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Abstract— Spectral clustering is a typical unsupervised machine
learning technique and it has widely adopted in various fields.
This paper proposes a novel spectral clustering technique to
handle the characteristics of multiview data. In the proposed
method, co-training approach is adopted in the spectral
clustering. When an instance has more than three views, it is
difficult to handle different dependencies among views in
ordinary co-training. To overcome this, the proposed method
reflects these different dependencies among views when the
information is propagated in the training phrase. In the
experiment, the proposed method is evaluated with the synthetic
data whose instances are represented with three views. The
proposed method achieves up to 8.25% better ARI (Adjusted
Rand Index) than those of five algorithms.

Keywords— Spectrum clustering, co-training, unsupervised
learning, weight estimation, co-efficiency

I. INTRODUCTION

Clustering is a typical unsupervised machine learning
techniques and it has been widely applied in various tasks like
document clustering and image processing [1]. Especially for
multimedia data, various tasks like image segmentation, scene
boundary detection and so on basically utilize diverse
clustering algorithms. Among various clustering techniques,
the spectral clustering [2] has shown better performances in
diverse tasks comparing with other clustering methods, since
the spectral clustering can handle efficiently non-convex
characteristics of clusters observing in real-world tasks [3]. In
the spectral clustering, the similarity graph is constructed with
similarities between all pairs of data. The spectral embedded
data is obtained by determining Top-k eigen vectors from the
graph laplacian of the similarity graph. Then, a simple
clustering like k-NN is performed with the spectral embedded
data. Since the spectral embedding is a kind of non-linear
vector transformation, the spectral clustering can handle non-
convex clusters.

When an instance has Multiview features as usually
observed in real-world problems like video processing (vision ,
audio, and sometimes texts) and text clustering (multilingual
or structured text), a clustering should reflect information both
in a single view and among views. Co-training is a well-
known method to handle this case, multiview data [4, 5]. In
co-training, models are trained separately with each view. The
trained models share the information obtained from their own
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view. Then, adjusted a model to reflect the information
acquired from other models (views). In many cases, co-
training shows its superiority comparing with a single view
based method or simple view concatenation method. Kumar
and Daume III have proposed the spectral co-clustering
converging with a co-training for multiview clustering
problems [6].

The spectral co-clustering showed better performances to
deal with multiview data. However, the spectral co-clustering
assumes that independent among all the views. Thus, when an
instance has more than three views, the spectral co-clustering
cannot reflect the different dependencies among views.
Dependencies among views are crucial points to be concerned
in co-training. A co-training improves the performance of
ordinary methods when views are independent and sufficient.
Thus, ignorance of dependencies in the spectral co-clustering
can affect the clustering performance with more than three
views.

This paper proposes a novel spectral clustering algorithm,
Adaptive Spectral Co-clustering (ASC) for multiview data,
especially data with more than three views. In the proposed
method, different dependencies among views are determined
and reflected through its spectral embedding step. When a
target view is selected, a new data is constructed with other
views to minimize correlation coefficiency by using a simle
linear model. As a result, the new data has the information in
other views and at the same time, it is independent with the
target view. A new data is adopted in the spectral embedding
of the target view. Thus, the information in other views is
efficiently propagated to the target view. After the spectral
embedding, a simple clustering algorithm is applied as
ordinary spectral clustering.

Experiments are performed with a synthetic data sampled
from the mixture of three Gaussian distributions. In
experiments, ASC shows 98.4% of ARI (Adjusted Rand Index)
and it is the best performance among five experimental
methods. The results imply the efficiency of ASC in
multiview data clustering.

II. MULTIVIEW SPECTRAL CO-CLUSTERING

The proposed method, ASC is an extended version of the
multiview spectral co-clustering proposed by Kumar and
Daume III [6]. Thus, the multiview spectral co-clustering is
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first introduced in this section. Multiview spectral co-
clustering is a spectral clustering with co-training. The
similarity graphs are constructed with each view. Then, graph
laplacians are determined and eigen vectors are constructed
separately. Constructed eigen vectors are applied to the other
view. By applying the eigen vectors of a single view to the
similarity graph of the other view, information is propagated
between biews. Table 1 shows the algorithm of the multiview
spectral co-clustering. In this algorithm, sym() is the function
that makes the input matrix to be symmetric. While, concat()
is a column-wise concatenation of input matrixes.

Table 1. The algorithm of multiview spectral co-clustering

Input: similarity matrixes K,, K,
Max iteration iter
Output: & clusters

Initialization: Graph laplacians L,, L,

Eigen vectors U, U

for i = 1 to iter do
. T
1: S, =symUL'UT" K,)

i1y riaT
2: S, =sym(U; U™ K),)
3: compute U/,,U; with S}, S,
End for
4: normalize U, ,U}
5: V= concat(Uli,Ué )
6: perform k-means clustering with 7’
7: return the clustering result

When more than three views are given, the Multiview
spectral co-clustering considers them equally. By assuming
independences among views, the 1 and 2 steps in the
algorithm in Table 1 is modified as

S, =sym(( Y USULK,), (1)

vie=V

where v is the target view, while — ¥ is the set of other views.

III. ADAPTIVE SPECTRAL CO-CLUSTERING

Equation (1) shows how the multiview spectral clustering
handles information in data with more than three views. As
shown in Equation (1), views are regarded equally as
information sources to be shared across other views. However,
in real-world tasks, even though domain experts want to
design every feature to be independent, it is almost impossible
to design every feature in different views have the
independent characteristics. Thus, due to Equation (1),
ordinary multiview spectral clustering can be affected from
the dependencies among views. To resolve this, this paper
proposes a new spectral co-clustering method, Adaptive
Spectral Co-clustering (ASC). For the simplicity, in this paper,
we address ASC with three views but the extension of ASC
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for data with arbitrary numbers of views can be easily
achieved with the same manner explained in this section.

Table 2. The algorithm of Adaptive Spectral Co-clustering

Input: similarity matrixes K, K,, K,

Max iteration iter
Output: £ clusters

1: estimate W, W,., Ws,
2: construct K, K, K,
3: determine U, , U, ,U? with K.,.K,,K,

for i = 1 to iter do
forjin |V] do

_ i-1y ri-1T
4: S, =symU; U} K))

5: estimate W, W,,, Wy,

6: construct S{,S;,S;

7: compute U, ,U},U; with S{,S;,S;
End for

8: normalize U, U}, U

9: V= concat(U{,Ué,U; )

10: perform k-means clustering with
11: return the clustering result

Given an instance x € X which is composed of three
similarity vectors based on views {x,,x,, x;}, ASC generate

a new similarity vector x,,x,,x; for each view. In the new

data generation step, for the target view v, x'v is constructed
with  the  weighted
—V={"|vand veV,v=V'}
estimated to the new

independent with v. That is,

x, = ZWV,xv,,

vie=lV

where w,, is the weight for v’. The weights are estimated

others  in
weights  are

summation of
The

instance should be maximally

based on correlation coefficiency between v and v’. The
correlation coefficiency can be represented how much two
vectors are independent. The value of the correlation
coefficiency is from -1 to 1. Since -1 is also equivalent
meaning with 1 in our task, the weights are estimated with the
squared correlation coefficiency. When the target view x

and the set of other views X are given, the objective
function for the weight estimation can be written as,

w,, = argmin(b4-w")? +%| wl?,
welW

where W < RV is the set of weights and |V] is the
number of views, C is the user parameter for the L,
regularizer in the right side of the equation. In this equation, b
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and A4 is are newly introduced to measure correlation co-
efficiency and they are defined as

b=x,—E[x,],

A=X_, —E[X_,].

Note that from the definition of X that x'v should be a
similarity vector. Thus, to keep this, two constraints are
defined as

Vi,0<w,; <1.0,

V-1

Z w,; =1.0.
These constrains keep the value in x'v should be a values from
0.0 to 1.0. Table 2 shows the algorithm of ASC. As shown in
this table, ASC is a modified version of the multiview spectral
co-clustering basically. To generate new data for each view,
the algorithm is expended with the weight estimation and data
generation from the algorithm in Table 1.

T

(a) Distributions of two clusters

components. Each Gaussian component is corresponding to a
single view for an instance. Gaussian components are defined
as

pt = (1) = (0,208 = (1.1).

g1 (1005) w2 (1.0 —02) 5 _(1-202]

110610071 1—02 1.0 71 102107
£1=(0302) 2 (0601) 5 _ (1004
2710206/ 10108172 10.40.7)

pt = (3.4), .3 =(2,2)..2 =1(3.3).

Figure 1 shows the distributions of sampled instances for two
clusters and that of three views.

Five hundred instances are sampled for a cluster and these
experimental settings are exact same with Kumar and Daume
III [6]. In the experiment, five methods are compared based on
ARI (Adjusted Rand Index). Experimental methods are a
single view k-means clustering (Singleview), kernel
summation based multiview k-means (KS), kernel product
based multiview k-means (KP), the multiview spectral co-
clustering (MSC), the proposed method ASC.

B. Experimental results

Table 3 shows the experimental result. As shown in this
table, ASC achieved 98.4% of ARI and it is the best
performance among five methods. In this experiment, all the
multiview based methods show better performances than that
of Singleview. As mentioned in previous studies, when an
instance is composed of multiple views, Multiview techniques
can be improved their performances in most cases. With more
than three views, ASC can handle the dependencies among
views and the dependency is one of the most crucial factors in
co-training. This characteristic of ASC gives rise to achieve
the best performance.

Table 3. ARIs of five experimental methods

(b) Distribution of six Gaussian components

Figure 1. The distribution of experimental data

IV. EXPERIMENTS

A. Dataset

ASC is evaluated with the synthetic data sampled from two
Gaussian distributions. Thus, the number of clusters is two
and each cluster is represented with three Gaussian
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ARI
Singleview 90.9% (0.302)
KS 97.7% (0.035)
KP 97.6% (0.035)
MSC 97.2% (0.056)
ASC 98.4% (0.069)

V. CONCLUSION

This paper proposes a novel spectral clustering to handle
multiview data. Especially, when data with more than three
views are given, the proposed method generates data
corresponding to each view by estimating weights for views.
Then, information of other views is efficiently propagated to
the target view. Through experiments, the proposed method
shows consistently better performances than four ordinary
clustering algorithms.
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