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Abstract—Combining multiple source information can often
lead to improved performance on the learning task. Information
from different sources could potentially compensate the missing
information in a single source. However, designing an effective
combining scheme is not always straightforward in practice. This
paper aims to combine information from multiple social media
websites to enhance the co-clustering performance of two types
of objects (social media objects and users) in one social network,
since users could leave footprints across different social media
websites, such as Twitter, Foursquare, etc. Data generated from
multiple heterogeneous sources can be casted in a multi-view
setting. Specifically, we construct the relationship matrix as relationship view and features of each individual object from different
sources as different feature views. In previous works, features
besides relationship matrix were added to co-clustering in the
following manners: different features are taken indiscriminately;
those features act as hard constraints to force final co-clusters
agree with these constraints. A co-regularized collaborative coclustering model (Co-CoClust) is proposed to simultaneously
perform co-clustering on relationship view and clustering on
multiple feature views. In this framework, features from different
sources are treated discriminately since they are divided into separate views and utilized based on the distance from relationship
matrix. Co-regularization technique is introduced to impose a
common constraint between co-clustering and clusterings such
that the relationship matrix and feature matrix are unified. By
alternating minimization, results of co-clustering and clustering
from different views are iteratively optimized. Therefore, coclustering results are improved by leveraging multiple source
information. The proposed algorithm proves its effectiveness in
social media datasets and traditional document-word datasets.
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Fig. 1: Two examples of Connected social networks

media services by producing groups of social media objects
and groups of users with similar preference.
Linking different accounts together has become a routine
in social networks. In Figure 1, we show two examples of
connected social networks. The left example shows that Twitter
network and Foursquare network are connected as users link
their Twitter accounts with Foursquare accounts. Therefore,
users can check in at venues in Foursquare and also post tweets
in Twitter for similar events. The right example illustrates the
linked Twitter network and Kickstarter network. Similarly to
the left example, Twitter network and Kickstarter network are
connected by users. Interestingly, they are also connected by
projects as tweets can include links of Kickstarter projects.
In this case, the co-clustering objects (users and projects)
in Kickstarter also co-exist in Twitter. Utilizing these shared
common objects and the corresponding attributes associated,
one could gain more insight into a co-clustering problem in
any of the connected networks. For example, users’ profile,
tweets, following users, and followers in Twitter could provide complementary information for a co-clustering task on
Foursquare. Users who follow twitter account of publishers
are more likely to have different tastes of places compared
with users who follow restaurants.

I NTRODUCTION

It becomes prevalent that multiple types of objects co-exist
in social networks. Social media websites such as Twitter,
Foursquare naturally contain at least two types of objects. One
is social media objects, for example, tweet, review, video, point
of interest (POI), while the other is users. The user objects are
unique compared to other social media objects as they conduct
a series of actions in social media websites. Specifically,
they create text, image, video in social media websites; they
interact with each other by following or liking; they also
interact with social media objects, for example, commenting on
posts, retweeting tweets, checking in POIs, and sharing videos
and photos. Co-clustering model groups two types of closely
related objects at the same time. Utilizing co-clustering model
to analyze social media data has several advantages. The coclustering model is able to preserve meaningful relationships
between social media objects and users. It also enhances
recommendation which is the most important task in social
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Generally, information collected in real world is incomplete
in each single source. Combining information from multisources, especially for social networks, could potentially allow
us to construct a panorama for social media objects. Information from different sources could be both complementary
and conflicted from different perspectives. It is thus interesting
to design a smart way to unify and leverage multi-source
information.
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A. Spectral Co-clustering

In this paper, we aim to co-cluster two types of objects in
one social network by leveraging information from multiple social networks. Traditional co-clustering algorithms only works
on relationship matrix which can not utilize additional information of each type of objects. More recent semi-supervised
co-clustering algorithm considers side information as hard
constraints to force co-clusters agree with these constraints.
This could introduce more noise since constraints may not
always be correct. Some other co-clustering algorithms consider information such as object features indiscriminately. They
implicitly make an assumption that these features are equally
useful to the co-clustering, which may not be the case when
we considering information from multiple sources. Therefore,
to avoid introducing too much noise and jeopardize the coclustering performance, a technique needs to be developed to
treat information from different sources discriminatively.

Spectral co-clustering is a co-clustering algorithm that
transforms co-clustering problem into a partition problem on
a bipartite graph. “Row vertices” and “column vertices” in the
context of bipartite graph refer to original rows and columns
of relationship matrix in co-clustering problem. Each edge in
the bipartite graph corresponds to an element of relationship
matrix in co-clustering problem. Denote the bipartite graph as
G = (Vr , Vc , E). It contains two sets of vertices Vr and Vc .
Each element of matrix E represents an edge between two
vertices. The partition problem on a bipartite graph aims to
simultaneously partition row vertices Vr into k clusters and
column vertices Vc into k groups. Spectral co-clustering is
designed to find minimum cut vertex partitions in a bipartite
graph between row vertices and columns vertices. The solution
of this graph partitioning problem can be solved by calculating
!
−1/2
−1/2
EDc
, [Dr ]ii = j Eij ,
eigenvectors of
!the matrix Dr
and [Dc ]ii = j Eji .

In order to handle multiple source information, a special
multi-view formulation is proposed in this paper. Unlike traditional multi-view learning which only considers one type
of objects, our problem is to handle more than one types of
objects on multiple social networks. In the traditional multiview learning, different views are constructed with regards
to the same type of objects since there is only one type of
objects. However, for the proposed problem, different views
may contain information in terms of different types of objects.
Moreover, one view may contain information in terms of more
than one type of objects (e.g. relationship matrix). To sum up,
traditional multi-view learning only handles one dimension of
variation, namely different views, while in our problem, we
need to handle two dimensions of variations, namely views and
objects. It is a challenge to design a framework that handles
two dimensions of variations.

B. Collaborative Co-clustering Formulation

To co-cluster two types of objects on multiple source information, we formulate it in a multi-view fashion. Relationship
view is constructed from relationship matrix of two types of
objects. Feature views are constructed from features of each
individual type of objects from different sources. In this work,
we assume there is only one relationship view and there are
multiple feature views in the problem formulation. In case of
multiple relationship matrices scenario, only the relationship
matrix in the target social network is used to construct the
relationship view, while other relationship matrices in supporting social networks are transformed into two feature matrices
with regards to two types of objects separately. For example,
in the right example of Figure 1, there are two relationship
matrices between users and projects in Kickstarter and Twitter
networks, respectively. When solving a co-clustering problem
in Kickstarter, we will only consider the relationship matrix
from Kickstarter and transfer the other one into two feature
matrices. We follow the notations of spectral co-clustering.
Assume there are m object A and n object B, the relationship
matrix between object A and object B is E. Feature matrices in
feature views are computed using Gaussian kernel. We denote
(w)
kernel matrix of object A in view w as KA . We also denote
(p)
kernel matrix of object B in view p as KB . Our goal is to find
(w)
co-cluster result X, where X can be solved using E, KA ,
(p)
and KB .

In the proposed multi-view formulation, the relationship
matrices, which are usually exploited in co-clustering, are
utilized to construct the relationship view that contains information with regards to two types of objects. Features of
each individual objects from different sources are utilized to
build feature views, where each view contains information
in terms of one type of object. Finally, a collaborative coregularization co-clustering (Co-CoClust) framework is proposed. Co-regularization technique is introduced to learn coclusters from both the relationship view and feature views.
Specifically, “co-clusters” from spectral co-clustering and
“clusters” from spectral clustering are co-regularized using
eigenvector matrix in terms of the same type of objects.
Iterative optimization is applied to iteratively update co-cluster.

C. Co-regularized Collaborative Co-clustering Model

The rest of the paper is organized as follows: Section 2
gives the details of the problem formulation and the proposed
algorithms. Section 3 shows the experimental results as well as
the discussion and comments. Section 4 presents a review for
state-of-the-art research status. Section 5 concludes the paper.

II.

In the proposed multi-view setting, objects are grouped
into co-cluster and clusters under different views. In order
to achieve better co-cluster by leveraging relationship view
and feature views, we can consider this problem as finding
maximum agreement between different views with regards
to the same types of objects. The dissimilarity between cocluster and clusters is then measured by a co-regularization
term, which is performed on the eigenvector matrices of cocluster and clusters. The reasons why eigenvector matrices
are utilized are listed below. First, Eigenvector matrices in
spectral clustering/co-clustering represent the graph partition
rules, which is essentially the discriminative information of

C O - REGULARIZED COLLABORATIVE CO - CLUSTERING

In this section, we first briefly review spectral co-clustering
algorithm. Then we introduce the proposed collaborative coclustering formulation and the co-regularized collaborative coclustering model.
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in view w and view p related to object A and object B
respectively. L(v) is Laplacian matrix of co-clustering in view
(w)
(p)
v. LA and LB are Laplacian matrices of clustering in
(v)
(v)
(w)
(p)
view w and p. Matrices Dr , Dc , DA , and DB are
!
!
(v)
(v)
diagonal matrices, [Dr ]ii =
j Eij , [Dc ]ii =
j Eji ,
!
!
(w)
(w)
(p)
(p)
[K
]
,
and
[D
]
=
[K
]
. In
[DA ]i =
ij
i
ij
A
B
B
j
j
co-regularization, to make eigenvector matrices U(v) and
(w)
(p)
UA /UB compatible with each other, we define transition
matrix T1 = [Im×m 0m×n ] and T2 = [0n×m In×n ] to
transfer U(v) to another matrix which only contains informa(w)
(p)
tion in terms of the same type of objects with UA /UB .
(v)
Eigenvector matrix U(v) can be
# split$ into two matrices UA
(v)
UA
(v)
(v)
and UB by equation U(v) =
(v) , where matrix UA and
UB
(v)
UB are eigenvector matrices corresponding to object A and
object B in view v respectively. Hyperparameter λ is defined
to tradeoff original clusterings and co-regularization term.

clusters. Second, an eigenvector matrix for two types of
objects in spectral co-clustering could be decomposed into two
eigenvector matrices corresponding to each type of objects.
This would allow us to construct the co-regularization term
for each type of objects under different views.
Frobenius norm is employed to realize this coregularization. Assume two eigenvector matrices are U(a) and
U(b) , the Frobenius norm measures the distance between them,
noted as D(U(a) , U(b) ), where
D(U(a) , U(b) ) = −tr(U(a) U(a)T U(b) U(b)T )

Subsequently, maximizing agreement between two views is to
minimize −tr(U(a) U(a)T U(b) U(b)T ).

We formulate the collaborative co-clustering problem as
an optimization problem which tries to find optimized graph
partitioning for spectral co-clustering and spectral clustering in
multiple views and maximize agreement between relationship
view and feature views. That being said, we will first perform
spectral co-clustering on the relationship view, from which we
can obtain a partition result represented as U(v) . Also, spectral
clustering will be performed on each feature view for A and B,
(w)
(p)
where UA f or 1 ≤ w ≤ W , and UB f or 1 ≤ p ≤ P can
(w)
(p)
be obtained. Then, U(v) , UA , and UB will be used as initial
value for the optimization algorithm. The objective function
for optimization is shown in Equation 1. It is composed of
three parts, i.e., the objective function of co-clustering in
relationship view, the objective function in feature views, and
the objective function for the co-regularization. In particular,
the first item is the spectral co-clustering objective function.
The second and third items stand for the objective function
under features views for A and B, respectively. Note that
multiple feature views exist for A and B, so they are both
in a sum manner. As can be seen, the fourth and fifth items
are in the shape of Frobenius norm, and therefore represent
the objective function for co-regularization. It is worth to
mention that since we combine the objective function together
as shown, it brings us the merit of simultaneous clustering,
co-clustering, and collaboratively optimization.
min

(w)
(p)
U(v) ,UA ,UB

+

"

tr(U(v)T L(v) U(v) ) +

"

tr(UA

(w)

(w)T

(w)T

(w)

D. Optimization
The proposed problem is a non-convex optimization problem since two non-convex terms for co-regularization are
introduced in the objective function. We use alternating minimization technique to solve this problem, since alternating
minimization provides a useful framework for iterative optimization in non-convex problems. In details, every eigenvector
matrix will be updated alternatively with other eigenvector
matrices being held fixed in each iteration. Since an analytical
solution can be found for each eigenvector matrix during
alternating minimization, repeating this process iteratively will
converge asymptotically in general. However, it is not the aim
of this paper to prove this property. We also provide an intuitive
interpretation of the proposed algorithm. Take object A as an
example, the final clusters of object A should preserve original
relationship with another type of object B and also be refined
by clusters in other views. To avoid a clustering result that is
either too close to original co-cluster or too close to clusters
in other views which may not preserve the full information,
we utilize the iterative algorithm to balance co-clustering and
feature view clustering. In such a fashion, we will be able to
improve the results of co-clustering for two types of objects.

(w)

LA UA )

1≤w≤W
(p)T

tr(UB

(p)

(p)

LB UB )

1≤p≤P

LB = {DB }−1/2 KB {DB }−1/2 , for 1 ≤ p ≤ P

Next, we will explain how to alternatively update each
(w)
(p)
eigenvector matrix, namely, U(v) , UA , and UB . Note that,
(w)
(w)
there are multiple UA , for 1 ≤ w ≤ W , each UA will be
updated in the same iteration with similar equation. Therefore,
we will only need to derive an equation for a single item
(w)
(p)
UA , and other items will follow accordingly. UB is updated
in the same manner. It can be seen in the objective function
(Equation 1), co-regularization takes place between U(v) and
(w)
(p)
(w)
(p)
UA , also between U(v) and UB . To update UA or UB ,
(v)
is needed. However, when updating
only the result of U
(w)
(p)
U(v) , both UA and UB are needed. Initially, U(v) is
(w)
(p)
computed from relationship matrix, while UA or UB is
computed from feature matrix.

U(v) is eigenvector matrix in view v related to two types of
(w)
(p)
objects A and B. UA and UB are eigenvector matrices

Given eigenvector matrix U(v) , to update UA is to solve
the following optimization problem with all unrelated items

−λ
−λ

"

tr(T1 U(v) U(v)T T1 T UA UA

)

1≤w≤W

"

(p)

(p)T

tr(T2 U(v) U(v)T T2 T UB UB

1≤p≤P
(w)T (w)
where UA UA = I, for 1 ≤ w
(p)T (p)
UB UB = I, for 1 ≤ p ≤ P
$
#
(v)
−E
Dr
(v)
L =
(v)
−ET Dc

(w)

(w)

(p)

(p)

(w)

)

(1)

≤W

(w)

LA = {DA }−1/2 KA {DA }−1/2 , for 1 ≤ w ≤ W
(p)

(p)

(w)
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removed from Equation 1,
min

(w)

UA

(w)T
(w)
tr{UA (LA
(w)T

s.t.

UA

− λT1 U(v) U

(v) T

(w)
T1 T )UA }

Algorithm 1: Multi-view Co-CoClust Algorithm
Input: Relationship matrix E in view v;
(w)
feature matrix (or Kernel) KA of object A;
(p)
feature matrix (or Kernel) KB of object B;
iteration number iter ;
number of clusters k;
Output: Row partition matrix XA ; column partition
matrix XB #
$
(v)
−E
D
r
initialization: L(v) =
(v) ;
−ET Dc
(w)
(w)
(w)
(w)
LA = {DA }−1/2 KA {DA }−1/2 , for 1 ≤ w ≤ W ;
(p)
(p) −1/2 (p)
(p) −1/2
LB = {DB }
KB {DB }
, for 1 ≤ p ≤ P ;
Compute U(v) by spectral co-clustering with E;
(w)
f or 1 ≤ w ≤ W Compute UA by spectral clustering
(w)
with KA ;
(p)
f or 1 ≤ p ≤ P Compute UB by spectral clustering
(p)
with KB ; ;
while i ≤ iter do
(w)
update UA :
for w = 1 to W do
compute top k eigenvectors of graph Laplacian
(w) ′
LA (Equation (2))
end
(p)
update UB :
for p = 1 to P do
compute top k eigenvectors of graph Laplacian
(p) ′
LB (Equation (3))
end
update U(v) :
compute left and right eigenvectors of the 2nd to
(k + 1)-th eigenvalues of matrix F (Equation (5))
update U(v) (Equation (6))
i←i+1
end
Compute left and right eigenvectors of the 2nd to
(k + 1)-th eigenvalues of matrix F (Equation (5))
(v)
(v)
Calculate UA and UB according to equation (6).
(v)
(v)
Run k-means on matrix UA and UB respectively to
get partition matrix XA and XB .

(2)

(w)

UA = I

The above optimization problem is similar to the optimization
problem in spectral clustering when we consider the whole
T
(w)
term LA − λT1 U(v) U(v) T1 T as graph Laplacian matrix.
′
(w)
Therefore, we denote LA as “new” graph Laplacian, where
(w) ′
(w)
(w)
LA = LA − λT1 U(v) U(v)T T1 T . The solution of UA
is given by the top-k eigenvectors of “new” graph Laplacian
(w) ′
LA .
(p)

(w)

Given U(v) , updating UB is similar to update UA .
(p)T

min tr{UB
(p)

UB

s.t.

(p)T

UB

(p)

(p)

(LB − λT2 U(v) U(v)T T2 T )UB }

(3)

(p)

UB = I
(p) ′

(p) ′

We denote a “new” graph Laplacian as LB , where LB =
(p)
(p)
LB − λT2 U(v) U(v)T T2 T . The solution of updated UB is
given by the top-k eigenvectors of “new” graph Laplacian
(p) ′
LB .
(w)

Given all eigenvector matrices UA , for 1 ≤ w ≤ W and
(p)
UB , for 1 ≤ p ≤ P , updating U(v) is to solve the following
optimization problem,
"
(w) (w)T
T1 T UA UA T1
min tr{U(v)T (L(v) − λ
U(v)

−λ

"

(p)

1≤w≤W
(p)T
T2 )U(v) }

T2 T UB UB

1≤p≤P

(4)

Recall in spectral co-clustering, this can be solved by computing u and v as left and right eigenvectors of a matrix F,
denoted as
"
(w) (w)T
UA UA )−1/2 E(Dc −
F = (Dr − λ
λ

"

1≤w≤W
(p) (p)T −1/2
UB UB )

(5)

1≤p≤P

Then the solution of matrix U(v) is given as follows,
⎤
⎡
!
(w) (w)T
UA UA )−1/2 u
(Dr − λ
⎥
⎢
1≤w≤W
U(v) = ⎣
!
(p) (p)T −1/2 ⎦
(Dc − λ
UB UB )
v

algorithms are compared with regards to quality of the coclusters and clusters. The last dataset, Foursquare and Twitter
dataset, does not have any ground truth. In order to show
the performance of the proposed algorithm, the dataset was
made partially observable on purpose. Comparison was made
between the proposed algorithm and baseline algorithms using
partial information against K-means clustering results using
full information, which is assumed to be the ground truth.

(6)

1≤p≤P

For details of spectral co-clustering, please refer to [1]. The
proposed algorithm is summarized in Algorithm 1.
III.

E XPERIMENT

In this section, we first introduce three sets of datasets.
Then, the proposed Co-Coclust algorithm is justified along
with state-of-the-art algorithms: single view clustering algorithms, co-clustering algorithms, and multi-view clustering
algorithms.

A. Setup
1) Datasets:
• Reuters Multilingual dataset This dataset contains 1200
documents with each document belonging to one of 6
categories with regards to topics. Those documents are
written in 5 different languages, and therefore contain 5

The first two datasets contain labels, and therefore ground
truth could be obtained for evaluation purpose. Different
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Fig. 2: Reuters Dataset
views. Originally, the documents were written in English,
and were translated into French, German, Italian, and
Spanish. We can co-cluster documents and words in this
example. For the multi-view setting, relationship view
is constructed using document-word matrix from the
documents in English, where each entry of the matrix
indicates whether or not a certain word appears in a
certain document. 4 Feature views of documents are
constructed from 4 translated version of documents in
French, German, Italian, and Spanish.
• WebKB dataset (Cornell, Texas, Washington, Wisconsin) This dataset contains 4 sub-datasets of web
pages extracted from computer science department of 4
universities: Cornell, Texas, Washington, and Wisconsin.
We can co-cluster documents (web pages) and words in
this dataset. The web pages (documents) were manually
classified over 5 categories (student, project, course, staff,
faculty). Each sub-dataset contains four views of documents including document and word, inbound, outbound,
and cite views. The document and word view is utilized
to construct relationship view, while the three other views
of document are treated as feature views for document.
The construction method for relationship view is similar
to that in Reuters Multilingual dataset.
• Foursquare+Twitter dataset The dataset contains 881
Foursquare users who perform check-in 10, 285 ([2])

times at 780 venues. These 881 users all link their
Foursquare account and Twitter account through users’
Foursquare page, since Foursquare allows users to explicitly show their Twitter account on their profile page.
Therefore, we are able to combine information from
both networks to enhance the goal of co-clustering users
and places in Foursquare network. In the multi-view
setting, we construct relationship view based on checkins in Foursquare network, since it contains relationship
information between users and places. Three feature
views are constructed with regards to the features of
users or places. Two feature views are constructed from
Foursquare, and the other from Twitter. In Foursquare,
user information including names, homeCity, count of
followers, and count of tips are collected as one view.
Place information including names, coordinates, postal
code, city, state, category, country, number of checkins, number of users (visitors), and number of tips form
the second view. The third feature view is constructed
from Twitter network, where user information including
location, count of friends, creation time of account, time
zone, and count of tweets are utilized.
2) Evaluated Approaches: Benchmarks are nine state-ofthe-art algorithms including co-clustering algorithms, spectral
clustering algorithms, and multi-view clustering algorithms.
All of the baselines are evaluated in every dataset. Essentially,
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Fig. 3: Cornell Dataset
the proposed framework is to solve a co-clustering problem,
so we compare it with co-clustering algorithms first. The first
baseline is spectral co-clustering algorithm (CoClust), which
solves the co-clustering problem by spectral graph partitioning ([1]). Several other typical co-clustering algorithms are
also evaluated including information-theoretic co-clustering
(ITCC), euclidean co-clustering algorithm (MssrIcc), and
minimum squared residue co-clustering algorithm (MssrIIcc).
Since additional information can be considered as constraints,
a semi-supervised co-clustering algorithm is also included as
baseline (Semi) ([3]). Recall that co-clustering results include
the results of clustering and features regarding to a single
type of objects are utilized in the proposed collaborative coclustering framework, one would also be interested to see if the
proposed algorithm performs better than clustering algorithms
for one type of objects. Since there are multi-views for
clustering, we challenge the best results of spectral clustering
among different views as well as the overall result using
features from all views. We run spectral clustering algorithm
on each single view and report the best results in terms of three
evaluation metrics as Best view. Feature concat describes
result of spectral clustering algorithm on feature concatenation
of different views. Both of them are compared with our
proposed algorithm. Two different schemes (multi-view pair
and multi-view central) of multi-view clustering algorithm
[4] are also tested on three datasets.

3) Performance Metrics: Evaluations are conducted in
two aspects. In the first aspect, KL divergence is utilized
to evaluate the quality of co-clusters. Only co-clustering algorithms are compared in this part. In the second aspect,
the proposed method is evaluated from the perspective of
clustering quality of one type of objects. All of the baselines
are compared. Three metrics, Normalized Mutual Information
(NMI), Random Index (RI), and Accuracy are utilized to test
the quality of clustering results. In all of the following figures,
baseline methods are represented with bright colors, while the
proposed Co-CoClust is always represented with black color
to differentiate from all baselines.
B. Experiment results
1) Document-word Datasets: Figure 2 presents the evaluation results on Reuters dataset. Quality of co-clusters is
evaluated by KL divergence as shown in Figure 2(a). It can be
seen that spectral clustering based algorithm generally obtain
much better result than other co-clustering methods. Among
the baselines, CoClust achieve the best result. However, the
proposed Co-CoClust outperforms CoClust by 7%. Clustering
results on documents are compared in Figure 2(b)-(d), where
the x axis means different number of clusters in the results.
Figure 2(b) shows that Co-CoClust has 20% improvement
over the average of baseline results and 2% improvement over
the best of the baselines. Figure 2(c) gives RI results, where
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Fig. 4: Texas Dataset
evaluation of NMI, RI, and Accuracy, Co-CoClust performs
better than co-clustering based methods and multi-view based
methods in most of cases.

Co-CoClust shows the best performance on all four cases. CoCoClust achieves good overall Accuracy. Especially, when
cluster number equals to 15 and 20, Co-CoClust achieves 28%
improvement over best of baselines. When number of clusters
equals to 25, Co-CoClust obtains second best results.

Figure 6 illustrates performance of the proposed approach
and 9 baselines on Wisconsin dataset. Co-CoClust obtains
the best results in KL divergence in Figure 6(a). Co-CoClust
also achieves better results on NMI, RI, and Accuracy overall
compared with baseline algorithms.

Evaluation results on Cornell dataset are shown in Figure 3. Figure 3(a) shows KL divergence of document and
word clusters, where Co-CoClust achieves much better results
compared with other baselines. Quality of document clusters
is being evaluated by other metrics with varying number of
clusters from 3 to 6, as shown in Figure 3(b)-(d). Co-CoClust
achieves the best results on 3 cases and one second best
result when number of clusters equals to 3 in Figure 3(b) .
In Figure 3(c) and Figure 3(d), Co-CoClust achieves the best
results on RI and Accuracy.

2) Social network dataset: This dataset serves as a case
study for a practical application in social network. Unlike
Reuters and webKB datasets which have ground truth, social
network dataset did not provide any ground truth for user
clusters or clusters of social media objects. Moreover, it is hard
to manually label users or social media objects with high quality. Therefore, in this paper, we employ a different evaluation
strategy to show the performance of the proposed Co-CoClust
on social network dataset. The idea is to justify the efficacy
and robustness of the proposed approach in utilizing partially
observed information for the task of clustering place. With an
increasing percentage of random information loss, we want to
evaluate how the proposed algorithm performs to deal with the
information loss by means of compensating the loss via multisources learning. Figure 7 shows comparison results when
the percentage of information loss ranges from 10% to 60%.
The “ground truth” is produced by k-means algorithm on full

Figure 4 demonstrates evaluation results on Texas
dataset. Again, the proposed approach performs well on
KL divergence metric in Figure 4(a). We can also observe
from Figure 4(b), Figure 4(c), and Figure 4(d) that CoCoClust consistently achieves better results. For instance, in
Figure 4(d), Co-CoClust improves second best method by
10% averaging over different cluster number.
Evaluation results on Washington dataset is summarized in
Figure 5. Co-CoClust achieves consistently better results than
baselines by a significant margin on KL divergence. In the
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Fig. 5: Washington Dataset

information in terms of place. Figure 7(a) depicts NMI of the
proposed approach and baselines. In general, all of the other
algorithms suffer more degradation when more information is
hidden from experiment. However, Co-CoClust consistently
performs the best in the perspectives of NMI and Accuracy
as shown in Figure 7(a) and Figure 7(c), which demonstrates
the robustness of Co-CoClust. Co-CoClust obtains the second
best results when evaluated by RI as shown in Figure 7(b).
Overall, Co-CoCluster outperforms other algorithms in combining multi-source information for co-clustering problems.

mendation, mining networks. Spectral co-clustering algorithm
proposed by Dhillon et al. ([1]) utilizes graph partitioning
technique for the co-clustering of the bipartite graph of documents and words. It attracts a lot of attention since the
objective function is well formulated and could be solved as an
eigenvector problem. Other co-clustering algorithms are also
proposed to embrace different techniques to simultaneously
clustering two types of objects ([5]). Recently, researchers
have developed many new co-clustering algorithms to add
constraints ([3], [7]) or side information ([8], [9], [10]). [3]
integrates additional information as constraints into a semisupervised co-clustering algorithm. [7] proposes information
theoretic co-clustering framework for text mining. In [8],
the authors claim that using metadata as constraint in coclustering achieves better performance than metadata-driven
and metadata-injected methods. [11] works on co-clustering
multiple domains of objects, achieving clusterings of multiple
types of objects by linear combination. However, researches
in developing a reasonable yet flexible method to handle
additional information other than using them as constraints is
limited.

To sum up, the proposed Co-CoClust performs consistently better than single view clustering, co-clustering, and
multi-view clustering algorithms on both social networks and
document-word datasets. It proves that the proposed model
steadily outperforms most of the state of the art algorithms
in combining multiple source information for co-clustering
problems.
IV.

R ELATED W ORK

Co-clustering algorithm earns a lot of attentions from
research communities in data mining and machine learning
due to its capability to cluster two types of objects or object
and feature simultaneously ([1], [5], [3], [6]). Co-clustering
algorithms also prove to be a powerful data mining technique
on practical applications such as text mining, social recom-

The rise of multi-representation data creates an opportunity
for multi-view learning. Many multi-view based clustering
algorithms ([12], [13], [14], [15], [16]) have also been proposed. [12] describes an extension of the classical k-means
algorithm and EM algorithm for multi-view setting. [13] uses
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Fig. 7: Foursquare Dataset
Canonical Correlation Analysis to extract relevant features
from multiple views, and then applies classical clustering
algorithm. Non-negative matrix factorization technique is also
exploited in multi-view setting ([14], [16]). [16] assumes that
not all examples are presented in all views and proposes a
non-negative matrix factorization based model for clustering
under partially observed data. Multi-view clustering also sees
its application in web 2.0 items ([15]). Similar to this paper
which utilize social media objects in multi-view clustering, we
did co-clustering on social media objects.

[21]). [21] generalizes single view normalized cut approach
to multiple views to obtain a graph cut by random walk based
formulation. In [18], the authors focus on the two-view case
of multi-view clustering by creating a bipartite graph. Spectral
clustering is applied on the constructed bipartite graph. Instead
of working on original features, [17] takes different clusterings
coming from different sources as input and reconcile them
to find a final clustering. It is suggested that they could
achieve better performance by directly working on clusterings
instead of original features of multiple source information.
Another paper [4] also works on clusterings instead of original
features. They employ the co-regularization technique to force

Recently, several algorithms in multi-view setting are
proposed for spectral clustering ([17], [4], [18], [19], [20],
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clusterings learned from different views of the data to agree
with each other. Working on clusterings instead of original
features shows good performance on clustering one type of
objects. Inspired by the success in clustering, in this paper, we
are working on co-clustering two types of objects on multiple
source information.

[3]
[4]
[5]

Other multi-view clustering algorithms ([22], [23]) also
utilize co-regularization technique. [23] implements multiview regularization of unlabeled examples to perform semisupervised learning. [24] works on clustering multiple types of
objects with their relationship matrices. Relationship matrices
are utilized to compute co-similarity matrices. Then, different
co-similarity matrices with respect to the same type of objects
are combined for generating clustering result. There are two
major differences between [24] and our work. First of all,
they transfer co-clustering problem of multiple types of objects
into clustering problems via co-similarity matrices. However,
in this paper we proposed a direct co-clustering framework
to simultaneously cluster multiple types of objects in the
original space. Secondly, paper [24] implements the idea of
combining multiple source information by combining multiple
similarity matrices. It is not clear how this combining strategy
discriminatively considers information from different sources.
However, in this paper, different co-regularization terms are
utilized to discriminatively handle multiple source information.
V.

[6]
[7]
[8]
[9]
[10]
[11]
[12]
[13]
[14]

C ONCLUSION

In this paper, we formulate the problem of co-clustering
on multiple source information in a multi-view fashion. The
relationship matrix is used to construct relationship view, while
features of each individual objects from different sources are
used to construct feature views. We propose a collaborative coregularization co-clustering model (Co-CoClust), which learns
the co-cluster from relationship view and feature views. Coregularization term is proposed to regularize “co-cluster” from
relationship view and “cluster” from feature view. Alternating
minimization is utilized to learn co-cluster iteratively. The
proposed Co-CoClust is compared with 9 baselines on two
benchmark datasets. We also provide a case study on social
network dataset (Foursquare+Twitter), which demonstrates
efficacy and robustness of the proposed approach.

[15]

For future work, instead of considering two types of objects
in a multi-view setting, we would like to see an extension to
multiple types of objects that are related with each other in
multiple sources. Another interesting extension of our work
could be focusing on feature selection in multi-view setting
since different source provide rich information with regards to
each type of objects.

[21]

[16]
[17]
[18]
[19]
[20]
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[23]

ACKNOWLEDGMENT

[24]

This work is supported in part by NSF through grants III1526499, and CNS-1115234, Google Research Award, and the
Pinnacle Lab at Singapore Management University.
R EFERENCES
[1] I. S. Dhillon, “Co-clustering documents and words using bipartite
spectral graph partitioning,” in KDD ’01, 2001.
[2] Z. Cheng, J. Caverlee, K. Lee, and D. Z. Sui, “Exploring millions of
footprints in location sharing services.” in ICWSM, L. A. Adamic, R. A.
Baeza-Yates, and S. Counts, Eds. The AAAI Press, 2011.

151
148

X. Shi, W. Fan, and P. S. Yu, “Efficient semi-supervised spectral coclustering with constraints.” in ICDM, G. I. Webb, B. L. 0001, C. Zhang,
D. Gunopulos, and X. Wu, Eds. IEEE Computer Society, 2010.
K. Abhishek, P. Rai, and H. D. III, “Co-regularized multi-view spectral
clustering.” in NIPS, J. Shawe-Taylor, R. S. Zemel, P. L. Bartlett,
F. C. N. Pereira, and K. Q. Weinberger, Eds., 2011.
I. S. Dhillon, S. Mallela, and D. S. Modha, “Information-theoretic coclustering,” in KDD ’03, 2003.
F. Wang, G. Wang, S. Lin, and S. Y. Philip, “Concurrent goal-oriented
co-clustering generation in social networks,” in 2015 IEEE International
Conference on Semantic Computing (ICSC). IEEE, 2015.
Y. Song, S. Pan, S. Liu, F. Wei, M. X. Zhou, and W. Qian, “Constrained co-clustering for textual documents,” in Proc. Conf. Artificial
Intelligence (AAAI), 2010.
C. Schifanella, M. L. Sapino, and K. S. Candan, “On context-aware
co-clustering with metadata support.” J. Intell. Inf. Syst., vol. 38, no. 1,
2012.
P. Wang, C. Domeniconi, H. Rangwala, and K. B. Laskey, “Feature
enriched nonparametric bayesian co-clustering,” in PAKDD ’12, 2012.
M.-L. Wu, C.-H. Chang, and R.-Z. Liu, “Co-clustering with augmented
data matrix.” in DaWaK, ser. Lecture Notes in Computer Science,
A. Cuzzocrea and U. Dayal, Eds., vol. 6862. Springer, 2011.
G. Greco, A. Guzzo, and L. Pontieri, “Coclustering multiple heterogeneous domains: Linear combinations and agreements.” IEEE Trans.
Knowl. Data Eng., vol. 22, no. 12, 2010.
S. Bickel and T. Scheffer, “Multi-view clustering,” in ICDM ’04, 2004,
pp. 19–26.
K. Chaudhuri, S. M. Kakade, K. Livescu, and K. Sridharan, “Multi-view
clustering via canonical correlation analysis,” in ICML ’09, 2009.
J. Gao, J. Han, J. Liu, and C. Wang, “Multi-view clustering via joint
nonnegative matrix factorization.” in SDM. SIAM, 2013.
X. He, M.-Y. Kan, P. Xie, and X. Chen, “Comment-based multi-view
clustering of web 2.0 items,” in Proceedings of the 23rd International
Conference on World Wide Web, ser. WWW ’14, 2014.
S. Li, Y. Jiang, and Z. Zhou, “Partial multi-view clustering.” in In Proceedings of the twenty-eighth AAAI conference on artificial intelligence,
2014.
K. Abhishek and H. D. III, “A co-training approach for multi-view spectral clustering.” in ICML, L. Getoor and T. Scheffer, Eds. Omnipress,
2011.
V. R. de Sa, “Spectral clustering with two views.” in ICML ’05, 2005.
W. Tang, Z. Lu, and I. S. Dhillon, “Clustering with multiple graphs,”
in ICDM ’09, 2009.
X. Wang, B. Qian, J. Ye, and I. Davidson, “Multi-objective multi-view
spectral clustering via pareto optimization,” in Proceedings of the 13th
SIAM International Conference on Data Mining, May 2-4, 2013. Austin,
Texas, USA., 2013.
D. Zhou and C. J. C. Burges, “Spectral clustering and transductive
learning with multiple views,” in ICML ’07. New York, NY, USA:
ACM, 2007.
W. Cheng, X. Zhang, Z. Guo, Y. Wu, P. F. Sullivan, and W. Wang,
“Flexible and robust co-regularized multi-domain graph clustering,” in
KDD ’13, 2013.
V. Sindhwani, P. Niyogi, and M. Belkin, “A co-regularized approach to
semi-supervised learning with multiple views,” in Proceedings of the
ICML Workshop on Learning with Multiple Views, 2005.
G. Bisson and C. Grimal, “Co-clustering of multi-view datasets: A
parallelizable approach.” in ICDM, M. J. Zaki, A. Siebes, J. X. Yu,
B. Goethals, G. I. Webb, and X. Wu, Eds. IEEE Computer Society,
2012.

