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Abstract

Multi-view clustering (MVC) has recently attracted
much attention. Most existing approaches are de-
signed for fixed multi-view data, and cannot deal
with the common streaming data in real world.
In this paper, we address this problem by propos-
ing a consistent Anchor guided Continual MVC
(ACMVC) method in a two-stage way. In ini-
tial learning stage, a low-rank anchor graph based
model is constructed. In continual learning stage, to
leverage the historical knowledge, the multi-level
anchor information is reused to refine the model via
adding consistency regularization. It not only pro-
vides prior knowledge to enhance the exploration
on current data, but also captures the similarity re-
lationship between previous and current data, en-
abling a comprehensive exploitation on streaming
data. The proposed model can be optimized effi-
ciently with linear time and space complexity. Ex-
periments demonstrate the effectiveness and effi-
ciency of our method compared with some state-
of-the-art approaches.

1 Introduction

In real-world scenarios, data are usually gathered from di-
verse sources, which form multi-view data and show the na-
ture heterogeneity across views. Learning from such data
has become a hot research topic due to the surge of open-
world problems entailing multi-view data [Sun et al., 2024b;
Jiang et al., 2023; Jiang et al., 2024; Li et al, 2023a;
Zhang et al., 2023a; Sun et al., 2024a; Sun et al., 2023],
especially in unsupervised cases. Clustering aims to divide
data into disjoint groups, which is a fundamental unsuper-
vised task in many applications. Focusing on discovering
the cross-view consistency and complementarity for compre-
hensive data utilization, many multi-view clustering (MVC)
approaches are developed, such as subspace based meth-
ods [Kang et al., 2020; Chen et al., 2022; Qin et al., 2024],
kernel based methods [Liu ef al., 2021b; Ren et al., 2021],
graph based methods [Zhang et al., 2023b; Li et al., 2023b;
Li ef al., 2022a], deep learning based methods [Huang et al.,
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2019; Trosten et al., 2021; Lin et al., 2021; Cai et al., 2022;
Cai et al., 2024], etc. In spite of the success of these ap-
proaches, most of them fall within static MVC approaches,
i.e., they can only handle the problem where the data are
fixed, which is usually not satisfied in practice.

One more generalized issue is that data are continually
collected and accumulated over time, constituting a dynamic
data stream [Wang et al., 2023; Lange et al., 2022]. For ex-
ample, on social media platforms like Twitter, thousands of
images, texts and videos are posted every second from users,
which form continuous multi-view data flow. In an indus-
trial setting, the continuous collection of different sensors
also represents a dynamic stream of multi-view data. Ap-
parently, analyzing and clustering such dynamic data poses
greater challenges than static data.

A straightforward approach to tackle this challenge is to
store all historical and incoming data, and then apply tra-
ditional MVC methods on entire data for clustering. How-
ever, it will incur substantial storage and time overheads,
and also waste the model knowledge obtained from previ-
ous data. Additionally, the gathered data may only be avail-
able temporarily due to privacy concerns. Continual learn-
ing (CL) [Lange et al., 2022] provides an effective solution
to learn from dynamic streaming data, which aims to gradu-
ally expand acquired knowledge and use it for future learning
without re-training all previous data. Concentrating on the
catastrophic forgetting issue, many CL methods are designed,
which can be roughly divided into five categories [Wang
et al., 2023], including regularization-based, replay-based,
optimization-based, representation-based, and architecture-
based approaches. These various methods attempt to inte-
grate new knowledge while retaining previous knowledge,
enabling the model continually adapt and evolve over time.
While CL has been widely studied [Li and Hoiem, 2018;
Zhou et al., 2022; Hou et al., 2023; Li and Gu, 2023], its
exploration of MVC remains relatively limited, leaving a vast
space for further research and investigation.

In this paper, we propose a new consistent Anchor guided
Continual MVC (ACMVC) method for streaming multi-view
data clustering. ACMVC consists of two stages, Initial learn-
ing stage (I-stage) and Continual learning stage (C-stage).
In I-stage, the model learns from existing data, which is the
same as static MVC. In C-stage, a chunk of data arrives
per round, and the model adapts by transferring historical
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Figure 1: Framework of the proposed ACMVC method.

knowledge to explore new data. Figure 1 provides the frame-
work of our method, showcasing the process using two data
chunks. In I-stage, ACMVC adaptively learns some anchors
for each view, and a shared non-negative sample-anchor sim-
ilarity matrix. The matrix not only exploits the consistent and
complementary information, but also aligns the multi-view
anchors. The similarity matrix is further factorized into a
low-dimensional sample embedding and an anchor embed-
ding which preserves the similarity relationships and con-
versely enhances the low-rank property of similarity matrix.
In C-stage, rather than re-learning all previous data, we re-
fine the model by leveraging transferred anchor knowledge.
We achieve it by imposing a regularization term on original
anchors and latent anchor embeddings, which helps to cap-
ture cross-chunk consistency information and enhances the
model’s adaptability and performance. The main contribu-
tions of this work are summarized as follow:

e We propose a new continual multi-view clustering
method, integrating multi-level anchor knowledge reuse.
It can efficiently learn from streaming multi-view data
with linear space and time complexity.

* We solve the problem via a two-stage strategy. In I-
stage, a basic model is built with multi-level anchors and
similarity learning. In C-stage, the model is refined by
adding regularization to reuse anchor knowledge.

* We develop an efficient alternate algorithm to solve the
model. Comparative experiments on popular datasets
demonstrate the effectiveness and efficiency of our
method in clustering streaming multi-view data.

2 Related Work

In this section, we present a brief overview of related research

concerning multi-view clustering and continual learning.
Multi-view Clustering. During the past decade, numer-

ous methods for MVC have been proposed, including graph-

based, subspace-based, kernel-based, and deep learning-
based approaches. Graph-based methods have gained signif-
icant popularity among these techniques [Huang et al., 2022;
Zhang et al., 2023b; Zhang et al., 2022a]. They typically
involve constructing a similarity graph to delineate pairwise
relationships between data points and subsequently applying
classical spectral clustering framework [Tang ef al., 2019;
Wang et al., 2020]. Nevertheless, constructing a complete
n x n graph makes them unapplicable to large-scale data.
Thus, anchor graph-based technique is developed, focusing
on constructing a concise sample-anchor bipartite graph [Li
et al., 2015; Zhang et al., 2024]. This approach greatly re-
duces the time and space consumption while upholding con-
siderable clustering performance. For example, [Kang er al.,
2020] adopt k-means to select representative anchors. [Li et
al., 2022b] propose a directly alternate sampling scheme by
measuring feature score to select anchors. These methods use
heuristic strategies to determine anchors. In contrast, some
researchers take an adaptive approach to learn anchors and
integrate it with anchor graph learning in a unified model.
For example, [Sun ef al., 2021] learn a consensus anchor
matrix and a non-negative graph for all views in a latent sub-
space. Although these methods have attained significant suc-
cess, they generally belong to static MVC approaches, and
cannot handle streaming data.

Continual Learning. CL studies the problem of learning
from an infinite stream of data, aiming to progressively ex-
panding existing knowledge and using it to facilitate future
learning. It is also referred to as incremental learning, life-
long learning in most cases, without a strict distinction [Wang
et al., 2023]. CL encompasses a variety of dynamic scenar-
ios such as instance-incremental, class-incremental, domain-
incremental, task-incremental and more, most of which be-
long to supervised learning. Recently, some researchers
introduced CL into unsupervised MVC, focusing primarily
on two dynamic scenarios, view-incremental and instance-
incremental. To tackle the view-incremental problem, [Yin
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et al., 2021] learn a consensus low-rank and sparse similarity
graph for existing data, and use it to guide new graph learn-
ing upon the arrival of additional views. [Wan et al., 2022]
keep a consensus partition matrix. To tackle the instance-
incremental problem, [Shao et al., 2016] extends the classical
non-negative matrix factorization (NMF) to an online version
with a consistent base matrix regularization. [Hu and Chen,
2019] apply matrix factorization to learn cluster indicators
and a unified base matrix for knowledge reuse.

3 Proposed Method

In this section, we first give the notations and problem defi-
nition, and then delve into the details of I-stage and C-stage
within our proposed ACMVC framework.

3.1 Notations and Problem Statement

Scalar, vector and matrix are denoted by lowercase, lowercase
bold and uppercase bold letters (e.g., b, b, B), respectively.
Tr(-) returns the matrix trace. 1 is a vector whose all elements
are 1, and I is an identity matrix.

Our method addresses the streaming multi-view data clus-
tering problem. We assume a chunk of multi-view data ar-
rives per round. Let X; = {X},X? ..., X7} denote the re-
ceived data in the ¢-th round with total m views, and X} =
(X} 13 XE 053 Xp ] € R™ *dv denotes the v-th view feature
matrix, ny and d,, represent the sample number and feature di-
mension, respectively. In I-stage (round 1), we obtain data X}
and construct an initial model H; for clustering. In C-stage
(round t,t > 2), we receive new data X; and adapt H;_; to
‘H: by jointly acquiring new knowledge and transferring pre-
vious knowledge. The goal is to use the evolving model to
partition all data into c clusters.

3.2 I-stage

During the I-Stage, we need to construct a basic model for
X1, which not only effectively explores the relations among
data for cluster structure discovery, but also offers easy adapt-
ability to process streaming data. Inspired by the efficiency
of anchor based approaches, we first develop the following
primary model:

m

1
min —||IXY — Z,AY||?
WI)A%ZU:lw?H 1 1AT]| %

st.Zy >0, AVAYT =L wll=1w;, >0.

ey

where AY € RF*dv denotes the anchor matrix containing
k anchors, Z; € R™** is a shared sample-anchor similar-
ity matrix indicating the similarity relationship between each
sample and anchors, wy = [wi, w?, ..., w]T € R™isa view
weight vector. We employ orthogonal constraint on Aj to
ensure diverse anchors and avoid arbitrary scaling. The non-
negative constraint on Z makes the learned similarity matrix
physically meaningful.

For a clustering-friendly similarity learning, it is expected
that the similarity matrix Z is low-rank with rank(Z) = ¢,
since the data are approximately drawn from c subspaces [Liu
et al., 2013; Zhang et al., 2022b]. However, it is hard to op-
timize by explicitly enforcing the the rank to be c. Inspired
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by matrix factorization, we factorize the assymetric similar-
ity graph Z into two latent factor embeddings, and address
the following problem:

m

. 1
min —||IXY — Z1AY |3 + || Z1 — F1 V] |3
wi,AY,Z1 — Wy
F1,V; v=1 (2)

AVAYT =1L FTF, =1, VIV, =1,
s.t.
Z, >0,wil=1,w; >0,

where F; € R™*¢and V; € R™*€ can be viewed as sam-
ple embedding and anchor embedding, respectively, which
encode the latent information of samples and anchors. The
sample-anchor similarities are preserved into latent embed-
dings by inner product. Eq. (2) embodies an adaptive learn-
ing process that dynamically seeks representative anchors and
constructs a low-rank similarity graph. The similarities are
preserved into latent representation, where the sample em-
beddings can be used for k-means clustering.

3.3 C-stage

When a new chunk of data X; arrives at the ¢-th (t > 2)
round, it is essential to learn the latent sample embedding F;
like that in I-stage. Moreover, F; should not only discern
within-chunk similarities but also capture the inter-chunk
data similarities. Based on the fundamental model in I-stage,
a straightforward way is to use the same anchors and latent
anchor embeddings to guide new similarity construction and
sample embedding learning, whose objective function can be
described as

m

. 1 v v
min XY — Ze AL |7 + ol Ze — F V|7

wit,Z¢,Fy ot wif 3)
st.Z: >0, FIFe=Lw,1=1w:>0,

where {AY_;}™ , and V;_; are directly inherited from the
historical model H;_1, and it has o =..=A]
and Vt—l = Vt_Q =..= Vl.

However, with the continual increase and distribution shift
of data, the historical anchor information may be sub-optimal
to guide the similarity graph and sample embeddings learning
of new data. Thus, we plan to refine the anchor information
while maintaining their semantic consistency across chunks,
which can be achieved by

v —
t—1 —

A} — A} |3 <er,and [V = Vi |[F <&, ()

where £1, 9 > 0 are tolerance error. For ease of optimization
and avoid intricate parameter adjustment, we formulate the
objective function in C-stage as follows:

: = 1 v v
min —IX} — ZAY|I% + allZe — F V5
wi,AY Zy =
F,, v, v=1
+5 (E IIA?A§_1I%+VtVt—1II%) )
v=1

 JATAY =LF{F, =LV[V, =1,
T\ Ze > 0,wlil=1,w; > 0.
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When 5 — oo, Eq. (5) is equivalent to Eq. (3). When 5 = 0,
Eq. (5) is independent with historical models and no previous
knowledge is used. Eq. (5) extends Eq. (2) by adding regular-
ization on multi-view anchors {AY}™ ; and anchor embed-
ding V. With the guidance of consistent multi-level anchor
information, on the one hand, our model leverages historical
knowledge to enhance the exploration on new data. On the
other hand, the similarities of data in different chunks are also
mined to derive homogeneous latent embeddings, enabling a
comprehensive exploitation for streaming data.

4 Algorithm

In this section, we present the optimization algorithm to solve
the proposed model, and analyze the algorithm complexity.
4.1 Optimization Algorithm

We can observe that, when 8 = 0, Eq. (5) is exactly Eq.
(2), and thus, we only need to optimize the former. We use
alternate search strategy to solve it.

A} Step: Because the anchors of different views are inde-
pendent, we can obtain each view-specific anchor matrix by
solving the following problem:

: 1 v v||2 v v 2
A;’I&I}TI:I wif”Xt —Z A} e+ BIAY — A2 (6)

By utilizing AYAY" = A? | (A?_ ;)T = I, we can convert
Eq. (6) as the following maximum optimization problem:

max Tr (AfTQf) s.t. A;’AfT =1 @)

where Q; = %Z?Xf +BAY_,. This problem can be solved
t
by the following theorem.

Theorem 1. Suppose the singular value decomposition
(SVD) of P = UXVT, the optimal solution to

max Tr(GP) s.t. GG =1, )
is given by G* = VUT,
Proof. By introducing P = UXV7 into Eq. (8), we have
tr(GP) = tr (GUE(V)T) = tr (EVTGU)
= tr(ZM) = Z 8 Mis s ©)

where M = VT GU. It can be easily verified that MM =
I. Thus, we have —1 < m;; < 1, and then

Without of generality, let M = VIGU =1, ie., G* =
VU7?, Tr (GP) gets the maximum. This completes the
proof. O

Z, Step: When other variables are fixed, the optimization
problme of Z; becomes

m

o8 L ixe gz A
5 2 o I1X0 = e |7+ allZe = FVEE. (1)
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Algorithm 1 ACMVC algorithm

Input: Multi-view data stream {X}, Xs, ..., X}, ...}, cluster
number ¢, anchor number k, model parameters «, 3.
Output: Apply k-means on {F1,Fo, ..., Fy, ...}
fort =1;t+ + do
Initialize A}, Z:,F;, V; by 0, and w} = 1/m.
while not converged do

Update {A?}™ by Thm. 1; g =0ift=1
Update Z; by Eq. (14);
Update V; by solving (16); > =0ift=1

Update {w} }7,; by Eq. (19);
end while

I:
2
3
4
5
6: Update F'; by solving (15);
7
8
9
10: end for

Because AYAYT = T, with some simple operation, we can
rewrite the problem as follows:

RN ,
min 0 — [ XPAYT — Ze[[f + al|Ze — F VI E. (12)
2,20 £ wi
It can be further simplified as
min [P Z:||% s.t.Z; >0, (13)
aF VI35  XVAYT fw?

at> 0y T/wy
mal solution of Z; is given by

Z; = max (P4,0). (14)

where P; =

. Obviously, the opti-

F; Step: With some manipulation, we can rewrite the
problem w.r.t. F; as follows:

max Tr (F7Z,V]) st.F/F, =1 (15)
Similar to A7, it can also be solved by Theorem 1.
V; Step: The problem w.r.t. Vy is
max Tr (V] (aZ{F, +BV,1)) st. VIV, =L (16)
We also use SVD to resolve it.

w Step: Defining d = | X} — Z; A} || r, the optimization
problem w.r.t. wy is

. Z (dy)? o4
min s.t. Zwt =1,w, >0. (17
¢ =1 v

wy
According to Cauchy-Schwartz inequality, we get

m dv 2 ; m dv 2 m (ii) m 2
>0 (Z(Uﬁf) (Zwﬁ) > (Zcﬁ) ,

v=1 v=1 v=1 v=1

where (i) holds because ZU wy = 1, and (ii) holds because

dU
U t
wy o<

v .
vV Wy

The optimal view weight is

wy =dy/ Y dy. (19)
v=1

By iteratively executing the above update steps, the objec-
tive function can be minimized until convergence. For con-
venience, we summarize the entire optimization process in
Algorithm 1.
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4.2 Complexity Analysis

Time Complexity. When updating A?, the main time costs
come from the matrix multiplication and SVD operation,
which take O(kd,n;) and O(k*n;) complexity, respectively.
When updating Z,, its complexity is O((c+ d)kn;) with d =
ZT=1 d,. For F; and V, the complexity is O(ckn; + c*ny)
and O(ckn; + k), respectively. The time complexity for
updating w; is O(kdn;). Because k, ¢ < ny, the overall time
complexity of our algorithm is O(dn;), which is linear to the
number of samples.

Space Complexity. The major memory costs of our algo-
rithm are variables A} € Rkxdv 7, ¢ Rm*k B, € RmtXc,
V, € RFX¢. Thus, the space complexity of our method is
also linear to the number of samples.

S Experiment

In this section, we conduct experiments on several popu-
lar multi-view datasets to investigate the effectiveness of our
method and compare it with some state-of-the-art approaches.
We also evaluate the convergence property, running time, pa-
rameter sensitivity, and ablation study of our model. The
computing platform is MATLAB R2019b with Winl0 Sys-
tem, Intel Core 17-8700 CPU@3.2GHz and 16GB RAM.

5.1 Experimental Setup

Datasets. We adopt seven popular multi-view datasets for
experiments, including BBCSportl, Mfeat?, Wiki?, MITIn-
door*, Caltech101, Fashion®, and VGGFace’ datasets. Table
1 lists the general statistics.

Baselines.

* SMVSC [Sun ef al., 2021] adaptively learns unified la-
tent anchors, and a consensus subspace representation.

e OPMC [Liu et al., 2021a] integrates matrix factoriza-
tion and discrete cluster indicator matrix learning into a
unified model.

* OMSC [Chen et al., 2022] jointly considers anchor
learning, anchor graph construction and discrete parti-
tion for efficient MVC.

« EOMSC [Liu et al., 2022] jointly learns anchors and
low-rank anchor graph with a connectivity constraint.

* AWMVC [Wan et al., 2023] learns multiple subspace
representations in different dimensions for each view,
and then fuses them in an auto-weighted ensemble way.

* OMVC [Shao et al., 2016] is an online MVC method,
which learns the latent representations by weighted
NMF and pushes them towards a consensus one.

We compare ACMVC with following baselines:

"http://mlg.ucd.ie/datasets/bbc.html
Zhttps://archive.ics.uci.edu/dataset/72/multiple+features
3http://www.svcl.ucsd.edu/projects/crossmodal/
*https://web.mit.edu/torralba/www/indoor.html
>https://www.vision.caltech.edu/datasets/
Shttps://www.kaggle.com/datasets/paramaggarwal/
fashion-product-images-dataset
https://www.robots.ox.ac.uk/~vgg/data/veg_face2/
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Dataset Sample View Cluster Feature
BBCSport | 544 5 3183, 3203
Mfeat 2000 10 216, 76, 64, 6, 240, 47
Wiki 2688 10 128, 10

MITIndoor | 5360

Caltech101| 9144
Fashion 10000

VGGFace | 34027

67 4096, 3600, 1770, 1240
102 48, 40, 254, 512, 928
10 784,784, 784

50 944, 576, 512, 640

EESOSIRY, B SN S o) ]

Table 1: General statistics of datasets.

e OPIMC [Hu and Chen, 2019] is also an online method,
which directly learns a consensus discrete partition ma-
trix by weighted matrix factorization.

Implementation Details. Our method addresses the
streaming multi-view data clustering problem. To construct
the streaming data, we split the whole dataset into several
chunks, and a chunk of data arrives in each round. The
chunk size is set to 100 for BBCSport, 1000 for Mfeat, Wiki,
MITIndoor, Caltech101, and 5000 for Fashion and VG-
GFace. The source codes of baselines are publicly available,
and we search their optimal hyper-parameters following the
suggestions of original papers. For our ACMVC, we search
the parameters o and (3 in the range of {10°,10!,...,106},
and fix the number of anchors £ = 5¢ in all experiments
for simplicity, where c is the number of clusters. We adopt
five popular clustering evaluation metrics, i.e., accuracy
(ACC), normalized mutual information (NMI), purity (PUR),
adjusted rand index (ARI) and Fscore. The larger values
indicate the better clustering performance. We repeat each
experiment 10 times to report the mean values as well as
standard deviation.

5.2 Clustering Results

Table 2 lists the clustering results of our method and baselines
on seven datasets w.r.t. five metrics, where the best results and
second-best are highlighted in red and blue, respectively. We
have the following observations:

* Our method generally achieves the best or second-best
results on all datasets. EOMSC and AWMVC are two
advanced offline MVC algorithm. They first accumulate
each data chunk, and then perform clustering on the ac-
cumulated data, which can comprehensively explore the
similarity relations among all data. Thus, they also ob-
tain the best and competitive performance in some cases.
Although our method sequentially learns from each data
chunk in an online manner, it still gets excellent re-
sults and outperforms the offline methods like SMVSC,
OPMC, OMSC and EOMSC in most cases, demonstrat-
ing the effectiveness of our consistent anchor based con-
tinual learning mechanism.

* OMVC and OPIMC are two continual learning methods
based on multi-view matrix factorization. The perfor-
mance of OMVC is not desirable, and in most cases, it
is inferior to some offline MVC approaches like OMSC,
EOMSC, and AWMVC. OPIMC generally achieves bet-
ter results than OMVC, and it obtains competitive per-
formance on Wiki, Caltech101 and Fashion datasets.
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Metrics | SMVSC __ OPMC OMSC _ EOMSC _ AWMVC __ OMVC OPIMC Ours
ACC | 42.770(2.10) 53.79(5.12) 44.85(0.00) 41.54(0.00) 78.27(5.06) 69.19(2.81) 57.90(0.00) 80.68(0.10)
E | NMI | 16.192.04) 38.57(5.32) 19.92(0.00) 24.00(0.00) 67.33(2.34) 53.03(1.40) 32.47(0.00) 58.09(0.10)
é‘ PUR | 46.84(3.27) 62.21(4.65) 51.10(0.00) 57.54(0.00) 81.78(2.23) 73.16(0.78) 61.58(0.00) 80.68(0.10)
2 | ARI | 10.23(2.39) 20.90(3.07) 13.73(0.00) 14.65(0.00) 62.64(1.94) 43.72(1.12) 28.25(0.00) 59.16(0.11)
A | Fscore | 32.70(1.95) 42.51(2.88) 35.59(0.00) 33.60(0.00) 70.95(1.48) 56.48(0.86) 46.57(0.00) 69.09(0.08)
ACC | 68.66(8.61) 76.25(5.40) 80.80(0.00) 76.00(0.00) 70.72(5.32) 55.54(3.07) 80.60(0.00) 86.18(0.92)
o | NMI | 7276(4.05) 77.06(3.76) 77.42(0.00) 82.08(0.00) 68.48(2.24) 56.86(1.30) 79.37(0.00) 78.29(0.68)
8 | PUR | 68.87(8.47) 79.16(4.74) 80.80(0.00) 76.20(0.00) 73.01(4.04) 60.39(2.22) 81.25(0.00) 86.18(0.92)
S | ARI | 60.64(7.59) 68.99(6.22) 70.27(0.00) 69.94(0.00) 58.30(4.39) 43.22(2.51) 72.84(0.00) 73.36(1.31)
Fscore | 65.32(6.40) 72.25(5.99) 73.42(0.00) 73.42(0.00) 62.56(3.89) 49.25(2.61) 75.69(0.00) 76.03(1.17)
ACC | 30.51(0.96) 18.89(0.52) 38.59(0.00) 54.82(0.00) 17.41(6.12) 45.62(1.05) 53.99(0.00) 55.10(1.67)
| NMI | 15.76(1.00) 6.01(0.11) 25.00(0.00) 53.26(0.00) 4.40(1.55) 32.52(0.29) 51.82(0.00) 52.96(0.20)
Z | PUR | 34.35(0.88) 22.04(0.44) 41.24(0.00) 61.48(0.00) 19.53(6.86) 48.74(0.55) 58.33(0.00) 61.36(0.33)
Z | ARI | 10.13(0.58) 2.78(0.18) 18.68(0.00) 42.88(0.00) 2.24(0.79) 25.62(0.69) 41.52(0.00) 42.46(1.25)
Fscore | 20.26(0.55) 13.42(0.15) 27.49(0.00) 48.93(0.00) 11.38(4.00) 33.63(0.51) 47.78(0.00) 48.58(1.17)
_ | ACC [ 19.50(0.40) 30.13(1.42) 20.41(0.00) 15.06(0.00) 42.98(1.58) 14.08(0.65) 21.23(0.00) 46.63(1.25)
S| NMI | 34.91(0.19) 45.00(0.39) 38.96(0.00) 28.43(0.00) 56.39(0.79) 26.56(0.40) 36.82(0.00) 58.74(0.76)
2| PUR | 20.16(0.43) 31.80(0.88) 21.19(0.00) 15.60(0.00) 44.82(1.39) 15.02(0.67) 22.72(0.00) 48.71(1.14)
E | ARI | 891(0.13) 15.84(0.43) 8.57(0.00) 5.29(0.00) 29.76(1.01) 3.23(0.37) 9.66(0.00) 31.99(0.94)
= | Fscore | 10.82(0.11) 17.26(0.41) 10.74(0.00) 7.62(0.00) 30.83(0.99) 5.13(0.29) 11.22(0.00) 33.03(0.93)
_ | ACC [2837(0.78) 23.61(0.52) 30.35(0.00) 22.19(0.00) 24.89(1.37) 13.02(0.41) 24.43(0.00) 26.46(0.95)
S | NMI | 34.68(0.64) 43.80(0.38) 36.67(0.00) 25.33(0.00) 48.61(0.68) 30.69(0.21) 33.89(0.00) 48.82(0.33)
S | PUR | 3322045) 42.17(0.43) 34.83(0.00) 26.01(0.00) 46.53(0.95) 28.44(0.54) 32.24(0.00) 47.05(0.47)
S| ARI | 1540(0.82) 22.47(1.85) 15.23(0.00) 8.60(0.00) 19.41(1.58) 7.05(0.37) 17.94(0.00) 19.62(0.98)
O | Fscore | 19.11(0.74) 23.89(1.82) 19.04(0.00) 12.87(0.00) 20.66(1.57) 8.55(0.37) 21.01(0.00) 20.84(0.98)
ACC | 65.19(5.01) 65.74(6.09) 71.54(0.00) 67.73(0.00) 52.39(1.04) 62.33(4.95) 73.03(0.00) 75.77(0.03)
£ | NMI | 7279(1.94) 68.62(2.50) 76.14(0.00) 76.24(0.00) 56.31(1.92) 67.13(2.47) 76.40(0.00) 75.50(0.02)
Z | PUR | 65.78(4.70) 62.86(5.24) 75.09(0.00) 67.87(0.00) 54.27(1.47) 65.97(4.44) 78.79(0.00) 80.15(0.02)
£ | ARI | 60.38(3.61) 54.89(3.72) 62.55(0.00) 59.31(0.00) 44.78(1.08) 53.33(3.46) 63.13(0.00) 65.98(0.03)
Fscore | 64.94(2.97) 59.82(3.22) 66.82(0.00) 64.43(0.00) 49.49(1.62) 58.33(0.30) 67.60(0.00) 69.51(0.03)
ACC | 9.92(0.17) 11.77(0.52) 11.21(0.00) 11.46(0.00) 13.47(0.52) 9.08(0.28) 10.81(0.00) 13.74(0.38)
8| NMI | 11.87(0.24) 14.39(0.53) 14.28(0.00) 14.14(0.00) 16.35(0.41) 10.98(0.11) 14.13(0.00) 15.77(0.33)
5| PUR | 10.33(0.19) 12.87(0.56) 11.87(0.00) 11.88(0.00) 14.53(0.52) 10.04(0.27) 11.81(0.00) 14.71(0.44)
O | ARI | 2.27(0.04) 3.72(0.20) 3.27(0.00) 3.21(0.00) 6.73(0.25) 4.24(0.08) 5.29(0.00)  6.70(0.15)
” | Fscore | 5.34(0.03) 5.72(0.19) 5.99(0.00) 5.86(0.00) 6.68(0.25) 4.17(0.08) 5.12(0.00) 6.62(0.15)

Table 2: Clustering results (%) w.r.t. five metrics on seven datasets.

Compared with the two methods, our approach further
improves the clustering performance, implying that the
adaptive sample-anchor similarity learning and latent
embeddings learning can obtain discriminative represen-
tation for clustering.

5.3 Parameter Analysis

In this subsection, we analyze the influence of model param-
eters o and S on clustering performance. Figure 2 shows the
change in ACC values with different combination of « and
£ on BBCSport and VGGFace datasets. The horizontal axes
are scaled using log;,. We can see that the parameters influ-
ence the algorithm performance. Generally, when « and
are selected from [10%,10°] and [10°, 10?], the results are not
sensitive to the parameters and satisfactory performance is
obtained. Moreover, the number of anchors is fixed as k£ = 5¢
in all experiments. For a comprehensive evaluation, we also
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investigate the influence of £ and display the results in Figure
2. In general, when m is selected from [4, 6], the clustering
results are desirable.

5.4 Convergence and Time Comparison

An alternate optimization algorithm is developed to solve the
proposed model. Since each sub-problem is solved with a
closed-form solution, the algorithm can converge to a local
minimum finally. In this subsection, we experimentally illus-
trate the algorithm convergence characteristic by showing the
change of objective function value. Figure 3 plots the con-
vergence curves on BBCSport and VGGFace datasets. The
curve of I-stage is obtained from the initial data chunk (round
1), while the curve of C-stage is derived from the subsequent
data chunk (round 2). As can be observed, the objective func-
tion value declines swiftly on two datasets, allowing the algo-
rithm to converge within only 10 iterations.
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Figure 2: Parameter analysis of ACMVC w.r.t. &, 8 and k on BBCSport and VGGFace datasets.
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Figure 3: Convergence curves on BBCSport and VGGFace datasets.
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Figure 4: Running time comparison on seven datasets.

We also compare the running time (second) of different
methods. SMVSC, OPMC, OMSC, EOMSC, and AWMVC
belong to static MVC algorithm, and they have to undergo
a complete re-learning process when new data arrives, while
OMVC, OPIMC and our ACMVC are in an online learning
manner. Figure 4 shows the running time comparison results,
with the y-axis rescaled using log,. OMVC is not efficient
because it adopts a Hessian matrix based projected gradient
descent algorithm to solve the non-negative matrix factoriza-
tion problem. OPIMC and our method stand out as the two
fastest algorithms in terms of speed. For example, on VG-
GFace dataset, the running time of our method is less than
50 seconds. These results demonstrate the efficiency our pro-
posed method.

5.5 Ablation Study

To efficiently handle streaming data, our ACMVC transfers
the historical multi-level anchor information, i.e., {A}}7",

5440

BBCSport VGGFace
85 154
80 14
@) 013*
" Q
65 12
60 1"
1 2 3 4 5 6 7 1 2 3 4 5 6 7
k/c k/c
Dataset Ours-A Ours-V Ours-F Ours
BBCSport | 48.58(0.09) 37.39(0.94) 74.41(8.13) 80.68(0.10)
Mfeat 73.36(0.84) 51.89(1.92) 77.25(5.23) 86.18(0.92)
Wiki 53.41(0.00) 32.32(0.71) 54.12(1.17) 55.10(1.67)
MITIndoor | 34.37(1.41) 12.21(0.50) 45.62(2.49) 46.68(1.25)
Caltech101 | 24.25(0.72) 8.72(0.35) 25.17(1.33) 26.46(0.95)
Fashion 73.08(1.32) 48.87(0.78) 75.73(0.07) 75.77(0.05)
VGGFace | 11.78(0.32) 4.44(0.04) 13.71(0.57) 13.74(0.38)

Table 3: Ablation study results w.r.t. ACC (%) values.

and V. In this subsection, we conduct ablation study to eval-
uate the effectiveness of the two knowledge reuse regulariza-
tion. In specific, based on Eq. (5), we establish two vari-
ants Ours-A and Ours-V. Ours-A excludes the " | [|A} —
AY_,||% term, and Ours-V excludes the ||V — V;_1||% term.
Besides, we also evaluate the performance of Eq. (3), which
adopts fixed anchor information for knowledge transfer with-
out regularization, and we denote it as Ours-F. Table 3 reports
the clustering results w.r.t. ACC of the three variants and our
original method on seven datasets. It should be noted that the
model parameters of all variants are also tuned by grid search
to report the best performance for a fair comparison. From
Table 3, we can see that our proposed model achieves the best
performance in all scenarios. Ours-V performs the worst, be-
cause the latent anchor embedding is strongly associated with
sample embedding. Without the guidance of historical an-
chor embedding, the inter-chunk sample relationships cannot
be captured. Ours-F gets competitive results because it also
uses the historical multi-level anchor knowledge. Our method
still outperforms Ours-F, proving the effectiveness of anchor
consistency regularization.

6 Conclusion

In this paper, we propose a consistent anchor guided contin-
ual multi-view clustering method called ACMVC to deal with
streaming multi-view data. ACMVC consists of two stages.
In initial learning stage, an efficient low-rank anchor graph
based model is constructed. In continual learning stage, the
historical model is refined by adding consistency regulariza-
tion to transfer the learned multi-level anchor information.
Experiments demonstrate the superiority and efficiency of our
method compared with state-of-the-art approaches, and abla-
tion studies prove the effectiveness of our designed knowl-
edge reuse mechanism. In the future, we will consider other
advanced knowledge transfer strategies.
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