults on multiple datasets demonstrate its effectiveness.

Introduction

Multi-view clustering (MVC) has emerged as an effective
unsupervised method for handling multi-view data since it
fully exploits the complementary and consistent informa-
tion between views (Fang et al. 2023; Liu et al. 2024). Ex-
isting MVC methods can be broadly classified into deep
MVC (Cui et al. 2024; Wen et al. 2023) and heuristic
MVC (Wan et al. 2023), and both of them achieve impres-
sive performance in clustering. Compared with deep MVC
methods, heuristic methods achieve advantages in interop-
erability and hence still receive increasing attention. Despite
the numerous heuristic MVC approaches developed, most of
them assume that the multi-view data is located in a single
party, ignoring the real-world multi-view data is likely to be
collected and maintained by different entities. In this case,
the data holders may not be willing to share data with others
for privacy concerns, and thus the data isolation leads to a
great challenge in the deployment of MVC algorithms.

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

21083

Federated learning (Li et al. 2020; Zhang et al. 2021;
Meng et al. 2024), which allows different entities to col-
laboratively train a global model without privacy leakage,
has emerged as a possible solution to the above challenge.
In particular, vertical federated learning (VFL) (Huang et al.
2022a) focuses on the scenario where different clients share
the same sample space but different feature spaces, which
is well-suited for distributed multi-view data processing by
considering each view to be a subset of features. However,
MVC requires the exploitation of consistent and comple-
mentary information embedded in different views, which is
rarely explored by existing VFL works. As a result, VFL
generally cannot obtain satisfactory performance on multi-
view data.

To address this issue, several federated MVC (Fed-
MVC) algorithms have been proposed. For example, Chen
et al. (2023) proposed a self-supervised deep FedMVC
method to learn consistent clustering assignments; Huang
et al. (2022b) developed a non-negative matrix factoriza-
tion (NMF) based FedMVC method. Despite the outstand-
ing performance of these methods, their effectiveness hinges
on the completeness of data across all views, while incom-
plete multi-view data is ubiquitous in practical scenarios due
to issues like sensor failure and transmission noises. Al-
though incomplete multi-view clustering (IMVC) has been
widely studied in centralized settings, only a few works ex-
plore it in federated scenarios. Ren et al. (2024) proposed
a deep Federated IMVC (FedIMVC) method with collabo-
rative missing view imputation and cluster alignment. Nev-
ertheless, heuristic FedIMVC methods still remain underex-
plored, despite their inherent advantages of simplicity and
interpretability.

Currently, heuristic FedIMVC confronts several chal-
lenges. First, heuristic methods might produce high compu-
tational complexity when handling high-dimensional data.
Moreover, in centralized settings, the missing views can be
imputed with the data from other views, while in federated
scenarios, the data isolation and privacy requirements hin-
der the information exchange between different views. As a
result, the features for clustering results learned by different
clients suffer from an inconsistency issue, resulting in unsat-
isfactory clustering performance. How to fuse local cluster-
ing outcomes from different clients into a unified global re-
sult and meanwhile keep data security is an important chal-



lenge to be solved.

To overcome these challenges, we propose a novel heuris-
tic FedIMVC method named Federated Incomplete Multi-
View Clustering with Tensorized Low-Rank Constraint
(FIMVC-TLRC), which incorporates anchor graph for clus-
tering to improve its efficiency and scalability when han-
dling high-dimensional data. To tackle the inconsistency
problem due to local training, FIMVC-TLRC first aligns lo-
cally learned graphs with the global guidance matrix pro-
duced by the server-side model, which incorporates tensor
Schatten p-norm to refine locally learned data representa-
tions from different clients, thereby efficiently exploring the
consistent information between views. Finally, we design
a federated optimization algorithm to optimize the model
without exchanging any raw data. The main contributions
are as follows:

* We propose a novel and efficient FedIMVC method
based on anchor graph, i.e., FIMVC-TLRC, which aligns
the local graphs and introduces a tensor Schatten p-norm
for local multi-view representation refinement to explore
the consistent information in each view.

* We develop a federated optimization framework to sup-
port joint training of the construction and alignment of
anchor graphs as well as clustering model.

* We conduct extensive experiments to demonstrate the ef-
fectiveness and superiority of our method.

Related Work
Federated Multi-view Clustering

Federated learning is a distributed machine learning frame-
work designed to train a unified model by coordinating
the training process on local data across multiple clients
while maintaining data privacy for each client (Qi et al.
2025a,b). It can be broadly classified into Horizontal Fed-
erated Learning (HFL) and Vertical Federated Learning
(VFL). Federated learning has quickly expanded its appli-
cations into the multi-view learning domain. In the con-
text of FedMVC, Chen et al. (2023) developed a feder-
ated deep multi-view clustering method with global self-
supervision. Huang ef al. (2022b) constructed a federated
multi-view clustering method using Non-negative Matrix
Factorization (NMF) and K-means, which effectively re-
duces computational costs. Despite their effectiveness, these
FedMVC methods all assume complete views and are not
suitable for FedIMVC. Recently, Ren et al. (2024) proposed
a FedIMVC method based on deep autoencoders to learn lo-
cal features and perform adaptive imputation globally, which
utilizes deep models and incurs high computational costs,
making it unsuitable for scenarios with stringent efficiency
requirements.

Incomplete Multi-View Clustering

Existing incomplete multi-view clustering (IMVC) methods
can be categorized into four types (Wen et al. 2022): deep
learning-based IMVC (Xu et al. 2022), matrix factorization-
based IMVC (Jia et al. 2021), kernel learning-based
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IMVC (Wu, Feng, and Yuan 2024), and graph learning-
based IMVC (Fu et al. 2024). Deep learning-based methods
leverage neural networks to capture complex patterns and re-
lationships within the data. Among the latter three methods,
graph methods excel at exploring intrinsic geometric struc-
tures and exhibit impressive performance on linearly non-
separable data. However, these methods are all designed for
centralized scenarios, and how to deploy graph-based IMVC
under federated settings efficiently remains underexplored.

Proposed Method
Problem Statement

Problem Definition: In the federated scenario, we con-
sider a system consisting of a central server S and M clients
{C1, -+ ,Cn}, where incomplete multi-view data X =
{Xl, ), CIU XM} is distributed across these clients. The in-
complete local data held by C,, is denoted as X" € R%m*",
where d,,, denotes the feature dimension of the m-th client
and n denotes the sample number, but only 7n,,, samples are
available. Our proposed method leverages local computa-
tions at each client and coordinates these with the server to
obtain a unified global clustering outcome. This approach
ensures that sensitive data remains on the clients while
achieving effective clustering across distributed datasets.

Security Model and Design Goals: FedMVC aims to em-
power all clients to collaboratively train a multi-view clus-
tering model without leaking any personal information. In
this work, we adopt the semi-honest adversary model, where
all clients and the server are curious about others’ private in-
formation but strictly follow the predefined protocol to be-
have honestly. However, they may attempt to infer others’
private data from the information they have obtained dur-
ing the protocol execution. Our underlying model adopts an
anchor-based method and further performs feature extrac-
tion on this basis, thereby avoiding the exchange of raw data.
Therefore, we have the following goals:

* Security Goal: Neither of the server and clients could
obtain the raw data, which is sensitive to the data privacy.

* Availability Goal: The proposed FedIMVC method
should be able to effectively partition the distributed in-
complete multi-view data into disjoint clusters in a col-
laborative manner. The clustering performance should be
comparable to the centralized MVC models.

Objectives

FIMVC-TLRC is composed of four procedures: Initializa-
tion, Local Training, Global Training, and Aggregation.
Specifically, the Initialization procedure initializes the nec-
essary parameters on each client and server; the Local Train-
ing and Global Training respectively train the local models
{f™()}(1 <m < M) on the client C,,, and a global model
fq(+) for consistency assurance on the server S. Aggregation
is used to produce the final clustering result. In what follows,
we introduce the local and global objectives in detail.

Objective for Local Training: For each client C,,, it
trains a local clustering model F"™* <« f (m)(Fm,X"‘) on



their local data X™ € R *" where F™ represents the

learned local high-level representations, and F" represents
guidance matrix output by the global model f,(-) from S for

Cims fg(m)(~) refers to taking the m-th component of f,(-)’s
output. To efficiently exploit the complementary informa-
tion of multi-view data, each client first constructs a local
anchor graph and then utilizes a structural alignment mod-
ule to align the anchors.

Local Anchor Graph Construction: Traditional graph-
based IMVC methods generally require constructing a graph
from all samples, resulting in computational complexity of
O(n?) and space complexity of O(n?), which limits their
scalability. For better efficiency, our clustering method is
built on anchor graph, which establishes relationships be-
tween a small number of representative anchors and the sam-
ples. For each client C,,, it can build its anchor graph with
local data by optimizing the following objective:

am || X"W — AMGTW ™[5+ BIG™ 7

min
G™,A™ ay,

st. AmMTA™ =1, G™>0,G™"'1=1

()
where A™ € R%*9 denotes the anchor matrix from the
m-th view by C,,, o is the anchor number; W™ & R"*"
is the diagonal indicator matrix, and W7}; = 0 means the
i-th sample of the m-th view is missing; G € R7*™ is
the view-specific anchor graph; G™W™ can be considered
as the similarities between o anchors and n,,, available in-

stances; o, and /3 are parameters to balance the influence of
each term, and Zf\le a,, = 1. We enforce the orthogonal-
ity of A™ to enhance discriminability, i.e., AMTA™ =T, .
Local Anchor Alignment: The local anchors and anchor
graphs are selected independently by each client, which
leads to two problems, i.e.,(1) anchor alignment: the anchors
selected by each client does not correspond to those selected
by other clients; and (2) inconsistency issue: the learned an-
chor graphs do not characterize the consistent features of
each sample, degrading the final clustering performance. To
address these issues, we employ the server to refine the an-
chor graphs to be consistent based on tensor learning, rather
than enforce a single and consistent anchor graph to be
learned. The refined anchor graphs are distributed to each
client as guidance to instruct local anchor graph learning.
Then, we leverage a permutation matrix H"" to structurally
align the local anchor graph G™ the guidance matrix from
the server, resulting in view-specific representations F™:
2 ”mem _ AmeWm”%

min an,
am, AT G™ H™ F™

+BIG™ [ +|H"G™ — F™||%
AmTAm — LHm,THm _ I, agm Z O7

mTq _ mypmT __ m __ pm 7
G""1=1F"F"T =LF" = f"({F"})

where 7 is the trade-off parameter to balance the influence
between anchor graph construction and the alignment mod-
ule; The core idea is to enforce the local learned high-level
representation F'™ to be similar to the refined representation
learned by f,(-). It should be noted that the guidance matrix
is dynamic rather than constant during training rounds.

(@)

S.t.
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Objective for Global Training: The goal of the
global training is to refine local high-level representation
{F™}(1 < m < M) via tensor learning to exploit the con-
sistent and complementary information. Denote the refined
representation for each view as f‘m, and F is a tensor con-
structed by stacking all the ™ we refine the local represen-
tations by minimizing the tensor low-rank objective of based
on tensor Schatten-p norm and simultaneously enforcing the
refined representation to be similar to the outputs of local
models {f(")(-)} via a constraint. Following this line, the
global objective to be optimized is as follows

min A% st F" = fME™ X" (1 <m < M) 3)
]_— P

where || - [|%5,, represents the tensor Schatten-p norm. Then,
fq"(+) returns F"the guidance for C,, by taking the m-th

frontal slice of ; A is a hyper-parameter to balance the in-
fluence of the global training.

Federated Optimization

The optimization of local objectives and global objective
requires the interaction between S and C,, by sharing the
model output with each other. We adopt the Alternative It-
eration Method for optimization, and in this case, the col-
laborative optimization of the local and global objectives is
equivalent to optimizing the following objective:

M
min Z {Oz?n”Xme _ AmeWmH% _'_BHG’HLH%‘}

m=1
Local Anchor Graph Construction
M
meym m||2 p
+7 § [H"G™ —F"|%+ AIF s,
m—1 ——
Global Training Objective

Local Anchor Alignment
sta'l=1,A"TA™ =1 H"TH™
G™">0,G""1=1,F"F"" =1

:I’

“)

where F is a tensor by stacking all F™"s.
In our federated framework, the influence of S and C,,, on
each other is achieved with the constraint F* = f™(X™)

and F' = fo({F™}), which enforces the local represen-
tations to be similar to be the globally refined represen-
tation. Since multi-view data is distributed across multiple
clients, and for the sake of privacy, sensitive data should not
be shared, which brings a great challenge for optimization.
However, the high-level representation F"* learned based on
local anchor graph projection does not lead to data leakage
and can be transmitted between the server and clients. Based
on these analyses, we illustrate our federated optimization
framework as follows.

System Initialization: The server and all the clients nego-
tiate the consistent public parameters. Each client initializes
H™ and F™ as identity matrices and sets «,, to 1/M, while

the server initializes F as empty tensors.



Local Training: Suppose the guidance matrix output by
the global model f;*({F.,}) is F, and by introducing
Augmented Lagrange Multiplier (ALM) method, the objec-
tive optimized by C,, is transformed to:

min A2 | XmW™ — AmMGTmW™ |2,
am7Am7Gm ,H7717F771
M
+6)_IG™|F +yH"G™ —F"|% (5
m=1

P em ~m B™ 9
PIF™ - F >
+2) + 20

where B" is the Lagrange multiplier, p is penalty parameter.
By performing Alternative Iteration Method on it, the local
training can be divided into the following subproblems.

(1). Update A™: Removing the irrelevant terms, the local
objective becomes:

. 2 m m meym m||2
X"W™ — A"G™W
Ao in o | 7 (6)

Rewrite the objective with traces and remove the irrele-

vant terms, Eq.(6) becomes:

Tr (AmT QnL)

Lomax ™)
where Q™ = X"W™W"™TG™T The optimal solution of
A™ can be obtained by computing F™* = U™V™" | where
U™ and V™ are the left and right singular matrices obtained
by performing SVD decomposition on Q™.

(2). Update G™:

min
Gm>0,GmT1=1
+BIG™ % + v [H"G™ — F™ |

To fully leverage global information to guide the update

of local anchor graphs, we use the consistency high-level

representation F = ﬁ Zf\f:l F™ aggregated by the server

to replace the local representation F™ in this step. Then, af-

ter a simple algebraic derivation, the optimization of Eq.(8)
can be formulated as:

Tr (G™TG™ (

O‘Sn ”mem —A"G"W™ ”%«“

(®)

: 2 m mT
WPW™ '+ (B4 7)1
S B+
— 2Tr (G_mT (Oé?nAmTXmeWmT + ’yHmTF))
©)
Since W is a diagonal matrix, it is easy to obtain that
a2 WPW™T + (B4 )1 is a diagonal matrix and all the
diagonal elements are non-zero. Denote a2, W™W™T 4
(B + )1 and a2, AmTX"WTW™T + yH™TF as QP
and Q3', Eq. (9) is transformed to:
1
: T 7(;717.T(;7n _ GmT m my\—1
szor,régﬁzl r(2 Qx'(Q")™) (10)
Introducing the Lagrange multiplier to Eq. (10), we get:
1 ., ,
L (C_}(m)7 v, A) — Tr(iGmTGm _ GmTan(an)—l)

—vTG™T1 — Tr(ATG™)
(11)
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where v and A are Lagrange multipliers. Given the
derivation of £(G™,v,A) with regard to G™: G™ —
Q7 (Q7)~! — v1 — A, the solution is given according to
the Karush-Kuhn-Tucker (KKT) condition as follows:

G"-QyQm) Tt —v1-A=0

GmT1=1 (12)
ATG™ =0
Using Newton method to optimize v, the solution is:
G™ = max(Qy(Q) ! — v1,0) (13)
(3). Update H,,,: The objective can be written as:
: meym m||2
e in Y[H"G™ —F"|5 "
& max  Tr (HmTFmeT)
HmTHm=I

Similar to optimizing G™, we replace F'* with F, and
H™ can be optimized by SVD decomposition on FG™ .
(4). Update «,,,: We only focus on the term related to o, :

: 2 m m meym mi|2
min o [[X"W™ — AT"G™W
Ti 1 mH HF (15)

Let Tm = ||mem _ Ameme%’ we app]y the
Cauchy-Schwarz inequality as:

M , Mo M 2
az Tm — | > Qm (16)
(Erim) (£ 1) (£ )

The equality holds when «,,, = k/7,,, where k is a con-
stant. Based on the constraint ' 1 = 1, we can solve for k
as k = 2%21 1/7y. Finally, the optimal «,, is given by:

1/Tm

M
m=1 1/Tm

QU = 17)
>
Step 5. Update F'™:
min A H G - B4 2ppr - B
FmFmT:I 2 p
(18)
where B is Lagrange multiplier and is updated by B"* =

B™ + p(F™ — 13‘7”). Eq. (18) can be transformed into:

mem P i vm B™ mT
max(YH"G™ + = (F"™ — —))F
ax(y 2E - =) o
st, F'F™' =1

We solve the optimal F™ by performing SVD on
~YH"G™ + g(Fm - %). The optimal F™ is sent to S
for refinement.

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

e . B
min | Fl%, + §I1F - F+ 2[5 @0
F p

where B is Lagrange multiplier and is updated by B = B +
p(F — F), pis the penalty parameter. The solution is

F =it (U Dy ,(P) 5 V) @1

where P = F + %, and U and V are acquired via t-SVD
of Pie, P=UxS«VT.



Algorithm 1: FIMVC-TLRC
Input: Incomplete data X = {Xj, ..., X/ }; Missing indica-
tor matrix W,,,; cluster number K.

1: Each client C,, initializes W, H™ and o, ;

2: while not converged do
3: form =1to M do

> On m-th client C,,

Update weight «,,, according to Eq. (17)
Update A™, G™, F"", H™
Compute 7,,
Send F™ and 1/7,, to the global server

9: end for
10: A > On the Server S
11:  Update F
12: Aggregate F,,, into F
13:  SendF,, and F to C,,,
14:  Compute Y™ . 1/7,, and send it to all clients
15: end while
16: Obtain U by performing SVD on F
Output: Perform k-means on U to obtain labels

AN A

Aggregation: After the model converges, S computes

F = ﬁ Z%:l F™ and then performs SVD on F to learn
U and applies k-means on U to obtain the clustering result.

Workflow

FIMVC-TLRC requires the transmission of certain param-
eters to support the training of collaborative and privacy-
preserving models. To better illustrate the working proce-
dures of FIMVC-TLRC, we briefly introduce its workflow
here. Firstly, each client C,, conducts initialization by set-
ting G™ as zero matrix and H™ and F™ as identity matrix,
and setting «,,, with 1/M. After initialization, C,, updates
A™, G™, H™, F™" , and calculates 7,,. Then, each client
sends 7,, and F™ to the server S. The server S, after re-
ceiving all the parameters, stacks all the F™ into a tensor

F, updates F according to Eq.(21), and updates WW. Sub-

sequently, S will also calculate Zrlrv{:l % and global con-
sistent representation F = [Z%Zl Fﬁ}, send them to all

clients, and send the updated F” to C,n, where client C,,
can update v, using Eq.(17). This process is repeated until
the model converges. Finally, the server aggregates the rep-
resentations into a unified one and obtain the final clustering
results. We summarize the algorithm in Algorithm 1.

Complexity Analysis

Computational Complexity: (1) Local client-side: Each
client’s computational load includes updating A™, G™, F™,
H™, and «,,. In each local iteration, the computational
complexity of updating A™ , F™, and H" primarily stems
from SVD decomposition, with approximate complexities
of O(nod,, + 02d,,),0(no?M), and O(no*M + M30).
The time complexity for updating G™ and «,, is domi-
nated by matrix multiplication, with a computational cost
of O(nod,,). Therefore, the total computational complex-

ity of the clientis O(n(od,, + 02M) + 03 M + %d,,). (2)
Global server-side: The server needs to update F and W,
where the primary computational cost arises from the DFT

and SVD operations, and the computational complexity is
O(Mnolog(Mn) + M?no).

Communication Complexity: Furthermore, we analyze
the transmission load between each client and the global
server. Local Client — Global Server: Each client trans-
mits its local F™™ to the global server before aggregation. For
all clients, the amount of data transmitted in each communi-
cation round is O(noM). Global Server — Local Client:

The global server sends the m-th slice of F to the m-th

client along with the computed 2%21 1/7., after aggrega-
tion. Thus, the total amount of data transmitted in each com-
munication round is O(noM).

Experiment

Datasets: We evaluate our method on eight public multi-
view datasets: (1)Yale; (2)WebKB (Blum and Mitchell
1998); (3) BDGP (Cai et al. 2012); (4)Caltech101-7 (Fei-
Fei, Fergus, and Perona 2004); (5)NGs (Hussain, Bisson,
and Grimal 2010); (6)Sonar (Sejnowski and Gorman 1988);
(7)SentencesNYU v2(RGB-D) (Silberman et al. 2012);
(8)CiteSeer (Apté, Damerau, and Weiss 1994). Following
(Li et al. 2022), we randomly remove samples from each
view for incomplete data. For the federated setting, our ex-
periments include a server and multiple clients, each holding
a view of the data.

Compared Methods: We compared our methods
with nine clustering methods: (1) BSV (Zhao, Liu,
and Fu 2016); (2)Concat (Zhao, Liu, and Fu 2016);
(3)DAIMC (Hu and Chen 2019); (4)PIC (Wang et al.
2019); (5)IMVC_AGL (Wen, Xu, and Liu 2018); (6)IMVC-
CBG (Wang et al. 2022); (7)VKMC (Huang et al. 2022a);
(8)FedMVL (Huang et al. 2022b); (9)TensorFMVC (Feng
et al. 2024). where (1)-(6) are centralized multi-view
methods, (7)-(9) are federated multi-view methods.

Experimental Results

Figure 1, Table 1, and Table 2 present the clustering re-
sults on eight multi-view datasets. The following points are
easy to observe: (1) Compared with existing centralized
IMVC methods, FIMVC-TLRC demonstrates superior per-
formance across most datasets. For example, on the Yale
dataset, our method outperforms the second-best method in
terms of ACC, NMI, and PUR by 11.54%, 11.87%, and
11.87%, respectively. Additionally, as shown in Figure 1,
the clustering performance of FIMVC-TLRC consistently
surpasses that of other methods, demonstrating the effec-
tiveness of Local Anchor Construction and Tensorial Repre-
sentation Fusion; (2) Compared to the existing vertical fed-
erated method VKMC, both approaches meet the require-
ments for data privacy protection. However, our method sig-
nificantly outperforms VKMC in overall performance, as
it fully explores the consistency structure between views
through a tensor regularization term and can be applied to
incomplete data; (3) In contrast to FedMVL, our approach is
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Figure 1: Clustering performance of FIMVC-TLRC on eight multi-view datasets with different missing rates.
Datasets Yale WebKB BDGP Caltech101-7
Metrics ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR
BSV 3441 3562 3630 82.89 1643 8293 33.07 9.23 3341 5510 3698 7590
Concat 2478 29.56 2822 79.16 13.80 81.69 33.80 9.12 34.03 4642 3531 7794
DAIMC 39.12 44773 41.62 83.05 3130 86.29 36.83 11.83 37.16 4399 39.74 83.14
PIC 47.13 5099 4830 7138 7.37 8042 20.04 0.16 20.16 64.63 51.57 85.89
IMSC_AGL 46.73 50.29 48.01 7293 6.66 78.80 37.31 12.89 38.65 5230 4259 83.78
IMVC-CBG 46.65 52.84 4894 88.89 4585 8343 4029 17.84 40.86 60.20 43.75 81.06
VKMC 20.54 2499 2142 6456 269 78.12 2464 1.82 2567 3639 358 57.65
FedMVL 18.02 16.31 1947 6636 1745 6855 27.70 5.05 33.65 16.78 7.98 22.54
TensorFMVC 4424 51.775 46.06 5894 353 78.11 4424 1938 46.06 58.62 529 58.94
FIMVC-TLRC 58.67 64.71 60.81 96.05 70.04 96.05 51.41 22.12 5143 6441 49.65 84.14

Table 1: Clustering performance of ACC(%), NMI(%), and PUR(%) on Yale, WebKB, BDGP, and Caltech101-7 datasets.
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Figure 2: The convergence curves of FIMVC-TLRC.

more efficient due to it is based on anchor graph, and it lever-
ages tensor low-rank constraints to uncover complementary
information between views in incomplete data, resulting in
superior clustering performance.

Figure 3: ACC w.r.t. v and .

Ablation Experiments: We conducted ablation studies
and summarize the results in Table 3. We evaluate the per-
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Datasets NGs Sonar RGB-D CiteSeer

Metrics ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR
BSV 4047 18.39 4131 5892 1.79 5892 3558 26.80 48.04 29.09 6.81 29.87
Concat 3238 1420 3296 5694 1.81 57.05 33.18 26.09 4580 30.13 7.65 30.85
DAIMC 63.13 4562 6427 57.59 181 5759 33.68 2327 46,51 3581 1339 38.09
PIC 7931 6246 79.58 6026 4.14 6042 3550 2574 48.16 3593 13.05 37.92
IMSC_AGL 86.60 66.74 86.60 5646 149 56.62 3326 19.85 44.11 4647 21.00 50.58
IMVC-CBG 8492 7148 8492 58.19 229 58.19 3423 2527 4554 4365 18.17 46.11
VKMC 2338 2.09 23.64 5449 659 5502 14.01 322 40.89 20.69 3.89 21.78
FedMVL 2266 2.15 26.89 4449 1.75 46.63 1327 465 17.18 21.08 1.89 2551
TensorFMVC 37.86 1456 3830 62.61 508 62.61 2881 2475 4729 2420 495 24.50
FIMVC-TLRC 9090 77.39 9090 67.45 922 6745 3594 2664 48.63 48.85 23.94 51.87

Table 2: Clustering performance of ACC(%), NMI(%), and PUR(%) on NGs, Sonar, RGB-D, and CiteSeer

Dataset Yale RGB-D BDGP NGs

Metric ACC NMI Purity | ACC NMI Purity | ACC NMI Purity | ACC NMI Purity
Fixed-Anchor 40.41 4479 41.80 | 17.32 6.71 30.67 | 23.36 493 24.65 | 27.13 241 27.61

w.0. A-A & T-R  43.22 4991 4500 | 32.11 21.67 39.67 | 43.14 17.15 4480 | 61.01 36.89 61.14
w.0. T-R 44.44 5034 46.34 | 34.82 2661 46.89 | 47.89 20.22 49.12 | 86.44 7356 83.33

FIMVC-TLRC 58.61 64.71 60.81 | 3594 26.64 48.63 | 51.41 22.12 5143 | 9090 77.39 90.90

Table 3: Clustering results of the ablation experiments.
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Figure 4: ACC w.rt. 8 and p.

formance of FIMVC-TLRC in four cases: (1) Fixed anchor
graph FIMVC-TLRC (Fixed-Anchor): The anchors are ini-
tialized by k-means cluster centers without updating dur-
ing the optimization process. (2) FIMVC-TLRC without an-
chors alignment and tensor regularization (w.0. A-A & T-
R); (3) FIMVC-TLRC without tensor regularization (w.o.
T-R); (4) the complete FIMVC-TLRC (FIMVC-TLRC).
Compared to Fixed-Anchor, our method achieves better
clustering performance across all datasets, demonstrating
the effectiveness of locally constructing learnable anchor
graphs. In the NGs dataset, w.0. T-R improves ACC, NMI,
and PUR compared to w.o. A-A & T-R, further validating
the effectiveness of the structure alignment module. Addi-
tionally, in the Yale dataset, FIMVC-TLRC achieves su-
perior performance compared to w.o. T-R, indicating that
tensor regularization effectively captures consistent infor-
mation across different views, thereby enhancing cluster-
ing performance. The ablation experiment demonstrates the

contribution and the necessity of each component.

Convergence Analysis: Figure 2 presents the conver-
gence curves of ACC and the objective function on the We-
bKB, and NGs datasets. The results indicate that both ACC
and the objective loss converge within limited iterations.

Parameter Analysis: Our objective function involves four
hyperparameters: 7, A, 3, and p. Figure 3 illustrates the ACC
variations across four datasets when - and A take values in
the set of {0.0001,0.01, 1, 100, 10000}. From these results,
we can observe that v set to 0.01 yields better performance,
while A has minimal impact. Figure 4 shows the ACC vari-
ations for 5 and p. The clustering performance is optimal
when (3 takes values between 0.0001 and 1, and the perfor-
mance remains high when p is between 0.1 and 0.9.

Conclusion

This work presents a novel tensorial federated incomplete
multi-view clustering with local anchor alignment (FIMVC-
TLRC). The proposed method constructs view-specific an-
chor graphs to capture complementary information and im-
prove anchor correspondence across views through a struc-
tural alignment module. Additionally, it leverages a ten-
sor Schatten p-norm regularizer to fuse representations and
effectively exploits consistent information between vari-
ous views. To support collaborative training under the dis-
tributed data settings, we developed a federated unified
framework to jointly optimize the construction and align-
ment of anchor graphs. Experimental results on multiple
datasets demonstrate the effectiveness of FIMVC-TLRC.
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