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With the rapid development of multimedia technologies, we frequently confront with high-dimensional
data and multi-view data, which usually contain redundant features and distinct types of features. How
to efficiently cluster such kinds of data is still a great challenge. Traditional multi-view subspace clus-
tering aims to determine the distribution of views by extra empirical parameters and search the optimal
projection matrix by eigenvalue decomposition, which is impractical for real-world applications. In this
paper, we propose a new adaptive multi-view subspace clustering method to integrate heterogenous data
in the low-dimensional feature space. Concretely, we extend K-means clustering with feature learning to
handle high-dimensional data. Besides, for multi-view data, we evaluate the weights of distinct views
according to their compactness of the cluster structure in the low-dimensional subspace. We apply the
proposed method to four benchmark datasets and compare it with several widely used clustering algo-
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rithms. Experimental results demonstrate the effectiveness of the proposed method.
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1. Introduction

Clustering is one of the most popularly used technologies in
machine learning, which aims to partition data objects into several
groups such that objects within the same group are close to each
other while dissimilar objects in different clusters are far away
from each other. With several decades’ efforts, a series of remark-
able algorithms have been yielded, such as K-means (KM) [1] clus-
tering, spectral clustering [2] and graph-based clustering [3], and
have been shown their success in various kinds of applications, in-
cluding event detection [4] and multimedia understanding [5].

Along with the rapid development of the social network and
computer technologies, a large number of multimedia data with
high dimensionality are explosively generated in real-world appli-
cations. For example, in face recognition applications, given a face
image data with a relatively small resolution 128 x 128, it will
generate a 16384-dimensional feature vector. It is hard to directly
cluster these high-dimensional data with plenty of noises, outliers
and redundant features, which easily leads to high computational
complexity and degraded performance [6,7]. To solve this problem,
a straightforward way is to first project the original data to a low-
dimensional subspace by dimension reduction, such as PCA [8] or
LDA [9] type methods, and to perform clustering subsequently.
However, some researchers claim that the separation of dimension
reduction and clustering may deteriorate the performance of clus-
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tering [10]. In other words, the obtained embedded feature space
may not be the optimal one for clustering.

Another solution for high-dimensional problem is called sub-
space clustering, which tries to search the optimal cluster struc-
ture of data in the low-dimensional feature space. For instance,
Ding et al. [11] built an adaptive clustering framework, where KM
and LDA are performed jointly. Finding that PCA has close rela-
tion with KM, Hou et al. [12] proposed a general subspace clus-
tering, which can flexibly explore the discriminative information
among data in the embedded feature space. Feature selection is
a powerful method to find the most representative feature sub-
sets as well as to preserve the original structure of data [13,14].
Recently, researchers studied to integrate clustering with feature
selection [15,16]. For example, Shang et al. [15] proposed a graph-
based subspace clustering, where they built a feature map to ex-
plore the geometric structure information and to constrain the fea-
ture selection with group sparse learning. To reduce the influence
of the data representation selection, Zeng et al. [16] incorporated a
kernel based weighted regularization approach, which could itera-
tively shrink the weights for irrelevant features to zero. However,
they depends on the graph or kernel construction, making it hard
to deal with large-scale datasets.

In addition, data usually are collected from various feature ex-
traction ways. Taking the web page classification for example, one
can use many heterogeneous data or multi-view data, such as
texts, musics and videos, to describe the web pages. As these
multi-view data could offer different perspectives for the same in-
stance, it could get more abundant information compared with the
single-view data. However, due to the non-comparability among
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different views, it is still a significant research challenge to com-
bine multiple views for clustering tasks. One of the earlier re-
ports is to extend the traditional single-view clustering methods
to the multi-view scenario by simply concatenating the heteroge-
neous data. Nevertheless, such a rough combination ignores the
difference among views and lacks physical meaning. To fix this
problem, some efforts attempt to investigate the Spectral Learning
with the Multi-view Clustering (SLMC) [17]. For example, Bai et al.
[17] proposed to leverage the complementary information among
different views by a similarity framework. Zhuge et al. [18] in-
troduced an auto-weighted multi-view subspace clustering, which
utilizes a common representation matrix to reflect the sharing
structure among views. Luo et al. [19] designed an adaptive loss
function to automatically explore the local structure of data. How-
ever, the above methods need to build the similarity matrix, which
is impractical for large-scale data. Although the adaptive weighting
strategy proposed in [20] is independent of similarity matrix and is
suitable for large-scale data, it only works in a supervised manner.

KM type Multi-view Clustering (KMMC) is another school of
methods to deal with heterogeneous features. Compared with
SLMC, KMMC is widely used for its simplicity and efficiency. For
instance, Cai et al. [21] proposed a Robust Multi-view K-means
Clustering (RMKMC), which extended traditional KM to multi-view
application scenario with a group sparsity based loss function.
However, it only performs clustering in the original feature space,
which is inefficient to handle high-dimensional data. For this rea-
son, Xu et al. [22] proposed a Discriminatively Embedded K-means
for Multi-view clustering (DEKM), which imposes LDA into the K-
means multi-view clustering. To reduce the complexity of parame-
ter selection, they also proposed a re-weighted multi-view cluster-
ing approach [23]. Nevertheless, these algorithms depend on the
eigenvalue decomposition to obtain the projection matrix, which is
time-consuming to handle the high-dimensional data and is easy
to get a trivial solution when dealing with “small-sample-size”
data as well.

In this paper, we propose a new method called Adaptive Multi-
view Subspace Clustering (AMSC). Our method is built on two ad-
vancements of the state-of-the-art: First, to solve high-dimensional
data problem, AMSC imposes a special feature subset selection ma-
trix, which is easy to be optimized and also can eliminates the de-
pendency on the eigenvalue decomposition, thus it can be easily
applied to high-dimensional data; Second, AMSC is able to adap-
tively calculate the weights for different views, which is quite suit-
able for the unsupervised clustering tasks.

The rest of this paper is organized as follows. The related works
are first briefly reviewed in Section 2. We derive and optimize
the proposed multi-view clustering model in Sections 3 and 4.
Section 5 presents our experimental results, followed by the con-
clusion in Section 6.

2. Related works
In this section, we briefly review the related works on K-means
type multi-view clustering methods, which are most relevant to

our work.

2.1. K-means clustering

Given a dataset XeRP*", where n is the number of instances
and D is the number of dimensionality. Let Ind be the cluster in-
dicator matrix set. Traditional K-means aims to partition X into k

classes {C1,Cy,--+,C, } such that the distance between each data
point and cluster centroids is minimized:
min 3% "l — hell3. Q)
hyl$ Felnd <~ 4
k ieCy

where Fe R" ¢ is the cluster indicator matrix, hy, is the cluster cen-
troid of kth cluster.

Previous work showed that K-means has a close relation with
non-negative matrix factorization. Thus, we can reformulate the
above objective function of K-means as follows:

min || X" — FHT||2. (2)
H,Felnd
where H = {hy, hy, - - , he} € RP*€ is cluster centroid matrix.

2.2. Robust multi-view K-means clustering

As the objective function of traditional KM involves the squared
Euclidean distance, it is sensitive to outliers. Besides, it only
works for the single-view data clustering. To solve these problems,
RMKMC was proposed. Suppose that we have n samples collected
from c classes and each sample contains M types of heterogeneous
features. Let X(,) € RP»*" be the data matrix and H,, € RPv*¢ be
the cluster centroid matrix for the vth view respectively. RMKMC
aims to minimize the following objective function:

M
min (@) IXE) = FpHiy ll2.1- (3)
1

Wio) He) Felnd 2=

where o, is the weight factor for the vth view and y is the pa-
rameter to control the weights distribution of different views.

2.3. Discriminatively embedded K-means for multi-view clustering

Although RMKMC is robust to outliers, it performs clustering
in the original high-dimensional feature space, which usually con-
tains plenty of noises and redundant features. To address this prob-
lem, DEKM was proposed. It aims to integrate the subspace learn-
ing into K-means type multi-view clustering as follows:

u X6 Waoy — Fon Gl I
min Z(a(v))y "W WY w) F.

WG Felnd 1 — W(E)S;V)W(U)

(4)

where W, € RPw*dw)  and d,) are the projection ma-
trix and reduced dimensionality for vth view respectively,
St(") :X(U)X(TU) is the total scatter matrix in the vth view,
Gy = {g}v),g%v), 8t e Rx¢ is the embedded cluster centroid
matrix for vth view.

In despite of considering the discriminative information among
different views, DEKM is inefficient to deal with high-dimensional
data since it depends on eigenvalue decomposition, which needs a
high computational cost.

3. The proposed framework

The key issue for multi-view clustering is to properly explore
the sharing information and explementary information among
data. The most popular techniques are usually designed to impose
an extra parameter to control the distribution of distinct views.
Nonetheless, such approaches need to manually tune the opti-
mal parameters, which are unrealistic for unsupervised applica-
tions. To achieve this goal, inspired by the development of auto-
weight learning [18,23-25], we propose to automatically determine
the importance of different views by their intrinsic structure. Con-
cretely, we aim to minimize the following objective function:

M
min XT —FGT . 5
Gy Felnd — ” ) ) ”2‘1 ( )

where F is the cluster indicator matrix shared by all the views.
Moreover, to efficiently deal with high-dimensional data and to
reduce the computational complexity involved by the eigenvalue
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decomposition, following previous feature selection works [26-28],
we extend Eq. (5) to multi-view subspace clustering as follows:

min XT Wor —FGT 1. ]
Wa).Gaw)» Fdnd \/” )" (y)”Z.l (6)

where W, = {w] (”)} e RPw*dw) js the feature selec-

w2 oo
)y’ (V)’

tion matrix for vth view, whose zth column vector w is defined
as:
wi, =[0,---,0,1,0,---,0]", (7)
——— ~——
i-1 Dyyy—i

From Eq. (7), one can easily find that W,y is extremely sparse
and is actually a column-full-rank projection matrix, which is quite
suitable for feature selection and can be efficiently optimized. We
will give a detailed explanation in Section 4.

4. Optimization

Note that the framework in Eq. (6) is different from the previ-
ous works [25], which involves the I,;-norm and is non-smooth.
Besides, it is also not joint convex with respect to all the variables.
In this section, we propose an alternative optimization method to
solve this problem. More concretely, we alternate between opti-
mizing W,y and F, G, for each view as follows. Before that, we
first rewrlte the objectlve function in Eq. (6) as:

M

min ao |IXT W, FG 8
L L dz w IX(Wa) = FGi, 2.1 (8)

where «(yy is:

1
Ay = . (9)

2,/IX], Wio) = FGT, 123

Then we rewrite Eq. (8) as:

min A TrET A\E 10
Wiy Gy @iy A - Felndz Ty AwEw)- (10)
_{el 2 T _xT
where Eg,) = {e(u),e(y),--- ,e'gv)} =XyWao) - FG(U) with e(u)

R¥*1 s the ith column vector of E, and A(v) is a diagonal matrix
with its ith element defined as:
1

ii (]1)
CSTEN T

Based on the above objective function reformulation in Eq. (10),
we give the following optimization steps.

Step 1: Fixing oy, W(,), G(), Ay and optimizing F

Let A(v) = a(U)A(U),We have:

M
2 Tr(Xy Wy = FG)T Ay (X, Wy — FGP,))

v=1

= ZZA(U)”W(E)xi(v} ~Gwfill3 (12)

v=1 i=1
n M

:Z Z <v>

2
(U)X(y) - G(v)fi ll5

Considering that each column vector of F satisfies 1-of-K coding
scheme, Eq. (12) can be solved by performing the traditional K-
means on data points in the embedded feature space W(v)x(v)
follows:

2
F=1t J—argm‘“ZA<v)|| Xy — &3 (13)
0, Otherwise.

Step 2: Fixing «(,, F, A,y and optimizing W), G,
Taking the derivative of the objective function in Eq. (10) with
respect to Gy, we get:

Gy = W&)X(U)A(U)F(FTA(,,)F)” (14)

Substituting Eq. (14) into Eq. (10), the objective function be-
comes:

min Tr(W,) SwyWa)
)

dy _ 4 (15)
- nm}(ir>1 Z Tr((w’(y))TS(v) (W)
V=1

where S(I}) A(v) — A(U)F(FTA(U)F)7]
FTA ).

Considering the particular structure of W, the optimal solu-
tion of the problem in Eq. (15) can be effectively obtained by lo-
cating the first d(,) smallest diagonal elements of matrix S,).

Step 3: Fixing «(,, F W,,), G, and updating A, by Eq. (11).

Step 4: Fixing F, W(,, G(), Ay, and updating o, by Eq. (9).

By applying the above four steps, we alternatively update all the
variables and repeat the process iteratively until the objective func-
tion becomes converged. We summarize the proposed algorithm in
Algorithm 1.

X(U)N(U)X and N(l}) =

)

Algorithm 1 The iterative optimization algorithm of AMSC.

Input:
Data For M views {X(.Xq). -
RD,/xn

Xan} with vth view X, e

The number of clusters c.
The reduced dimensionality d, for each view.
Output:
Optimized feature subset selection matrix W, cluster indicator
matrix F and the cluster centroid matrix G).
: Set t = 0 and initialize F € Ind.
: repeat
Calculate F by Eq.(13).
Calculate G,y byG,) = W[, XA F(FTA(,)F)~! and up-
date W(,, by minimizing the objective function in Eq.(15).
Update A, by Eq.(11).
Update «,, by Eq.(9).
t=t+1;
: until Convergence
: Return W, Gy, F.

hwny e

© 0N U

5. Experiments

In this section, we present empirical results to evaluate AMSC
on four benchmark datasets in terms of three standard cluster-
ing evaluation metrics, i.e. Normalized Mutual Information (NMI)
[29], Accuracy (ACC) [30] and Purity [31]. We also compare AMSC
with several baseline single-view clustering algorithms, i.e. KM,
and multi-view clustering algorithms, i.e. RMKMC, SMKMC [21] (a
variant of RMKMC with equal weight for each view), DEKM.

For a fair comparison, following [21], we utilize the same clus-
ter indicator matrix initialization approach for all the compared al-
gorithms. For the subspace multi-view clustering, i.e. DEKM and
AMSC, we determine the optimal reduced dimensionality for each
view by the grid search strategy. For DEKM and RMKMC, we tune
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Table 1

A brief description of the selected datasets.
View Handwritten  Caltech Jaffe Yale
1 PIX(240) GAB(48) CLR(420) CLR(420)
2 FOU(76) WM(40) GIST(512)  GIST(512)
3 FAC(216) CENT(254)  SIFT(420)  SIFT(420)
4 ZER(47) - - -
5 KAR(64) - - -
6 MOR(6) - 20 -
Samples 2000 1474 213 165
Classes 10 7 10 15

the view distribution parameter, i.e. y, following the author’s sug-
gestions. All of the compared algorithms are independently repeat
50 times and the mean and standard deviation of the results are
reported.

5.1. Datasets

In our experiments, four benchmark datasets, including Caltech
[32], Handwritten [33], Jaffe [34] and Yale [35] were selected for
evaluations (Table 1). The brief description of these datasets is re-
ported as follows:

1) Caltech: It is an image dataset that contains 8677 images col-
lected from 101 categories. We chose the most frequently used 7
classes, i.e. Face, Motorbikes, DollaBill, Garfield, Snoopy, Stop-Sign
and Windsor-chair, eventually getting 1474 images. Three features
were extracted to represent each image: 48 Gabor feature (GAB),
40 Wavelet Moments (WM), 254 Centrist feature (CENT).

2) Handwritten: This dataset consists of features of handwrit-
ten digits of (0-9) and contains totally 2000 samples with 200 in-
stances per class. We extracted six published features: 76 Fourier
coefficients of the character shapes (FOU), 216 profile correlations
(FAC), 64 Karhunen-lov coefficients (KAR), 240 pixel averages in
2 x 3 windows (PIX), 47 Zernike moment (ZER) and 6 morpholog-
ical (MOR) features.

3) Jaffe: This is a facial expression dataset collected from 10
Japanese female models. Each image has been rated on 6 emotion
adjectives by 60 Japanese subjects. Each image was represented in
terms of three heterogeneous features: 420 Color names feature
(CLR), 512 Gist features (GIST), 420 Sift features (SIFT).

4) Yale: It contains 165 grayscale images of 15 individuals with
various facial expressions, facial configurations and light condi-
tions: center-light, with glasses, happy, left-light, without glasses,
normal, right-light, sad, sleepy, surprised, and wink. Similar to Jaffe
dataset, three features were extracted from this dataset: 420 Color
names feature (CLR), 512 Gist features (GIST), 420 Sift features
(SIFT).

5.2. Toy example

To show the validity of the proposed algorithm, we conduct
several experiments on a synthetic dataset given by Kumar et al.
[36]. This synthetic dataset contains three views and is sampled
from two classes, each of which consists of two components gen-
erated by the Gaussian mixture model. We set the reduced dimen-
sionality for three views as dy = 2,d, = 2, d3 = 1 respectively. From
the clustering results shown in Table. 2, we can find that all of
the multi-view clustering algorithms get better results than KM,
which indicates that exploring the shared information among mul-
tiple views of data is helpful for improving clustering performance.
Besides, different views maintain different discriminative cluster-
ing power, e.g. KM gets the best results on view 1. Thus, the way
of mining the discriminative power among different views plays
an important role in multi-view clustering. For example, DEKM
and RMKMC outperform SMKMC by imposing an additional view

Table 2

Clustering results comparison on the toy example.
Methods  NMI ACC Purity
KM(1) 91.02 + 0.00 98.80 + 0.00 98.80 + 0.00
KM(2) 4743 + 000 8570 + 0.00 8570 + 0.00
KM(3) 4892 + 0.00 8830 &+ 0.00 88.30 + 0.00
SMKMC 94.67 + 7.03 99.21 + 1.75 99.21 + 1.75
RMKMC 9498 + 345 9937 + 056  99.37 + 0.56
DEKM 96.21 + 0.00 99.60 + 0.00 99.60 + 0.00
AMSC 98.31 £ 0.13 99.83 + 0.00 99.83 + 0.13

weighting strategy. Additionally, AMSC is able to adaptively deter-
mine the importance of different views according the nature clus-
ter structure of each view, resulting in the best accuracy compared
with the other baseline methods.

To verify the validity of the adaptive multi-view weighting
mechanism in Algorithm 1, we also visually illustrate the weights
among views, weights between data points (farthest 5 data points
and nearest 5 data points to their centroids) and their cluster cen-
troids during the iteration. We use line width to represent weight.
Bigger line width indicates larger weight. As shown in Fig. 1(b), the
weights for all the views are initially set to be identical, so do the
weights for data points (have the same line width). After several
iterations in Fig. 1(c) and (d), the data points and views that con-
tributes most to minimizing the objective function will be assigned
larger weights. Zoom in the figures will get better visualization.

5.3. Comparison results and discussion

Tables 3 and 4 show the clustering results of the compared al-
gorithms on different datasets. We begin the comparison results
with single-view clustering method, i.e. KM. We can observe that
nearly all of the multi-view clustering get better results than KM,
which indicates the effectiveness of multi-view learning. However,
the way of utilizing the information among different views has
a significant effect on the clustering performance. For example,
SMKMC fails KM(1) and KM(2) on Jaffe, KM(2) on Yale. The pri-
mary reason is that simply combining different types of features
may not be beneficial for clustering.

Moreover, for four compared multi-view clustering, in most of
the cases AMSC performs better than the others. Specifically, com-
pared with RMKMC, AMSC gets better results by a large margin,
except that on Yale dataset in terms of NMI and on Handwritten
dataset in terms of Purity, AMSC is slightly worse than RMKMC.
Note that owing to the subspace learning component in AMSC, it
can tremendously save the computational resource for clustering
especially for high-dimensional data.

Finally, AMSC outperforms the multi-view subspace cluster-
ing algorithm, i.e. DEKM, which demonstrates the effectiveness of
our objective function and the usefulness of the non-eigenvalue-
decomposition subspace clustering.

5.4. Convergence and complexity analysis

Following the previous works [18,24], we can easily demon-
strate that the convergence of Algorithm 1 theoretically. Due to
space limits, we only conduct an experimental analysis on the
speed of convergence. The number of reduced dimensionality is set
to ¢, where c is the number of classes. Fig. 2 shows the results on
four datasets. We can find that our algorithm converges fast, usu-
ally within 30 iterations for all the datasets.

To show the efficiency of our algorithm, we provide a brief time
complexity analysis of Algorithm 1. For vth view of data with n
samples, the complexity of our algorithm is O(D(,yn), which is lin-
ear with respect to the number of samples n and the number of
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Fig. 1. The clustering results of toy example during the iteration by Algorithm 1.

Table 3

Clustering results of compared algorithms on Jaffe and Yale datasets.
Methods  Jaffe Yale

NMI ACC Purity NMI ACC Purity

KM(1) 89.24 + 577 80.03 + 981 84.00 + 7.77  63.55 + 426 5293+ 6.98 54.69 + 6.02
KM(2) 88.09 + 520 8216 + 817 8498 + 672 7079 + 442 6222 + 596 6492 + 5.07
KM(3) 8240 + 484 7432 + 858 7887 + 632 6378 £ 293 5198 + 5.16 52.61 + 4.89
SMKMC 8745 + 510 7959 + 783  83.04 £ 623 69.73 £ 359 6218 £ 6.00 6330 + 567
RMKMC 89.77 + 559 8279 + 951 8587 + 766 7220 + 3.65 6479 + 589  65.84 + 5.8
DEKM 8529 + 537 7756 + 815 80.87 + 710 62.68 + 486 5313 + 7.04 5412 + 7.01
AMSC 90.64 + 499 8501 + 819 8756 + 655 7165 + 329 6496 + 542 66.11 + 525

Table 4

Clustering results of compared algorithms on Caltech and Handwritten datasets.
Methods  Caltech Handwritten

NMI ACC Purity NMI ACC Purity

KM(1) 14.93 + 057 3295 + 181 69.39 + 087 6826 + 399 68.63+ 7.09 70.12 + 6.06
KM(2) 29.28 + 272 4095 + 280 79.59 + 095 53.73 £ 242 5586 + 428 56.73 + 3.95
KM(3) 3079 + 0.89 4230 + 487 7920 + 085 64.65 + 296 6753 + 589  69.53 + 4.50
KM(4) - - - 4999 + 223 5360 £ 530 55.78 £ 4.15
KM(5) - - - 63.30 + 253 6571 + 437 6743 + 3.77
KM(6) - - - 6411 + 3.01 62.90 + 561 6453 + 417
SMKMC 3235 + 267 4541 £ 6.02 8035 + 1.24 7868 + 393 7690 + 6.76  80.01 + 5.51
RMKMC 32.88 + 325 4719 + 741 80.51 + 1.28 8134 + 350 8158 + 7.67 84.26 + 5.69
DEKM 32.07 + 643 5857 + 835 80.79 &+ 5.09 8205 & 336 7897 + 705 8249 £ 525
AMSC 3466 + 324 4916 + 655 8115 + 140 82.52 + 3.63 8198 + 647  82.55 + 5.06
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Fig. 2. The clustering results of toy example during the iteration by Algorithm 1.

Table 5

Computational time (in seconds) comparison.
Methods  Handwritten Caltech Jaffe Yale
KM 0.82 + 0.36 030 + 016 010 + 0.07 018 + 0.09
SMKMC 1016 + 2.51 226 + 0.81 066 + 039 0.77 +£0.32
RMKMC 6.77 + 2.45 426 £ 096 039 + 012 039 + 0.08
DEKM 1325 £ 156 440 + 046 514 + 0.16 514 + 0.21
AMSC 2.58 + 0.77 0.65 + 022  0.06 + 0.02 0.07 + 0.03

dimensionality D(,y. Thus, it can be used for large-scale datasets
with high-dimensional features.

What is more, we also recorded the clustering time for ex-
periment on four datasets. All the algorithms were realized by
Matlab 2015b and executed on an Intel(R) Xeon(R) CPU E5-2630
V4 2.20GHz with 32G memory and ubuntu 16.04 LTS operating
system. Note that the compared algorithms are standardly imple-
mented or downloaded the source code from the author’s web
site, they might not be best tuned for efficiency. From Table. 5,
we can conclude that: 1) compared with RMKMC, SMKMC and
DEKM, AMSC and KM achieve the remarkable efficiency on all
of the datasets; 2) when dealing with low-dimensional data, i.e.
Handwritten and Caltech, KM spends the least time, especially the
number of features is smaller than that of instances. 3) when han-
dling the high-dimensional data, i.e. Jaffe and Yale, AMSC performs
faster than KM. The reason lies in that AMSC iteratively updates
each cluster centroids in the embedded feature space, while KM
operates in the original high-dimensional feature space.

90 ;
I AMSC
[ AMSC-NON -
80 | C_———1RMKMC ] |
70 - B
Q
Q
<
60 - B
50 - B
o ml
Caltech Handwritten Jaffe Yale
Datasets

Fig. 3. Influence of subspace learning in AMSC.

5.5. Influence of subspace learning

In this section, we conduct a thorough experiment to study the
influence of subspace learning in AMSC. We simply set the selec-
tion matrix in Eq. (6) as an identify matrix and generate the fol-
lowing equation:

M
min XT _FGT ' "
G).Felnd - ” ) () ”2.1 ( )

Obviously, without subspace learning AMSC is reduced to
RMKMC with square root loss function and adaptive weighting
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strategy, for better presentation, we named it AMRC-NON. The
comparison results of AMSC, ARMC-NON and RMKMC are illus-
trated in Fig. 3. We can observe that AMSC outperforms AMSC-
NON on all of the datasets, which demonstrates the importance of
subspace learning. Besides, AMRC-NON gets competitive accuracy
with RMKMC, especially when dealing with high-dimensional data,
i.e. Jaffe and Yale. Such results confirm the validity of the adaptive
weighting strategy in AMSC.

6. Conclusions

It still is a great challenge to deal with high-dimensional data
along with heterogeneous features. In this paper, we propose a
new subspace multi-view clustering. In contrast of manually se-
lecting the distribution of different views in traditional approaches,
we integrate an adaptive weighting mechanism in the proposed
method, which can automatically determine the weights for views
according to their own compactness of cluster structure. Besides,
to efficiently handle high-dimensional data, we impose a special
selection matrix, which can properly avoid the eigenvalue decom-
position. The convergence behavior, computational complexity and
the influence of subspace learning have also been analyzed. Exper-
imental results on several benchmark datasets have demonstrated
the effectiveness of the proposed method.
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