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Abstract—Recently, a variety of data acquisition methods
leads to the description of the same thing from different angles,
which induces a large number of multi-view data. Clustering
multi-view data in large-scale data analysis is of great
significance and very challenging. In this paper, we present a
new robust clustering algorithm, the Multi-view Fuzzy K-means
clustering (MFKC) algorithm. In MFKC, a fuzzy membership
method is used and optimized to describe the probability of a
sample belonging to certain clusters. Compared with the hard
partition based multi-view clustering algorithms, MFKC can
effectively describe the fuzzy relationship between multi-view
data and all clusters, and has better interpretability for the
clustering results. In addition, MFKC also sets different weights
for different views. By optimizing the multi-view clustering
objective function, we obtain the optimal weigh of each view to
reflect the importance of the view. The feasibility and
effectiveness of the proposed algorithm is validated through
various experimental comparisons.
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I. INTRODUCTION

In the past decades, with the dramatic growth of internet
and related business, massive amount of data is generated
from various internet activities, such as video websites, social
networks, commercials, etc. Multiple types of data were
collected, e.g., graphical data, textual data, and video data [1].
During the last year, about video of 300 hours is uploaded to
YouTube every minute and 12 trillion photos are uploaded [2].
Such data usually possesses tremendous potential information
or trends of internet. To gain useful and applicable
information from this data, effective data analysis methods are
essential to express the pattern and characteristic of the data.
One of the most challenging problems in data analysis is
clustering.

Clustering algorithms in [3] group data by analyzing the
similarities between samples of the given datasets. However,
choosing a suitable standard to measure the similarity can be
crucial. In general, there are 5 main types of clustering
methods, i.e., the partitioning, hierarchical, density-based,
grid-based and model-based methods [4]. Among all the
clustering algorithms, K-means clustering algorithm [5] is one
of the most widely used clustering methods. As a partition
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method, K-means was proposed over 50 years ago. The
algorithm finds a partition such that the squared error between
the empirical mean of a cluster and minimizes the points in the
cluster. Due to its low cost, the k-means algorithm is widely
applied in large-scale data clustering. However, this algorithm
is designed for single-view datasets.

Nowadays, large amount of datasets is collected in
different views, which encourages the development of multi-
view data analysis algorithms. Bickel and Scheffer [6] had
proposed several multi-view modifications of classic
algorithms applied in single-view clustering, including multi-
view EM clustering, Multi-view spherical k-means, Multi-
view Agglomerative clustering, etc. The results reflect a clear
improvement on performance compared to the results of their
single-view counterparts. Xiao et a/ [7] had also proposed an
application of multi-view k-means algorithm on Big Data,
which introduces a weight function to show the importance of
each view.

The multi-view clustering algorithms usually had a better
performance than the single-view clustering algorithms.
However, these algorithms share a common problem. They
use hard partition method to group the samples, which
sometimes can be inaccurate. A hard partition algorithm
defines one sample to a single cluster unequivocally. However,
the similarity of such sample may not be as high as other
samples in this cluster. This results in an non-ideal clustering.
Bezdek et al. [8] proposed a function to produce a fuzzy
partition that characterizes the membership of each sample
point in all the clusters by a membership function. The
membership ranges between zero and one. Membership close
to unity signifies a high degree of similarity between the
sample and the cluster. Whereas, memberships close to zero
implies little similarity between the sample and the cluster.

This paper proposes a multi-view fuzzy k-means
clustering (MFKC) algorithm. To give a clearer grouping of
the data, the algorithm introduced a fuzzy membership
function to represent the membership of a sample to a cluster.
In MFKC, we also introduce a weight function for each view
to show the importance of different views. By iteratively
optimizing the target function, the MFKC algorithm keeps
updating the weight of views, membership matrices of
samples and centers of clusters until the algorithm convergent.
Through this process we also get the alternately updating
equations of these outputs. The experimental results of



applying MFKC on the artificial, text, and graphic datasets
demonstrate the feasibility and effectiveness of the proposed
algorithm.

II. PROPOSED MULTI-VIEW FUZzY K-MEANS CLUSTERING
ALGORITHM

In this work, we describe the new multi-view fuzzy K-
means clustering (MFKC) algorithm in detail. In MFKC, we
construct the target function based on the fuzzy membership
strategy and optimize the target function by considering
several variables.

A. Target Function

Given a multi-view data set X with n samples and w views.
We group the n samples into ¢ clusters, i.e., {Q, Q,, ..., Q.}.
Denote the samples of the v view by x"), where v=1,2,...,w,
MERD* ™ and d, is the dimension of the v view. Let
m](v), m](.v) ER ¥, j=1,2,...,c, be the centers of the clusters; u;
be the membership of the i sample to the j* cluster; 6 be the
coefficient that controls the fuzziness; a*) be the weight of the

vt view; and y be the coefficient which controls the weight of
different views.

In order to construct the target function, we consider two
main aspects. Firstly, we describe the probability of the
sample that belongs to one cluster through the fuzzy
membership. Next, we show the importance of different views
according to their weights. Thus, the target function can be
express as follows,
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Based on (1), we know that: 1) if sample xl(.v) is in cluster

€, the distance of xl(.v) to the center of €; must be the shortest
™) and all the clusters; 2) the

1
membership u;; of xgv) to cluster €; must be the largest among
the membership to all the clusters and vice versa; 3) the weight
factor should be larger for views that has more distinguishable
clusters, and smaller for views containing more overlapping
and confounding clusters.

among the distances between x

B. Target optimization

Since there are three variables in (1), i.e., m](.v), a
and u;, we optimize the target function in three steps. We

solve one variable each time and consider the other variable
as constant.

Step 1: Solving mj(v) when o and u;; are fixed.

We fix o, u
to m{” of (1), ..,
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Step 2: solving o”) when mj(v) and u;; are fixed.

Let
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Similarly, we apply constraint ¥, o =1, and use
Lagrange multiplier to obtain a new target function as
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Step 3: Solving u; when a” and mj(v) are fixed

Applying Y7 u; =1, we obtain a new target function
through Lagrange multiplier:

2
3= T B B OV g -m |- B (e wge1).
®)
.. 0l
With —=0, we have
ﬁu,-j
1

2 a 1 #
_ (4|01 gw
u= (D)oL | ————] - ©)
¥y \o Vv (a(v))yl xi_v)_mj(_v)“z
Lol
With 520, we have
o

Substitute u;; into (10), the following equation obtains.
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Substitute (11) back into (9), we obtain u;; as follows.
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C. Algorithm of MFKC
More specifically, Algorithm 1 gives the pseudocode of

the proposed MFKC method. We first obtain m](v) via Step 1,

then update o”) according to Step 2. Next, we update U via
Step 3. Then, we repeat this process iteratively until
convergence.

Algorithm 1. Algorithm of MFKC
Input: Data set X={xV x® . x™} with w views. Let ¢ be
the clusters, 6 be the coefficient of the fuzziness, y be the
weight coefficient of the views.




Output: Membership matrix U, center of clustering m;v)

(j=1,2,...,c, v=1,2,...,w), weight of views a (v=1,2,...,w).

Initialization:

1. Generate matrix U with )}~ u;=1 randomly.

2. Initialize the weight of each view as a®=1/w, v=1, 2, ..., w.
3. forv=1:w

4. for j=1:c

5 Update the center of the cluster mj(.v) according to (3).
(to be continued...)

6. End for

7.  Update the weight of view a*) according to (7).

8. End for

9. Update the membership matrix U according to (12).
Repeat 3-8 until convergence.

Return U, mj(.v) and a.

III. PERFORMANCE ANALYSIS

In this section, we first analyze the effect of two
coefficients on the accuracy of MFKC, i.e., the fuzziness
coefficient 8 and the weight of views coefficient y. Next, the
time complexity of MFKC is analyzed theoretically. Then
some advantages and limitations of our proposed MFKC
algorithm is discussed.

A. Effect of coefficients 8 and y

In MFKC, we use two important coefficients € and y. 0
controls the fuzziness and y controls the weight of views. Figs.
1(a) and 1(b) illustrate the effects of these two coefficients on
the accuracy of our algorithm, respectively.
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Fig. 1. Effects of the coefficients on the accuracy of MFKC: (a)
effect of 6; (b) effect of y.

As is shown in Fig. 1(a), when 6>2 the accuracy of MFKC
decreases as the fuzziness coefficient § increases. When 6=1
or 6>6, the accuracy is the lowest, and when 6=2, the accuracy
is the highest. In Fig. 1(b), when the weight of view coefficient
y=1, the accuracy of MFKC is the lowest. When y<2, the
accuracy of MFKC slowly decreases. When y=2, the accuracy
is the highest. Therefore, we set =2 and y=2 in the
subsequent experiments to obtain the optimal performance.

B. Time complexity

Assume that the data set contains n samples and w views,
the number of dimensions of each view is d"). Let ¢ be the
number of times the algorithm had iterated, and ¢ be the
number of clusters. Firstly, we analyze the time complexity of
updating the center of the clusters. As is given in Section II-B,
(3) updates the center of clustering and contains the

membership matrix U and the samples xf.v) in different views.
The time complexity of updating the center of cluster m](v) in
the v view is O(ncd™). Since, there are w views, the total time

complexity should be O(ncD), D=, d.

Secondly, we analyze the time complexity of updating the
membership matrix U. Since (12) contains the weight of each

views o), the sample xl(.v), and the center of cluster m;v), the
time complexity of updating the membership matrix should be
O(ncD). At last, we analyze the time complexity of updating

the weight of views a” . Equation (6), which updates the
f.v) in the v view, the

center of clustering m](v), and the membership matrix U. So the

weight of views, contains the sample x

time complexity of updating the weight of view ) should be
O(ncd™). Since there are w views in total, so the total
complexity of updating all weights of views should be O(ncD).
Though iterating ¢ times, the total time complexity of the
algorithm is O(tncD).

C. Advantages and limitations of MFKC

With the fuzzy membership and optimization strategies,
MFKC has two main advantages when compares with
previous works.

1) MFKC can effectively express the importance of
different views by using the weight factor. From (7) we know
that the smaller the sum of variances between the samples and
the center of the clusters calculated from the membership
matrix, the larger the weight of view, otherwise the weight of
view is smaller.

2) MFKC can better model the real world. Based on the
soft partitioning method, the proposed algorithm is more
accurate than the hard partitioning methods. More specifically,
we give an example in Fig. 2 to explain this advantage.

In Fig. 2, the green and red dots represent 2 different
clusters. The center of the cluster with green dots is (-3,0) and
the center of the cluster with red dots are (3,0). The positions
of dots X and Y are (0,0) and (0,4), respectively. If we try to
put X, Y in to the 2 clusters, we would find that the distance
from either of the points to the centers of the clusters with
green and red dots are the same. For hard partitioning
algorithms, X, Y must be in green cluster or red cluster.
Whereas, our fuzzy algorithm sets the probability of X, Y in
both clusters to be 0.5, which is more reasonable.

There are also some limits of our algorithm. Similar to K-
means and FCM algorithms, the MFKC algorithm requires a
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Fig. 2. Fuzzy clustering.

given number of clusters. However, in real life the number of
clusters is usually hard to determine. Also, the coefficient of
weight and membership must be pre-determined. Finally,
MFKC might give a local optimal solution instead of an
overall optimal solution. Nevertheless, this can be resolved by
running the algorithm multiple times.

IV. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of the
proposed MFKC algorithm. In the evaluation, two types of
datasets are used: 1) one modified Iris artificial dataset; 2) five
multi-view datasets, including 3sources, ads, mfeat, cora, and
webKB. We compare the performance of MFKC with four
benchmark algorithms, i.e., K-means, Fuzzy C-means (FCM),
Multi-view k-means (MKmeans), discriminative embedded
clustering (DEKM).

A. Artificial datasets

In this subsection, we evaluate the performance of MFKC
with a modified Iris dataset. Collected by the British
statistician and biologist Fisher, the Iris dataset consists of 150
samples, 3 types and 4 properties (i.e., the length of calyx,
width of calyx, length of petal, and width of petal).
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Fig. 3. Clustering resluts of the artificial data set: (a) resluts of
view 1; (b) resluts of view 2.

We use the lengths of calyx and petal as view 1, and the
widths of calyx and petal as view 2. The clustering results of
the two views are given in Fig. 3, where the red, blue and green
dots represent three different clusters, and the center of each
cluster is marked with diamond. As can be observed, the
proposed MFKC algorithm can effectively cluster the given
data.

Fig. 4 gives the loss of target function when the number of
iterations ranges from 1 to 16. As can be observed, the loss of
the target function decreases as the number of iterations
increases and keeps as 24 when the number of iterations is
greater than 6.

Fig. 5 demonstrate clustering accuracy when the number
of iterations ranges from 1 to 16. As is shown, the clustering
accuracy increases with the number of iterations. The
accuracy achieves 0.94 when the number of iterations is 5,
which demonstrates the effectiveness of MFKC.
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Fig. 7. Data clustering results: (a) Loss of target function on the 3sources dataset; (b) Clustering accuracy on the 3sources dataset; (c)
Weight of each view on the 3sources dataset; (d) Loss of target function on the mfeat dataset; (¢) Clustering accuracy on the mfeat dataset;

(f) Weight of each view on the mfeat dataset.

Moreover, we also illustrate the relationship between the
weight of view and the number of iterations in Fig. 6. In the
test dataset, we use two views. The sum of the weights of
views 1 and 2 should equal to 1, which is validated in Fig. 6.
We can observe that the weight of view 1 increases when the
weight of view 2 decreases. The weights of views 1 and 2
become stable at around 0.22 and 0.78, respectively. The
reason why the weight of view 2 is much larger than view 1
can be found in the cluster results in Fig. 2. As can be observed
from Fig. 2, the red and blue clusters overlap in view 1 but not
in view 2. Clusters in view 2 are well-separated, which means
view 2 is better for clustering and should have a higher weight
than view 1.

B. Multiview datasets

In this subsection, we first evaluate the performance of
MFKC in two typical multi-view datasets, i.e., 3sources and
mfeat. In the evaluation, we first consider the loss of target
function, clustering accuracy, and weight of views with the
number of iterations. Then, we extend the experimental
datasets to five typical multi-view datasets, including the
3sources, ads, mfeat, cora, and webKB data sets, and compare
the performance of MFKC with four benchmark clustering
algorithms: K-means, Fuzzy C-means (FCM), Multiview k-
means (MKmeans), discriminative embedded -clustering
(DEKM). For k-means and FCM, we connect the feature in
different views in series and cluster them as one view. The
adopted five multi-view datasets are given as follows.

TABLE L

e 3sources dataset: This is a text dataset collected from
3 sources, i.e., BBC, Reuters and The Guardian. It
includes 948 new articles. There are 6 topic labels for
the dataset: business, entertainment, health, politics,
sport, technology. The dataset contains 3 views which
are put in 3 different data formats.

e ads dataset: This set contains textual and graphical
data collected from internet. There are only 2 types in
the dataset, non-ad and ad. This dataset consists of 5
different views.

e mfeat dataset: This is a dataset consisting of
handwritten digits (0-9) with a total number of 2000
samples in 6 different views. There are a total number
of 10 different groups in the dataset. The goal of using
this dataset is to predict which number the sample is.

e cora dataset: This dataset contains a variety of
machine learning related papers. The samples are in 7
different groups: Case Based, Genetic algorithms,
Neural Networks, Probabilistic Methods,
Reinforcement Learning, and Rule Learning. It
contains 2 different views.

o webKB dataset. This dataset includes multiple web
pages, which are collected from 4 universities. There
are 5 different types of samples: course, faculty,
student, project, and staff. The dataset contains 2
different views.

TABLE 1. ACCURACY OF DIFFERENT ALGORITHMS ON DIFFERENT DATASETS.



Kmeans FCM DEKM MKmeans MFKC

ads 0.8381 0.6923 0.7721 0.8106 0.7475
3sources 0.4260 0.6330 0.3550 0.5562 0.7041
mfeat 0.5485 0.5475 0.6980 0.6285 0.6545
cora 0.4086 0.3177 0.2225 0.3735 0.4604
webKBI 0.4395 0.5096 0.3758 0.4076 0.4076
webKB2 0.6280 0.4879 0.4686 0.6087 0.6618
webKB3 0.5867 0.4133 0.5400 0.5933 0.6067
webKB4 0.6697 0.6786 0.4706 0.4977 0.5566

1) Clustering results

The performance of the proposed KFMC algorithm on two
representative datasets, 3sources and mfeat, is given in Fig 7.
The performance is evaluated in three aspects, i.c., the loss of
target function, accuracy and weight of views, and the number
of iterations ranges from 1 to 7 on the 3sources dataset and
from 1 to 100 on the mfeat datasets.

As can be observed from Figs. 7(a) and 7(d), with the increase
of the number of iterations, the loss of target function
decreases and stabilizes at a certain value. In Figs. 7(b) and
7(e), the accuracy increases as the number of iterations
increases. In Figs. 7(c) and 7(f), the weights of different views
keep changing until stabilize in the end. For the 3sources
dataset, view 2 has the highest weight and have the highest
impact on the cluster result. For the mfeat dataset, view 3 has
much higher weight than other views, meaning that view 3
affects the cluster result the most.

In general, the performance of the proposed MFKC
algorithm approaches convergence. Take the results of the
3scources dataset as an example, the accuracy reaches the
highest value after 6 iterations, which means the MFKC
algorithm approaches convergent fairly quickly.

2) Clustering accuracy

Finally, the accuracies of MFKC is compared with four
benchmark algorithms, i.e., Kmeans, FCM, DEKM and
MKmeans, on all the aforementioned datasets. The
comparison results are list in Table I, where the bold value in
each line refers to the highest accuracy that the comparative
algorithms can achieve for the used dataset, the underlined
value is the second highest accuracy. As is shown in Table 1,
comparing with other algorithms, the proposed MFKC has the
highest accuracy in 3sources, cora, webKB2, and webKB3,
and the second highest accuracy on mfeat. This demonstrates
that MFKC shows better performance than other comparative
algorithms in most datasets. This is because k-means and
FCM obtain information in a single-view form. DEKM and
MKmeans uses hard partition methods.

V. CONCLUSION

In this paper, we proposed a robust multi-view clustering
algorithm, the Multi-view fuzzy K-means clustering
algorithm. The algorithm can effectively describe the
probability of a sample belonging to certain clusters. Though
deep analysis of the coefficients of fuzziness and weight of
view, we obtained the optimal parameter settings. The

performance of the proposed MFKC algorithm, in terms of
the loss of target function, accuracy and weight of views on
the artificial and multi-view datasets, is effectively evaluated.
We also validated the feasibility and effectiveness of our
algorithm through various experimental comparisons.
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