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Joint Local and Global Consistency on
Interdocument and Interword Relationships
for Co-Clustering

Bing-Kun Bao, Weiqing Min, Teng Li, and Changsheng Xu, Fellow, IEEE

Abstract—Co-clustering has recently received a lot of atten-
tion due to its effectiveness in simultaneously partitioning words
and documents by exploiting the relationships between them.
However, most of the existing co-clustering methods neglect or
only partially reveal the interword and interdocument relation-
ships. To fully utilize those relationships, the local and global
consistencies on both word and document spaces need to be
considered, respectively. Local consistency indicates that the
label of a word/document can be predicted from its neigh-
bors, while global consistency enforces a smoothness constraint
on words/documents labels over the whole data manifold. In
this paper, we propose a novel co-clustering method, called co-
clustering via local and global consistency, to not only make use
of the relationship between word and document, but also jointly
explore the local and global consistency on both word and docu-
ment spaces, respectively. The proposed method has the following
characteristics: 1) the word-document relationships is modeled by
following information-theoretic co-clustering (ITCC); 2) the local
consistency on both interword and interdocument relationships
is revealed by a local predictor; and 3) the global consistency on
both interword and interdocument relationships is explored by
a global smoothness regularization. All the fitting errors from
these three-folds are finally integrated together to formulate an
objective function, which is iteratively optimized by a conver-
gence provable updating procedure. The extensive experiments
on two benchmark document datasets validate the effectiveness
of the proposed co-clustering method.

Index Terms—Co-clustering, information theory, local and
global learning.

I. INTRODUCTION

O-CLUSTERING, a recent technique to simultane-
ously cluster both words and documents, has received
significant attention [1]-[4]. Unlike one-side clustering
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which just groups similar words (or similar documents), co-
clustering makes use of the relationships between words and
documents, referred to word-document relationships in this
paper, and simultaneously groups them into word clusters and
document clusters.

According to the way to explore word-document rela-
tionships, co-clustering can be divided into three categories,
i.e., bipartite graph partition-based, information theory-based
and matrix factorization-based. The first category models
word-document relationships by the edges between word ver-
tex and document vertex, and the objective of co-clustering
is to find minimum cut vertex partitions in the bipartite
graph between words and documents [1], [4]-[6]. The sec-
ond one considers word-document contingency table as an
empirical joint probability distribution of two random vari-
ables, respectively, from word and document spaces, and the
co-clustering is to pursue the mutual information between
clustered random variables to approximate to that between
the original random variables [2], [7]-[10]. And for the
third one, matrix factorization-based co-clustering methods
co-clusters both words and documents by data reconstruction
through nonnegative matrix factorization on word-document
matrix [3], [11], [12]. Lots of variants of these three cat-
egories of co-clustering methods exist, but most of them
focus on building different strategies to model word-document
relationship, yet neglect the relationships among words and
those among documents, called interword and interdocument
relationships in this paper.

It is obvious that the interword and interdocument rela-
tionships cannot be ignored in the co-clustering process,
since words/documents of the same cluster are expected to
be more similar than others from different clusters. Fig. 1
shows an example of the necessity of incorporating inter-
word and interdocument relationships. If considering word-
document relationship only, the resulted word clusters are
{x1, x2}, {x4, x5}, {x3, X6, X7, X8, X9} and document clusters are
{1}, (v, ys}, {v2, ¥3, Y6, y7, y8}. However, when incorporating
interword and interdocument relationships, x3 should be clus-
tered together with {x4, x5}, y> should be together with {y;},
and y3 should be grouped into cluster {ys, ys}.

To model the interword and interdocument relationships,
two factors can be considered: local consistency and global
consistency. Local consistency indicates that the assignment
function of a document/word need be consistent with the pre-
dictor of its neighbors, while global consistency enforces a
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Fig. 1. TIllustration of the necessity of incorporating interword and inter-
document relationships. The dark edges between word and document ver-
tex indicate word-document relationship, and black dotted edges between
word/document vertex indicate interword/interdocument relationships.

smoothness constraint on documents/words assignments over
the whole dataset. Fig. 2, showing two examples on toy
data in single side clustering, illustrates the necessity of
both local and global consistency on either word or docu-
ment spaces. The issue of pure global consistency ignores
the effect from neighbors which are more related to the
particular test data, shown in Fig. 2(b), while pure local
consistency neglects the information of the whole data man-
ifold, shown in Fig. 2(f). Several work dedicated to this
objective. Wu et al. [13] incorporated the word similarities
and document similarities into co-clustering. Zhang et al. [14]
investigated the local regions in word and document spaces
and applied local linear regression to capture the this kind of
relationships. However, these methods just enforce a smooth-
ness constraint on cluster assignments based on only the
whole data manifold [13] or only the local structure [14],
and do not fully reveal the interword and interdocument
relationships.

In this paper, we propose a novel co-clustering algo-
rithm named co-clustering via local and global consistency
(CCLGC) to fully explore the word-document relationship
as well as the interword and interdocument relationships in
terms of both local regions and global data manifold. The
basic idea is to incorporate the combination of local and
global regularization on both document and word spaces into
information theoretic co-clustering frame. Specifically, the
word-document relationships are revealed by following ITCC,
which views word-document contingency table as an empir-
ical joint probability distribution of two random variables,
and minimizes the loss in mutual information between the
original random variables and that between clustered random
variables. The local consistency on both interdocument and
interword relationships are discovered by a local predictor,
which is constructed as linear regression and kernel regres-
sion, respectively. And their global consistency is revealed by
a smoothness constraint on the cluster assignments over the
whole data manifold. All the fitting errors from these three-
folds are finally integrated together to formulate an objective
function, which is iteratively optimized by a convergence
provable updating procedure. The complexity analysis shows
the effectiveness of our proposed CCLGC, and experimental
evaluations on two benchmark document datasets show that
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CCLGC performs better than many state-of-art clustering and
co-clustering methods.

The rest of this paper is organized as follows: in Section II,
a briefly review of the related work is given. Section III gives
the notation used in this paper. In Section IV, we introduce our
model in detail. The algorithm and its complexity analysis are
described in Section V. The experimental results on several
datasets are reported in Section VI, followed by conclusion in
Section VII.

II. RELATED WORK

As an effective method to simultaneously cluster two cor-
related yet heterogeneous data, co-clustering has recently
received plenty of attention in several research areas, such
as words and documents in text mining [2], [16], genes and
experimental conditions in bioinformatics [4], [17], tokens and
contexts in natural language processing [18]-[20]. In the fol-
lowing, we will firstly briefly review the three categories of
co-clustering methods, and then introduce the related work on
utilizing the local and global information in label prediction
and cluster assignment.

In bipartite graph partition based co-clustering methods,
Dhillon et al. [1] proposed bipartite spectral graph partition-
ing (BSGP) method by finding minimum cut vertex partitions
in a bipartite graph between words and documents. To extend
the two data types into multiple ones, Gao et al. [5] proposed
consistent bipartite graph co-partitioning by using high-order
co-clustering on star structure, in which there is a central
domain that connects any other domains to form a star struc-
ture of the interrelationship. However, the limitation of graph
partition-based methods is that each word cluster needs to be
associated with at least one document cluster, and the num-
ber of word clusters needs to be equal to that of document
clusters. The information theory based co-clustering methods
are proposed to overcome this limitation. Dhillon et al. [2]
proposed ITCC approach by finding a pair of maps from
words to word clusters and from documents to document clus-
ters with minimum mutual information loss on words and
documents. Later, Banerjee et al. [21] suggested a generaliza-
tion maximum entropy co-clustering approach by appealing
to Bregman information principle. In this kind of methods,
words and documents are regarded as the instances of two
random variables, and the co-clustering can be viewed as the
process of compressing the associated random variables. The
third type of co-clustering methods is matrix factorization-
based. Block value decomposition (BVD) was proposed to
factorize the original data matrix into three components, the
row coefficient matrix, the block value matrix, and the column-
coefficient matrix [11]. Similarly, Ding et al. [12] proposed
nonnegative matrix tri-factorization to simultaneously cluster
rows and columns of the input data matrix.

Many research studies utilize the local and global informa-
tion in label prediction and cluster assignment. Zhou et al. [22]
proposed a novel semi-supervised learning method with local
and global consistency. Wu et al. [15] used local learning in
an unsupervised manner, and formulated a clustering objec-
tive function with local linear regularization. Sun et al. [23]
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Fig. 2. (a) and (d) Two toy data distributions. (b) and (e) Clustering results with global consistency (K-means) on (a) and (d), respectively. (c) and (f)
Clustering results with local consistency (LLCA [15]) on (a) and (d), respectively.

measured the fitting loss with sum of absolute error instead of
sum of squared error for noise and outliers. Wang et al. [24]
introduced both local and global regularization into cluster-
ing and achieved good performance. Several co-clustering
methods are aware of the interword and interdocument rela-
tionships, but not fully discover them. Wu et al [13]
incorporated the word similarities and document similarities
into co-clustering. Zhang et al. [14] investigated the local
regions in word and document spaces and applied local lin-
ear regression to capture the interword and interdocument
relationships.

In our work, for modeling word-document relationship, we
choose information theory based method as it has no constraint
on pairwise association between all the word and document
clusters, and also is very effective. For modeling interword
and interdocument relationships, we investigate both local and
global consistency within word and document spaces, and
incorporate them into information theory based co-clustering
frame.

III. NOTATION

In this section, we give a brief introduction about the nota-
tion. Sets such as A are denoted by upper case letters in Euler
script. Matrices are denoted using upper case bold letters, for
example, Y. Vectors are denoted by lower case bold letters,
for example, ¢ = [cy, c2, ...,cn]T. Upper case letters like Y
are used to denote random variables. Subscript i in ¢; indicates
the i-th element in vector ¢, while superscript in N’ indicates
the i-th neighborhood set. Subscript X and Y refer to word
and document spaces, respectively, and superscript L and G
refer to local consistency and global consistency. Please refer
to Table I for the key notations.

TABLE 1

Li1ST OF KEY NOTATIONS

Notation Description

X ={x1, - ,Xn} Word set

Y ={y1,""-,¥,n} | Document set

X =[x1, - ,X,] = | Nonnegative data matrix with the ¢-
Y=[yT; - ;yD] th column x; as word sample and the
e RmAn j-th row y? as document sample

X={X, -, X}

Word cluster set

Y=, Va}

Document cluster set

X, Y, XY Random variables taking values in
X,Y, X and X respectively
c=[c, - ,cn]T ¢; is the assigned cluster’s index for

X

d=[dy,--- ,dm]T

d; is the assigned cluster’s index for
Yi

N* Set of x; together with its k-nearest
neighbors

M Set of y, together with its k-nearest
neighbors

n', m? Cardinalities of N'* and M®

A* = {k|xx € N*}

Set containing indices of samples in

Ni

B" = {kly, € M"}

Set containing indices of samples in
M?

N* = [(z4:)7]

Matrix of word samples from N

c ' Xm
M’ = [ygi] Matrix of document samples from
c RjnX m’ M?

IV. PROBLEM FORMULATION

The goal of co-clustering is to simultaneously group
word set {x1,Xp,...,X,} into 7 disjoint word clusters

{X1, X2, ..., A} and document set {yq,y,, ...
disjoint document clusters set {1, )>, ..

, ¥} into m
., Vs, respectively.

As we mentioned before, the main idea behind our algorithm



is to simultaneously cluster words and documents by fully
making use of word-document relationship, as well as inter-
word and interdocument relationships. Thus, there are three
kinds of relationships, which exist between word and docu-
ment, among word samples, and among document samples.
This section successively introduces the methods of model-
ing these three kinds of relationships, and then formulates the
overall objective function for CCLGC.

A. Modeling the Word-Document Relationship

In our work, we model relationship between word and doc-
ument by following ITCC [2], which minimizes the loss in
mutual information between the original random variables and
that between the clustered ones. Compared with another solu-
tion of co-clustering on interrelationship, i.e., BSGP [1], ITCC
has no restriction that each document cluster needs to be
associated with a word cluster.

According to ITCC [2], the objective that we aim to

minimize is the loss in mutual information
Jxy =1X:Y) —I1(X: V) (1)

where /(X; Y) is the mutual information between X and Y, and
I(X; Y) is that between X and Y, which are defined as

1667 = 33 pxop(ylx) log ZYX )
=5 Py
1&:7) =YY p(@p@1 ) log? ;3: 3'% L e

Xy
After deduction, (1) can be expressed as 1) a weighted sum
of the relative entropies between word distributions p(Y|x)
and word cluster prototype distributions p(Y|x), referred to
(4) or as 2) a weighted sum of the relative entropies between
document distributions p(X|y) and document cluster prototype
distributions p(X |3>), referred to (5)

Ixy =YY pD(PY[X)]g(Y| X)) &)
X xeX

Txy =YY p@MDEXIy)lgx|))) 5)
Y yey

where g(yl) = pyIPpDID), gxIP) = pxIDIPpED),
and D(-||-) denotes relative entropy, also known as Kullback—
Leibler (KL) divergence. Although ITCC can reveal the
relationship between word and document, but it neglects the
interword and interdocument relationships.

B. Modeling the Interword Relationship

It is widely accepted in single-way clustering that both
local and global information could be useful in the cluster
assignment [22], [24], referred to Fig. 2. This motivates us to
incorporate local and global consistency on interword relation-
ship into co-clustering: 1) local consistency: the nearby words
are likely to follow the same predictor in assignment and 2)
global consistency: the cluster assignment predictions should
be smooth over the whole data manifold. Therefore, for inter-
word relationship, we let every word sample iteratively spread
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its cluster assignment from its neighbors on one hand, and
apply a smoother to smooth the predictor with respect to the
intrinsic data manifold.

1) Local Consistency in Word Space: Define f,i( be a local
label predictor to estimate the clusters assigned for all the word
samples in /", Considering to tackle both linear and nonlinear
problems, we respectively choose linear regression and kernel
regression as the local predictor.

a) Linear Regression Model: We consider to fit predictor
f)"( with the following learning form:

fx(x) = x] wy + by (©6)
where X; is a k-nearest neighbor of x;, that is x; € N
wé( e ®m>! and bé( € N are the coefficient and intercept in
f,"(. Therefore, for the i-th subset N, the target of local con-
sistency is to pursue the estimated labels of x;’s neighbors to
approximate their labels, that is, to minimize the fitting error

on N¢

L1 L oy
T = — Y I Wi+ by — 13 + Ak Iwklls (D)
xeN'

where || - ||2 is the £2-norm of a vector. The penalty term
)&Hw&”% is introduced to avoid overfitting [25]. Let 1 be
a n'-dimensional column vector of all ones, J}I;(i) can be
rewritten as
1 . . . . .

L. 2 2

Jx () = ;IIN'W’xﬂLbﬁ(l—C'||2+?»S(IIWS(I|2 3)
where ¢/ = Sic € %", and S’ = [ex]”, k € A is a selection
matrix for each subset \/?, e; is a n-dimensional vector whose
k-th element is one and all others are zeros.

Taking the first order partial derivatives of (7) with respec-
tive to wy and b, we have

L; i i i i i ' W
D _ 2097 N 4 bt e+ 2
D _ 2 TN 4 b 1T Y
i = w1 NWy + bl — 17,
Lo: L
Let aali;l(l) —0 and % =0, then
X X
{ ()" = [(NDTExN' + il (ND Bl
B = LIMTel — ()TN (wh)*]

where Ex =1 — #IIT, and I is identity matrix with proper
dimension. 4 _
Substituting (wy)* and (by)* into (8), we can get
1. L ‘
Tx(i) = = ()" [Ex — ExN' (N)"ExN’
n

+ k1) ! (Ni)TEX] ¢

= (c)TLie
= cI'(8HTLiS'e
where
Ly=— [EX —ExN(N)TExN' + nlxlxl)—l(N’)TEX] .

(1)
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Note that the computational cost of (11) is expensive when
the number of words is large, since it needs to inverse a n x n
matrix. Using the Woodbury formula [26], [27], we can rewrite
(11) as (12), which only involves the inverse of a n' x n' matrix

Li = nl [EX — ExN{(N)TExN' + n")\g(l)‘l(N")TEx]
= %EX [I — ExN' (N)TExN' + n'a1) ™! (N")TEx] Ex
- %Ex [I — IExN' (N)TExIExN' + n’)\g'(l)’] (NHT
EXI] Ex

-1

1 1 i nginT

= —=Ex [I+ —ExN'(N)" Ex Ex
nt n'Ay

= MEx (n'A%T + EXN"(Nl')TI«:X)‘1 Ey. (12)

Therefore, the overall objective function on interword rela-
tionship with local consistency should minimize the combina-
tion of all the local label predictors

n n
Jg =) JkG) =Y () Lid
i=1 i=1

=Y [ (8)LiS'e]
i=1
=c’ Z [(SHTLLS ]c. (13)
i=1
Let Ly = Y%, [(S)TLES, then
JE =cTLxe (14)

b) Kernel Regression Model: The linear projector can
only handle the linear problems. In order to solve nonlinear
problem, we extend to choose kernel regression model as our
local label predictor. Let ¢:R"" — Fx be a mapping to map
the word x into a high dimensional space Fy, in which we
can get a linear label predictor

fx(xj) =
where x; is a k-nearest ne1ghbor of x;, that is x; € N,
and b’ are the parameters of fX Since Wy lies in the span of
{p(x))|x; € N 11, there exists a coefficient vector v\ € " such
that

¢ (x))Wy + b (15>

Wy = (@N)) vy, (16)

Then we have
(N = (N (o (ND) TV

Then, we need to minimize the loss error on the i-th subset

Ni

+ b1 (17)

||¢(N (N TV
+Ak @ NV 2

where 1 is vector of all ones with the dimension equal to nt.
Similarly to (7), Al (¢ (N’))TV ||F is a penalty term.

JkG) = ¥ + byl —¢|l?

(18)

Define Ki € %" " be the kernel matrix for N’ with its
(i, j)-th entry K’ (k,j) = Kx(X;,x;), where x;; is the j-th
element of x'. Taklng the first order partial derlvatlves of (18)
with respective to v and b, we have

L+
%i) - Z‘Kﬂ [Kievi, + b1 — /] + 225 Kievi 1
3J5 (D) T T (19)
= —i[l K v +nibl —17¢].
[0} aJk ()
Let o, =0 and ob, = 0 then
(vy)* = [(K;()TEXK; +niaKy] ™ (Kl TExel 0
(bt = 1 (7~ 7K (v)")

where Ex =1 — 11T, and [ is identity matrix with proper

dimension. Subst1tut1ng (VX)* and (b )* into (18), we can get
TG = ;(cf)T [Ex — ExKy (K ExK+
W AKE) ! (K;'()TEX] ¢
= (c)TLLe
=cl'($HTLLS'e
where

Ly = [EX — ExK (Ki)TEKE + nf2l Ki) ™!

(K Ex].
Also, we rewrite LS} as
Li = M4Eyx (W' ALKy + I*JXK;'((K;)TEX)‘1 Ex. (21
Similarly, we have the formulation of J)L( is
n n
Jg =Y J%G) =Y () Lid
i=1 =1
n . . .
= > [c") LS c]
i=1
=c" > [S)LiS e (22)
i=1
Let Ly = Y7, [(SHTLLS'], then
Jk = c"Le. (23)

To summarize the objective function on local consistency
in word space, we unified the formulations with two forms of
predictors into (24)

J% =c'Lxe (24)
where
Lx =Y [(8H"LiS']
i=1
and
MeEx (341 + ExN'(N) Ey) ™ Ex
i linear
Ly=1 . o o . (25)
X 2By (niri K + ExK (Ki)TEx) ™ Ex
kernel.
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2) Global Consistency in Word Space: Besides the local
regularization in word space, we also require that cluster
assignment should be smooth over the whole space. Let
Wy € R be the sysmmetric weight matrix, in which each
element Wy (i, j) measures the similarity between the i-th and
the j-th words, and is assumed to be nonnegative. Similarly
to [28], we have the following objective function:

I$ = (ci — ¢)*Wx(i. j).
i#]
Intuitively, if x; and x; are similar, that is Wx (i, j) is larger,
|ci — ¢j| should be smaller.
Define the Laplacian matrices Gy and its corresponding
diagonal matrix Dy as

(26)

Gy =Dy — Wy 27

where (Dyx);i = Z#j Sx(i,j) for Vi. Then global consistency
loss in word space J¢ can be deducted to

J¢ = "G, (28)

C. Modeling the Interdocument Relationship

To reveal interdocument relationship, we also need to
model it by considering both local and global consistency in
document space.

1) Local Consistency in Document Space: Similarly to the
local regularization in word space, we choose linear regres-
sion and kernel regression in document space. Define f{, be a
local label predictor. Equation (29) fits predict fj, with linear
regression, and (30) is with kernel regression

(29)
(30)

foy) =y Wy + b,
[ ) = ¥ (y)wy + by

where y; € M, wg, e |nxl, b’;, € R and ¥ :R" — Fy be
a mapping to map the document y into a high dimensional
space Fy.

LetEy =1— % llT, 1 be a m'-dimensional column vector of
all ones, also we have d' = R'd, where R = lex]”, k € B is
a selection matrix for each subset M, ey is a m-dimensional
vector whose k-th element is one and all others are zeros.
Define K!, € )" %™ be the kernel matrix for M with its (i, j)-
th entry K’%(k, D = Ky(y;,. yl}.), where Yi; is the j-th element
of M. Following the similar derivations in Section IV-B1, the
local consistency loss in document space JII; is:

JE=d"Lyd (31
where
Ly = Z [(R)TL{R]
i=1
and
AyEy (mixi I+ EyM (M) Ey) ' Ey
i linear
Ly = i ivi i i i T\~ (32)
AyEy (m AyKy + EyKy (Ky) Ey) Ey
kernel.
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2) Global Consistency in Document Space: Let Wy €
N be the sysmmetric weight matrix with the element
Wy(i,j) as the similarity between the i-th and the j-th
documents. Similarly to Section IV-B2, we have

J§ = "(di — d)*Wy (. j).
i#]
Define the Laplacian matrices Gy and its corresponding
diagonal matrix Dy as

(33)

Gy =Dy — Wy 34

where (Dy);; = Zi# Sy(i,j) for Vi. Then the global consis-
tency loss in document space J? can be deducted to

J¢ = d"Gyd. (35)
D. Unified Problem Formulation for CCLGC

By integrating all the above fitting errors from three-folds,
that is, Jxy in (4) and (5) from word-document relationship,
J)I; in (24) and Jg in (28) from interword relationship, Jf; in
(31)and J ? in (35) from interdocument relationships, we have
the overall loss function of our problem as follows:

J=Jxy +alE + 5 + BUS +I9)
= Jxy + a[¢/Lye + d"Lyd] + Blc! Gxe 4+ d' Gyd]

= Jxy + ¢l (aLy + BGx)e +d” (aLy + BGy)d  (36)

the parameter «, § in (36) are the weights to balance these
terms. Then, our objective becomes to solve the following
optimization problem:

arg midn Jxy + ¢ (@Ly + BGx)e +d” (aLy + BGy)d.
C,
(37

Definition 1: An optimal co-clustering is to solve (37) sub-
ject to the constraint on the number of word and document
clusters.

V. ITERATIVE OPTIMIZING RULES AND ALGORITHM

Note that the loss function on word-document relationship
can be expressed by two forms, that is, (4) and (5). Then, from
(4), the overall loss function J can be rewritten as

7= peD (prllg(v1))

X xeX
+ ¢! (aLx + BGyx)c

+d” (aLy + Gy)d]. (41)

And from (5), the overall loss function J can be rewritten as

7= 33D (pivligx1d))
Y yey
+d"(@Ly + BGy)d

+ ¢! (aLx + BGx)e. (42)

Similarly to ITCC, we iteratively optimize the objective
function (37) by word clustering (41) and document clustering
(42). Furthermore, it can be proved that this interactive process
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Algorithm 1 Co-Clustering via Local and Global Consistency

(CCLGC)

Input:
Data matrix X = [x1,...,.X,;] =Y = [le; ;yfl]
Number of word clusters: n
Number of document clusters m
Size of neighborhood k
Local regularization parameters on word space {)& 1
Local regularization parameters on document space
il
Objective function parameters «, S

Output:
Cluster assignment for word set ¢
Document cluster assignment d

1: Initialization:
Set r =0, p(x,y) = %
Initialize word and document cluster set ¢©, d©;
Calculate Ly, Ly, Gx, Gy by using (25) (32) (27) (34);
Compute ¢O(X, V), ¢ X1X), ¢ (YY), and the distri-
bution ¢ (Y |)€' )
2: Word clustering: For each word x;, find its new cluster

index ¢! as

"D = argmin,, D((Y1x))[lg(Y| X D))

+(e) 7T (aLy + BGy)e®. (38)

Let d/*D = d®.

3 Compute  distribution:  ¢U*+D(X, V),
gD (¥|¥), and ¢“ TV (X|D).

4: Document clustering: For each document y;, find its new
cluster index as

d"™*? = arg ming D(p(X|y)) [l g(X| VD))

VXX,

+d™D Ly + BGA™D]. (39
Let c(t+2) — C(H_l).
5. Compute  distribution: ¢t (X, V), ¢ X|X),

¢TI, ¢ (r1X),
6: Compute objective function value using (41), and compute
the change in objective function, i.e.,

AD — jO _ j@+2). (40)

If AW < 1073, Stop and return ¢ = ¢+2 d = d"+?
Else, set t = ¢+ 2, and go to step 2.

can monotonically decreases the objective function, detailed in
Theorem 1. With this intuition, we present the algorithm of
CCLGC in Algorithm 1. Specifically, the algorithm starts with
an initial co-clustering ¢® and d° (see step 1). Then, we fix
the document clusters d and minimize the function in (41).
Note that, when fix d, d’ (¢Ly + BGy)d is fixed, so minimize
(41) is equal to minimize (43). We reassign each word x to a
new word cluster to minimize (43) (see step 2). In third step,
the algorithm computes the required marginals of g(-). The
following document clustering, and minimize (42) is equal to
minimize (44) (see step 4 and 5). This iterative process stops
when the objective function no longer decreases

7= p@D (prx)llg(r1R))

+c!(aLy + BGx)e (43)
7= Y3 pD (pxiwllax1))
Y yey
+d" (aLy + BGy)d. (44)

Theorem 1: CCLGC Algorithm monotonically decreases
the objective function given in (41) and (42).

Proof: Start from the #-th iteration, the objective function
begins with J

7O =33 p@D (p(rvlla(r| D))

X0 xeX®
+ ) (aLy + pGy)e"”
+ @) (@Ly + pGy)d?"

Followed by step 2

> oD (prin)llgr1 X))

X0 xeX®
+ () (@Lx + BGx) ()
+ @) (@Ly + BGy)d ™
= 33 p@D (prllg(r1R o)
X0 xeX®
+ (C(H—l))T(a Ly + ,BGX)c(’H)]
+ @) (@Ly + pGy)d?].

Proved by [2, Th. 4.1], we have

> oD (i) llgv1 X))

X0 xe X0

= Y Y peoD (prlla(r R

X+ xe 0+

(45)

(46)

and

dt' =d'. (47)

Therefore

F= Y Y peD (prligri20))
X0 xeX®
+ )T (aLy + BGx) (c"TD)
—l—(d(H_l))T(otLy —i—ﬂGy)d(H_l)]

= J+ (48)

Similarly, following step 4, we have:

F= 303 D (P lgx 1))
YD ye Pt
+ ()T (@Ly + BGx) (1)
+ @) (eLy + fGy)d" Y
> > > pMDEX)lg(X| X))
P+2) yePi+2)
+ (@) (@Lx 4 BGx) (c"T)]
+ @) (@Ly + BGy)ad" ]

= J*2. (49)
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By combining (48) and (49), it follows that the objective
function never increases at every iteration. |

We now analyze the computational complexity of the
proposed CCLGC algorithm. In the initialization step, find-
ing k nearest neighbors of each word and document takes
O(m’n + m*logm 4 n’m + n’logn), calculating Ly and Ly
according to (25) and (32) takes O(m(nk>+k3)) +n(mk*+k3),
and calculating Gy and Gy according to (27) and (34) takes
O(m+n). In each iteration, it takes O(c (74 7+ mm? + an?)),
where ¢ is the number of nonzeros in p(X, y).

Remark 1: The time complexity of Algorithm 1 is O((m +
nymn + m?* logm + n* logn + (mn + mk + nk)k> + ¢ (m +n +
mm? + nn?)t), where t is the number of iterations.

In the experiments, it is shown that 7 = 20 is enough for
convergence.

The main memory cost of CCLGC is to store the pairwise
distance matrices. Thus, the memory complexity is O(m>+n?).

VI. EXPERIMENT

We conduct experiments on benchmark document datasets
to empirically compare the clustering results of CCLGC with
other clustering and co-clustering algorithms.

A. Datasets

We perform our experiments on two text datasets which are
widely used in the experiments of clustering: 20 Newsgroup, !
and WebKB.2

1) 20 Newsgroup: This dataset consists of 20 000 messages
which are taken from 30 Usenet newsgroup and sepa-
rated into 20 different news topics. Similarly to [29],
[14], we choose 2000 words with the largest contribu-
tion to the mutual information between the words and
documents, and then discard the empty documents.

2) WebKB: This dataset contains WWW pages collected
from computer science departments of four universities
(Cornell, Texas, Washington, and Wisconsin) in January
1997. The 8282 pages were manually classified into the
following categories, student, faculty, staff, department,
course, project, and other. We select 1000 word with the
largest contribution to the mutual information between
the words and documents for this dataset.

B. Evaluation Metrics and Baselines

It is a nontrivial task to validate the clustering and co-
clustering results. In the evaluation, we choose two metrics,
accuracy (AC), and normalized mutual information (NMI), to
measure the clustering performance.

1) Accuracy (AC): The first performance measure we
choose is the AC, which discovers the relationship
between obtained cluster label and the groundtruth on
each data. For a document sample y;, the cluster label
d; is estimated by different clustering or co-clustering

Thttp://people.csail.mit.edu/jrennie/20Newsgroups/.
2http://www.cs.cmu.edu/ WebKB/.
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algorithm, and the groundtruth cluster label is defined
as [;. The AC is defined as

Yoy 8L, map(q;))
m

AC =

(50)

where §(x, y) is the delta function that equals one if x =
v, and equals zero other wise. map(g;) is the permutation
mapping function that map each cluster label ¢; to the
equivalent label from dataset. The mapping process can
be refer to Kuhn—Munkres algorithm [30].

2) Normalized Mutual Information (NMI): The NMI is
widely used to determine the quality of clusters. For
two random variables X and Y, it is defined as [31]

1(X,Y)

NMI = ——
HX)H(Y)

(SD

where (X, Y) is the mutual information between X and
Y, and H(X) and H(Y) are the entropies of X and Y,
respectively. Given a clustering results, the NMI in (51)
is estimated as [31]

) N ming;
Doim1 e Mijlog (Wm’j‘),)

(S ton ) (S ey e )
(52)

NMI =

where m; is the number of data contained in the i-th
obtained cluster, (7*); is the number of data in the j-th
groundtruth class, and ﬁ1ij denotes the number of data
that are in the intersection between the i-th obtained
cluster and the j-th groundtruth class. Obviously, the
large this value, the better the performance of clustering.

We compare our method with the following six baselines.

1) Kmeans [32].

2) Normalized cut (N-cut) [33].

3) Clustering with local and global regularization (LCLGR
denotes the approach using regularized linear classifiers
as its local predictors, and KCLGR represents the kernel
one) [24].

4) ITCC [2].

5) Locally discriminative co-clustering (LDCC) [14].

6) ITCC incorporating word similarities and document
similarities (ITCCWDS) [13].

The first three methods are all one-side clustering algorithms,
while the following three are co-clustering ones. LCLGR and
KCLGR consider both local and global consistency. In co-
clustering algorithms, ITCC only focuses on the relationship
between word and document but neglects the within rela-
tionships, LDCC considers the local patch in the word and
document spaces, but discards the global information from
these two spaces, while ITCCWDS only takes the global
word/document similarities into consideration.

For our proposed co-clustering method, we use LCCLGC
to represent the approach with local linear regularization, and
use KCCLGC to indicate that with local kernel regularization.
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C. Experiment Setup

1) Parameter Settings: In the experiments, the reported
performances are averaged over 10 independent runs. For
parameter settings, we ran each algorithm by using different
parameters, and reported the best result. For one-side cluster-
ing algorithms, the number of document clusters is set equal
to the groundtruth. For co-clustering algorithms, the numbers
of word and document clusters are both set to the true number
of classes for all the datasets.

In K-means, the cluster centers are randomly initialized.

In N-cut, the similarity between two samples y; and y; is
computed with

W(,j) = exp (—M> (53)

o
where o is searched from the grid {le—2, le—1, 1, lel, 1€2},
which is set to be the same as that in [14].

In LCLGR and KCLGR, the parameter settings are the
same as those in [24]. Specifically, the neighborhood size
is searched from the grid: {5, 10, 20, 50, 100, 150, 200}, and
the parameters A; of the local regularized classifier are set to
be the same and searched from the grid {0.01, 0.1, 1, 10 100}.
The pairwise data similarities used for constructing the global
smoothness regularizer are calculated using Gaussian ker-
nel. The balanced parameter « is searched from the grid
{le—=3,1e—2,1e—1, 1, lel, 1e2}. For KCLGR, the Gaussian
kernel is adopted for constructing the local kernel predictors
with its width tuned from the grid {4e — 309, 4¢ — 200, 4¢ —
loo, 09, 4elog, 4e20¢, 4e300}, where og is the mean distance
between any two examples in the data set.

In LDCC, the parameter A for local linear regression, the
neighborhood size, and balanced parameters «, B are set to be
the same as those in [14]. The setting of neighbor size k is
the same as those in LCLGR and KCLGR.

In ITCCWDS, the balanced parameters o and f are set to
be the same as those in LDCC.

In our proposed method, the parameter )\g( and )J} are set
to be the same, and their grid ranges are set to be the same as
A; in LCLGR and KCLGR. The balanced parameters « and
are set to be the same as LDCC. Since our method converges
to a local minimum, which does not guarantee the global one,
the choices of ¢” and d° in step 1 is important. We adopt dif-
ferent strategies for these two initializations. For word cluster
initialization, we choose initial word cluster “centroids” to be
maximally far apart from each other. First, we take the word
which is the farthest to the whole data set as the first word
cluster “centroid.” Then, take the word which is the farthest to
all the confirmed “centroid,” until we get /m “centroids.” For
document initialization, we first compute the “mean” vector
of all the documents, then randomly perturb this vector to get
n starting document clusters.

D. Sensitivity to Parameter k, o, and B

In this subsection, we investigate the sensitivity with respect
to the neighborhood size k, and the balanced parameters «, f.
When we adjust the values of k, o, and B, respectively, we
keep the other parameters fixed at the optimal values. The

performance comparison under different settings is evaluated
on both the 20 Newsgroup and the unbalanced WebKB dataset.
We select the number of document classes num as two in
the 20 Newsgroup, and as four in the WebKB. Other exper-
imental settings are the same as these in Section VI-C1. We
plot the clustering AC with respect to k,«, and S for the
20 Newsgroup dataset in Fig. 3(a)—(c), and that for WebKB
dataset in Fig. 4(a)—(c).

As we can see, CCLGC is a little sensitive to the neigh-
borhood size of the graph. Fortunately, it usually achieves
good result when the neighborhood size is not too large, e.g.,
k € [10, 20] in our experiments. On the other hand, a proper
trade-off between local and global consistency can bring a bet-
ter result in LCCLGC and KCCLGC. The balanced parameters
o and B are suggested to be set between 0.1 and 10. The selec-
tion of o and B also experimentally support the reasonability
of considering local and global consistency.

E. Experiment Results

1) Performance on Balanced Datasets: This section shows
the performance comparison on balanced datasets, that is, all
the classes are of the same size.

In 20 Newsgroup, we conducted experiment with different
number of document classes num, which ranges from 2 to 10.
The selected document classes num are chosen randomly from
whole dataset. For each document class, we randomly select
300 documents. We conducted 10 runs for each selected class
number num, and report the average AC and NMI in Tables II
and III.

Considering that the class sizes in WebKB are not equal
to each other, we choose subset of this dataset to gen-
erate the balanced classes. We conducted experiment with
num(= 2,...,7) document classes, and randomly selected
100 documents for each selected class. Also, 10 runs for each
selected class number num are conducted, and the average AC
and NMI are reported in Tables IV and V.

From these results, we have the following observations.

1) In most cases, our proposed CCLGR achieves the
best performance, and KCCLGC usually outperforms
LCCLGC since the local distributions of the dataset are
nonlinear. We noted that the results of our method are
not satisfied on balanced WebKB with class number as
2, this is mainly because that the global consistency is
hard to reveal on the small test set, which is only 100
documents in each cluster and 200 documents totally in
this experiment. Ncut and KCLGR yield good results on
this test set as they are based on local regularizer, which
is more suitable when dataset is small.

2) The results of Kmeans are mostly poorer than other meth-
ods, since the distributions of the text data are commonly
complicated than mixtures of spherical Gaussians.

3) The mixed-regularization algorithms, including LCLGR,
KCLGR, and LCCLGC, KCCLGC mostly perform better
than the algorithms based on a single regularizer, since
they make use of more information from the dataset.

4) The incorporation of interword and interdocument rela-
tionships increases the co-clustering performance.
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5) As we expected, LCCGC and KCCLGC generally out- 2) Performance on Unbalanced Dataset: In order to com-
perform LDCC and ITCCWDS, since the local predicted prehensively evaluate the proposed method, we also perform
labels are smoothed by the global smoother. it on the unbalanced dataset, that is, the sizes of document
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TABLE 1T
COMPARISON OF ACCURACY (%) ON 20 NEWSPAPER (MEAN+£STD)

Kmeans Ncut LCLGR | KCLGR | ITCC | LDCC | ITCCWDS | LCCLGC | KCCLGC
2 82.3 77.0 90.7 95.6 94.4 92.3 95.8 99.3 99.4
+8.4 +23.2 +2.4 +2.4 +2.5 +3.4 +5.8 +0.5 +0.3
3 81.2 66.8 82.5 82.5 79.9 84.4 82.2 86.3 88.1
+6.2 +21.7 +15.6 +15.7 +12.8 | £10.2 +9.8 +8.9 +9.4
4 67.32 62.07 79.4 79.6 72:1 82.1 78.6 84.6 85.7
+11.93 | £15.56 +10.1 +9.8 +11.1 +8.4 +5.5 +6.7 +6.9
5 64.3 62.5 69.9 72.5 65.6 78.8 73.8 78.4 80.5
+10.4 +16.5 +9.4 +10.5 +12.9 +7.3 +8.5 +8.5 +7.2
6 60.1 57.4 66.6 67.4 62.6 70.9 70.1 723 75.2
+8.1 +8.8 +7.3 +7.6 +9.1 +7.8 +6.9 +6.7 +7.0
7 56.1 55.5 64.2 64.0 61.8 71.3 69.2 70.4 734
+5.6 +8.2 +6.0 +6.9 +5.4 +6.1 +5.4 +6.2 +6.8
8 53.9 52.4 60.8 62.5 54.8 64.4 64.5 67.5 69.3
+9.3 +5.9 +10.5 +10.7 +9.3 +9.5 +7.3 +5.6 +5.1
9 54.0 50.6 63.4 63.4 54.3 66.7 65.0 68.5 69.2
+7.5 +8.5 +8.8 +9.6 +8.4 +7.2 +5.2 +5.5 +6.06
10 48.8 49.0 56.8 58.7 51.3 63.1 60.4 65.6 67.8
+5.0 +3.3 +5.2 +5.3 +4.8 +5.4 +5.0 +4.4 +5.1
TABLE III

COMPARISON OF NORMALIZED MUTUAL INFORMATION (%) ON 20 NEWSPAPER (MEAN+£STD)

Kmeans Ncut LCLGR | KCLGR | ITCC | LDCC | ITCCWDS | LCCLGC | KCCLGC
2 56.2 47.8 65.2 76.0 70.8 72.9 75.6 94.9 94.3
+20.0 +18.5 +10.0 +10.8 +10.4 | £13.4 +17.1 +3.0 +2.9
3 54.0 42.3 60.4 60.8 53.1 62.7 60.0 64.6 70.3
+10.4 +8.4 +17.0 +17.8 +15.6 | £10.2 +13.2 +14.3 +13.2
4 44.2 41.5 58.6 59.0 49.4 58.1 57.3 60.2 64.8
+9.3 +9.5 +13.4 +13.0 +12.4 | £11.5 +8.0 +9.5 +12.4
5 42.6 40.7 53.4 54.5 47.4 56.7 58.2 58.9 62.6
+7.2 +8.6 +8.3 +9.8 +8.7 +9.6 +10.7 +8.7 +8.6
6 42.1 35.2 54.4 54.9 46.6 56.8 57.4 58.2 60.7
+7.3 +7.1 +7.7 +7.8 +7.7 +8.4 +8.5 +7.4 +7.5
7 41.0 34.8 52.8 52.6 46.2 54.6 54.3 56.7 58.5
+5.8 +7.3 +5.0 +5.6 +5.4 +7.5 +8.0 +8.7 +6.7
8 39.6 32.2 48.2 49.4 44.0 50.3 49.8 52.6 55.0
+5.4 +6.4 +8.0 +7.5 +6.7 +7.3 +6.8 +6.5 +6.2
9 38.4 33.3 51.7 51.6 44.9 50.6 49.7 53.6 54.5
+3.5 +4.9 +5.6 +6.6 +5.3 +6.8 +7.0 +5.3 +5.7
10 37.1 32.4 47.5 48.1 43.9 50.4 48.3 51.8 52.7
+4.8 +3.8 +4.0 +4.1 +4.2 +5.0 +5.7 +4.9 +4.7
TABLE IV

COMPARISON OF ACCURACY (%) ON BALANCED WEBKB (MEAN=£STD)

Kmeans Ncut LCLGR | KCLGR | ITCC LDCC | ITCCWDS | LCCLGC | KCCLGC
2 79.4 83.4 83.2 84.5 77.6 84.2 79.5 80.0 80.3
+9.6 +8.7 +9.4 +7.9 +11.3 +8.8 +10.5 +9.8 +9.7
3 70.8 73.1 69.5 73.7 70.0 75.2 4.7 76.2 78.4
+13.7 +13.3 +14.6 +10.3 +9.9 +10.8 +11.3 +9.6 +9.4
4 68.3 69.4 68.5 71.6 68.5 72.5 71.4 73.5 74.3
+9.5 +10.6 +9.8 +9.1 +10.3 +9.8 +9.2 +9.3 +9.8
5 57.7 62.4 60.6 63.5 57.4 64.8 63.3 65.4 67.2
+6.4 +9.4 +8.3 +7.8 +7.7 +8.0 +7.5 +7.0 +7.4
6 51.2 55.3 52.4 52.8 50.5 56.2 55.3 58.2 59.7
+6.1 +5.3 +7.4 +7.1 +5.7 +6.4 +5.5 +6.4 +5.7
7 45.3 44.2 47.1 47.8 46.5 54.0 53.8 55.2 57.6
+5.1 +4.6 +6.4 +6.1 +4.3 +5.5 +4.7 +4.4 +4.6

classes are largely skewed. This experiment is conducted on
WebKB, in which the size of document class ranges from 137
to 3728. The number of document classes is selected in the
experiment as num = 2,...,7. Ten runs are conducted for
each num. In each run, we select 10% documents from each
selected class, and generate the highly unbalanced subsets. The
average results are reported in Tables VI and VIIL.

From these results, we have the following observations.

1) In this unbalanced dataset, our proposed CCLGR
achieves the best performance, and KCCLGC usu-
ally outperforms LCCLGC since the local distributions
of the dataset are nonlinear. Moreover, LCCLGC and
KCCLGC perform better results on num = 2 than the
pure-local-regularization method, includes Ncut, LDCC,
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TABLE V
COMPARISON OF NORMALIZED MUTUAL INFORMATION (%) ON BALANCED WEBKB (MEAN+£STD)

Kmeans Ncut LCLGR | KCLGR ITCC LDCC | ITCCWDS | LCCLGC | KCCLGC
2 42.3 45.3 43.7 47.0 40.6 43.5 42.0 42.7 42.6
+20.8 +24.5 +16.2 +20.2 +18.1 | £19.6 +18.4 +17.4 +18.5
3 39.2 39.5 40.0 42.7 38.2 42.2 41.4 43.5 44.1
+15.4 +13.5 +14.7 +13.4 +17.5 | £15.8 +17.5 +13.8 +14.1
4 40.8 41.7 42.6 42.9 41.1 43.0 42.8 44.0 45.2
+9.3 +9.2 +9.6 +9.7 +10.4 +9.2 +9.6 +9.5 +9.4
5 33.4 34.9 37.1 38.2 36.7 38.5 37.6 40.2 418
+6.6 +8.1 +7.3 +7.5 +8.4 +7.2 +6.3 +6.8 +6.4
6 32.4 34.3 35.9 36.1 34.1 36.7 34.9 38.3 38.8
+5.2 +6.4 +6.3 +6.2 +5.4 +5.5 +5.1 +5.3 +5.9
7 31.1 28.7 32.4 34.5 33.4 37.6 35.4 38.2 38.8
+2.5 +1.0 +2.1 +2.6 =21 +1.4 +2.2 +1.6 +1.1
TABLE VI
COMPARISON OF ACCURACY (%) ON UNBALANCED WEBKB (MEAN+£STD)
Kmeans Ncut LCLGR | KCLGR ITCC LDCC | ITCCWDS | LCCLGC | KCCLGC
2 66.8 68.2 69.7 71.8 61.7 73.8 71.2 74.2 76.3
+14.5 +14.3 +13.7 +13.8 +12.8 | £13.5 +12.1 +12.5 +12.9
3 51.5 56.6 58.4 58.4 53.6 58.1 57.5 60.3 62.4
+11.0 +9.9 +10.3 +9.4 +9.4 +7.7 +9.3 +10.7 +9.8
4 45.6 49.4 49.6 51.5 48.5 53.4 52.2 55.2 56.8
+4.7 +5.2 +6.7 +5.4 +4.5 +3.9 +4.3 +4.6 +4.7
5 45.9 43.9 48.4 50.2 43.8 52.4 52.5 54.0 54.7
+10.5 +9.8 +9.4 +9.8 +5.0 +10.7 +9.6 +8.4 +9.1
6 40.2 41.1 43.5 43.8 40.6 47.7 45.3 48.2 49.3
+6.6 +4.7 +5.8 +5.2 +5.5 +4.9 +4.5 +4.4 +4.7
7 38.7 38.5 41.1 42.3 36.0 43.2 42.7 44.5 454
+3.2 +0.0 +2.4 +2.0 +=2:1 +1.2 +1.8 +1.1 +1.3
TABLE VII

COMPARISON OF NORMALIZED MUTUAL INFORMATION (%) ON UNBALANCED WEBKB (MEAN+£STD)

Kmeans Ncut LCLGR | KCLGR | ITCC LDCC | ITCCWDS | LCCLGC | KCCLGC
2 17.1 20.0 154 16.1 11.7 18.5 174 19.5 20.5
+18.6 +19.5 +19.7 +18.5 +17.5 | £14.6 +15.8 +15.3 +14.7
3 16.3 19.2 18.5 19.1 16.9 20.0 19.5 214 233
+12.8 +11.6 +11.9 +12.2 +8.7 +8.9 +9.2 +9.5 +9.4
4 16.1 18.5 16.6 20.4 19.5 23.0 21.7 25.7 25.5
+4.4 +4.5 +4.7 +5.1 +4.4 +3.4 +3.8 +4.3 +4.9
5 22.7 19.4 20.9 22.6 20.7 25.4 23.2 25.5 26.8
+12.2 +8.9 +9.4 +9.7 +6.1 +9.4 +8.5 +7.3 +8.2
6 20.1 19.4 19.9 21.2 20.7 24.6 24.5 26.3 26.6
+6.4 +4.5 +5.9 +6.3 +4.9 +4.3 +4.7 +4.4 +4.7
7 19.5 19.1 20.4 21.8 19.7 23.2 22.1 239 24.5
+0.6 +0.0 +1.7 =i +1.3 +1.5 +1.0 +0.9 +1.2

since the test dataset includes more documents than
balanced one and the global consistency is easier to
recover.

2) In general, the AC keeps decreasing as the number of
classes num increases. Bur NMI does not follow this
pattern. This is mainly because NMI is quite complex
and it depends on the specific dataset [14].

3) As we expected, the proposed algorithms LCCLGC and
KCCLGC generally outperform LDCC and ITCCWDS,
since they reveal global consistency on the dataset.
On the other hand, they also outperform LCLGR and
KCLGR, since they make use of the relationships
between words and documents and simultaneously group
them into word clusters and document clusters.

Since the unbalanced datasets are more difficult to be clus-

tered, the performance of all the method decreases in this

experiment. Nevertheless, our proposed CCLGR method still
achieves best for almost every case.

3) Discussion on Scalability: As discussed in Section V,
computational complexity of our proposed algorithm is
0(m210g(m)), where m is the number of samples. In this
part, we will compare the computational time, AC, and NMI
under the different dataset scalabilities. Three kinds of datasets
are selected in this experiment. The first is 20 Newsgroup
with document class number as 10 and the number of docu-
ments in each class is 300. The second one is 20 Newsgroup
with all the 18 828 documents from 20 classes. And the last
one is New York Times dataset, which consists of 421384
news from five categories, and was downloaded from New
York Times. All the experiments are conducted on a server
with 2.27GHz CPU and 64GB memory. The code is imple-
mented on MATLAB platform. The results are shown in
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TABLE VIII
COMPARISON OF COMPUTATIONAL TIME (s), ACCURACY (%) AND NMI (%) ON 20 NEWSGROUP SUBSET (#iSamples = 6000)

Kmeans | Ncut | LCLGR | KCLGR | ITCC | LDCC | ITCCWDS | LCCLGC | KCCLGC
Computational Time 21 49 54 68 72 75 80 87 95
Accuracy 48.8 49.0 56.8 58.7 51.3 63.1 60.4 65.6 67.8
NMI 37.1 324 47.5 48.1 43.9 50.4 48.3 51.8 52.7
TABLE IX

COMPARISON OF COMPUTATIONAL TIME (s), ACCURACY (%), AND NMI (%) ON THE WHOLE 20 NEWSGROUP DATASET (#Sample = 18.828)

Kmeans | Ncut | LCLGR | KCLGR | ITCC | LDCC | ITCCWDS | LCCLGC | KCCLGC
Computational Time 103 4683 4852 5320 6258 7492 7633 8203 8845
Accuracy 40.8 58.3 66.4 68.7 73.5 78.4 76.5 83.6 86.8
NMI 25.4 34.8 40.8 42.4 60.5 65.2 66.3 72.9 75.3
TABLE X

COMPARISON OF COMPUTATIONAL TIME (h), ACCURACY (%), AND NMI (%) ON NEW YORK TIMES DATASET (fiSample = 421384)

Kmeans | Ncut | LCLGR | KCLGR | ITCC | LDCC | ITCCWDS | LCCLGC | KCCLGC
Computational Time 1.37 9.4 10.8 11.1 11.2 11.1 12.2 12.4 12.8
Accuracy 53.85 55.24 62.41 63.80 63.53 | 68.94 69.68 70.32 77.57
NMI 32.94 38.48 38.72 39.33 42.44 | 42.45 43.12 53.38 55.78

! The computational time of Kmeans was recorded under single thread, while that of others was recorded as parallel time under 5

threads.

Tables VIII, IX, and X, respectively. Considering the high
time complexity of N-Cut, LCLGR, KCLGR, ITCC, LDCC,
ITCCWDS, and our proposed LCCLGC, KCCLGC on the last
dataset, we utilize multithreaded programming to obtain the
results. All codes of those methods were split into five threads,
and the computational time was recorded as parallel time.

From the results, we can see that, when dataset is small,
our algorithms, LCCLGC and KCCLGC, take 12 and 20 more
seconds than the 2nd competitor (LDCC), but achieve 2.5%
and 5.7% higher on AC, respectively, shown in Table VIIL
When dataset scalability increases to 18 828, the improvements
of AC for LCCLGC and KCCLGC to the 2nd competitor
(LDCC) are 5.2% and 8.4%, while the computational time
is 80 times of Kmeans and 1200 seconds than the 2nd com-
petitor (LDCC), shown in Table IX. When dataset scalability
increases to 421384, the computational time of all the meth-
ods except Kmeans is very huge. The improvements of AC for
LCCLGC and KCCLGC to the 2nd competitor (ITCCWDS)
are 7.2% and 10.6%, respectively, shown in Table X.

The reason of slight improvement on AC in small scale
dataset might be because that as the small amount of sam-
ples hinder to explore the global consistency on samples.
And we can see that, when the dataset scalability increases,
the improvements on both AC and NMI increase too. The
computational cost of our method is dramatically high when
dealing with large scale dataset, as we need to search k
nearest neighbors of each sample, whose time complexity is
O(m*log(m)). From this observation, the scalability of our pro-
posed method is not good enough, thus, we state this as an
opportunity for our future work.

VII. CONCLUSION

In this paper, we have proposed a novel co-clustering
method named CCLGC, which fully explores word-document,
interword and interdocument relationships simultaneously. In

modeling the interword and interdocument relationships, the
proposed method preserves the merit of local and global learn-
ing methods. The experimental results show that CCLGC per-
forms better than many state-of-art clustering and co-clustering
methods.

In the future, considering that the real-world dataset usually
mixes with some noises and its large scale characteristic, we
will focus on the co-clustering method with those out-of-sample
and large scale data. The future work not only considers local
and global consistency in both involved spaces, but also is
robust to the outliers and easy to handle the large scale issue.
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