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Abstract

Clustering incomplete multiview data in real-world applications has become a
topic of recent interest. However, producing clustering results from multiview
data with missing views and different degrees of missing data points is a challeng-
ing task. To address this issue, we propose a co-clustering method for incomplete
multiview data by sparse low-rank representation (CCIM-SLR). The proposed
method integrates the global and local structures of incomplete multiview data
and effectively captures the correlations between samples in a view, as well as
between different views by using sparse low-rank learning. CCIM-SLR can alter-
nate between learning the shared hidden view, visible view, and cluster partitions
within a co-learning framework. An iterative algorithm with guaranteed conver-
gence is used to optimize the proposed objective function. Compared with other
baseline models, CCIM-SLR achieved the best performance in the comprehensive
experiments on the five benchmark datasets, particularly on those with varying
degrees of incompleteness.

Keywords: Incomplete multiview, Co-clustering, Sparse low-rank representation,
Shared hidden view



1 Introduction

In recent years, the availability of multiview data has increased significantly. However,
the success of the current multiview learning approaches heavily relies on complete
and consistent data from various sources [1-6]. Unfortunately, in real-world scenarios,
multi-view data often suffer from incompleteness due to various factors, including
missing views and data points. Moreover, the degree of such data incompleteness varies
depending on the context. For instance, during land multi-view data acquisition, sensor
acquisition failure can easily lead to incomplete optical and SAR image view data. In
the medical field, collecting multi-view medical data with missing records of patients
with different degrees is often necessary due to privacy concerns. To tackle these issues,
incomplete multiview clustering (IMVC) fuses information between multiple views of
complex missing data. However, IMVC is challenging in real-world scenarios. Many
approaches have been proposed to address IMVC to date, which can be grouped into
shallow and deep multiview clustering models.

Shallow IMVC models are limited to low-level features, which can result in samples
representing the same object being restricted to the same potential representation
in the potential subspace [7-9]. In contrast, Wen et al.[10] introduced a structured
deep incomplete multi-view clustering network that combines the spatial relationships
between data points with a deep model. Moreover, this method can directly obtain
the optimal clustering indicator matrix in one stage.

While both shallow and deep approaches to IMVC have been successful in real-
world applications, there are still several limitations that need to be addressed. First,
many existing approaches fail to consider both global and local incomplete multi-
view information. Second, although data recovery and cluster partitions are essential
for IMVC, many existing methods do not combine them effectively. Third, existing
deep learning-based IMVC methods have issues with training stability and clustering
performance. Finally, some existing approaches to IMVC do not demonstrate their
robustness on datasets with missing views and varying degrees of missing data points.

To address the limitations discussed above, we propose a novel framework called
Incomplete Multiview Co-Clustering by Sparse Low-Rank Representation (CCIM-
SLR). As illustrated in Fig. 1, sample 2 lacks the video modality, while sample 3
lacks the text modality. Using the low-rank sparse representation imputation method
we introduced, we effectively restored the missing video modality for sample 2 and
performed text modality imputation for sample 3. Specifically, our approach learns
a low-rank sparse representation matrix for each view, which is then used to fill in
missing samples within each view. This process is achieved through the use of associ-
ation information between missing and observed samples within a particular view, as
well as by considering the association relationships between samples in different views
through learning common subspace representations. Furthermore, by introducing the
filled view data and the learned implicit view data in a clustering process, the data
recovery process and the clustering process can complement each other and lead to
improved clustering results. To ensure even more accurate data recovery, we use the
adjustable low-rank approximation representation model I'-norm, which replaces the
traditional kernel norm that can only produce low-rank feature representations under
certain conditions.
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Fig. 1 Specific examples of case problems and proposed solutions. (a) An example of missing data;
(b) Imputation mechanism; (c) Data recovery.

In summary, the contributions of this paper are as follows.

® This paper presents CCIM-SLR, a novel approach to incomplete multi-view clus-
tering that leverages a low-rank sparse representation matrix to recover data from
missing samples. CCIM-SLR, utilizes association information between missing sam-
ples and observed samples within views, as well as their association information
between views.

e To improve the stability of clustering results for multi-view data with different
missing rates, CCIM-SLR uses the I'-norm model, which is an adjustable low-
rank representation method. I'-norm shows the accuracy of achieving a low-rank
representation and the stability of data recovery.

® CCIM-SLR learns both a visible view and a hidden view within a co-learning frame-
work in an end-to-end manner, using a mutual interplay between the view data
recovery and a clustering process. This approach avoids the need for post-processing
steps such as k-means for final clustering assignment results.

® CCIM-SLR has been validated through both theoretical proofs and experiments.
Based on the experimental results, CCIM-SLR outperformed state-of-the-art
approaches on the five incomplete multiview datasets. The robustness of CCIM-
SLR has been demonstrated through experiments on incomplete multi-view datasets
with different missing rates of data points.

The remainder of this paper is organized as follows: Section 2 provides a review of
related work, while Section 3 outlines the proposed method and methodologies used
in this work. Section 4 reports the experimental results of our CCIM-SLR, together
with comparisons of other methods. This paper concludes in Section 5.

2 Related Work and Background

In this section, we review related work and describe some background on IMVC.



2.1 Related work

As mentioned before, the current approaches to IMVC can be grouped into shallow
and deep ones. As a shallow approach, Guo J et al. [11] proposed a simple and easy-
to-implement method that can reconstruct samples and intersample relations through
anchors and fully integrates intraview and interview similarities. In the literature, a
weighted semi-nonnegative matrix factorization-based method was proposed to reduce
the influence of view incompleteness in clustering [12]. Wen et al. [13] developed a
new graph regularization matrix decomposition model to consider the local geometric
information and the unbalanced resolution of incomplete multiview observations. Wen
et al. [14] proposed introducing a local retention reconstruction term to infer missing
views so that all views can be naturally aligned and adding an adaptive weighting
strategy for capturing the importance of different views. In [15], feature space-based
missing-view inference and manifold space-based similarity graph learning were pro-
posed to better explore the potential information of missing views. Liang et al. [16]
developed a reproduced representation; on this basis, a set of incomplete graphs was
used to make full use of the geometric structure of the data. Yin et al. [17] introduced
a cosine similarity metric to further enhance the preservation of the flow structure of
the original multiview, called incomplete multiview clustering with cosine similarity
(IMCCS).

As for deep approaches to IMVC, Xu et al. [18] designed an adversarial incomplete
multiview clustering (AIMC) method that captures the overall structure and obtains
a deeper semantic understanding by seeking the common potential space of multi-
view data and inferring incomplete data at the same time. Xu et al. [19] proposed
to establish a new multi-view clustering complementarity mechanism that can obtain
supplementary information and be regarded as supervisory information with high con-
fidence. Therefore, this method achieves the consistency information of multi-view
clustering. To solve the incomplete multiview problem by explicitly generating the
data of missing views, Wang et al. [20] applied adaptive fusion and a cycle consistency
generation model for incomplete multiview clustering. The deep IMVC model can take
into account high representation ability and save time and space. For example, Zheng
et al. [21] proposed a method that harnesses the complementary information concealed
within view-specific partial graphs obtained from incomplete views. Furthermore, a
rank constraint is applied to the Laplacian matrix of the fusion graph to enhance the
recovery of the optimal clustering structure in the original data. A generative adver-
sarial network-based model was proposed by Wang et al. [22], which can effectively
generate incomplete view data and capture better common structures in IMVC.

Except for the shallow and deep approaches to IMVC, the incomplete multiview
clustering algorithm with low-rank sparsity [23, 24] and the multiview algorithm with
one-step clustering [25-27] have shown good advantages in the field of the multiview
study. However, these approaches can further be improved by overcoming some limi-
tations as mentioned before. Before presenting our proposed approach of CCIM-SLR,
we need to provide two background works: 1) sparse low-rank representation through
multiview subspace (SRRS) learning; and 2) multiview clustering with the cooperation
of visible and hidden views.



2.2 Multiview subspace learning for sparse low-rank
representation

SRRS has a significant effect on incomplete multiview data recovery [23]. For a
dataset of incomplete multiview {Xv}i=1 with s views, SRRS imputes missing values
of all views by the following expression:
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where R®) e R xm™ g the sparse low-rank representation matrix, m(?) is the
count of missing samples, and m(*) is the observed samples. E(*) € R™** is the noise
matrix, m is the number of all samples (m=m")+m()), t is the unified dimension of
the subspace, ng) is the matrix constructed from the observed samples, and R® ¢
Rmxm g composed of the matrix R(") and the identity matrix constructed from the
indices of the observed samples. PU(E(”)ng)): Rmxd® _, pmxt represents an opera-
tor that projects the samples of all views into the corresponding subspace. SRRS learns
that the common representation of all views is H € R™*!, and adding constraints to
H can effectively avoid trivial solutions. B(R(™), E(*)) is defined as follows:

B(R®, E®™) = X [[R™|1 + Ao |[RY . + A5 | By (2)
where A1, Ay and A3 are the parameters and |[R(")||; and ||[R(")||, represent the sparse
and low-rank constraints on R("), respectively. To reduce the influence of the noise
matrix and make the subspace representations robust, we add a sparse constraint to
E. SRRS is a technique that can impute missing values by taking into account both
intraview and inter-view relations.

2.3 Multiview clustering with the cooperation of visible and
hidden views

Another important work is the multiview clustering model, called multiview clustering
with the cooperation of visible and hidden views (MV-Co-VH) [25]. MV-Co-VH is a
clustering method that integrates and optimizes both visible and hidden views:
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where A is a parameter, matrix U € R¢*™ is the cluster indicator matrix, ¢ denotes
the number of categories, and m represents the number of samples. If u;;=1, sample
j belongs to cluster 4; otherwise, u;; =0. Z={Z1) 22 7®) .. Z"} is the cluster
center matrix for each view. w=|[wy,ws,...ws| contains the weight of each view. H
€ R™*? denotes the shared hidden view of all views. ¢ is the sample dimension of
the hidden view. Z represents the corresponding clustering center matrix from the
hidden view. From Equation (3), MV-Co-VH is a method for extracting hidden views
from multiview data through nonnegative matrix factorization. It is also a multiview
clustering framework that combines explicit and implicit views to obtain clustering
results in one step.

3 The Proposed CCIM-SLR

In this section, we describe our CCIM-SLR method, which learns recovery data from
the global and local structures of their original data with incomplete multiview. Apart
from that, a one-step clustering strategy is also adopted to produce clustering results
that combine shared hidden space and visible view effectively. CCIM-SLR. comprises
two parts: 1) shared hidden subspace learning based on SRRS; and 2) incomplete
multiview co-clustering by SRRS.
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Fig. 2 Overview of CCIM-SLR. CCIM-SLR consists of six major components. (1) dotted module (a)
represents the data input module; (2) dotted module (b) corresponds to the recovery of missing data
through sparse low-rank techniques; (3) dotted module (c) focuses on shared subspace representation
learning; (4) dotted module (d) stands for the partitioning module for the visible view; (5) dotted
module (e) represents the partitioning module for the hidden view; (6) dotted module (f) signifies a
collaborative learning partition module.



The components and the pipeline of CCIM-SLR are illustrated in Fig. 2. As shown,
the proposed framework mainly includes three key modules, i.e., the data input mod-
ule, the missing data recovery module, and the collaborative learning module. These
modules are described in detail in the following sections.

3.1 Shared hidden subspace learning based on SRRS

The low-rank sparse representation-based methods have widely been used to recover
missing data [28-30]. We introduce the y-norm [31], with the primary goal of obtaining
estimations that closely approximate the true rank. Specifically, the y-norm for matrix
R is defined as follows:
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Fig. 3 The performance of different functions on rank estimation changes with the change in positive
(v)

singular value ¢;’ (true rank is 1).

In Equation (4), v is a penalty parameter, and the i-th singular value of the SVD
decomposition of the matrix R is denoted as eg,. However, the y-norm applies only
to the processing of single-view data. To extend to multiview data, we introduce the
I-norm [24] to implement the low-rank constraint on matrix R("), with the following
formula:
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) is the i-th singular value of matrix R®), and if v — 0, we have |R®) | —

rank (R(*)). An appropriate value of 7 (e.g., ¥ = 0.001) is chosen in such as way that
a value that is closer to the genuine rank is obtained.

Fig. 3 is to demonstrate the influence of various functions on the matrix rank as
the singular values vary. From Fig. 3, it becomes evident that the I'-norm outperforms
others in terms of convergence speed and its ability to approach the true rank. The
experimental results show that when y=0.001, the obtained results are closest to the
true rank. To obtain the incomplete multiview shared hidden subspace of data, we
combine the above terms into one model as follows:
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where A1, A2, A3 and A4 are the weight parameters for the data X = {X(l), ...X(“)},
X = [Xc(;f); X((,U)] denotes multiview data, Xc(;) e R xd® represents the matrix
consisting of missing samples, X(()U) e Rm"xd” represents the matrix consisting
of observed samples, d(*) is the sample dimension of the v-th view, m(?) is miss-
ing samples, and m(") is the observed samples. The total number of samples is m
(m=m)+m®)). H € R™** stands for the obtained subspace representation of a hid-
den view, and ¢ is the unified dimension of the subspace. The orthogonal constraint
HTH = I makes the bases independent of each other.

To fully utilize the data observed in other views to recover missing data, we
formulate the missing sample linear reconstruction as Equation (7):

Vo, X = R x () (7)

where R®) ¢ Rmxm) jg composed of the matrix R("), and the identity matrix con-
structed from the indices of the observed samples. To acquire a better representation
of subspace H, we utilize the following operation:

Po(RW X)) = RvX (W) A®)

8
= H+ EW ®)
where E(") € R™** is the noise matrix from the original space to subspace H"), and
A® e RI" Xt i5 the linear transformation matrix that converts the original spatial
data to subspace H("). To guarantee the sparsity of the data, we add L; constraints



[32] to the matrix R. In addition, the Lo ; norm third and fourth terms of Equation
(6) are added to discard irrelevant features.

Similar to the method proposed by [23], our proposed model (Equation (6)) recov-
ers data using constraints on linear representations. Most importantly, Equation (6)
introduces the I'-norm to impose low-rank constraints on the linear representation
matrix. Such a cutting-edge nonconvex low-rank representation method can better
capture the correlation between samples than the kernel norm.

3.2 Incomplete multiview co-clustering by sparse low-rank
representation

Most of the existing incomplete multiview learning methods based on subspaces are
two-step multiview clustering methods (Step 1: subspace acquisition, and Step 2: clus-
tering). These methods do not effectively combine the clustering process with the
filling process. Therefore, we integrate clustering results and shared hidden subspace
learning into the same objective function as expressed in Equation (9).
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where ) is the clustering model weight parameter, U € {0,1}*"" is the partition
matrix, ¢ is the number of clusters, and m is the number of complete samples. When

sample j belongs to class 4, u;;=1, and 0 otherwise. Z= [z1,25,....Z;] and ZW=
[ng)’ zév), ....zﬁ”’} are the cluster center of the hidden view and cluster centers of each
view, respectively.

In Equation (9), the first two terms are about the partition matrix with a clus-
tering algorithm, the goal of which is to obtain the global and local partitions of all
incomplete views. With the joint optimization model, we can capture the correlations
between and within the intraview and interview samples through their sparse low-rank
representation and the hidden view, respectively. By alternating the process of data
recovery and clustering, we can obtain a high-performance padding matrix.



3.3 Optimization procedure

This section presents the Alternating Direction Method of Multipliers (ADMMs) as
a solution for the problem stated in Equation (9). For that, we introduce several
auxiliary variables to transform Equation (9) into the following expression:
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Therefore, the augmented Lagrangian function of Equation (10) is equivalent to
the following function:
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where C{U), Cév), C’él’) are Lagrange multipliers and u is a penalty parameter. Then,
we can solve all unknown variables in the objective function (11) by alternative
optimization as follows:

Update variable R®™): By removing irrelevant terms and fixing the other variables,
the function becomes:

o |7 o |]?
L(R(”)) =|RW — QW 4+ 22| 4+ ||R® —p®) 4 I3
F H F
o1 (12)
+| RO x@A@) _ g oy G
H F

10



The partial derivative of L(R(")) with respect to R(") is given by:
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where S{") = Q@) — L S = M) — S S = —H — E® 4 S and the ¢

operation refers to selecting the row to represent the missing sample from the matrix
according to the index of the missing sample.
By setting OL(R™)/0(R™) = 0, the optimal R(*) can be obtained as follows:
—(SSNA@T X 4 5@ 4 g(v)
2 + X,V A A7 X, (7
Update variable Q("): By eliminating irrelevant terms and holding the other
variables constant, Q(*) can be computed as follows:
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Equation (15) can be computed as[33]:

(15)
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" I
Update variable M(): By removing irrelevant terms and fixing the other variables
in Equation (11), we can calculate M () as follows:

2
M® =argmin A\ | M| + £ HM(”) - p®
{M(v)} 2

. (17)

)

where P(") = R() 4 % We set the nonconvex surrogate of rank(M () as || M) ||¢.
It is difficult to obtain the solution from Equation (17) because it is a nonconvex
function. It can be solved for a nonconvex function through regularization techniques
and the difference of convex (DC) programming proposed by Moreau-Yosida [34].

Hence, the subproblem becomes:
t4+1 t /j,t t t 2
M®™ = argmin A || M™) ||c + & HM(”) - pW (18)
{M(W)t} 2 F

11



To solve Equation (18), we develop Theorem 1 and provide the proof as below.
Theorem 1. Let P = UXpV 7T be the singular value decomposition(SVD) of P,
where Xp = diag(op). Set F(M®) = |[M®'||q = foon.

2
n F(M®)+F HM(v) pr
(i, PO 5 ; 1

Therefore, the problem of the next optimal solution is transformed into M* =
U, VT, where X%, = diag(c*) and o* = proxy,(op), and proxy,(op) is the
MoreauYosida operator, as follows:

provlop) =argmin /() + 5 o = ol (20)

Proof. Given P = ULpV7T, ¥p = UT PV, and recording D) = U@ Py @),
Since it has the same singular value as M), the formula is converted as follows:
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It should be noted that Equation (22) is valid because the Frobenius norm is
unitarily invariant. Equation (23) is based on the Hoffman-Wielandt inequality and
Equation (24) holds as we have Zg\z) = ¥p. Thus, Equation (24) is the lower bound
of Equation (21) as £ = 5 = M®) = y®" D@V ) holds, and the SVD of D)
is D) = U(”)TE(DU)V(”). When we perform a minimization operation on Equation
(25), we obtain o*. Therefore, we have D* = Udiag(c*)V", the optimal solution to
Equation (19). We have completed the proof of Theorem 1.

Through the inspiration from the Moreau-Yosida regularization technique and the
difference of convex (DC) programming, we transform Equation (18) to address the
difference between two convex functions. The concave term is iterated for optimization
in each iteration. Then, the optimization formula is as follows:

p 2
o' =argmin f() + % [lo* ~ b 0

12



which admits a closed-form solution [35], as shown in Equation (28).

o 2, o

t

at point o!, the gradient representation of f(-) is denoted as p; = 9f(c') and

)
U(”)diag(afg)(v)V(”)T is the singular value decomposition of (R(*) %) Through
optimization iterations, the final convergence obtains the best advantage o*. The
solution can be derived as follows:
MO = U®diag(e™ V" (29)
Update variable E®™): after removing the irrelevant terms and fixing the other
variables, the subproblem becomes:
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where Siv) =Rox{MA® — H 4 1—, by setting OL(E™)/8(E™) = 0, the solution

can be derived as follows:
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where Y(*) = diag {)

B, 2
Update variable A™): by removing the irrelevant terms and fixing the other
variables, we can calculate A(*) as follows:
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where G(*) = diag { ’ o T 2 ) e }, and a;" is the i-th row vector of A(").
1 2 2 2 1 n

Update variable H: by removing the irrelevant terms and fixing the other variables,
we can calculate H as follows:

L(H) = /\Zc:iuij |\h; — ZHQ + g ; (HB(U) — HH?) (34)

i=1j=1

~ (v)
where B® = Rv XV A®) — B0 4 ClT By setting OL(H)/J(H) = 0, we can obtain
the optimal H as follows:

13
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Update variable U: We also use the K-means algorithm and Euclidean distance to
measure the similarity between samples. If the distance from the i-th sample to the
j-th cluster center is smaller than the distance to other cluster centers, the element in
the matrix u;; is 1, and 0 otherwise. According to our proposed model, the distance
D;; can be expressed as:

~ 12
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According to the K-means algorithm, the specific update method of matrix U is
as follows:
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Update variable Z("): To update the variable Z(*), we can calculate it by removing
irrelevant terms and holding other variables constant, as shown below:

C
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Z®) can be solved as follows:
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Update variable Z: by removing the irrelevant terms and fixing the other variables,
we can calculate Z as follows:

(4 m
= ~ 12
L(Z)=X)_) ui by =7 (40)
i=1 j=1
7 can be solved as follows: N
N wiih
% = LJN - (41)
Zj:l Uij

Update Variables C{v), C’év), C'?(,v): We update C’fv), C’Q(v), C’?(,v) as follows:

Civ) _ C’{U) + M(E(U)X(gv)A(v) —H—EW) (42)
02(v) _ Cév) + u(R™) — Q) (43)
Cév) — C’év) + p(R®) — M@ (44)
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Update Variables pu: we update p by:

= min(pp, fio) (45)

where p and pg represent preset parameters.

3.4 Complexity analysis of CCIM-SLR

As discussed in Section 3.3, the computational expense of our algorithm is mainly
due to operations such as matrix inversion and singular value decomposition of
self-matrices. The algorithm of CCIM-SLR is summarized in Algorithm 1. The com-
putational complexities of Steps 8, 10, and 11 in Algorithm 1 are approximately
O(m(”)g)7 O( m(“)m(“)z)7 and O(m(“)g)7 respectively. Therefore, the complexity of the
entire optimization of the algorithm is approximately O(T(Qm(”)3 + m”m(”)Q)), where
7 is the number of iterations, m(*) is the number of missing samples, and m(*) is the
number of observed samples of the view.

Algorithm 1 CCIM-SLR

Require: Incomplete multi-view dataset X (*), parameters X, A1, A2, A3, A4, p, fo-
Ensure: The resulting clusters.
1: Initialize H;

2: Initialize U,

3. Initialize E();

4: Initialize L/(”);

5. Initialize V;

6: while not converge do

7: forv=1toV do

8: Update R via Eq. (14);
9: Update Q) via Eq. (16);
10: Update M®) via Eq. (29);
11 Update E™) via Eq. (31);
12: Update A®) via Eq. (33);
13: Update Z() via Eq. (39);
14: Update C\”) via Eq. (42);
15: Update CS”) via Eq. (43);
16: Update C§”) via Eq. (44);
17: end for

18: Update H via Eq. (35);

19: Update U via Eq. (37);

20: Update Z by solving Eq. (41);

21: Update p by p = min(pp; max,, ) ;
22: end while
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3.5 Convergence analysis of CCIM-SLR

In addition to the update step of M), the other steps are easily found to be bounded.
Therefore, we analyze the effect of the update step of M () on our objective function.
We write |[M®)| g as K(M®™) in Eq. (9):

° 2
min S RO ) = SR ) + ) = 5O

(v)
P SO IO
I

where < .,. > represents the sum of the products of corresponding components
between two matrices. . s
Lemma 1. M®" and R®" are bounded if POyt Z(fi“lp)< 00.

Proof. With some algebra, we can obtain:
J(M(v)t R(’U)t C(’U)t"ut)
t—1
J(M(v R(v) C (v) 7/~Lt_1)

— 2
*MHM Sl

(47)
FTr(CS” — o8 — BV
:J(M(v)t R(v)t C(v)”_1 Lt h
(n — N H o@ _ o 12
D |
2(pt- 3 ) F
Then,
v t+1 v t4+1 v)t
J(M®T R®) 703())”ut)
p)tt! )t )t
<J(MO™ RO Ot
SJ(M(U) 7R(w) C(”) t) (48)
<J(M®", R(“ LOST
(u' = M H o' O
il (U]
+ 2(pt- 3 ) F
By iterating the above inequahty (48) t times, we obtain:
)ttt p)t+1 )t
T RO O
<J(M®' RW*' o)’ 0
<J(M® RY.CY ) (49)
(1 —N H (v)* (v)tt
= (C37 —Cy ’
Jr; 2(pit ) F
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: —1 2
As H (C?()v)t - Cév)t )HF is bounded, the other terms included in the right-hand side

of the inequality are also bounded. Therefore, J(M(”)Hl,R(”)Hl,C;)t,Mt) is upper
bounded.
In addition, we have
@ p@ o@' ey Ll a]?
J(M 7R » '3 7M)+27[Lt (3 )HF
' ()" || (50)
KMy L & ‘M(v)"+1 _ R 4 C3t
2 Iz
F

By observing several terms on the right side of Equation (50), we find that each of
them is finite, so MO and R®™ are also finite respectively. Therefore, {M(”)t}

and {R(”)t} are also bounded.

Lemma 2. Let {M(”)t7R(”)t7C§0)t} be the sequence and {M(”)*,R(”)*7C’§U)*}
be an accumulation point. Then {M®" R®™"} is a stationary point if we have
iy o0 1! (RW“ - RW) 0.

t
Proof. The sequence M(”)t,R(“)t,C’év) } is bounded as shown in Lemma
2. By the Bolzano-Weierstrass theorem, at least one accumulation point must

exist in this sequence, e.g., {M(”)*,R(”)*,C’év)*}. Therefore, we presume that
{M(“)t,R(“)t,C'?EU)t} itself converges to {M(”)*,R(”)*,Cgv)* }

Since R — M @)’ = (Cév)t - C?()U)til)/,ut_1 holds, we have lim;_,oo R® —M®)" =
0. Therefore, the primal feasibility condition is fulfilled.
t4+1
For M®""" it holds that

Oum (M(v)H—l’R(v)t’ C:gv)t,/tt) ‘M(v)“rl
—0u K (M(”)t+l> + O 4t (RW —~ MW) (51)

=0 K (M(”)Hl) + s 4ot (R(”)Hl 3 R(”)t) .

If the singular value decomposition of M®) is v diag (02@)) v according to
Theorem 1,

K (M<v>”1) a1y 1= U diag <T<U>) v, (52)

where 7, = 7/(y + 0;)®> when o;# 0; else, it acts as 1/y. Since o; €

(0,1/~] is finite, O K (M(”)Hl) |a(vyt+1 is bounded. C’év)t is bounded as a

Lagrange multiplier. ' (R(”)t+1 — R(”)t) is bounded. Under the assumption that
iy, o ot (R(“)M - RW) =0,
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oK (MW) NGAC - (53)
Hence, {M )" R(”)*,C’év)*} satisfies the Karush-Kuhn-Tucker conditions of
J(M(”)Hrl , R , Cg()v)t). Therefore, {M(”)* , R(“)*} is the point satisfying the condi-

tion.

4 Experiments

This section reports in detail the performance evaluation of CCIM-SLR by compar-
ing it with the state-of-the-art methods against five real-world datasets. Furthermore,
we present experimental results on the proposed optimization approach, and its con-
vergence property to demonstrate the efficiency of CCIM-SLR and the robustness of
CCIM-SLR.

4.1 Datasets

To validate the clustering performance of the proposed method under different data
dimensions, we used the five representative datasets in our experiments. The statistics
of the datasets are listed in Table 1.

Table 1 Statistics of the datasets

Dataset Clusters  Views samples Features
SensIT300 3 2 300 50/50
Statlog 7 2 2310 9/10
Wisconsin 5 2 265 1703/265
WebKB 2 2 1051 1840/3000
Yale 15 3 165 4096/3304/ 6750

® SensIT300 '[36]: SensIT300 contains sensory data collected from an intelligent
transportation system targeting three vehicle types. This is one of the main datasets
used in many research papers to evaluate the performance of clustering algorithms.
This dataset consists of 300 samples under three different classes with two views,
and the sample data in each view consists of features of 50 dimensions respectively.
The three classes are three types of transportation, while the views are split into
vibration information and sound view obtained through sensor transmission.

e Statlog 2[37]: The Statlog dataset was collected by the Vision Group, University
of Massachusetts. The total number of samples in this dataset is 2310. The dataset
contains seven kinds of outdoor images that were hand-segmented to create a classi-
fication for every pixel. Each sample in the dataset has feature dimensions of either
9 or 10.

Lhttps://github.com/Liuzhenjiao123/multiview-data-sets/blob/master/sensIT300.mat
Zhttps://github.com/Liuzhenjiao123/multiview-data-sets/tree/master
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® Wisconsin 3[38]: The Wisconsin dataset is a real-world multiview dataset that
contains 256 samples with different descriptions from 5 different categories (Student
Pages, Program Pages, Course Pages, Staff Pages, and Faculty and Staff Pages).
The content view and reference view are the two types of views identified from each
sample, with 1703 and 265 feature dimensions, respectively.

® WebKB * [39]: The WebKB dataset consists of 1051 samples under 2 classes. Each
sample in this dataset corresponds to two types of features: i) those derived from
the textual content of the web page, and ii) those derived from the anchor text
containing links to other web pages. In this dataset, the dimension of the linked
representation is 1840, while the other dimension is 3000.

® Yale °[40]: The Yale dataset is a collection of 165 pictures from 15 people. The
pictures are distinguished by different expressions, gestures, and lights. The Yale
dataset contains three views. The feature dimensions of each view are 4096, 3304,
and 6750, respectively.

4.2 Baseline approaches

To validate the performance of the proposed CCIM-SLR, we compared it with five IMC
methods: IMC-GRMF [41], IMSC-AGL [42], UEAF [14], DAIMC [12], and HCP-IMSC
[43].

o IMC-GRMF: The IMC-GRMF method uses the orthogonal matrix factorization
technique to learn the latent subspace. The local information of each view is incor-
porated to help fuse the complementary information of views, which results in a
better-shared representation.

o TMSC-AGL: The IMSC-AGL method utilizes low-rank representations of adaptive
learning of graphs in a multiview scenario. To obtain more refined low-dimensional
representations, this model employs a number of spectral constraints.

e UEAF: The UEAF model is designed for incomplete multiview clustering and serves
as a unified and robust embedding alignment approach. Differing from other meth-
ods, UEAF infers incomplete information by maintaining the consistency of the
local structure of the views and learning the local structure shared among multiple
views through reversing graph regularization.

e DAIMC: The DAIMC method is characterized by weighted semi-NMF: semi-
nonnegative matrix factorization, which learns a weight matrix that can be adapted
to multiple incomplete cases. This model performs an Ls ; regularization to obtain
a supplemental cluster-friendly matrix representation that can be shared by views.

e HCP-IMSC: The HCP-IMSC method uses higher-order information to improve
the clustering performance of incomplete multiview. Tensor decomposition is
adopted in the process of capturing higher-order association relations. Then, under
hypergraph-induced superLaplace regularization, the missing view samples are
restricted to be reconstructed by neighboring samples.

3https://lig—membres.imag.fr/grimal/data.html
4https://github.com/Liuzhenjiao123/dataset4
Shttp://www.cad.zju.edu.cn/home/dengcai/Data/FaceData.html
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4.3 Experimental setups

We removed 10%, 30%, 50%, 70%, and 90% of the sample data in each view from
the five datasets with the incomplete view. Specifically, all IMC-GRMF, IMSC-AGL,
UEAF, DAIMC, and HCP-IMSC perform post-clustering operations (e.g., K-means)
based on obtained latent representations to produce their final clustering results. Con-
sidering that the clustering results of K-means are affected by the initialization of seed
points, we performed K-means 10 times in the experiment to obtain the average value.
For setting the parameters of the compared methods, we choose the values within the
parameter ranges specified in the original papers.

4.4 Evaluation metrics

In our experiments, we used four performance metrics to evaluate the clustering per-
formances: NMI - Normalized mutual information [44], ACC - Accuracy [45], ARI -
Adjusted Rand index [46], and F-score [47].

Table 2 Mean NMIs(%), ACCs(%), ARIs(%) and F-scores(%) of different methods on SensIT300 ,
Statlog , Wisconsin , WebKB and Yale datasets

NMI ACC ARI F-score
01 03 05 07 09 01 03 05 07 09 01 03 05 0709 01 03 05 709

SensIT300 IMSC-AGL 2250 19.86 1620 1440 1500 65.74 6273 60.00 5800 56.33 2478 2131 1724 1456 1518 14.93 4337 43.60
SensIT300 DAIMC 2044 1729 1567 1058 889 6408  60.63 5918 5190 50.12 1787 1627 1043 828 4480 4128 40.59
SensIT300 UEAF 2123 1783 1585 1409 1500 6500  60.67 59.33 5800 56.00 1793 1605 1511 1292 4410 4332 4192
SensIT300 IMC-GRMF 1550  8.36 565 474219 6020 5100 4733 3913 35.67 1651 845 572 418007 3699  36.57 47.59
SensIT300 HCP-IMSC 3217 30.08 2122 1867 1532 7212 6517 5786 57.33 56.67 3217 3016 2135 1867 1512 4805 4659 4388

Dataset  Method | PER

SensIT300 Ours 32.70 2688  24.65 19.93 17.37 6813  67.00 64.07 61.27 57.27 2027 2684 2451 19.86 15.21 50.30 47.12 4439
Statlog ~ IMSC-AGL 1081 2051 1351 876 308 2745 3769 30.95 2411 1792 591 1509 7.63 28 027 2159 18.96
Statlog ~ DATMC 47.35 3959 3415 3049 2661 56.66 5129 4452 4119 3526 3611 27.27 1880 1801 13.56 3263 30.99
Statlog ~ UEAF 4383 3761 3498 3261 2083 4809 4610 4351 3740 3918 25.62 2360 1828 1348 1042 3240 29.54
Statlog ~ IMC-GRMF 4393 4176 3821 3107 3031 5468 5384 4745 3636 40.61 3385 3046 2853 1814 1697 3945 30.62
Statlog ~ HCP-IMSC 5043 46.16 4021 36.05 3251 5702 5384 4945 4506 39.56 3812 3211 2631 2017 17.32 3925 3442

Statlog ~ Ours 50.53 4522 4143 37.39 33.84 57.52 53.97 49.76 45.36 41.40 39.02 34.09 29.98 24.93 20.09

Wisconsin  IMSC-AGL 2098 1881 1410 1364 1224 4266 3887 3434 3472 3257 1656 1110 829 501 576
Wisconsin - DAIMC 2987 2652 2404 2210 1675 5139 4377 4566 4883 4400 2496 1695 1652 1588 1270
Wisconsin - UEAF 35.94 4014 3425 33.71 29.21 60.75 5735 5056 5547 45.28 3456 3400 2534 2625 16.06
Wisconsin  IMC-GRMF 25,69 1857 1063 7. 6.2 4369 3721 3328 3907 4410 1452 98T 522 180 051
Wisconsin HCP-IMSC 2721 2413 2663 2553 23.63 50.16  40.11 4932 4415 3811 2112 1741 2032 1701 1413
Wisconsin - Ours 4233 3535 3645 2890 2468 6551 60.98 54.26 4445 4392 42.32 35.57 27.56 1793 1424

WebKB ~ IMSC-AGL 6550 30.11 5013 3522 71 9505  82.78 9134 8506 6213 7936 40.73 67.53 4684 583

WebKB  DAIMC 60.57 5235 4154 4496 3816 9314 9067 8464 90.56 8879 6979 6384 50.72 5951 53.33
WebKB  UEAF 6841 7005 6451 59.63 6L76 9543 9562 9486 9410 94.57 80.97 8LTT 7860 7531  76.99
WebKB  IMC-GRMF 5170 3437 28 9.1 29 9201 8782 6108 7821 7136 67.85 5222 436 2192 1011
WebKB ~ HCP-IMSC ~ 7L11 6823 6112 5392 4572 9512 9321 9208 9172 8686 8212 7921 7712 6745 5275

40.66 36.14 32.15

3202 3211 3257
39.02 4087 36.07
4407 4757 4132
3051 3416 45.97
4021 1478 3742
4738 39.72 4014

8762 79.25
83.63  87.80
9247 9155
59.61 7487
9113 87.23

WebKB  Ours 7331 7225 69.57 67.52 5799 96.63 96.44 9587 95.61 9382 85.53 84.77 82.61 81.33 T385 94.77  93.60
Yale IMSC-AGL 68.49 65.67 70.38 65.71 68.80 67.09 6255 68.97 6133 64.36 44.52 4371 47.32 4446 46.97 59.75 56.67 6206 56.33
Yale DAIMC 5716 5368 5426 4424 4136 5321 508 4879 3721 3442 3244 2687 2521 1449 1136 4142 3136
Yale UEAF 61.21 6187 6102 6084 6197 5521 5588 5485 5515 5558 3781 3870 3791 3684 3831 49.89  50.02
Yale IMC-GRMF  63.67 6412  56.58 46.55 4527 5764 5824 4830 3782 3606 4175 4222 3240 1904 1738 4467 33.52
Yale HCP-IMSC 6442 6377 5851 5336 47.92 5685 6085 5479 53.36 47.92 4160 4138 35.07 2781  20.56 4707 40.88

Yale Ours 66.58 72.37 69.76 6574 6412 6555 63.79 67.73 62.41 6021 4312 5419 4613  45.02 4346 62.14  56.95
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Table 3 Ablation study of the CCIM-SLR performance (%) on SensIT300 , Wisconsin, and

WebKB datasets

Dataset Method \ PER Nt Acc Frscore
0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9 0.1 0.3 0.5 0.7 0.9

SensIT300 Ablation-1 ~ 19.84 1522 1278 1011  6.06  61.82  57.13 5506 5106 46.13 47.60 4418 41.81  39.90 37.46
SensIT300 Ablation-2 20.19 15.41 13.14 7.1 4.2 56.82 53.61 47.13 42.41 56.67 47.85 44.24 42.18 37.55 35.78
SensIT300 Ours 3270 26.88 24.65 19.93 17.37 68.13 67.00 64.07 61.27 57.27 53.79 51.57 50.30 47.12 44.39
Wisconsin ~ Ablation-1 30.75 3618 3371 2713 2419 62.64 5350 51.84 4286 4219 53.86 47.25 47.13  39.05 37.98
Wisconsin  Ablation-2  37.20 38.01 3143 27.67 23.25 60.75 5539 5192 4408 4188 5239 4959 4525 3970  38.21
Wisconsin  Ours 42.33  35.35 32.45 28.90 24.68 65.51 60.98 54.26 44.45 43.92 59.10 54.17 47.38 39.72 40.14
‘WebKB Ablation-1 68.33 57.15 49.34 41.11 4.1 94.53 88.69 85.11 56.17 50.12 92.09 84.78 80.71 57.82 56.77
WebKB  Ablation2  63.82 4149  26.64 1412 523 9392  83.93 7326 5751 5701 9132 7806 66.19  57.84 6171
‘WebKB Ours 73.31 72.25 69.57 67.52 57.99 96.63 96.44 95.87 95.61 93.82 94.99 93.88 94.77 93.60 91.30

Table 4 Two incomplete multi-view clustering methods based on association models exhibit
differences in ACCs(%), F-scores(%), running time (seconds), and computational complexity when
applied to datasets SensIT300 and Statlog, with 50% incomplete samples in each view. m, denotes

the number of observed samples.

Dataset Method ACC F-score Running time (seconds) computational complexity

SensIT300 HCP-IMSC 57.86 48.05 1.4312 O(sm® + s(m —mo)> + emslog(s) + em?s)
3 2

SensIT300 CCIM-SLR 64.07 50.30 1.4284 O(r(2m™” 4+ m'm()"))

Statlog HCP-IMSC 49.45 39.25 219.9447 O(sm® + s(m — mo)® + cmslog(s) + cm?s)
3 2

Statlog CCIM-SLR 49.76 40.66 62.7427 o(r(2m™” 4 m*m®)"))

e NMI - Normalized mutual information: The
quality of clusters defined as:

NMI =

N,
c C 7
iz 23:1 N jIn N

NMI indicator measures the

053

Vg

N; .
\/ (325 Niln ) (3255, Njln

N;
)

(54)

where N is the number of samples in a complete view, N; and Nj are the numbers of
samples in the i-th cluster and the number of samples of the j-th label, respectively.
The number of samples in the intersection between the i-th cluster and j-th label

is represented by IV, ;.

® ACC - Accuracy: ACC measures the cluster quality. ACC is estimated by:

ACC = Lz O(map(ri), 1)

N

(55)

where N is the number of samples, r; and [; are a predicted cluster label of x; and
the corresponding ground-true label, respectively. If x=y, then §(x,y) = 1, and 0
otherwise. map(r;) represents the function of the optimal permutation mapping.

e ARI - Adjusted Rand index (ARI): ARI is a performance evaluation indicator
of the clustering model. A larger value indicates a better clustering result. ARI is
calculated using the following four indicators: 1) A true positive (TP) represents
true positive, 2) A true negative (TN) means true negative, 3) A false-positive (FP)
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is false-positive, and 4) A false-negative (FN) is false-negative. ARI is formulated as:

2x (TP-TN — FN - FP)
(TP +FN)(TN + FN) + (TP + FP)(FP + TN)

ARI = (56)

e F-scores: The F-score integrates the recall and precision of a classifier into a single
metric that compares the performances of two classifiers:

precision X recall
F — score =2 x

57
precision + recall (57)

. TP Creeat] — TP
WGTGpT@CZSZOTL—TP+FP,aH reca _TP+FN

4.5 Comparisons of the performance of clustering and
discussion

Table 2 lists the evaluation scores of NMI, ACC, ARI, and F-score and the results
of different IMC baseline methods and our proposed method on the five datasets
with different missing rates. From this table, we can make the following important
observations.

1) Based on the experiments, our proposed CCIM-SLR achieved the best perfor-
mance compared with all other state-of-the-art methods. In particular, our method
achieved 96.63% accuracy on the WebKB dataset with missing 10% samples. Com-
pared to the proposed CCIM-SLR, IMSC-AGL obtained comparable results on the
Yale dataset. However, CCIM-SLR still shows its superiority on other datasets with
an increased missing rate.

2) Although UEAF exhibits good performance in terms of metric scores, it lacks
robustness. The main reason for this is that performing well, UEAF must satisfy the
condition that the feature dimensions of all views are larger than the cluster number.
From this perspective, our method has stronger robustness in handling complex types
of incomplete multiview.

3) In general, DAIMC ignores padding for missing views. As a result, the achieved
NMI score of our proposed CCIM-SLR is 28.03% higher than that of DAIMC in a
case in which 50% of samples in the Webkb dataset are missing. CCIM-SLR uses an
advanced filling mechanism. The experimental results show that this mechanism can
result in better clustering performance.

4) Compared with IMC-GRMF, CCIM-SLR can maintain meaningful semantic
relationships between the original view by building a consistent structure. In particu-
lar, clustering performance on the datasets with large differences in sample dimensions
between Wisconsin and WebKB. CCIM-SLR can handle all kinds of incomplete data,
which is much better than IMC-GRMF.

5) From Table 2, the performance of HCP-IMSC in terms of several metric scores
is superior to other compared methods, which shows the advantage of capturing high-
order correlation. In a case of an increasing missing rate, CCIM-SLR, however, can
produce excellent incomplete multiview clustering results.
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4.6 Parameter sensitivity of CCIM-SLR

Comparative experiments are performed in this section to investigate the sensitivity
of each parameter of CCIM-SLR. Because the NMI index can objectively evaluate the
accuracy of the comparison between a community division and the standard division,
we use NMI to determine the range of parameters under satisfactory clustering results.
Our main focus is on the following parameters in Equation (9): clustering model weight
parameter A, sparsity term parameter A\i, low-rank term parameter Ao, noise term
parameter A3, flexible term parameter A4, and Lagrange operator control parameters
w and p.

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
A A

(a) SensIT300 (b) Statlog

0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1
X A

(c) Wisconsin (d) WebKB
Fig. 4 NMI (%) versus parameter A of the proposed CCIM-SLR on the (a) SensIT300 dataset with
10% incomplete samples of each view, (b) Statlog dataset with 10% incomplete samples of each view,

(c) Wisconsin dataset with 10% incomplete samples of each view, and (d) WebKB dataset with 10%
incomplete samples of each view.

1) Parameter A: Fig. 4 shows the NMI (%) scores for different scales of A parame-
ters. Our proposed CCIM-SLR achieved satisfactory performances on the SensIT300,
Statlog, Wisconsin, and WebKB datasets when A was in the range of [0, 0.9], [0,
0.9], [0, 0.9], and [0.6, 0.9], respectively. Based on the results, the best values for
the A parameter should range between [0.6, 0.9]. These values are used in further
experiments.
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(a) SensIT300

(c) WebKB (d) Wisconsin

Fig. 5 NMI (%) versus parameters A\; and Az of the proposed CCIM-SLR on the (a) SensIT300
dataset with 10% incomplete samples of each view, (b) Statlog dataset with 10% incomplete samples
of each view, (c) Wisconsin dataset with 10% incomplete samples of each view, and (d) WebKB
dataset with 10% incomplete samples of each view.

2) Parameters A\; and Ay: We explored the details of parameters A\; and Ay in
Equation (9) by applying CCIM-SLR to the SensIT300, Starlog, Wisconsin, and
WebKB datasets with a 10% incomplete-view rate, as shown in Fig. 5. In our analyses,
the performance of our algorithm is shown to be insensitive to A; and Ay parameters.
As shown in Fig. 5, the values of the indicators of clustering do not change significantly
as the values of the parameters change.

3) Parameters A3 and A\y: We evaluated the NMI score for different values of A3
and A4 parameters in Equation (9) on the SensIT300, Statlog, Wisconsin, and WebKB
datasets with an incomplete-view rate of 10%. Fig. 6 depicts the best clustering results.
Based on the experiments, the most suitable values for the candidate parameters A3
and A4 range from [1,10] and [0.1,100], respectively.

4) Parameters p and p: Fig. 7 shows the NMI versus p and p parameters in Equation
(45) on the SensIT300, Statlog, Wisconsin, and WebKB datasets with an incomplete-
view rate of 10%. The experimental results show that if u ranges from [0.5,10] and p
from [1,1.1], our CCIM-SLR performed best.
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(a) SensIT300 (b) Statlog

(c) Wisconsin (d) WebKB

Fig. 6 NMI (%) versus parameters A3 and A4 of the proposed CCIM-SLR on the (a) SensIT300
dataset with 10% incomplete samples of each view; (b) Statlog dataset with 10% incomplete samples
of each view; (c) Wisconsin dataset with 10% incomplete samples of each view; and (d) WebKB
dataset with 10% incomplete samples of each view.

4.7 Ablation study

To investigate the impact of each component of CCIM-SLR on its overall perfor-
mance, we performed two ablation experiments on the three datasets. Specifically, we
removed the hidden view from the clustering part in Ablation 1. Ablation 2 replaced
the adjustable I'-norm with the traditional kernel norm to produce a low-rank rep-
resentation. The experiment results are reported in Table 3. From this table, we can
find that although the NMI score of Ablation 2 is 2.66% higher than that of CCIM-
SLR at a missing rate of 30%, CCIM-SLR still performed well in all other cases. This
indicates that the adjustable low-rank representation I'-norm can obtain better filling
performance than the traditional kernel norm. In addition to this, we can find that
clustering with the removed hidden views produced the worst results, which indicates
that the fusion results of multiview directly affect the clustering results.

4.8 Robustness experiments

To further demonstrate the robustness of the proposed CCIM-SLR algorithm, we
conducted experiments on two datasets, SensIT300 and Statlog, with varying degrees
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(a) SensIT300 (b) Statlog

(c) Wisconsin (d) WebKB

Fig. 7 NMI (%) versus parameters p and p of the proposed CCIM-SLR on the (a) SensIT300 dataset
with 10% incomplete samples of each view, (b) Statlog dataset with 10% incomplete samples of each
view, (c) Wisconsin dataset with 10% incomplete samples of each view, and (d) WebKB dataset with
10% incomplete samples of each view.

of missing data. Specifically, we set missing rates to (50%, 40%, 60%, 70%, and 80%)
and (40%, 40%, 80%, 60%, and 70%) for SensIT300 and Statlog, respectively.

In Fig.8(a), we compare the clustering performance of CCIM-SLR, HCP-IMSC,
and IMC-GRMF on the SensIT300 dataset across the different missing rates. Our
proposed algorithm is the most stable, except for the 40% missing rate. Similarly,
in Fig.8(b), we show the clustering performance of CCIM-SLR, HCP-IMSC, and
UEAF on the Statlog dataset with the above-mentioned missing rates. Our proposed
algorithm still performs the best, except for the 40% missing rate.

Overall, our experimental results demonstrate that CCIM-SLR is robust and
performs well on datasets with varying degrees of missing data.

4.9 Experiments on the convergence of CCIM-SLR

As presented in Section 3.3, the objective function of CCIM-SLR is divided into sev-
eral subproblems, with each subproblem being analytically solved. The CCIM-SLR
algorithm adopts an alternating iterative optimization procedure. The objective func-
tion monotonically decreases until it converges. As shown in Fig. 9, the experimental
results have demonstrated the correctness of the theoretical proofs in Section 77.
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Fig. 8 Comparisons of robustness experiments on SensIT300 and Statlog Datasets.
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Fig. 9 Objective function values versus the iteration steps of CCIM-SLR on the (a) Statlog and
(b) WebKB face databases, in which 10% samples are randomly selected as the paired samples.

4.10 The effectiveness of CCIM-SLR on the datasets

As shown in Table 4, the following presents the performance of two methods that utilize
association information to constrain the reconstruction of missing view samples in

terms of clustering metrics, execution time, and complexity. One employs hypergraph-

induced hyper-Laplacian regularization, while the other focuses on intra-view and
inter-view association information.

5 Conclusion

In reality, datasets that are collected often contain data samples with incomplete mul-
tiview, and the number of such samples varies significantly. This presents a challenge
for clustering methods. To address this issue, a novel incomplete multiview cluster-
ing method called CCIM-SLR has been presented in this paper based on a sparse
low-rank representation. In particular, CCIM-SLR measures the correlations between

samples with the same views using sparse low-rank learning, while also capturing
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the correlations between different views through shared hidden view learning. More-
over, the proposed method learns the shared hidden space, visible view, and cluster
partition alternatively, thus avoiding the sensitivity of postprocessing methods like
K-means to initial parameter values. This improves performance, as demonstrated
through both theoretical proof and experimental comparison with advanced meth-
ods for IMVC on five representative datasets. The experimental results showed that
our CCIM-SLR achieved good performance, especially on datasets with an increasing
number of incomplete samples.
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