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Abstract

Real-time clustering of dynamic multi-view data
streams is a critical yet challenging task in open-
world applications. While several methods have
been proposed to address this task, most of them
extract features incrementally but fail to output in-
stant clustering results for the current batch. In
addition, they neglect semantic consistency, caus-
ing the cluster labels of identical concepts to drift
unpredictably due to independent processing. To
address these limitations, we propose a real-time
semantic consistent incremental multi-view clus-
tering framework. Specifically, we construct a
compact historical knowledge base via an adaptive
diversity-aware selection mechanism, which guides
the clustering of incoming data, enabling imme-
diate inference without accessing the full history.
Furthermore, we introduce a semantic alignment
strategy based on consensus centers to ensure ro-
bust label consistency over time. Extensive experi-
ments demonstrate the effectiveness and efficiency
of our proposed method.

1 Introduction

In practical applications, data is routinely gathered from var-
ious independent sources, resulting in multi-view data which
inherently exhibits heterogeneity across different perspec-
tives or views [Liang ef al.; 2025; Liu et al., 2025]. Due
to the increasing prevalence of open-world problems involv-
ing such data, especially in the unsupervised domain, learn-
ing methodologies tailored for this data format have become
a prominent area of research. Clustering, a foundational un-
supervised task, aims to partition data into non-overlapping
groups [Liu ef al., 2023; Xiao et al., 2023]. In the context
of multiple views, Multi-view clustering (MVC) approaches
are designed to effectively utilize the data by uncovering both
the consistency and complementarity that exist across the
views. A wide array of MVC techniques has been developed,
encompassing subspace-based methods [Wei er al., 2023;
Peng et al., 2022; Qin ef al., 2025], kernel-based methods
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[Wu et al., 2025; Zhang et al., 2025b], graph-based meth-
ods [Pan and Kang, 2021; Xia etal., 2022; He et al., 2025],
and deep learning-based architectures [Cui er al., 2025;
Wang et al., 2025], among others. Despite their achieve-
ments, most of these fall under the category of static MVC,
meaning they are restricted to scenarios where the dataset is
fixed. This condition is frequently violated in real-world set-
tings.

A more challenging yet common scenario involves data
that is continuously accumulated and updated, forming a dy-
namic data stream [De Lange et al., 2021]. For instance, so-
cial media platforms like YouTube continuously ingest multi-
view streams (images, texts, videos) generated by users every
second. Similarly, financial markets rely on high-frequency
feeds of stock prices, news headlines, and trading volumes.
Analyzing and clustering such continuously evolving streams
presents significantly greater challenges compared to static
scenarios.

A naive approach to address this challenge is to accumulate
all observed data and repeatedly apply conventional MVC
techniques to the aggregated dataset. However, this strategy
is highly inefficient, incurring prohibitive storage costs and
computational overhead. Moreover, it necessitates repeated
access to historical data, which may be restricted due to pri-
vacy or storage constraints. To mitigate these issues, several
incremental multi-view clustering algorithms have been pro-
posed. Nevertheless, they suffer from two critical limitations.
First, most methods lack real-time capability, as they fail to
output instant clustering results for the current batch, often
requiring offline post-processing. Second, and more criti-
cally, they overlook semantic consistency across data batches.
For instance, a cluster representing the semantic concept of
”Bird” might be assigned the label "ID-1" in the first batch,
but the exact same object type could be randomly reassigned
to ”ID-5” in the next batch simply due to initialization differ-
ences. Without a mechanism to map cluster labels across time
steps, these methods cannot consistently track evolving clus-
ters, failing to provide interpretable, semantically continuous
results.

To address these challenges, we propose a real-time seman-
tic consistency incremental multi-view clustering (RTSC)
framework. Our method integrates incoming data with a com-
pact historical knowledge base via a consensus bipartite graph
under a k-connectivity constraint, enabling real-time cluster-



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

ing without the need for post-processing. Simultaneously, we
employ an adaptive diversity-aware selection mechanism to
dynamically update the knowledge base. Furthermore, we
introduce a semantic alignment strategy based on consensus
centers to ensure label consistency over time.

The following three points detail the primary contributions
of this paper:

(1) We introduce an adaptive, diversity-aware sample selec-
tion mechanism that dynamically updates the knowledge
base by balancing representativeness and redundancy to
efficiently retain valuable historical structure.

(2) We develop a semantic alignment technique to ensure
that cluster labels maintain consistent meaning over time.
To our knowledge, this is the first work to explicitly ad-
dress the semantic consistency of cluster labels in incre-
mental multi-view clustering.

(3) We introduce a multi-view clustering framework for
incremental instance scenarios. Experimental results
across multiple datasets demonstrate the effectiveness
and efficiency of the proposed framework.

2 Related Work
2.1 Static Multi-view Clustering

In recent years, diverse methodologies have emerged to
address MVC, encompassing techniques grounded in ma-
trix factorization, graph-based strategies, and deep learning
frameworks. Methods utilizing matrix factorization typically
leverage factorization techniques to derive a shared latent rep-
resentation for clustering purposes. For instance, [ Yang et al.,
2024] proposed an efficient and scalable anchor-based multi-
view clustering method that directly obtains low-dimensional
consensus embedding by factorizing the large-scale consen-
sus graph. In a similar vein, [Liang et al., 2020] introduced a
non-negative matrix factorization model with co-orthogonal
constraints for multi-view clustering, which enhances the or-
thogonality of the basis and representation matrices to im-
prove clustering performance. Graph-based approaches con-
struct individual graph embedding matrices for each view
by leveraging intrinsic data structural information, followed
by fusing them into a unified graph matrix through learned
weights. For example, [Tan et al., 2023] proposed a uni-
fied multi-view clustering framework that learns the manifold
topological structure of data and explores sample-level cross-
view consistency to better preserve consistent local structures
across views. [Liu et al., 2024] learned a consistent anchor
graph with a k-connectivity constraint to directly generate
cluster labels while filtering out view-specific noise. In recent
years, following the advancements in deep learning, several
studies have adopted deep neural networks to learn high-level
feature representations for this task [Xu er al., 2025], [Bian
et al., 2025], [Cui et al., 2026]. While these varied meth-
ods have demonstrated promising results, most are tailored
for static MVC configurations, operating under the assump-
tion that all data instances and views are fully available in
advance. This premise, however, is frequently unrealistic in
open-world environments.

2.2 Dynamic Multi-view Clustering

In practical applications, data are often collected continu-
ously, resulting in evolving data streams. Conventional static
MVC approaches are generally ineffective in handling such
dynamic data, as they typically require storing and repro-
cessing all available data whenever new samples arrive. In
the instance incremental learning scenario, researchers con-
ducted preliminary explorations. For instance, [Shao er al.,
2016] laid foundational work by adapting the conventional
non-negative matrix factorization into an online framework
by introducing a regularization term that enforces a consistent
base matrix. Building on matrix factorization techniques, [Hu
and Chen, 2019] subsequently leveraged matrix factorization
to simultaneously learn cluster indicators and a unified base
matrix, thereby facilitating effective knowledge transfer. Tak-
ing a different approach, [Huang ‘et al., 2019] tackled this
problem by developing a multi-view support vector domain
description model coupled with a multi-view cluster label-
ing model. Further diversifying the methodologies, [Zhang
et al., 2024] utilized multi-level semantic anchor information
as prior knowledge to steer the representation learning of in-
coming data. Most recently, [Zhang et al., 2025a] addressed
a more complex challenge by employing reusable embedding
and centroid modules with consistency regularization to effi-
ciently handle the simultaneous arrival of new instances and
views. Although the methods mentioned above have made
some progress, they all perform clustering only after process-
ing all the data. In practical applications, the subsequent data
in the current batch is unpredictable, and it is often neces-
sary to provide clustering results in real time after a batch of
data arrives. Furthermore, they do not consider the semantic
drift problem between clustering results of different batches
of data.

3 The Proposed Framework

This section introduces a real-time semantic consistency in-
cremental multi-view clustering framework designed for the
incremental instance scenario in which samples arrive in se-
quence and cannot be fully revisited.

Notations Descriptions

V,m, k Amount of views, anchors and clusters
n' Amount of samples at time t

l Size of the historical knowledge base
dy Dimension of the v-th view

d Sum of view features

Xt e Rbvxn' Newly arrived data at time t

C! e Révx™ Anchor points matrix at time t

t
H! ¢ R™*(™*D  The consensus bipartite graph matrix at
time t
Knowledge base matrix of view v at time

t

K; e R%*!

Table 1: Description of Symbols Used in the Article
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Figure 1: The proposed incremental multi-view clustering framework RTSC.

3.1 Notations and Problem Statement

Table 1 provides an overview of the main symbols employed
in this article. This work focuses on multi-view clustering in
the incremental instance scenario. In each iteration, a batch of
multi-view observation samples arrives. The goal is to obtain
k semantic labels through real-time clustering for each batch
of data, with the clustering labels having the same seman-
tic meaning across different batches. The main challenges in
achieving this goal are as follows: 1) How to perform real-
time clustering after a new batch of data arrives. 2) How to
retain valuable historical information with limited comput-
ing resources. 3) How to achieve label semantic alignment
in clustering across different batches. To address the chal-
lenges mentioned above, the proposed method designs three
core components to tackle these problems, respectively.

3.2 One-step Incremental Multi-view Clustering
with Memory Replay

Upon the arrival of the ¢-th batch data Xt = {X!}V_ we
integrate the historical knowledge base with the new data for
joint clustering. The clustering process of newly arriving data
is softly guided by utilizing the implicit clustering structure
within the historical knowledge base. Simultaneously, the
historical knowledge base is integrated with the newly arriv-
ing data for unified graph learning, in order to present a clear
clustering structure and achieve real-time, one-step cluster-
ing. Based on the above ideas, we define the following opti-
mization objectives:

\%4
. 2 t t—1 tEyt)2
a,uxrglf}l’}Ht v=1 avH[Xw KU ] B CUH HF’

st.a'l=1,a>0H >0H 1=1,
tT et _ ty _ .t _
C, C,=1I,,rank(Lg) =n"+1+m—Fk, (1)

where the weight « is used to balance the effects of different
views, K!~1 represents the historical knowledge base, and

its construction method is described in section 3.3, C!, and
H! represent the anchors matrix and anchor graph matrix at
time ¢, respectively. The augmented graph matrix S? is de-
fined as a block matrix consisting of four blocks. The two
diagonal blocks are zero matrices, the upper-right block is
the transpose of H’, and the lower-left block is H'. L% is the
normalized Laplace matrix of S.

The number of connected components in S* matches the
number of zero eigenvalues of LY. Since H' is constructed
from S?, both share identical connectivity. Consequently, en-
forcing a rank condition on LY is essentially equivalent to
ensuring a specific connectivity structure in HY. With H? de-
signed to contain exactly k connected components, the clus-
tering assignments can be obtained directly, without any ad-
ditional post-processing [Nie et al., 2016]. Each component
corresponds to a group of nodes that are mutually reachable,
forming the real-time cluster partitions.

3.3 Historical Knowledge Base Information
Selection

The constructed historical knowledge base should implicitly
contain the real-time clustering structure of the data stream
while maintaining the representativeness of historical infor-
mation. Based on this, the historical knowledge base Kf}
should be adaptively updated with each new batch of data to
adapt to the new data distribution. To enable the knowledge
base to naturally embed the graph learning process, it should
store a compact and easily learnable representative sample
set. To ensure the knowledge base meets these characteris-
tics, the specific process for constructing and updating the
knowledge base information is designed as follows.

When ¢t = 1, no prior information is available, and the
historical knowledge base K% ! is initialized as an empty set.

When ¢ > 1, the process of building and updating the
knowledge base is as follows. First, the current data X* and
the existing historical knowledge base K'~! are merged to
form unified set R! = [X! K'~!]. Then, each sample x;
in R? is evaluated using the reconstruction loss: loss(z;) =
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SV, ay||RY. ;) —CLH! ||3, where C}, and HY ; are learned
from objective function 1 at time ¢. A smaller reconstruction
loss indicates that the sample is more easily learned as an
anchor representation, thus carrying more stable and explicit
structural information. The samples are ranked according to
the magnitude of the reconstruction loss.

Simply selecting samples based on the magnitude of the re-
construction loss can lead to significant redundancy and class
imbalance, as samples with smaller reconstruction losses are
often concentrated in a few narrow regions of the feature
space. To overcome this problem, we employ a diversity-
aware selection mechanism. In each iteration, the sample
with lower reconstruction loss is prioritized as a candidate
sample. If its similarity to any selected sample exceeds a
given threshold 6, it is discarded; otherwise, it is accepted
and added to the updated knowledge base. This process is
repeated iteratively until no other samples can be selected.
The similarity threshold 6 plays a crucial role in balancing
diversity and representativeness. To determine an appropriate
value corresponding to a given sampling rate, we employ a
binary search strategy to automatically adjust 6. The detailed
algorithm for building and updating the knowledge base is
shown in Algorithm 1.

Algorithm 1 Knowledge base construction and update algo-
rithm

Input: Multi-view data X' at time ¢, anchors C* = {C!}V_,
and anchor graph H’ learned at time ¢, historical knowledge
base K*~!, knowledge base size [.

Output: Updated knowledge base K at time ¢.

1: Initialize the knowledge base as an empty set;

2: Add anchors C? learned at time ¢ to the new knowledge
base K = [C'];

3: Calculate the reconstruction loss for each sample in X*
and K~ ! based on C* and H* and sort them;

4: Calculate the similarity between X!, K'~!, and C?;

5: Adaptively adjust similarity threshold # using a binary-
search strategy until knowledge base reaches size [;

6: Add samples in X* and K*~! to update knowledge base
K in sequence based on their ranking and 6.

3.4 Label Semantic Alignment

To address the issue of semantic drift and ensure that clus-
ter labels across successive data batches maintain a consis-
tent meaning, we introduce a semantic alignment mechanism
based on consensus cluster center matching. The core idea is
to establish an optimal one-to-one mapping between the clus-
ters identified in the previous batch and those in the current
batch.

First, for the current batch X* and its initial clustering re-
sult Y, we compute the cluster centers for each view by tak-
ing the mean of samples belonging to each cluster. These
view-specific centers are then concatenated vertically to form
a unified multi-view center matrix Z£_ .. . € R doxk,

Then, we use the consensus aligned multi-view centers
Z onsensus and the newly computed centers Zcombmed to de-
termine the optimal correspondence. Specifically, this paper

uses the cluster centers of the first batch of data as the consen-
sus cluster centers. The gaussian kernel [Hu er al., 2010] is
applied to compute the similarity matrix A € R*** between
all pairs of consensus centers and current centers. This simi-
larity matrix measures how closely the ¢-th consensus cluster
center semantically matches the j-th current cluster center.

Then, the alignment problem is then converted into a max-
imum weight bipartite matching problem, which is efficiently
solved using the Hungarian Algorithm on the cost matrix
M = —A. The resulting optimal pairing yields a label map-
ping M : {1,...,k} = {1,...,k}.

Finally, the initial cluster labels Y are globally remapped
using the derived mapping M to generate the semantically
aligned labels Yallgned This procedure ensures that when a
cluster from the previous batch corresponds to a cluster in the
current batch, all samples currently assigned to that cluster
are consistently reassigned the label of the matching cluster
from the previous batch.

4 Optimization Strategy

To solve the above optimization problem, we propose an al-
ternative iterative algorithm that updates one variable while
keeping the other variables fixed and thus updates all vari-
ables alternately.

4.1 Solve C! by Fixing Other Variables

Let R! = [X! K!~!]. To solve for C! while keeping all
other variables fixed, we consider the following subproblem:

14
. T
H(ljlthOzi”szCf}HtHZF, st.CUCL=1,. (2
L =

Rewriting the Frobenius norm in Eq. (2) into the form of
trace yields the following equivalent formula about C* :

_— tT ot prt? tT et _
min -2Tr (C,, R, H , st.C, C,=1,. 3)

5K
The above formula can be transformed into the following
equivalent problem:

Irg}x Tr (CzTBf)) ,  S.t Cf)TCf) =1,, 4
where Bt = RLH!"
composition of B! is given by B/,
solution of C! can then be derived as C,

. Assuming that the singular value de-
= U,XV/, the optimal
=U,VE%.

4.2 Solve H' by Fixing Other Variables

When all other variables are held constant, finding H' be-
comes equivalent to solving the following problem:

\%4
min} ol (—2 Tr (HtTchRg) +Tr (HtTHf)) :

stH >0 H 1= 1,rank(Ly) =n' +14+m—k. (5
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By choosing a sufficiently large value for ¢, Eq. (5) can
be reformulated as the following optimization problem [Fan,
1949]:

1%
min 3 a2 (—2 Tr (HfTCgTRg) Ty (HtTHt))
FeH v=1
+ ¢Tr(F! LLFY),
stH' >0, H 1=1,F F =1, (6)

where F! € R +m+0)xk denotes the indicator matrix. Fol-
lowing reference [Liu et al., 2022], we alternately optimize
F! and H'. After obtaining the optimal F?, we proceed to
update H? in Eq. (6). Following reference [Liu e al., 2022],
we optimize each column of H? separately, transforming op-
timization Eq. (5) into the following form:

: tT t ¢ Z 2
T min H:,i - (Gz - §bl)/ Ayl (7N
th 1:1va,iZO v=1 2
t _ 2ttt ) m ;
where G' =3 o’R} C!,b; € R 21s a column vector,
(' 40 )

_ J refers to its j-th el-
VDO Gy /DG |, ’

ement. Reference [Nie et al., 2014] shows that Eq. (7) can be
solved in closed form. More detailed optimization procedures
for C¢ are provided in the Supplementary materials.

and bij = ’

Algorithm 2 Algorithm for RTSC

Input Multi-view data stream {X*!, X2, ... X7T}; the number
of clusters k.
Output Real-time clustering results with semantic alignment.
cfort=1:Tdo
Initialize C!, o and H';
repeat

Update C, by solving Eq. (2);

Update H' by solving Eq. (7);

Update « by via Eq. (9);
until convergence
Output the cluster label of X! partitioned by H?;
Update historical knowledge base K! at time ¢ accord-
ing to Algorithm 1;
10:  Semantic alignment of cluster label according to clus-

tering centers alignment.

11: end for

CRINREN

4.3 Solve « by Fixing Other Variables

When all other variables are held constant, finding o« becomes
equivalent to solving the following problem:

14
min Y " alPl, sta’l=1a>0, (8)
v=1
where P! = ||R! —C! H!||%. Based on the Cauchy-Schwarz
inequality, the value of « can be derived directly as
1/P;,

— v 9
SV, 1/P! )

a, =

4.4 Complexity Analysis

The calculation process of the proposed method is shown in
Algorithm 2. The time complexity of the algorithm is mainly
composed of the following aspects. The time complexity of
updating C! is O(mn'd,). The complexity of updating H*
is O(m?n! + m3 + n'md). The time complexity of updat-
ing o is O(1). The time complexity of updating the histori-
cal knowledge base K is O((n?)?d). The time complexity
of label semantic alignment is O(k?d + k* + n'd). In gen-
eral, the overall time complexity of the proposed algorithm is

O(XE, (n')’d+ m2n + k2d+mnd), wheren = Y1 n'.

S5 Experimental Analysis

In this section, we present a comprehensive set of experi-
ments to evaluate the effectiveness of our proposed approach.
Due to space constraints, we have placed the convergence and
complexity analysis and parameters analysis in the Supple-
mentary materials.

5.1 Datasets

To ensure a thorough evaluation, our experiments utilize
six widely recognized multi-view benchmark datasets: An-
imal!, NUSWIDEOBJ [Chua ef al., 2009], YoutubeFace_sel,
YTF102, YTF20?, and YTF50*. Detailed statistics of these
real-world datasets are summarized in Table 2. To construct
a streaming environment, the entire dataset is partitioned into
multiple batches, with one batch being processed in each it-
eration. For each dataset, the number of data blocks is set to
the number of samples divided by 2000 and rounded up.

Datasets Rename Samples Features Views Classes
Animal D1 11673 2689/2000/2001/2000 4 20
NUSWIDEOBJ D2 30000 65/226/145/74/129 5 31
YoutubeFace_sel D3 101499 64/512/64/647/838 5 31
YTF10 D4 38654 944/576/512/640 4 10
YTF20 D5 63896 944/576/512/640 4 20
YTF50 D6 126054 944/576/512/640 4 50

Table 2: Description of Datasets.

5.2 Experimental Design

We evaluated our proposed method by comparing it with
seven other multi-view clustering methods proposed in recent
years. These include three dynamic multi-view clustering al-
gorithms: MVC-IIV [Zhang ef al., 2025a], ACMVC [Zhang
et al., 2024], and OMVC [Shao et al., 2016], and four static
multi-view clustering algorithms: FMGM [Lu et al., 2024],
NpGC [Yu et al., 2024], LMVSC [Kang et al., 2020], and
FPMVS [Wang et al., 2022].

Our method does not require adjusting coefficients to bal-
ance the effects of individual components. However, the

"https://github.com/wangsiwei2010/large scale multi-view clus-
tering datasets.

Zhttps://www.micc.unifi.it/resources/datasets/e-ytf/

3https://www.micc.unifi.it/resources/datasets/e-ytf/

*https://www.micc.unifi.it/resources/datasets/e-ytf/
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Data Metric Proposed MVC-IIV ACMVC OMVC FMCM NpGC LMVSC FPMVS
ACC 21.16 = 0.36 2022+0.16 1890+042 1678 +0.96 16.69+ 137 18.13+0.76 17.50+0.95 18.18 +0.78
DI PUR 2270 £045 2377 4+£0.19 2257+048 1948 +1.20 18.02+1.17 21.69+0.59 20.504 1.01 20.47 +0.59
Fscore 14.87 +0.46 1243 +024 1095+0.23 11.61 +£043 12.81+047 10.61+£0.27 10.234+0.38 13.29 +0.80
ARI 832+0.59 7324026 578 +£0.27 380+0.84 416+066 547+028 4.67£0.41 7.19 £0.85
ACC 20.22 £0.78 17.71 £0.49 1592+ 0.65 15.11+045 16.63£1.13 1477 +0.59 1641 +0.58 18.78 +0.94
D2 PUR 25854090 2845+0.70 2448 +046 25.18+0.71 21.86+042 2501+0.67 2537+0.61 24.33+0.87
Fscore 13.56 +0.52 10.59 £0.50 9.07+042 11.18£0.07 11.284+0.79 822+026 9.69 +0.51 11.90 + 0.56
ARI 697 £040 639 +0.51 4.59 +£0.42 392+040 2.63+063 4.11+027 491+050 5254047
ACC 26.93 +0.20 2544 +093 2249+0.69 26.66+028 1345+2.85 27.20+1.11 17.73+0.95 21.58+1.28
D3 PUR 2731 +£0.18 3441 +0.83 3238 +0.65 3090+0.68 2748 +049 35.61+0.96 29.67+0.73 30.84+1.01
Fscore 16.74 £0.30 10.47 +0.37 1021 £0.37 1631 4+023 9.04+1.82 10.82+045 891+039 12.71 £0.51
ARI 1.63+£0.29 554+£039 4.81+0.31 295+037 0.89+048 6.18 + 0.48 248 +£0.29 476 £0.56
ACC 81.80 =4.00 77.524+2.16 77.27+151 64.74+4.13 67.67 513 73.77+295 7833+3.43 73.80+4.74
D4 PUR 91.80 +-4.73 8239+ 144 80.86+1.16 69.66+3.59 72.04+438 79.36+247 81.18+2.26 79.61 +4.31
Fscore 78.70 =4.41 7472+ 1.86 7418145 56.10+591 63.16+4.84 70.724+296 7242+2.61 72.52+4.82
ARI 76.27 £5.04 7154 +2.11 7092+1.65 50.02+£703 58.16=+577 67.00+3.34 69.00+298 69.09+ 548
ACC 7342 +190 71.10+0.76 69.59 +0.80 62.45+3.56 61.99+398 67.74+1.70 68.77 £3.18 69.57 +3.52
D5 PUR 84.97 +4.35 7633 +0.64 75.02+070 6839+2.62 67.39+354 7424+1.32 7391+2.14 74.08+291
Fscore 70.56 £2.66 6570 +£0.92 64.324+0.88 50.51 +£3.78 56.75+4.34 6249 +1.60 61.124+247 65.80+2.16
ARI 68.87 +-2.88 63.61 £0.99 62.124+095 4728+4.05 53.89+475 60.18+1.73 58.72+2.65 63.74+2.32
ACC 71.68 +2.07 70.38 £0.70 68.49 +0.65 63.77 +£2.55 6643 +239 6644+ 1.12 63.30+248 6751 +4.22
D6 PUR 86.82 =348 7557 +0.62 74.46+059 70.14+1.97 70.63+223 < 7330+0.85 69.51 £1.83 7137 +4.18
Fscore 67.68 £4.11 63.83 +£0.85 61.51 :20.83 5427 +3.78 59.76 £245 5943 +£126 48.65+3.32 60.41 +5.98
ARI 6698 +4.25 6296+ 0.87 60.57+0.86 53.16+3.90 58.76+254 5844+ 1.29 4727 +3.44 5942 +6.17

Table 3: Batch average clustering performance comparison (%) using different methods on six datasets.

number of anchors and the size of the historical knowl-
edge base must be specified. In our experiments, the num-
ber of anchors is selected from the set [k, 2k, 3k], and the
size of the historical knowledge base is selected from the
set [m,n/4,n/2,3n/4,n]. The comparison method uses the
same number of anchor points as the proposed method. The
comparison methods adjust and select their optimal parame-
ters for fairness. To assess clustering performance, we adopt
four widely used metrics: Accuracy (ACC), Purity (PUR),
F-score and Adjusted Rand Index (ARI).

5.3 Clustering Results with Batch Average

Table 3 shows the clustering performance of different clus-
tering algorithms on six multi-view datasets. We performed
clustering on each batch of data separately and then averaged
the clustering results across all batches.

The experimental evaluation demonstrates that the pro-
posed method consistently outperforms baseline approaches
across diverse datasets. Our method achieves the highest ac-
curacy on all six datasets, demonstrating its clustering per-
formance in streaming data environments. For example, on
the YTF10 dataset, the framework achieves the highest ACC,
marking a significant improvement of over 10% compared to
algorithms such as OMVC and FMCM. This superiority ex-
tends to the Animal datasets, where the method records the
top ACC, F-score and ARI across seven different compar-
ison methods, as well as the NUSWIDEOBIJ dataset. Fur-
thermore, the proposed method outperforms the comparative
methods on all clustering accuracy metrics across the YTF10,
YTF20, and YTF50 datasets. The results presented in the ta-
ble indicate that the incremental multi-view clustering algo-

rithm generally surpasses its static counterpart, thereby val-
idating the efficacy of methods specifically engineered for
streaming data. Furthermore, the consistent performance
observed across diverse datasets, including object and ani-
mal imagery as well as video-based facial data, highlights
the broad generalizability of our framework. The integra-
tion of adaptive knowledge base updating enables the model
to retain essential historical information without being over-
whelmed by obsolete patterns. The consistent gains over
strong baselines, including state-of-the-art incremental and
non-incremental multi-view clustering methods, confirm that
our proposed framework can effectively handle incremental
multi-view scenarios and retain valuable historical informa-
tion.

5.4 Overall Clustering Results with Semantic
Alignment

To evaluate the effectiveness of the proposed semantic align-
ment mechanism in mitigating label semantic drift across data
batches, we conducted a semantic alignment experiment. For
each batch of data, we obtain real-time cluster labels and align
them with the previous labels. Once all batches of data have
arrived, we combine all the real-time cluster labels from all
batches to perform an overall clustering performance evalua-
tion. For the comparison method, they are also implemented
using the same real-time semantic alignment approach as pro-
posed in this paper. We recorded the overall semantic align-
ment clustering results after all batches of data arrived, as
shown in Table 4. As can be seen from the table, our method
achieves the best clustering performance compared to other
methods on most datasets and most metrics.
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Figure 2: Performance metric changes after semantic alignment
across batches.
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Figure 3: Comparing the ACC of RTSC and its variants.

Furthermore, we demonstrate how the aligned clustering
accuracy changes for four metrics with data arrives sequen-
tially in batches, as shown in Figure 2. Due to space lim-
itations, we present the semantic alignment results of the
proposed method on four datasets: Animal, NUSWIDEOBJ,
YTF10 and YTF20. As can be seen from the figure, the clus-
tering accuracy after semantic alignment inevitably decreases
slightly in the initial stage. However, as the number of data
batches gradually increases, the accuracy tends to level off or
even slightly improve, rather than decreasing monotonically.
This demonstrates the effectiveness of the proposed semantic
alignment method.

Data Metric Proposed MVC-IIV. ACMVC OMVC FMCM NpGC LMVSC FPMVS

ACC 17.45 16.77 17.04 14.09 1277 1415  14.08 15.18
p1  PUR 18.64 20.79 20.12 1596 1550 17.80 17.55 17.59
Fscore 13.14 11.04 10.23 10.82 8.89 8.99 8.52 12.51
ARI 6.52 592 4.95 3.37 3.36 3.77 3.11 6.49

ACC 15.64 13.72 12.05 12.03 9.86 11.29 12.96 13.53

p2 PUR 21.80 23.83 21.55 2032 19.02  20.74  21.07 21.18

Fscore 10.91 8.54 7.64 10.82 6.43 6.91 791 9.13

ARI 4.63 4.40 3.45 2.04 2.19 2.79 3.69 3.46

ACC 17.99 19.76 18.17 20.33 8.41 21.65 1417 16.40

p3 PUR 26.64 31.17 29.98 2980 27.16 31.63  28.72 27.95
N Fscore 15.02 8.80 8.66 14.97 5.98 8.93 6.64 10.58
ARI 0.80 3.97 3.70 2.79 0.64 4.30 1.68 3.44

ACC 72.81 69.83 71.50 58.06 53.01 65.08 67.71 66.19
PUR 75.52 73.84 74.81 59.05 5880 68.16  70.04 69.10
Fscore 66.37 61.42 66.14 46.67 4325 5670  60.39 61.24
ARI 62.31 56.79 62.85 40.05 3650 51.56  55.64 56.56

ACC 62.42 62.23 61.15 54.10 5807 57.06 5741 62.20
PUR 65.22 66.34 64.76 56.44 6093 6348  61.32 65.01

D4

DS

Fscore 54.11 51.61 49.72 3834 4895 4502 4690 52.60
ARI 51.46 48.82 46.79 3448 4593 4192 4373 49.86
ACC 60.88 60.71 57.97 5173 57.09 5549 4837 56.04
PUR 63.11 64.14 62.13 56.89 5887 5828  53.06 59.18

D6 Fscore 49.42 49.36 46.06 39.86  46.81 4121 3131 43.42

ARI 48.36 48.30 44.84 3849 4557 3990  29.69 42.13

Table 4: Comparison of overall clustering performance after seman-
tic alignment (%) on six datasets.

5.5 Ablation Study

To evaluate the effectiveness of the proposed method, we con-
ducted ablation experiments to assess the performance of the
proposed historical knowledge base construction and update
method. Specifically, we designed three variant methods to
simplify the construction of the knowledge base. Var-1 elim-
inates the historical knowledge base construction process and
uses only the current batch of data for clustering. Var-2 ran-
domly selects historical samples as the historical knowledge
base. Var-3 incorporates only historical sample information
without adding learned anchor or centroid information when
constructing the historical knowledge base.

The performance of the proposed method and its vari-
ants is evaluated using the ACC metric on the Animal,
NUSWIDEOBIJ, YTF10 and YTF20 datasets. As illustrated
in Figure 3, our proposed method consistently achieves the
highest accuracy, outperforming all three variants on every
dataset. These results confirm that each proposed component
of the historical knowledge base construction and update is
essential to the overall effectiveness of the framework.

6 Conclusion

In this paper, we proposed a novel a real-time semantic con-
sistency incremental multi-view clustering framework to ad-
dress the challenges of efficiency and label inconsistency in
dynamic data streams. By employing a consensus bipar-
tite graph with a k-connectivity constraint, our method en-
ables real-time clustering without additional post-processing.
Key to our approach is an adaptive diversity-aware selec-
tion mechanism that maintains a compact and representative
knowledge base, alongside a semantic alignment strategy that
prevents label drift across sequential batches. Future research
will explore adapting this framework to handle data streams
with an evolving number of clusters and enhancing its robust-
ness against missing views.
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