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Incomplete Multiview Clustering Using
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Abstract—Multiview clustering task groups objects using mul-
tiple properties, such as RGB images, infrared images, and
texture information. However, incomplete multi-view clustering
faces significant challenges due to missing views that hinder
clustering performance. This paper proposes a Discrimina-
tive Feature Recovery and Tensorized Matrix Factorization
method (DFRTMF) that effectively recovers missing views, learns
low-dimensional discriminative embeddings, and enables direct
clustering. DFRTMF addresses high dimensionality through pro-
jection learning and enables the output of soft indicators. To
improve projection and facilitate the recovery of missing views,
we propose an uncorrelated constraint based on the scatter
matrix of the recovered complete data, exploring the correlations
between observed and missing views. To capture high-order
correlations among views, a low-rank tensor constraint based on
tensor Schatten p-norm regularization is applied to a third-order
tensor composed of soft indicator matrices. DFRTMF adaptively
controls the inter-coordination between these factorizations using
view weights to optimally explore complementary information.
Furthermore, we propose an alternating optimization algorithm
based on the Alternating Direction Method of Multipliers to
effectively solve the proposed objective function. Extensive exper-
iments across diverse datasets demonstrate the effectiveness of
DFRTMF compared to the state-of-the-art methods.

Index Terms—Multi-view clustering, incomplete data, matrix
factorization, discriminative feature.

I. INTRODUCTION

ITH the fast development of multimedia technologies,
Wone can collect diverse information about the same
object from different perspectives, such as color, depth, and
textual information. These data that reflect different properties
of objects are referred to as multiview data [1], [2], [3], [4].
Compared to single-view data, multi-view data offers greater
information gain for multimedia data analysis. As one of
foundational data analysis technologies, multi-view clustering
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Fig. 1. Incomplete multi-view dataset: This dataset consists of three samples,
each with two views. The dashed box means the view is missing.

has attracted significant attention in the field of multimedia
applications. For example, remote sensing image clustering
[51, [6], [7], [8], [9], image reranking [10], and medical image
segmentation [11].

Most existing multi-view clustering methods assume that
all views of objects are available and complete [12], [13],
[14], [15], [16]. However, in real-world scenarios, equipment
malfunctions and data transmission issues can lead to missing
features. As shown in Fig. 1, different visual features in
scene recognition, such as RGB and infrared images, represent
multiple views, but some scenes may not have all views
[17]. Another typical example is in brain activity monitor-
ing, where functional Magnetic Resonance Imaging (fMRI)
and Electroencephalography (EEG) are selective. Only certain
patients undergo both tests, while others may require only
one of the measurements [18]. It is clear that existing multi-
view clustering methods struggle to cluster the multi-view
data with missing views, as they cannot learn a common
clustering partition matrix for all views [19]. Some efforts
have been made to adapt learning methods for incomplete
multi-view data [20]. For example, [21] proposed a low-
rank tensor learning method to recover complete graphs from
biased subgraphs corresponding to incomplete views. Ref-
erence [22] developed a late fusion model based on initial
clustering partition matrices. These incomplete multi-view
clustering (IMVC) methods primarily focus on observed views
and ignore the underlying semantic information from the
missing views. Consequently, when the missing ratio is large,
the performance of these methods may become unstable.
Recently, researchers have focused on inferring or recovering
missing views to enhance various tasks. In the computer

1051-8215 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Universidade de Macau. Downloaded on December 04,2025 at 02:00:09 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0000-6065-7651
https://orcid.org/0000-0001-5817-1732
https://orcid.org/0000-0002-4487-6384

WANG et al.: INCOMPLETE MULTIVIEW CLUSTERING USING DFRTMF

vision community, 3D Gaussian Splatting models have gained
significant traction for generating unseen views, enabling visu-
ally realistic renderings that support a range of downstream
applications [23], [24]. In machine learning, missing view
imputation aims to improve clustering performance [25]. A
notable example is incomplete multi-view subspace clustering
(IMVSC) [26], where subspace learning captures intrinsic data
structure, facilitating infer missing views [27]. For example,
[28] introduced a between-view preserving constraint among
subspace representation matrices to guide the recovery of
missing views. However, most methods struggle with high
temporal and spatial complexity levels [29]. For instance, if n
denotes the number of data samples, it requires O(n?) space for
representation matrices and O(n*) time for spectral clustering,
limiting their widespread applications [30]. Other prevalent
IMVC methods for recovering missing views primarily rely
on matrix factorization strategies [31]. For example, [32]
proposed inferring the original missing data by leveraging
the manifold structure of features and a unified embedding
process. While these methods provide good interpretability
and generalization [33], they still face several limitations:
1) They inadequately address high dimensionality and low
separability, which may hinder the model performance; 2)
The recovery of missing views may be imprecise due to
neglecting explicit correlations with observed views, limiting
the adequate refinement of the underlying data distribution;
3) The assumption of a consistent coefficient matrix across
views ignores differences among them, potentially leading to
overfitting and suboptimal performance.

To simultaneously address the above-mentioned three limi-
tations, we propose a method called Discriminative Feature
Recovery and Tensorized Matrix Factorization (DFRTMF).
DFRTMF projects the original data into a low dimensional
space to address high dimensionality and infers missing
features at index positions. Unlike existing uncorrelated con-
straints based on observed views, it facilitates subspace
learning through a global uncorrelated term, enhancing feature
separability and improving missing view recovery. Addi-
tionally, it considers view discrepancies among coefficient
matrices in a tensor to relax the hard consistency constraint.
Our main contributions are as follows:

e We propose an incomplete multi-view clustering method
that integrates complete discriminative feature recovery
and tensorized matrix factorization in a unified model.
This model achieves missing view imputation, discrimi-
native subspace learning, and soft indicator generation.

e We propose a dynamic uncorrelated constraint based
on the scatter matrices of the recovered complete data.
This constraint facilitates subspace learning for intra-view
discriminability and enhances missing view recovery by
exploring the explicit correlations between observed and
missing views.

e We apply a tensor Schatten p-norm to a third-order
tensor composed of soft indicator matrices. This approach
relaxes the divergence among different indicator matrices
and enhances the inter-view spatial low-rank structure.

e We devise an alternating optimization algorithm to effec-
tively solve the proposed objective function. Extensive
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TABLE I
DESCRIPTION OF USED NOTATIONS

Notation Explanation

U x Y € R"1X1aXn3 tproduct of two tensors U € RM1XM2X"13 gnd Y €
Rn2XngXxXng

The transpose of a tensor Z € R™1%"2Xn3

ZT c R"2 Xmni1Xng

IZ]1% The tensor Schatten p-norm of a tensor 2
ZT € Rr2Xm The transpose of a matrix Z € R™1Xn"2
|Z|| The F-norm of a matrix
tr (Z) The trace of a matrix
X, € Rdvxn Original incomplete data with zero padding
H, € Rdvxn Recovered complete data
P, € RiXdv Projection matrix
S: = H,UUHI + ~I Global scatter matrix
G, € RIxk Orthogonal basis matrix
F, € RiXk Non-negative soft indicator matrix
F € REXVxn Third-order tensor constructed from F,,

experiments on diverse datasets demonstrate the effec-
tiveness of our method.

Notations throughout this paper are summarized as follows:
We use bold lowercase letters z, bold uppercase letters Z €
R™*" - and bold calligraphy letters Z € R™*™*™ to rep-
resent vectors, matrices, and third-order tensors, respectively.
Moreover, Z denotes the discrete Fourier transform (DFT) of
Z along the third dimension, so we have Z = ffi(Z,11,3)
and Z = if ft(z, [1,3). The i-th frontal slice of Z and Z are
represented as Z? and 2(’), respectively. More notations used
in this paper can be found in Table I.

II. RELATED WORK
A. Non-Negative Matrix Factorization-Based IMVC Methods

Non-negative Matrix factorization (NMF) [34] aims to find
a low-dimensional discriminative coefficient representation
based on a compact basis matrix. The resulting matrix product
can adequately approximate the original data matrix. Inspired
by the significant success of NMF, [35] extended NMF to
IMVC by filling in the missing views with average features
and performing matrix factorization. Reference [36] intro-
duced weight matrices into the NMF framework to circumvent
manual data filling. References [37] and [38] seamlessly inte-
grated matrix factorization and graph regularization techniques
to enhance performance. Reference [33] learned consensus
projection embeddings to address the imbalanced information
among views, while [39] extended NMF to new scenarios
where data observations from views are accumulated over
time. These methods primarily focus on observed data but fail
to address distribution deviations caused by a large missing
ratio. References [32] and [40] proposed inferring missing
views using a matrix factorization model. However, they
ignore the issues of high dimensionality and poor separability
and do not consider the spatial structure among views.

B. Low-Rank Tensor Learning-Based IMVC Methods

Graph-based methods investigate pairwise correlations to
capture clustering structures, achieving significant perfor-
mance [9], [41]. Most methods further explore the high-order
spatial correlations among views to enhance performance.
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Fig. 2. The proposed DFRTMF model: With data imputation performed at the missing positions, DFRTMF projects sample features into discriminative
subspaces, using G-orthogonal matrix factorization to derive intra-view soft indicator matrices. A global uncorrelated constraint enhances intra-view
discriminability of low-dimensional embeddings while leveraging explicit correlations between observed and missing views to enhance missing view recovery.
A tensor Schatten p-norm is applied to the third-order tensor J to capture the inter-view correlations. This model adaptively balances the contributions of
different views to derive the optimal soft indicator matrices F,, yielding improved clustering results. An alternating optimization algorithm iteratively updates

each variable until convergence.

Low-rank tensor learning extends from low-rank matrix learn-
ing by integrating multiple matrices as front slices, enabling
the exploration of both complementary and consistent infor-
mation within high-order spatial data. Tensor singular value
decomposition (t-SVD) [42] techniques achieve the convex
envelope of the tensor average rank, effectively capturing the
low-rank structure of a tensor. Inspired by this, many low-rank
tensor learning-based IMVC methods have been proposed.
Reference [43] employed t-SVD to recover complete sparse
graphs from incomplete subspace representations. Reference
[44] integrated t-SVD with anchor learning to enhance anchor
graphs [17]. Reference [45] applied t-SVD to derive the fused
kernel matrix from incomplete kernel matrices. Reference [26],
[28], and [46] incorporated tensor learning to impute missing
views, achieving promising results. Reference [47] utilized
low-rank tensor learning to jointly learn low-rank complete
graphs and data. However, these methods ignore the explicit
correlations between missing and observed views, which may
result in significant deviations in missing view imputation.
Recently, a general tensor nuclear norm has been proposed
based on t-SVD. This norm is derived through weighted
tensor Schatten p-norm minimization (WTSNM) to explicitly
incorporate prior knowledge of the singular values of tensor
data [48].

Definition 1 (tensor Schatten p-norm [48]): Given a third-
order tensor Z € R™*"2>" the tensor Schatten p-norm of Z
is given by

==

n3 min(n,ny)

) (S ey
e =1 j=1 '

P _
1212, =

n3
2
2
(1)

where, o (g(i)) is the j-th singular value of matrix
Z,0<p<l.

III. PROPOSED METHOD
A. Objective Function

Fig. 2 illustrates the framework of the proposed DFRTMEF.
DFRTMF focuses on recovering missing views of incomplete
multi-view data to enhance clustering performance. The data
imputation operation is performed only at the missing posi-
tions. To reduce redundant information and maximize feature
separability, we perform discriminative projection learning on
the recovered complete data, identifying the low-dimensional
discriminative subspaces for each view. Next, orthogonal NMF
is applied to the complete discriminative embeddings to obtain
view-specific soft indicator matrices. Mathematically, we for-
mulate this process as follows:

min

14
2 T2 2
a, |P,H, - G,F + 4P
Lpmin le |PHL - G + A1

st. PSPI=14,>0 a"1=1.

G/G, =1, (H)r, = X))r,, 2

where X, € R%*" denotes the original incomplete data for the
v-th view, with missing views represented by zero padding.
d, indicates the original feature dimension, while n and V
represent the total number of samples and views, respectively.
We minimize the reconstruction loss to impute the missing
views. H, € R¥*" indicates the recovered complete data.
T, represents the index of available data for the v-th view.
The constraint (H,)r, = (X,)r, ensures that the entries of H,
are equal to those of X, at these positions. The projection
matrix for the v-th view is P, € R™%_ which maps H, to the
subspace of R/*". This projection addresses the problem of low
separability while also serving the purpose of dimensionality
reduction. S} is a scatter matrix, and the constraint P,S)P] = I
ensures that the subspace data are statistically linearly inde-
pendent. Additionally, G, € R/*¥ is the basis matrix, and
F, € R"ﬁk is the indicator matrix. An orthogonal constraint
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Fig. 3. The third-order tensor construction process.

GG, =1 is imposed on G, to enhance the discriminability
of the bases. The constraint a, > 0,a’1 = 1 balances the
contributions of different views and allows a? to serve as an
adaptive weight of the v-th view. A is a trade-off parameter.

Existing methods fail to establish the explicit correlations
between observed and missing views, which may lead to
significant imputation deviations [32]. To explore the correla-
tions between observed and missing views, we define scatter
matrices S! as H,UH] +yL.! We set U simply as the identity
matrix in this paper. Instead of computing scatter matrices
solely from the original observed data, given by S, = X, X,
the proposed scatter matrices calculate the variances using both
observed feature variables and imputed variables. Thus, this
global uncorrelated constraint effectively captures the shared
subspace between the observed and missing views, thereby
facilitating the imputation of missing views.

The ideal indicator matrices F, across views should be
consistent. Existing methods typically use the Frobenius norm
to measure inter-view errors element by element during fusion
[37]. However, distinct clustering structures in different views
can lead to inconsistencies among these indicator matrices.
This reliance on the element-wise measure may result in
overfitting and overlook high-order correlations among the
views. Therefore, more effective regularization is necessary
to encourage the convergence of these indicator matrices.
To effectively explore the complementary information among
views, we minimize the spatial divergence between different
indicator matrices F, by imposing a tensor low-rank constraint
on the third-order tensor F. Thus, our final objective function
is formulated as follows:

\4
min ;ag |PH, - GF] [} + 4IP3 + BIFIL,

st. PSPl =La,>0,a"1=1.
G, G, =LF, >0,(H,)r, = X))r,. 3)

where Q = {a,,P,,H,,G,,F,,F} is a set of variables.
F € R¥XVXn i a third-order tensor constructed from the
matrices F,, as illustrated in Fig 3. The i-th frontal slice
F represents the relationships between samples and clusters
across different views. By imposing a tensor Schatten p-
norm minimization constraint on F, we ensure that each F®
exhibits a spatial low-rank structure, effectively characterizing
the complementary information among different views. Addi-
tionally, a non-negative constraint F, > 0 is applied to ensure
that F, serves as a soft indicator, directly characterizing the
cluster structure. The position of the maximum value in each

ly is a coefficient to ensure that the scatter matrix is positive definite.
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column of F, indicates the cluster assignment, yielding cluster
labels without any post-processing. The parameter 0 < p < 1
is a manually set, and 8 serves as a balance parameter.

B. Optimization

Obviously, Eq. (3) is a non-convex optimization problem
and it is difficult to directly solve these variables. Inspired
by Alternating Direction Method of Multipliers (ADMM),
we devise an alternating optimization algorithm to solve this
objective function. By introducing an auxiliary variable J, and
letting F = J, the objective function Eq. (3) can be expressed
as the following separable augmented Lagrange function:

Vv
. 2 2 2 p
ménle a; |PH, ~ GF] [ + AUIPIE + BT I,
v=
+EIF - T+ Y. F - ),
st. PSPl =La,>0,a"1=1,
GIG, =LF, >0,(H)s, = X)r, “

where Q = {a,,P,,H,,G,,F,,F,J} are variables to be
solved. Y is the Lagrange multiplier, and p is the penalty
parameter. Thus, we can solve for each variable individually
while fixing the others.

Update G, with fixed {a,,P,,H,,F,, J}, Eq. (4) becomes:

14
. 2 T2
mind_ i [PH,- G
st. GIG, =1, 5)
which can be written as:
n(l;in tr (G, P,H,F,),
st. GG, =L (6)
To solve Eq. (6), we introduce the following Theorem 1.
Theorem 1: For the following optimization problem, the
optimal solution of
intr (G'B),
mintr (G7B)
st. GTG =1, (7
is G = U[LOIV", where U and V are the left-singular
vectors and right-singular vectors produced by singular value

decomposition (SVD) on B, respectively.
Update F, with fixed {a,,P,,H,, G,, J}, Eq. (4) becomes:
Yo I2

'9 Fv_Jv+
P

2
st.  F,>0. ®)

nllrln a’ ”PVHV -G,F] ”i +

where J, derives from the inverse construction process of J.
Thus, minimizing Eq. (8) is equivalent to:

2

r%ivn F, - a+5 ©)

F
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Then, F, can be updated directly by using the following update
rule:
@2H]PG, + 5 (JV - Y?)

F, = 10
o (10)
+
Update J with fixed {a,,P,,H,,G,,F,}, Eq. (4) becomes:
2
. p P Y
= - =1, 11
ryMM@+AV 72| (I

which has a closed-formed solution as Lemma 1 [48]:

Lemma 1: Given a third-order tensor Z € R™*"2*" and its
tensor singular value decomposition Z = U * X * V'. Then
the optimal solution of

ming TG, + 517 - 21 (12)

is J* = S((Z) = U *if ftT(Z)) = V', where T-(T) is a f-
diagonal tensor in Fourier domain, whose diagonal elements
can be obtained by using the GST algorithm introduced in
[48].

By utilizing Lemma 1, J can be updated by using the

following update rule:
Ss (.'F + 2) .
. p

Update P, with fixed {a,,H,, G,,F,, J}, Eq. (4) becomes:

13)

min a? [PH, = G |}, + 1P,

st. P,S'PT =1 (14)

Expanding the Eq. (13) to trace norm, we get:

min  a’tr (P,H,H/P] - 2P,H,F,G/) + Atr (P,P]),
P

v

st. PSP =1. (15)

In this paper, we set y = aiz (introduced in Section III-A) to
reduce the parameters of the model. Noting that in Eq. (15),
a’tr (P,H,H]P])+Atr (P,P) is a constant. Thus, minimizing
Eq. (15) is equivalent to:

max

"

st PSPl =L

w (P,H,F,G),
(16)

Since S(}’ is a positive definite matrix, it can be converted into
(1) (L .
S,(Z)S, 2). Thus, Eq. (16) can be rewritten as:
(1) (=1
max fr (va;(z)s,( JH,F,G] ) :

v

st P,s (g Glpr _ . a7)
Let Q, = P,S® and N, = 8'C2)H,F,G7, then Eq. (17) can
be rewritten as:

max  tr(Q,N,).

WQy

(18)
Supposing U,AV] = svd(N,) and using Theorem 1, we can
obtain the solution for Q, as follows:

Q =V,U/. (19)
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Consequently, P, can be updated as follows:

P, = Qs - v,urs), (20)

Update H, with fixed {a,,P,,G,,F,, T}, Eq. (4) becomes:

[P.H, - G
s.t. (Hyr, = X,

By differentiating the Eq. (21) and setting the derivative to
zero, H, can be updated using the following update rule:

X, 0),ie€T,
M,(,0),i¢ T’

min
H,

21

H,(,i) = (22)

where M, = P;!G,F].

Algorithm 1 DFRTMF

Input: V-view incomplete dataset {X"}
cluster k, and parameters A and (.

Output: Clustering labels of data points.

1: Initialize G, =0,F,=J,=0,P, =0, Y =0.

Vv

»—1» the number of

2. Initialize H, = X,, a, = 3, p =107, p = 1.1

3: while not converge do

4: Update G” by Eq. (7);

5: Update F” by Eq. (10);

6: Update J by solving Eq. (11);

7: Update PV by solving Eq. (20);

8: Update H" by solving Eq. (22);

9: Update a, by Eq. (24);

10: Update Y and p: Y =Y +p(F - T), p = up;

11: end while

12: Calculate the clustering results by using
F=Y aF/Y] a.

13: return: Clustering results.

Update a, with fixed {P,,H,, G,,F,, J}, Eq. (4) becomes:
14

. 2

min 2

st. a,>0,a’1=1.

PH, - GF] |2,

(23)

Let ¥ = HPVHV - G,F] Hi According to Cauchy-Schwarz’s
inequality, we have
1
L. (24)
v
Zv:l rl‘
Finally, the entire optimization procedure for Eq. (4) is listed
in Algorithm 1.

a, =

C. Complexity Analysis

1) Time Complexity: The computational burden of the
proposed DFRTMF involves updating six variables. It takes
O(lk*) to update G” through SVD. To solve F,, it requires
O(nd, Ik) to perform the threshold operation. For updating 7,
it computes the 3D FFT and 3D inverse FFT on a k X V x n
tensor, along with performing n SVDs of k x V matrices
in the Fourier domain. Thus, its computational complexity
is OQknVlog(n) + V*kn). As for P,, it needs O(/’d,) to
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TABLE I
MULTI-VIEW DATASETS IN EXPERIMENTS

Datasets Samples Clusters Views

MSRCv1 [49] 210 7 24, 576, 512,256,254
Caltech101-7 [17] 1474 7 48, 40, 254, 1984, 512, 928
BDGP [17] 2500 5 1000, 500, 250

CCV [45] 6773 20 20, 20, 20

Animal [50] 11673 20 2689, 2000, 2001, 2000
FMNIST [19] 60000 10 521, 512, 1280

perform SVD operation. To solve H,, it mainly costs O(lkn)
for matrix multiplication. When updating a,, it only costs
O(1). In summary, the overall complexity is O((VIk* +ndlk +
2knVliog(n)+ V*kn—+[2d+ Vikn)t), where t denotes the number
of iterations and d = ZXZI dv is the total data dimension.

2) Space Complexity: The major space burden of the
proposed DFRTMF consists of matrices H, € R%*"
F € R> and J € RV G, e Rk and
P, € R4 Thus, the corresponding space complexity is

O (X1 dvn+ 26V + X0 e+ 30V, 1d, ).

1V. EXPERIMENTS
A. Experimental Setup

1) Benchmark Datasets: Six widely used multi-view
datasets are tested in our experiments. Table II summarizes
the detailed information of these datasets.

e MSRCVv1? is a general object database comprising 210
images across 7 categories. Each image is presented by
five views of features: the CM feature (view 1), the HOG
feature (view 2), the GIST feature (view 3), the LBP
feature (view 4), and the CENT feature (view 5).

e Caltech101’ is an object recognition dataset containing
9146 images. The Caltech101-7 subset consists of 1474
images across 7 categories. Each image is presented by
six views of features: the Gabor feature (view 1), the
WM feature (view 2), the CENTRIST feature (view 3),
the HOG feature (view 4), the GIST feature (view 5),
and the LBP feature (view 6).

e BDGP* is a dataset of Drosophila embryos images, com-
prising three views: lateral image, dorsal, and ventral.
It contains 2500 samples across 5 classes. Each view
extracts a SIFT feature to construct three perspectives.

e CCV’ is a Columbia Consumer Video dataset. It is
composed of 6773 samples selected from 20 categories.
Each video is described by three views of features: the
SIFT feature (view 1), the STIP feature (view 2), and
the MFCC feature (view 3).

e Animal® is an animal image dataset, which consists of
11673 images representing 20 species. Each image is
described by four views of features: the LSS feature
(view 1), the SIFT feature (view 2), the RGSIFT feature
(view 3), and the SUREF feature (view 4).

thtps://www.microsoft.com/en—us/research/project
3http://wwwvision.caltech.edu/lmage Datasets/Caltech101/
“https://www.fruitfly.org/

5 https://www.ee.columbia.edu/In/dvmm/CCV/
6https://cvrnl.ista.ac.at/AWA/
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e FMNIST’ is a grayscale images dataset of clothing
items, which consists of 60000 images across 10 differ-
ent classes. Three visual features are extracted to present
each image.

For the FMNIST multi-view datasets, no specifics of each
dataset’s views are provided by the original authors. To con-
struct the incomplete datasets, we adopt the approach in [17].
Specifically, we generate incomplete datasets with missing
ratios (MR) of 0.1, 0.5, and 0.9. For instance, when the MR
is 0.1, we randomly select 90% of the samples as complete
data and randomly drop partial views from the remaining 10%,
ensuring that at least one view is preserved for each sample.

2) Compared Methods: To evaluate the effectiveness of
our proposed DFRTMF model for incomplete multi-view
clustering, we compare it with the following nine state-of-the-
art multi-view clustering methods. We list them as follows:

e DAIMC [36] is an extended matrix factorization method,
which aligns the distinct basis matrices through regression
model.

e UEAF [32] is a matrix factorization approach that not
only infers the missing views but also ensures the com-
mon local structure on the reconstructed representation
across different views.

e FLSD [37] develops a matrix factorization based IMC
method, which introduces graph regularizer without extra
term and parameter.

e PIMVC [33] projects the original features into low-
dimensional representation under uncorrelated constraint,
on which local geometric structure regularization is
applied.

e HCLS CGL [20] develops confidence-nearest-neighbor
graphs to guide the consensus graph learning.

o AGC-IMC [41] integrates the graph recovering and com-
mon representation learning with exact cluster structure.

e IMVTSC-MVI [47] is a subspace clustering framework
with consensus graph and tensor rank constraints, which
enables the inferring of missing views.

e IMVC-CBG [17] introduces anchor graph to efficiently
learn the clustering structures across incomplete views.

e FCMVC-IV [39] proposes a continual learning method
based on matrix factorization framework.

e DVIDE [51] is a method based on deep neural networks
that extends multi-view contrastive learning.

e CPSPAN [52] is a multiview contrastive learning model
with partially-aligned setting.

3) Implementation Details: For all datasets, the true num-
ber of clusters is known in advance and is taken as the true
number of categories. Following [32], [33], we utilize three
evaluation metrics: clustering accuracy (ACC), normalized
mutual information (NMI), and Purity to assess clustering
performance. Higher values indicate better clustering quality.
To alleviate the effect of randomness, we repeat all experi-
ments 10 times and report the best result. All experiments
are performed on a computer with a 3.5GHz AMD Ryzen 9
3950X CPU and 64 GB RAM, MATLAB2022b (64-bit).

7https:// github.com/zalandoresearch/fashion-mnist
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TABLE III

CLUSTERING PERFORMANCE OF DIFFERENT METHODS ON S1X DATASETS WITH 10%,50%,90% MISSING RATIOS.
THE BEST RESULTS ARE HIGHLIGHTED, UNDERLINE MEANS THAT METHOD RANKS SECOND

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 35, NO. 11, NOVEMBER 2025

Metrics ACC(%) NMI(%) Purity(%)
Datasets Miss Ritios 0.1 0.5 0.9 0.1 0.5 0.9 0.1 0.5 0.9
DAIMC [36] 73.43 69.24 65.33 67.85 56.69 55.08 77.14 69.33 65.81
UEAF [32] 83.52 50.28 39.43 71.45 40.43 27.64 83.52 51.33 41.14
FLSD [37] 74.76 69.71 71.52 66.15 59.04 60.53 77.62 71.23 71.52
PIMVC [33] 90.66 72.38 81.33 82.59 64.65 67.31 90.66 75.33 81.33
HCLS-CGL [20] 73.33 71.05 64.76 69.61 64.97 56.94 76.66 74.38 67.14
MSRCv1 [49] AGC-IMC [41] 78.09 84.28 77.90 74.69 72.54 63.18 78.57 84.28 77.90
IMVTSC-MVI [47] 82.09 85.24 83.33 75.86 77.29 73.87 82.09 85.24 83.33
IMVC-CBG [17] 66.76 56.86 53.52 56.92 46.52 42.44 66.90 58.10 54.40
FCMVC-1V [39] 65.24 57.14 52.38 52.84 40.87 36.38 65.71 57.62 54.29
DIVIDE [51] 57.52 54.95 45.05 47.35 43.00 32.51 59.52 57.14 47.33
CPSPAN [52] 74.29 68.20 78.57 76.67 68.28 76.67 64.76 59.76 68.10
Ours 98.10 98.10 96.67 96.03 95.70 93.49 98.10 98.10 96.67
DAIMC [36] 45.55 28.59 32.13 19.21 5.95 8.48 46.17 29.21 33.08
UEAF [32] 50.57 45.52 38.66 26.37 22.94 16.26 51.00 45.98 38.82
FLSD [37] 43.64 38.74 33.20 19.79 14.95 9.69 45.40 38.86 33.96
PIMVC [33] 33.68 28.74 29.79 11.17 6.53 7.77 34.70 30.07 29.86
HCLS-CGL [20] 23.08 20.48 23.33 291 0.38 0.80 23.16 20.48 23.46
BDGP [17] AGC-IMC [41] 37.40 34.80 35.08 17.72 10.44 7.38 39.36 36.88 35.08
IMVTSC-MVI [47] 30.68 23.56 27.48 6.10 1.59 3.17 30.86 23.68 28.28
IMVC-CBG [17] 44.74 34.44 32.22 25.18 11.14 10.85 45.25 34.52 33.82
FCMVC-1V [39] 31.96 34.00 38.00 10.53 10.42 12.94 33.60 35.16 39.12
DIVIDE [51] 35.01 34.40 31.79 13.58 11.97 6.73 36.82 36.28 33.84
CPSPAN [52] 46.12 22.08 46.68 43.64 18.26 45.00 29.12 3.68 30.36
Ours 98.76 99.64 98.12 95.94 98.55 94.55 98.76 99.64 98.12
DAIMC [36] 45.49 50.35 42.02 51.36 47.03 46.74 85.12 83.05 82.03
UEAF [32] 45.65 36.16 32.32 43.25 28.05 19.44 84.92 79.44 73.74
FLSD [37] 55.89 56.36 55.51 6.39 5.80 2.58 58.63 58.56 56.23
PIMVC [33] 67.09 66.65 67.15 56.14 53.95 50.09 87.65 86.66 87.42
HCLS-CGL [20] 69.28 77.73 66.35 55.06 62.16 49.02 86.27 88.40 85.28
Caltech101_7 [17] AGC-IMC [41] 65.94 65.87 67.23 50.60 52.06 54.38 84.24 85.14 86.29
IMVTSC-MVI [47] 59.45 60.23 64.09 48.97 46.30 46.62 87.53 84.57 85.10
IMVC-CBG [17] 58.57 61.14 61.15 49.25 42.72 37.66 82.45 80.98 71.77
FCMVC-1V [39] 53.12 52.99 51.83 46.74 45.81 45.04 82.77 82.84 82.56
DIVIDE [51] 35.48 37.04 35.29 39.89 39.00 33.12 75.45 76.55 75.47
CPSPAN [52] 55.56 54.95 55.50 57.01 54.61 48.94 87.11 86.30 84.19
Ours 83.85 75.37 76.12 72.01 73.38 64.72 90.98 90.71 88.13
For these baseline methods, we strive to adhere as closely and 13.34% in ACC on the MSRCvl dataset across
as possible to the recommended parameter settings from the three missing ratios. Additionally, our method outper-
original literature. In our method, the trade-off parameter A is forms the deep learning-based methods such as DIVIDE
tuned within the range of [1e‘5 Jde™ .., 16_1]. The parameter and CPSPAN, demonstrating its promising potential in
B and the projection dimension [ are set to 1 and k by practical deployment.
default, where k represents the number of clusters in each 2) Our method maintains highly competitive performance
dataset. The parameter p is tuned in the range of [0.1 : 0.1 : 1]. at large missing ratios compared to other methods. For
Therefore, our model includes only two parameters, allowing example, DFRTMF shows improved performance as the
for straightforward grid searching to identify the optimal missing ratios increase. when the missing ratio is 0.5, our
values of A and p. Following [32], [33], we use evaluation approach achieves an accuracy of 23.15% on the Animal
metrics to identify the optimal parameters. dataset, while this accuracy increases to 26.24% when
the missing ratio is 0.9. This improvement may be due
. to the low separability of the large-scale Animal dataset,
B. Performance Comparison .o . e
where projection learning enhances the discriminability
Table II-IV show the clustering performance of the pro- of the recovered missing views.
posed DFRTMF and other state-of-the-art methods across six 3) Simple consistency learning based on element-by-

multi-view datasets with different missing ratios. The best
results are highlighted in bold. we can observe that,

1) Our proposed DFRTMF outperforms other state-of-the-
art algorithms in terms of ACC, NMI, and Purity metrics
in most cases, which demonstrates the effectiveness and
superiority of our approach. For example, our approach
exceeds the suboptimal approach by 7.44%, 12.86%,

element measurements can extend MVC to IMVC,
including methods such as DAIMC, UEAF, FLSD, and
FCMVC-IV. However, these methods do not sufficiently
explore the complementary information among views.
In contrast, our approach utilizes a tensor low-rank
constraint to effectively exploit spatial structural infor-
mation. Taking the BDGP dataset as an example, our
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TABLE IV

CLUSTERING PERFORMANCE OF DIFFERENT METHODS ON S1X DATASETS WITH 10%,50%,90% MISSING RATIOS. THE BEST
RESULTS ARE HIGHLIGHTED, UNDERLINE MEANS THAT METHOD RANKS SECOND.’-> MEANS OUT OF THE CPU MEMORY

Metrics ACC(%) NMI(%) Purity(%)
Datasets Miss Ritios 0.1 0.5 0.9 0.1 0.5 0.9 0.1 0.5 0.9
DAIMC [36] 17.04 13.93 12.85 13.21 8.36 6.42 19.55 17.21 16.05
UEAF [32] 17.51 15.05 11.71 13.91 11.26 7.31 21.97 18.92 15.79
FLSD [37] 15.92 15.05 13.34 12.19 11.20 9.34 20.27 19.32 17.60
PIMVC [33] 23.55 21.35 18.89 22.15 18.10 14.83 28.42 25.68 23.22
HCLS-CGL [20] 18.33 18.24 17.84 13.78 13.52 12.90 22.53 22.43 21.23
CCV [45] AGC-IMC [41] 22.19 19.44 17.91 18.66 15.15 12.31 26.35 23.53 21.22
IMVTSC-MVI [47] 22.49 21.84 19.17 17.87 16.15 13.00 24.37 23.98 21.70
IMVC-CBG [17] 19.29 16.34 14.69 16.20 13.30 10.56 22.82 19.61 18.39
FCMVC-IV [39] 16.65 16.33 16.76 11.70 11.17 11.59 20.49 19.92 20.51
DIVIDE [51] 22.04 19.31 16.27 18.57 16.01 11.50 25.09 22.86 19.66
CPSPAN [52] 17.91 15.02 21.69 18.04 14.95 21.33 16.86 13.34 20.58
Ours 39.82 33.40 29.57 53.54 43.94 42.73 40.69 34.48 29.65
DAIMC [36] 15.03 15.05 13.85 11.94 11.18 9.20 18.53 18.49 16.71
UEAF [32] 18.52 17.51 14.99 16.09 14.00 11.28 22.30 21.08 17.81
FLSD [37] 16.03 15.56 14.77 13.42 11.87 10.53 19.61 18.92 18.28
PIMVC [33] 21.33 20.21 18.47 17.60 16.28 13.52 23.85 22.08 20.95
HCLS-CGL [20] 15.74 15.36 13.44 11.51 10.81 8.53 17.69 17.25 15.27
Animal [50] AGC-IMC [41] 18.87 17.94 16.29 15.47 13.78 11.29 22.35 21.16 19.49
IMVTSC-MVI [47] 12.69 11.49 10.08 547 3.53 3.34 13.59 12.55 12.11
IMVC-CBG [17] 16.74 15.05 14.51 12.71 11.04 9.87 20.22 18.36 17.89
FCMVC-1V [39] 15.55 14.14 12.79 11.03 8.46 6.85 19.08 17.01 15.70
DIVIDE [51] 16.10 16.33 13.81 12.14 11.87 9.55 17.00 19.69 17.00
CPSPAN [52] 13.04 8.46 15.33 13.70 9.19 15.95 12.59 8.58 15.33
Ours 19.40 23.15 26.24 14.13 17.13 23.88 21.35 24.63 29.27
DAIMC [36] 20.52 26.08 32.11 10.81 8.60 12.12 21.45 26.62 32.13
UEAF [32] - - - - - - - - -
FLSD [37] - - - - - - - - -
PIMVC [33] - - - - - - - - -
HCLS-CGL [20] - - - - - - - - -
FMNIST [19] AGC-IMC [41] - - - - - - - - -
IMVTSC-MVI [47] - - - - - - - - -
IMVC-CBG [17] 22.76 22.33 24.00 6.58 4.83 8.26 22.83 22.33 24.33
FCMVC-IV [39] 17.87 19.85 23.58 3.06 3.83 4.92 19.00 20.16 23.81
DIVIDE [51] 10.55 10.53 10.55 3.00 3.00 3.00 10.59 10.58 10.61
CPSPAN [52] 13.86 14.73 17.14 2.21 1.90 8.46 15.07 15.73 18.50
Ours 37.32 31.92 26.49 22.52 14.35 8.48 38.74 33.05 27.37

approach significantly enhances clustering results com-

pared to matrix factorization-based methods like UEAF

and FLSD, with improvements in ACC, NMI, and Purity S S

exceeding 40%. Compared to graph-based methods such § ;

as AGC-IMC and IMVC-CBG, our approach outper-

forms them approximately by 50% across all metrics. 20 20

4) Our method effectively addresses large-scale dataset 0.10.20.30.40.50.60.70.8 0.9 0.10.20.30.4 0.50.6 0.70.8 0.9

.. . Missing Ratio Missing Ratio

and demonstrates promising performance. Taking the

FMNIST dataset as an example, some methods such as 100 DAIMC

PIMVC, UEAF, and HCLS-CGL fail due to memory ok "gLEé‘[f

limitations. Our method achieves optimal performance in S PIMVC

terms of ACC, NMI, and Purity metircs at missing ratios £ %07~ — T heme

of 10% and 50%. The DAIMC method performs best = 4 VAL

when the missing ratio is 90%, while our method ranks - ey

second. This may be because of DAIMC’s consideration 0.10.20.30.4 0.5 0.6 0.7 0.8 0.9 - Ours

of the alignment of basis matrices and feature extraction. Missing Ratio

This .approach al_lgns well with thef under!y%ng Stru.cmre Fig. 4. The clustering results for the ACC, NMI, and Purity metrics on the
of this grayscale image dataset, which exhibits low intra-  MSRCv! dataset with varying missing ratios.
class variance.

To further evaluate the effectiveness of the proposed consistently outperforms other methods and demonstrates sta-
DFRTMF model, we vary the missing ratios from 10% to ble performance across all missing ratio settings.
90% with an interval 10% on the MSRCv1 dataset. The result Fig. 5 demonstrates the distribution of the learned features,
curves are shown in Fig. 4. We can observe that our method using the MSRCvl dataset with a 10% missing ratio as an
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TABLE V
TIME COMPLEXITY AND RUNNING TIME (T/S) COMPARISONS OF DIFFERENT METHODS ON BENCHMARK

DATASETS.

‘-> MEANS OUT OF CPU MEMORY

Methods Time Complexity

Running Times

MSRCv1 BDGP Caltech101-7 CCV Animal FMNIST
DAIMC O(Vd3t + nkdt) 10.12 29.55 105.36 85.64 1548.00  9766.10
UEAF O(n3t + dk?t) 4.32 97.29 54.65 222450  4264.50 -
FLSD O(n?dt + dk?t) 4.13 125.92 49.33 752.19  6904.90 -
PIMVC O(n? + dk?t) 0.87 1.45 1.36 6.79 27.88 -
HCLS-CGL O(n?kt) 0.54 23.12 18.66 415.45 1060.70 -
AGC-IMC O(Vn2kt) 50.13 2820.64 1537.82 17313.54  29617.01 -
IMVTSC-MVI  O((Vn3 4+ Vn2log(n) + V2n?)t) 32.20 999.03 856.24 2383.80  18329.16 -
IMVC-CBG O(n(km + dk + dm)t + mdkt)) 5.07 1.01 2.51 5.19 24.91 64.39
FCMVC-IV O((Vnk? + VK2 + dk?)t) 0.19 1.74 1.95 9.11 91.29 2422.10
DIVIDE O(nwt) 67.43 77.64 76.25 141.47 333.82 1005.23
CPSPAN O(nwt) 20.23 330.91 1525.36 859.16 530.66  16375.24
Ours O(((ndlk + knVlog(n) + V2kn)t)) 10.71 33.86 104.34 11.85 570.62 634.85

e S

(a) DAIMC [36] (b) UEAF [32] (c) FLSD [37]

o

(d) PIMVC [33] (e) HCLS-CGL [20] (f) AGC-IMC [41]

(g) IMVTSC-MVI [48] (h) IMVC-CBG [17] (i) FCMVC-1V [39]

A

¥

(j) Ours

Fig. 5. The t-SNE visualization of ten IMVC methods on MSRCv1 dataset
with 10% missing ratios missing.

example. Specifically, we use a popular visualization method,
t-SNE [53], to display the features learned by the different
models. Our method demonstrates a larger inter-class distance
and a smaller intra-class distance, ensuring that data points
within the same cluster are tightly packed and enhancing the
separation between different clusters. The measured intra-class
distances are 3.32, 3.30, 2.69, 2.21, 4.25, 3.29, 2.05, 5.13,
5.40, and 0.87, respectively. This indicates that the feature
representation learned by our method is more discriminative
than those learned by other methods, allowing our model to
achieve better clustering results. Furthermore, IMVC methods
that enable missing view recovery may show clearer clustering

structures than others. This suggests that exploring unobserved
views can uncover the intrinsic geometric structure of the data
and enhance clustering performance.

C. Computational Efficiency Analysis

Table V presents the computational complexity and running
time comparisons. Here, d, n, k, V, m, w and [ represent the
total data dimension, number of samples, number of clusters,
number of views, number of anchors, number of network
parameters, and projection dimension, respectively. As can
be observed, DAIMC, PIMVC, IMVC-CBG, and FCMVC-1V
show the linear time complexity for the number of samples,
while FLSD, HCLS-CGL,and AGC-IMC exhibit quadratic
time complexity. UEAF and IMVTSC-MVI present cubic
time complexity for the number of samples. Our method
demonstrates efficiency that lies between linear and quadratic
time complexity for the number of samples. Additionally, the
proposed DFRTMF demonstrates competitive performance in
running times. For the large-scale dataset FMNIST, methods
with quadratic time complexity fail to execute. Our method
takes 634.85 seconds to achieve convergence, demonstrating
its efficiency potential.

D. Parameter Analysis

To evaluate the influence of parameter settings, we conduct
corresponding experiments by varying the parameter com-
binations. Fig. 6 shows the 3-D histograms of ACC value
evolution concerning different parameter combinations on the
BDGTP, Caltech101-7, CCV, and MSRCv1 datasets. The results
indicate that parameter settings significantly affect the ACC
metric. Specifically, for the BDGP dataset, the performance of
our model is close to optimality when A € [107*,1073,1072]
and it is not sensitive to p. For Caltech101-7 dataset, the model
performance is close to optimality when A € [1073,1072,107!]
and p € [0.1:0.1:0.8]. For CCV dataset, the model per-
formance is close to optimality when p € [0.7:0.1:1.0],
and it is not sensitive to A. The MSRCvl dataset exhibits
complex parameter sensitivity. However, our model can still
achieve high ACC values when A € [1073,1072] and p €
[0.1:0.1:0.6]. Since different datasets contains different
properties, the optimal range for model parameter selection
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(c) CCV

(d) MSRCvl1

Fig. 6. Sensitivity analysis: ACC values with different A and p on four datasets
with missing ratio 90%.

; o W ®
ﬁ’} ﬁ%" ‘ft,‘.!‘f; S ;%% o
BEn @® é} i ,fgﬁ"
o T, W
2 b 13
® ¥- iy
(a) 0.IMR (b) 0.5MR (c) 0.9MR

Fig. 7. The t-SNE visualization of the recovered missing views in the BDGP
dataset at three missing ratios. Red circle indicates the recovered features.

varies across these datasets. Nonetheless, it remains feasible
to determine the appropriate parameter settings through grid
searching. Note that we use a coarse scale for the parameter
settings of A during evaluations for simplicity. Finer parameter
settings can yield more stable performance. Moreover, our
model demonstrates robustness in exploring spatial structure
by tuning the parameter p.

E. The Missing View Recovery

This subsection assesses the recovery capability of the
proposed model for missing views. Taking the BDGP dataset
as an example, we apply the t-SNE technique to visualize
the recovered discriminative features. As shown in Fig. 7,
we select the first view of the BDGP dataset and evalu-
ate different missing ratios: 0.1, 0.5, and 0.9. Red circles
indicate the recovered missing views. It is evident that the
proposed model effectively recovers the missing views. At
a missing ratio of 0.1, the recovered features are compact,
and the inter-class distance is 48.86, indicating significant
separation between clusters. However, as the missing ratio
increases to 0.9, the inter-class distance decreases to 47.67,
weakening the separations between clusters. This may be due
to limited number of valid samples, which fails to provide
sufficient information for effective discriminative subspace
learning. To the best of our knowledge, there are no eval-
uation metrics specifically designed to assess the recovery
capability of missing views. It is a common choice to use
clustering performance to evaluate the recovery capability. The
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TABLE VI
ABLATION STUDY OF OUR METHOD ON TWO DATASETS

Comparison Experiments ACC(%)

Datasets Methods 0.1 0.5 0.9
DFRTMF w/o PL  72.60 66.92  56.60
BDGP DFRTMF w/o TL ~ 46.80 40.56  35.60
DFRTMF w/o OV~ 98.60 98.12 97.44
DFR_NMF 98.76  99.64 98.12
DFRTMF w/o PL  74.08 68.59 68.18
Caltech? DFRTMF w/o TL  62.14 5332 5143
DFRTMF w/o OV~ 82.84 69.95 71.23
DFRTMF 83.85 7537 76.12

corresponding accuracy values are 100%, 99.68%, and 97.07%
for missing ratios of 0.1, 0.5, and 0.9 on the BDGP dataset,
respectively.

F. Ablation Study

Discriminative projection learning and soft indicator matrix
tensor learning are primary contributions of our model. To fur-
ther assess the effect of these two techniques, we devise three
degraded models. “DFRTMF w/o PL” indicates the model
removes the discriminative projection learning. “DFRTMF w/o
TL” represents the model removes the soft indicator matrix
tensor learning. “DFRTMF w/o OV” represents the model that
uses scatter matrices solely from observed views. Specifically,
The DFRTMF w/o PL model is formulated as follows:

\%4
min Z;ag |H, - G.ET | + BIFI,

st. a,>0a"1=1.

G,;G, =LF, 20,(H)r, = X))r, (25)

The “DFRTMF w/o TL” model is formulated as follows:

\%4
min Zlaﬁ |PH, - GFT |7 + AIPI + B [[F, - B

st. PSPl =La,>0,a"1=1.

G\TGV = I, Fv > O, (HV)TV = (XV)TV' (26)

As shown in Table VI, DFRTMF outperforms two degraded
models on both the BDGP and Caltech101-7 datasets. For
example, on the Caltechl101-7 dataset with a 10% missing
ratio, DFRTMF outperforms DFRTMF w/o PL by 9.77%
and exceeds DFRTMF w/o TL by 21.71% in terms of the
ACC metric. This demonstrates that discriminative projection
learning effectively captures the subspace, enhancing intra-
view discriminatibility. Furthermore, low-rank tensor learning
applied to soft indicator matrices effectively explores spatial
correlations. The Schatten p-norm may ensure that each frontal
slice exhibits similar cluster assignments under a relaxed
divergence constraint, enhancing the exploration of multi-
view complementary information and improving clustering
performance. Additionally, DFRTMF outperforms DFRTMF
w/o OV by 1.01%, 5.42%, and 4.89% in terms of the ACC
metric on the Caltech101-7 dataset under varying missing
ratios, demonstrating the effectiveness of the global scatter
matrices.
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Fig. 8. Evolution of the objective value with respective to iteration steps on
BDGP and MSRCv1 datasets.

G. Convergence Study

This subsection verifies the empirical convergence of the
proposed method. Our model alternatively updates the vari-
ables by minimizing the objective function in Eq. (4). This
allows us to calculate the objective value across different
iterations. Using BDGP and MSRCv1 as examples, we plotted
the objective function values over iterations ranging from 1 to
20, as shown in Fig 8. These experimental results substantiate
the convergence of the proposed approach. We computed
the convergence times for the MSRCv1 and BDGP datasets,
yielding running times of 10.71 seconds and 33.86 seconds,
respectively.

V. CONCLUSION

This paper proposes a novel incomplete multi-view clus-
tering method called DFRTMF, which effectively recovers
missing views, learns low-dimensional discriminative embed-
dings, and facilitates direct clustering. DFRTMF enhances the
non-negative matrix factorization through projection learning
to produce soft indicators. A global uncorrelated constraint
based on the scatter matrix of the complete data is devised,
exploring the correlations between observed and missing
views. Tensor Schatten p-norm regularization captures high-
order correlations among views, while an adaptive weighting
strategy balances the contributions of different views. We
propose an alternating optimization algorithm based on the
ADMM to solve the proposed objective function effec-
tively. Extensive experiments demonstrate the effectiveness of
DFRTMEF compared to the state-of-the-art methods. Our future
work is to develop continual learning methods for scenarios
where data observations of new views are accumulated over
time.
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