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a b s t r a c t
This paper proposed a novel Robust Multi-View Continuous Subspace Clustering (RMVCSC) algorithm,
which can untangle heavily mixed clusters by optimizing a single continuous objective. The proposed
objective uses robust estimators to automatically clip specious inter-cluster connections while maintaining convincing intra-cluster correspondences in the common representation subspace learned from multiple views. The common representation subspace can reveal the underlying cluster structure in data.
RMVCSC is optimized in an alternating minimization scheme, in which the clustering result and the
common representation subspace are simultaneously optimized. Since different views can describe distinct perspectives of input data, the proposed algorithm has more accurate clustering performance than
conventional algorithms by exploring information among multi-view data. In other words, the proposed
algorithm optimizes a novel continuous objective in the simultaneously learned common representation
subspace across multiple views. By using robust redescending estimators, the proposed algorithm is not
prone to stick into bad local minima even with outliers in data. This kind of robust continuous clustering
methods has never been used for multi-view clustering before. Moreover, the convergence of the proposed algorithm is theoretically proved, and the experimental results show that the proposed RMVCSC
can outperform several very recent proposed algorithms in terms of clustering accuracy.
© 2018 Published by Elsevier B.V.

1. Introduction
Clustering is one of the main approaches for data mining and
statistical analysis, which is the process of partitioning a data set
into different subsets according to some deﬁned measures. In realworld applications, multi-view data are obtained naturally, since
data are often collected across multiple domains or extracted by
different feature extractors. Multi-view data can be described in
distinctive perspectives from each view. For example, a webpage
can be described according to the contents of this webpage, the
webpage contents linked to this webpage and the link structures
used by this webpage, while an image can be described according
to its colour, texture, shapes and so on. Thus, exploring information
among multiple views to create accurate multi-view clustering algorithms is beneﬁcial for big data analysis [1,2].
Multi-view clustering is a machine learning paradigm, which
aims to leverage the complementary information among multiple
views to improve the clustering accuracy and generalization ability
[1,2]. There are mainly two approaches to do the multi-view clustering [2]. The ﬁrst one is the fusion approach, which fuses simi-
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larity measurements from multiple views to construct a graph for
clustering [4]. The other one is the subspace-clustering approach,
which aims to learn a common latent subspace for all the multiple
views [4–7]. Since the subspace approach can reveal the underlying
cluster structure in multi-view data and achieves state-of-art performance [4], multi-view subspace clustering has attracted arising
attention in the past years.
Multi-view subspace clustering performs clustering on a common subspace representation of all the views simultaneously with
the assumption that all the views are generated from this latent subspace. Many multi-view subspace clustering methods have
been developed in recent years [8–18], such as the iteration based
methods [8,9], the factorization based methods [10,11], statistical
approaches [12] and spectral clustering based approaches [13,14].
Although multi-view subspace clustering has permeated into
many ﬁelds and has made a great performance, there are still
some limitations. Especially, since most existing multi-view subspace clustering algorithms are based on k-means or spectral clustering, the number of clusters k and the weights of different views
are required to be pre-set manually. This may limit the further advancement of multi-view subspace clustering.
More recently, Shah and Koltun [19] proposed a Robust Continuous Clustering (RCC) algorithm, which does not need to know
the number of clusters in advance and has the ability to achieve
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high accuracy eﬃciently even the data is in high-dimension. RCC
optimized a clear continuous objective by using standard numerical methods. Thus, RCC naturally has the ability to be integrated
into a dimensionality reduction system. However, it has not been
integrated into a multi-view subspace clustering system yet.
In this paper, a novel Robust Multi-View Continuous Subspace
Clustering (RMVCSC) algorithm is proposed to untangle heavily
mixed clusters by optimizing a single continuous objective. We
use the self-expressiveness property of multi-view data, which
is proposed in [20] to learn a common representation subspace
across multiple views. By using robust redescending estimators,
the proposed algorithm is optimized in an alternating minimization scheme, in which the clustering result and the common representation subspace are simultaneously optimized. Without the requirement of the number of clusters given in advance, RMVCSC is
not prone to stick into bad local minima even with outliers in data
and is insensitive to initialization.
Over the iteration of the proposed algorithm, the representatives will move and merge into several discrete clusters. This kind
of robust continuous clustering approaches has never been used
for multi-view clustering before. The proposed RMVCSC algorithm
can outperform several very recent proposed algorithms in terms
of clustering accuracy.
The rest of this paper is organized as follows: Section 2 reviews the most related works; Section 3 formulates our proposed method; Section 4 introduces the optimization process;
Section 5 analyses the convergence behaviour; experimental results
and conclusions are in Sections 6 and 7.
2. Related work
In this section, we review the methods in multi-view subspace
clustering and continuous clustering, which are the two most relevant topics to our proposed algorithm.
2.1. Multi-view subspace clustering
Multi-view subspace clustering aims to ﬁnd the shared latent
subspace for all the views of the data set and obtain the segments
of the data set in this subspace [21]. As this subspace is jointly
learned from all the views using the self-expression property of
the data set, it can represent the data set and unveil the underlying
cluster structure of the data set.
Currently, there are many multi-view subspace clustering algorithms have been proposed. Gao et al. [22] proposed a multi-view
subspace clustering model which performs subspace clustering on
each view and guarantee the consistency of the clustering structure among different views. Zhang et al. [23] performs clustering
on multi-views simultaneously with a low-rank tensor constraint,
which is constructed by the subspace representation matrices. Ding
and Fu [24] proposed a multi-view subspace clustering algorithm
via dual low-rank decompositions, which expect to ﬁnd a lowdimensional view-invariant subspace for multi-view data. Fan et al.
[25] proposed a localized multi-view subspace clustering model by
fusing noiseless structures among views and samples. Zhuge et al.
[4] proposed an auto-weighted multi-view subspace clustering algorithm based on common subspace representation matrix.
However, most of these works are based on the k-means algorithm and its variants.
2.2. Continuous clustering
Continuous clustering is another topic related to our proposed
algorithm. The main idea of continuous clustering is to transform
the clustering problem into a continuous optimization problem [3].

Lindsten et al. [26] proposed a formulation, which can relax kmeans clustering to convex optimization problems. Hocking et al.
[27] proposed a convex relaxation of hierarchical clustering in calculating continuous regularization. Chi and Lange [28] proposed a
splitting method for solving convex clustering problem. Chi et al.
[29] proposed a convex bi-clustering algorithm Convex BiclusteRing Algorithm (COBRA), which settles on a graph-based representation of both samples and features. All the methods mentioned
above are regularized by convex function (l2 -norm).
In addition, Shah and Koltun [19] proposed Robust Continuous
Clustering (RCC) algorithm, regularization using a non-convex function (Geman–McClure). RCC does not have the prior knowledge
of the number of clusters, and it has the ability to achieve high
accuracy eﬃciently even the data is in high-dimension. He and
Moreira-Matias [3] proposed an optimization method Robust Continuous Co-Clustering (ROCCO), which formulated a co-clustering
problem as a continuous non-convex optimization problem. ROCCO
learns the representation regularized on both sample and feature
graphs.
In this paper, a novel Robust Multi-View Continuous Subspace
Clustering (RMVCSC) algorithm is proposed to untangle heavily
mixed clusters by optimizing a single continuous objective. Specifically, the proposed algorithm optimizes a novel continuous objective in the simultaneously learned common representation subspace across multiple views. By using robust redescending estimators, the proposed algorithm is not prone to stick into bad local
minima even with outliers in data. This kind of robust continuous
clustering methods has never been used for multi-view clustering
before.
3. Model formulation
In this section, we introduce the subspace representation and
formulation of RMVCSC.
In multi-view clustering, the clustering results of different
views should be consistent, which means the clustering assignments of all the views should be the same. As multi-view data
is collected across different domains, different views may show a
large divergence when learning a consensus representation. Thus,
multi-view subspace representation is used in the proposed algorithm to learn a common view-invariant subspace while reducing
the inﬂuence of view-variance.
Consider the problem of spectral-based subspace representation. The ith row, jth column and ijth element in a matrix M can be
denoted as mi : , m:j , and mij respectively. Suppose single-view data
matrix is X = [x:1 , x:2 , …, x:n ] ∈ Rd×n which includes n data points
in d dimensions. If X presents multi-view data, the data matrix of
X in the vth view can be denoted as Xv ∈ Rdv×n .
Thus, based on the self-expressiveness property, the data matrix
of X in the vth view is represented as:

X v = X vZ + Ev.

(1)

where Z = [z:1 , z:2 , …, z:n ] ∈ R
is the self-representation matrix,
in which each z:i is the representative of data point x:i , and Ev is
an error matrix. The nonzero elements of z:i correspond to the data
points from the same subspace.
Since the input data is denoted as Xv ∈ Rdv×n and Z is the selfrepresentation matrix of Xv , the new representatives are based on
X to initialize. After that, all steps of RMVCSC are operated by the
new representatives. Over times of iteration, the new representatives will migrate and merge into several discrete clusters.
The objective function of RMVCSC is deﬁned as follows:
n×n

(Z ) = X v − X v Z 2p,p + λv (Z ),

(2)

where ||·||p2,p is the sparsity-inducing norm with 0  p  1; λ is a
tradeoff factor, and v (Z) is a smooth regularizer on Z.
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Given the representation error matrix Ev ∈
view as:

Rdv×n of the vth

E v = X v − X v Z,

(3)

the ||·||p2,p -norm of the representation error matrix Ev can be deﬁned as:
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where (s, t) means there is a connection between data xs and data
xt , and ε is the edge set of this graph; weights wvs,t measure the
strength of each data to the pairwise terms that it exist, and λ
is used to measure the proportion of each objective term to the
whole; function ρ (·) is a penalty on the regularization terms.
Due to our algorithm is based on the duality between robust
estimation and line processes [19], an auxiliary variable hvs,t is introduced for each connection (s, t) ∈ ε . Thus, a joint objective over
the representatives Z and the line process H = {hvs,t } is proposed:
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X v − X v Z 2p,p + λT r Z Lv Z T .

(7)

s,t

(8)

(11)

Lv = Dv −Qv is the Laplacian matrix, in which Dv is a diagonal
matrix; Qv measures the spatial closeness of the data points on vth
view. Qv = [q11 , q12 , …, qnn ] ∈ Rn×n , where qst = qts = wvs,t ·hvs,t when
wvs,t and hvs,t is nonzero, otherwise qst = qts = 0.
Taking the derivative of Eq. (11) with respect to Z and setting
the derivative to zero, we have:




∂ X v − X v Z 2p,p + λT r Z Lv Z T
= 0.
∂Z
v=1

m


(12)

In order to solve Eq. (12), we consider the following problem to
tackle a non-smooth norm problem:

Z,U

one. Each robust estimator ρ (·) has its own corresponding penalty
function  (·) so that Eqs. (6) and (7) are equivalent with respect
to the representatives of X. In other words, the same set of Z will
be produced by optimizing either of these two objectives. Eq. (7) is
based on the iteratively reweighted least squares [32], however, it
is more ﬂexible because of the explicit variables H and the additional terms deﬁned by these variables. Although there are many
different gradient-based methods can be used to optimize Eq. (7),
the iterative solution of linear least-squares systems can achieve
more eﬃcient and scalable optimization.
Although RMVCSC can accommodate different estimators
within the same computational eﬃciency framework, our presentations and experiments are all based on a well-known estimator:
Geman–McClure estimator [33],

μy 2
ρ (y ) =
,
μ + y2

.
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v

where  (hvs,t ) is a penalty on ignoring a connection (s,t), i.e., when
the connection is active (i.e., hvs,t →1) and  (hvs,t ) tends to zero;
when the connection is disabled (i.e., hv →0) and  (hv ) tends to
s,t

Z

m

(6)

m
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2

Intuitively, there are no weight factors explicitly deﬁned in
Eq. (10), so that all different views are treated equally. Thus, the
Lagrange function of Eq. (10) can be written as:

Thus, the objective function of RMVCSC can be rewritten as:

λ 

hs,t − 1

Based on Eq. (7) we observe that (i) when the variable H is
ﬁxed, Eq. (7) will transform into a linear least-squares problem;
(ii) when the variable Z is ﬁxed, the decoupling of individual pairwise terms and the optimal value of each connection hvs,t can be
calculated independently. Based on these two conditions, the objective can be optimized by updating the variable sets Z and H
alternatingly. As a block coordinate descent algorithm, this alternating minimization scheme provably converges.
The ﬁrst step is ﬁxing the variable H, updating the common
subspace representation Z. When the variable H is ﬁxed, Eq. (2) can
be rewritten in a matrix form and obtain a simpliﬁed expression
by solving the variable Z:

min

(s,t )∈ε

p
xvi zi 2,p

ψ (hs,t ) = μ

(4)


1  v 
v ( Z ) =
ws,t ρ zs − zt 2p,p .
2


where μ is a scale parameter. The corresponding penalty function
that makes Eqs. (6) and (7) equivalent with respect to the representatives is:

4. Optimization

,

where evi: is the ith row of Ev , and ||Ev ||2,p is a 2,p -norm [30].
v (Z) aims to smooth the distribution of the common representation Z on the vth view. The common subspace representation
matrix Z will be enforced to meet the grouping effect using v (Z).
Based on the original data X and the new representatives Z,
a graph is constructed automatically by using m-kNN graphs, a
variant of the standard kNN graphs [31]. Compared with standard
kNN graphs, all vertices in an m-kNN graph have a k-upper bound,
which helps the graph not to produce vertices (hub vertices) with
an extremely high degree and is more robust for utilizing.
Speciﬁcally, for v = 1, 2, …, m, each regularized term v (Z) in
our proposed algorithm is deﬁned as:

m
n
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Uv ∈ Rdv×dv is a diagonal matrix corresponding to the vth view.
The ith entry on the diagonal is deﬁned as:

uvii =


p
ev  p−2 , ∀i = 1, 2, ..., dv .
2 i: 2

(15)

Then differentiating the objective function with respect to Z and
setting it to zero:

AZ + ZB + C = 0,

(16)
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Algorithm 1 RMVCSC.
I:
II:
III:
IV:
V:
VI:
VII:
VIII:
IX
X:
XI:
XII:
XIII:
XIV:

Input: Data for m views {X1 , …,Xm } and Xv ∈Rdv×n .
Output: Cluster assignment {φ i }i =1 n .
Construct connectivity structure ε .
Precompute χ v = ||Xv ||2 , wvs,t , δ .
Initialize hvs,t = 1, μ˃˃max||xs -xt ||2 2 , λ =  m (χ v /||Lv ||2 ).
Initialize the feature weight matrix Uv = Iv for each view, where Iv ∈ Rdv×dv is the identity matrix.
While |φ t – φ t-1 | < ε or t < max-iterations do:
Compute the common representation Z by solving Eqs. (16) and (17)
Update the diagonal feature weight matrix Uv for each view by Eq. (15).
Update hvs,t with Eq. (18) and Lv = Dv −Qv .
Every four itrations, update λ =  m (χ v /||Lv ||2 ) and μ = max(μ/2, δ /2).
End while
Construct graph G = (V, F) with fs,t = 1 if ||zs ∗ −zt ∗ ||2 < δ .
Output clusters are given by the connected components of G.

Eq. (17) is a standard Sylvester equation, which has a unique
optimal solution.
As discussed in Section 3, the proposed objective function
Eq. (7) is a joint objective over the representatives Z and the line
process H = {hvs,t }. Thus, the second step is ﬁxing the variable Z,
then the optimal value of each connection hvs,t is calculated by:

μ

hvs,t =

the inequation can be rewritten as:



v=1

≤

2
.

μ + zs − zt 2

(18)

According to the above two steps, we alternatively update Z and
H, and repeat the process iteratively.
Algorithm 1 shows the whole process of RMVCSC. Note that all
updates to Z and H optimize the same continuous global objective in Eq. (7). Step I and II are the input and output statements of
the proposed algorithm. Step III to VI are the initialization steps,
which are discussed in Section 3 above Eq. (5). Step VII to XII
are the main optimization steps, which are discussed in details in
Section 4. Step XIII and XIV are the output steps of the ﬁnal clustering results.
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The ﬁrst step is ﬁxing the variable H, updating the common
subspace representation Z.
Theorem 1. Each updated Z in Algorithm 1 will monotonically decrease the objective in Eq. (13) in each iteration.
Proof: Denote Z˜ as the updated Z in each iteration and E˜ v =
X v − X v Z˜ is the vth representation error matrix calculated by Z˜ .
According to the optimization to Z˜ in Algorithm 1, Z˜ reaches the
unique optimal solution of Eq. (10) when Uv are ﬁxed. Thus,
m 
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Combining weight matrix Uv which
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Lemma 1. When 0 < p  2, for any positive number a and b, the inequality holds:
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Generally, evi: 2 > 0and e˜vi: 2 > 0, the regularised l2,p -norm
can be used to guarantee it. According to Lemma 1, we can derive

5. Convergence analysis
In order to prove the convergence of our proposed algorithm
and to prove the proposed algorithm can reach at least a locally
optimal solution, we ﬁrst introduce the following lemma [34].
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Summing Eqs. (20) and (22), we have
m


v=1

≤


 v


X − X v Z˜  p + λT r Z˜ Lv Z˜ T
2,p
m 




X v − X v Z 2p,p + λT r Z Lv Z T .

(24)

v=1

Thus, each updated Z will monotonically decrease (Z, H) in
each iteration, which means the following inequality holds:





min  Z˜ , H ≤ min (Z, H ).
The second step is ﬁxing the variable Z, updating the variable
H.
Since Eq. (18) is the optimal solution of H, this step will have
a unique optimal solution H decreasing our objective function (Z,
H). Moreover, the second-order partial derivatives of (Z, H) with
respect to H is greater than zero. Thus, it is obvious that each
updated H will monotonically decrease (Z, H) in each iteration,
which means the following inequality holds:









min  Z˜ , H˜ ≤ min  Z˜ , H .
To sum up, the alternately updated Z and H in Algorithm 1 can
monotonically decrease the objective function in the iteration process.









min  Z˜ , H˜ ≤ min  Z˜ , H ≤ min (Z, H ).
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Table 1
Details of the multi-view datasets (view type (dimensionality)).
View type

WebKB

Caltech101-7

Digit

1
2
3
4
5
6
Data points
Classes

Fulltext (2949)
Inlinks (334)
–
–
–
–
1051
2

LBP (256)
PHOG (680)
GIST (512)
Gabor (32)
SURF (200)
SIFT (200)
441
7

FOU(76)
FAC(216)
KAR(64)
PIX(240)
ZER(47)
MOR(6)
20 0 0
10

6. Experiments
In this section, we evaluate the RMVCSC algorithm and several
reference algorithms on three widely used datasets. Experimental
results show their convergence behaviour.
6.1. Dataset descriptions
There are three multi-view benchmark datasets, which are commonly used for multi-view learning, have been used to validate
the effectiveness of RMVCSC. They are Caltech101 [35], Handwritten Dutch Digit Recognition (Digit) [36] and Web Knowledge Base
(WebKB) [37]. The statistics information of these ﬁve datasets is
concluded in Table 1.
All the experiments are following the 5-fold cross-validation
scheme. Each dataset is randomly split into ﬁve subsets equally.
Each clustering methods is tested on a selected subset and trained
on the rest of the subsets. The ﬁnal results are reported as the average of these 5 clustering results.
Caltech101-7 dataset is composed of 8677 objective images,
which belong to 101 categories. We selected seven widely used
classes, including DollaBill, Faces, Garﬁeld, Motorbikes, Snoopy,
Stop-Sign and Windsor-Chair. Following Tzortzis and Likas [38],
which has totally 441 images. In order to obtain different views,
we extract 256 LBP, 100 PyramidHOG (PHOG), 512 GIST, 32 Gabor
texture, 200 SURF and 200 SIFT features.
WebKB dataset is a subset of web documents from four universities. This dataset consists 1051 pages, which are classiﬁed 2
classes: 230 Course pages and 821 Non-Course pages. Each page
has two views: Fulltext view contains 2949 features representing
the textual content on the web page, and Inlinks view consists 334
features recording that the anchor text on the hyperlinks pointing
to the pages.
Digit dataset contains 20 0 0 data points for 0 to 9 ten digit
classes, and each class has 200 data points. Six published features can be used for multi-view clustering: 76 Fourier coeﬃcients
of the character shapes (FOU), 216 proﬁle correlations (FAC), 64
Karhunen-love coeﬃcients (KAR), 240 pixel averages in 2 × 3 windows (PIX), 47 Zernike moment (ZER) and 6 morphological (MOR)
features.
6.2. Experimental setup
In order to evaluate the performance of RMVCSC, we compared RMVCSC with several state-of-art approaches, which includes robust multi-view k-means clustering (RMKMC) [40], pairwised co-regularized multi-modal spectral clustering (PC-SPC) [41],
centroid co-regularized multi-modal spectral clustering (CC-SPC)
[42], multi-view subspace clustering (MVSC) [22], diversity induced
multi-view subspace clustering (DiMSC) [43], and auto-weighted
multi-view subspace clustering (RAMSC) [4].
RMKMC: RMKMC obtains common cluster indicators across
multiple views by minimizing the linear combination of the relaxed k-means on each view with learned weight factors.

5

Table 2
Clustering results of different methods on the Cal-tech101-7 dataset
(mean(±std)).
Approach

ACC

NMI

Purity

RMKMC
PC-SPC
CC-SPC
MVSC
DiMSC
RAMSC
RMVCSC

0.6034 (±0.0680)
0.6975 (±0.0499)
0.7047 (±0.0654)
0.6034 (±0.0309)
0.7312 (±0.0244)
0.7384 (±0.0082)
0.7360 (±0.0078)

0.5488 (±0.0482)
0.6547 (±0.0262)
0.6879 (±0.0378)
0.4766 (±0.0373)
0.6458 (±0.0179)
0.7276 (±0.0080)
0.7631 (±0.0075)

0.6846 (±0.0541)
0.7581 (±0.0288)
0.7972 (±0.0389)
0.6559 (±0.0314)
0.7698 (±0.0268)
0.8258 (±0.0115)
0.8912 (±0.0112)

Table 3
Clustering results of different methods on WebKB dataset (mean(±std)).
Approach

ACC

NMI

Purity

RMKMC
PC-SPC
CC-SPC
MVSC
DiMSC
RAMSC
RMVCSC

0.8049 (±0.0 0 0 0)
0.7659 (±0.0 0 0 0)
0.5785 (±0.0 0 0 0)
0.7802 (±0.0 0 0 0)
0.6147 (±0.0 0 0 0)
0.9401 (±0.0 0 0 0)
0.9402 (±0.0 0 0 0)

0.1592 (±0.0 0 0 0)
0.0991 (±0.0 0 0 0)
0.0 019 (±0.0 0 0 0)
0.0 041 (±0.0 0 0 0)
0.0 0 06 (±0.0 0 0 0)
0.5689 (±0.0 0 0 0)
0.5694 (±0.0 0 0 0)

0.8159
0.7812
0.7812
0.7812
0.7812
0.9401
0.9420

(±0.0 0 0 0)
(±0.0 0 0 0)
(±0.0 0 0 0)
(±0.0 0 0 0)
(±0.0 0 0 0)
(±0.0 0 0 0)
(±0.0 0 0 0)

PC-SPC: PC-SPC enforces the corresponding point in different
modality to have the same cluster membership by a pair-wised
co-regularization term, which makes different views be the same
as each other.
CC-SPC: Similar to PC-SPC, CC-SPC makes different views be
the same as a common one based on a centroid-based coregularization term.
MVSC: MVSC performs subspace clustering on individual
modality respectively and then unify them with a common indicator matrix.
DiMSC: DiMSC learns subspace representations and employs
the Hilbert-Schmidt Independence Criterion to enhance complementary information.
RAMSC: RAMSC is an auto-weighted multi-view subspace clustering algorithm based on common subspace representation matrix.
The source codes of these reference approaches are downloaded
from the Internet. The best performances of these approaches are
achieved according to these reference papers’ setting. All the experiments are written in Matlab R2017a and processed on an HP
Elite Desk 800 workstation with Intel i7-4790 CPU and 16GB RAM.
We normalize each view of the multi-view data ﬁrstly. All values of these input data will be in the range [−1, 1] before clustering. The threshold δ is set to be the mean of the lengths of the
shortest 1% of the edges in the edge set ε . The parameter μ is initially set to μ = 3r2 , where r is the maximal edge length in the
edge set ε . All experiments are repeated 5 times independently.
We reported the mean and standard deviation of them as experimental results.
Three standard clustering evaluation metrics are utilized to
measure the multi-view clustering performance, i.e., Clustering Accuracy (ACC), Normalized Mutual Information (NMI) and Purity.
6.3. Experimental results
The experimental results on three datasets with three metrics
are shown in Tables 2–4 respectively. The ﬁnal representation produced by RMVCSC on Digit dataset is shown in Fig. 1. The convergence behaviours of RMVCSC on three datasets are illustrated in
Fig. 2. In terms of clustering accuracy, we have the following conclusions.
From Tables 2–4, RMVCSC outperforms the reference approaches on all benchmark datasets. According to three different
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Fig. 1. The common representations produced by RMVCSC on Digit dataset. Each data point is labeled with its ground truth label. In the ﬁnal output, RMVCSC identiﬁes 10
large clusters with more than 100 instances and outliers. We use t-SNE [39] to visualize the representations discovered by the algorithm.

Fig. 2. Convergence behaviours of RMVCSC on three datasets. (a) Cal-tech101-7 dataset; (b) WebKB dataset; (c) Digit dataset.

Table 4
Clustering results of different methods on Digit dataset (mean(± std)).
Approach

ACC

NMI

Purity

RMKMC
PC-SPC
CC-SPC
MVSC
DiMSC
RAMSC
RMVCSC

0.7853 (±0.0800)
0.8682 (±0.0604)
0.8768 (±0.0605)
0.8242 (±0.0686)
0.8400 (±0.0569)
0.9299 (±0.0439)
0.9312 (±0.0245)

0.8125 (±0.0384)
0.8267 (±0.0303)
0.8234 (±0.0338)
0.8399 (±0.0355)
0.8076 (±0.0347)
0.8864 (±0.0199)
0.8867 (±0.0123)

0.8190
0.8759
0.8855
0.8286
0.8465
0.9343
0.9962

(±0.0614)
(±0.0500)
(±0.0471)
(±0.0664)
(±0.0518)
(±0.0333)
(±0.0323)

evaluation metrics: ACC, NMI, and Purity, our proposed algorithm
can achieve a better or at least comparable performance.
As shown in Tables 2–4, the previous multi-view clustering
methods cannot always achieve better performances. This may be
because the previous methods characterize the structure of each
view data separately and combine them with naïve addition operations, which makes the ﬁnal clustering result affected by these
inaccurate structures. RMVCSC can perform better results in most
cases due to our proposed algorithm assigns small weight factors
to the inaccurate view and learns a common self-expressiveness
matrix Z among different views.
Tables 2 and 3 also show the robustness of RMVCSC. Our proposed algorithm learns view weight factors without an extra parameter and uses the 2,p -norm to eliminate the effects of inaccurate functions.
7. Conclusion
In this paper, we have proposed a novel robust multi-view continuous subspace clustering algorithm, named RMVCSC. Compared
with recently proposed multi-view subspace clustering algorithms,

it can achieve higher clustering accuracy across multiple views and
is more robust for utilizing. We use the self-expressiveness to learn
a common representation subspace across multiple views. By using robust redescending estimators, the proposed algorithm is optimized in an alternating minimization scheme, in which the clustering result and the common representation subspace are simultaneously optimized. Moreover, the convergence of the proposed
algorithm is theoretically proved rigorously. Compared with several very recently algorithms, RMVCSC has more accurate clustering performance without pre-setting the number of clusters.
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