This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS

1

SAIL: Summation-bAsed Incremental Learning for
Information-Theoretic Text Clustering
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Abstract—Information-theoretic clustering aims to exploit
information-theoretic measures as the clustering criteria. A common practice on this topic is the so-called Info-Kmeans, which
performs K-means clustering with KL-divergence as the proximity
function. While expert efforts on Info-Kmeans have shown promising results, a remaining challenge is to deal with high-dimensional
sparse data such as text corpora. Indeed, it is possible that the
centroids contain many zero-value features for high-dimensional
text vectors, which leads to infinite KL-divergence values and
creates a dilemma in assigning objects to centroids during the
iteration process of Info-Kmeans. To meet this challenge, in this
paper, we propose a Summation-bAsed Incremental Learning
(SAIL) algorithm for Info-Kmeans clustering. Specifically, by
using an equivalent objective function, SAIL replaces the computation of KL-divergence by the incremental computation of
Shannon entropy. This can avoid the zero-feature dilemma caused
by the use of KL-divergence. To improve the clustering quality,
we further introduce the variable neighborhood search scheme
and propose the V-SAIL algorithm, which is then accelerated by a
multithreaded scheme in PV-SAIL. Our experimental results on
various real-world text collections have shown that, with SAIL
as a booster, the clustering performance of Info-Kmeans can be
significantly improved. Also, V-SAIL and PV-SAIL indeed help
improve the clustering quality at a lower cost of computation.
Index Terms—Information-theoretic clustering, KL-divergence,
K-means distance, multithreaded parallel computing, variable
neighborhood search (VNS).
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I. I NTRODUCTION

C

LUSTER ANALYSIS is a fundamental task in various
domains such as data mining [2], information retrieval
[3], image and video processing [4]–[7], etc. Recent years have
witnessed an increasing interest in information-theoretic clustering [8]–[11], since information theory [12] can be naturally
adapted as the guidance for the clustering process. For instance,
the clustering analysis can be treated as the iteration process of
finding a best partition on data in a way such that the loss of
mutual information due to the partitioning is the least [8].
This paper is focused on the problem of K-means clustering
with KL-divergence [13] as the proximity function, which is
called Info-Kmeans. To better understand the theoretic foundation of Info-Kmeans, we present an organized study of two
different views on the objective functions of Info-Kmeans.
First, we derive the objective function of Info-Kmeans from a
probabilistic view. In this regard, we know that the probabilistic
view takes several assumptions on data distributions, and the
goal of Info-Kmeans is to maximize the likelihood function on
multinomial distributions. In contrast, the information-theoretic
view has no prior assumption on data distributions. In this
case, the objective function of Info-Kmeans is to find the best
partition on data so that the loss of mutual information is
minimized. The above indicates that the information-theoretic
view on Info-Kmeans is more appealing, since we do not need
to make any assumption on data distributions. As a result, in this
paper, we take the information-theoretic view on Info-Kmeans.
While Info-Kmeans has the sound theoretic foundation, there
are some challenging issues with it from a practical viewpoint.
For example, people have shown that, for text clustering, the
performance of Info-Kmeans is poorer than that of the spherical
K-means, which has the cosine similarity as the proximity
function [10] and is the de facto benchmark of text clustering.
Indeed, for high-dimensional sparse text vectors, Info-Kmeans
often has some difficult scenarios. For example, the centroids in
sparse data usually contain many zero-value features. This creates infinite KL-divergence values, which leads to a challenge
in assigning objects to the centroids during the iteration process
of Info-Kmeans. A traditional way to handle this zero-feature
dilemma is to smooth the sparse data by adding a very small
value to every instance in the data [14]. In this way, there is
no instance having zero feature values. While this smoothing
method can avoid the zero-feature dilemma for Info-Kmeans,
it can also degrade the clustering performance, since the real
values and the sparseness of data have been changed [15], [16].
As an alternative to the smoothing technique, we propose a
Summation-bAsed Incremental Learning (SAIL) algorithm for
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Info-Kmeans clustering in this paper. Our main contributions
lie in the following aspects. First, SAIL can avoid the zerofeature dilemma of Info-Kmeans by replacing the computation
of KL-divergence for the “instance—centroid” distances, by
the incremental computation of the Shannon entropy for the
centroids alone. Second, the distance computation is further
refined to make use of the sparseness of text vectors to improve
the efficiency of SAIL. Third, the variable neighborhood search
(VNS) meta-heuristic [17], [18] is introduced to improve the
clustering quality of SAIL, and the resulting V-SAIL variant
is further speeded up by a multithreaded parallel computing
scheme, which results in the novel PV-SAIL variant.
Our experimental results on various real-world text corpora
have shown that, with SAIL as a booster, the clustering performance of Info-Kmeans can be significantly improved. Indeed,
for most of the text collections, SAIL produces clustering
results competitive to or better than the state-of-the-art spherical
K-means algorithm in CLUTO [19]. Some settings such as
feature weighting, instance weighting, and bisecting have been
shown to have varied effects on SAIL, but SAIL without these
settings shows more robust results. Moreover, V-SAIL further
improves the clustering quality of SAIL by searching around
the neighborhood of the solution using the VNS scheme, and
PV-SAIL effectively lowers the high computational cost of
V-SAIL by using the multithreaded parallel computation.
The remainder of this paper is organized as follows.
Section II gives two theoretical views of Info-Kmeans.
Section III introduces the so-called zero-feature dilemma in
Info-Kmeans clustering. Sections IV and V introduce in detail the SAIL algorithm and the two variants: V-SAIL and
PV-SAIL. Section VI shows the experimental results. Finally,
we present related work in Section VII and conclude our work
in Section VIII.
II. T HEORETICAL OVERVIEWS OF I NFO -K MEANS
To better understand the theoretical foundation of InfoKmeans, in this section, we provide an organized study of two
different views, i.e., the probabilistic view and the informationtheoretic view, on the objective function of Info-Kmeans.

min

k x∈ck

where each instance x has been normalized to a discrete distribution before clustering. To further understand Info-Kmeans,
we take two different views on (3) as follows.
B. Probabilistic View of Info-Kmeans
In this subsection, we first derive the objective function of
Info-Kmeans from a probabilistic view. Specifically, the objective function can be derived by maximizing the “partitioned”
likelihood function of the EM algorithm, i.e., the crisp version
of EM [10].
Assume that we have a text collection D, which consists of
K crisp partitions in multinomial distributions with different
parameters, i.e., θ1 , . . . , θK , respectively. Let random variables
X and Y denote the text and the term, respectively. Let n(x, y)
denote the
number of occurrences of term y in document x, and
n(x) = y n(x, y). Then, we have
Theorem 1: Let L
 be the likelihood
= P (D|Θ) = Πx p(x|Θ)
function. Let B = x n(x), and A = − x n(x)H(p(Y |x)),
where H is the Shannon entropy [12]. Then, we have

k

K-means [20] is a prototype-based, simple partitional clustering technique which attempts to find the user-specified
K clusters. These clusters are represented by their centroids
(a cluster centroid is typically the arithmetic mean of the data
objects in that cluster). K-means has an objective function:
obj :

It is easy to observe that, in most cases, D(xy) = D(yx), and
D(xy) + D(yz) ≥ D(xz) cannot be guaranteed. Hence, D
is not a metric. If we let “dist” be D in (1), we have the objective
function of Info-Kmeans as follows:

πx D(xmk )
(3)
obj : min

A − log L  
=
p(x)D (p(Y |x)p(Y |θk ))
B
x∈c

A. Global Objective of Info-Kmeans

K 


collection of points assigned to a centroid forms a cluster; then
in the second phase, the centroid of each cluster is updated
based on the points assigned to the cluster. This process is
repeated until no point changes clusters.
As we know, different distance functions lead to different
types of K-means. Our focus in this paper is on Info-Kmeans.
Let D(xy) denote the KL-divergence [13] between two discrete distributions x and y, we have

xi
xi log .
(2)
D(xy) =
yi
i


where p(x) = n(x)/ x n(x) and p(y|x) = n(x, y)/n(x).
Proof: By definition


a
log L =
log p(x|Θ) =
log p(x|θk )
x

πx dist(x, mi )

(1)

b

=

i=1 x∈ci

dist(·) is the
where ci denotes cluster i, mi is the centroid of ci , 
distance function, and πx is the weight of x given x πx = 1.
To reach the minimum, K-means employs a heuristic clustering
process as follows. First, K initial centroids are selected. Then,
the two-phase iterations are launched. In the first phase, every
point in the data is assigned to the closest centroid, and each

(4)

k


k x∈ck

=



k x∈ck

k x∈ck

n(x, y) log (p(y|θk ))

y

n(x)



p(y|x) log p(y|θk )

y

where “a” reflects the “crisp” property of the modified EM
model, and “b” follows the multinomial distribution, i.e.,
p(x|θ) = Πy p(y|θ)n(x,y) .
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Meanwhile, A can be transformed into


A=
n(x)
p(y|x) log p(y|x).
k x∈ck

C. Information-Theoretic View of Info-Kmeans
Here, we derive the objective function in (3) from an
information-theoretic point of view. We begin by introducing an important lemma as follows. Given a set of discrete
probabilistic distributions {p1 , p2 , . . . , pn } and the weights
{π1 , π2 , . . . , πn }, we have
Lemma 1 (Cover&Thomas, 2006):

 n
 n

n
n




πi D p i 
πi p i = H
πi p i −
πi H(pi ). (5)
i=1

we will show in experimental results that in most cases the
assumption of p(x) and p(x|c) in the probabilistic view is
harmful to the clustering accuracy.

y

If we substitute the transformed A and log L into the lefthand side of (4), we can easily get the right-hand side. Hence,
we complete the proof.

Let us compare (4) with (3). If we let πx ≡ p(x),
x ≡ p(Y |x), and mk ≡ p(Y |θk ), we have obj ⇔ min(A −
log L)/B ⇔ max log L. This implies that, if we take the probabilistic view of the objective function, Info-Kmeans aims to
maximize the likelihood function on multinomial distributions.
This probabilistic view of Info-Kmeans
requires a series of

assumptions: p(x) = n(x)/ x n(x), p(y|x) = n(x, y)/n(x),
and p(y|θk ) = p(x)p(y|x)/ x∈ck p(x). However, in the experimental section, we will show these assumptions may degrade the performance of Info-Kmeans.

i=1

3

i=1

i=1

Now, given a text collection D, we want to partition D into K
clusters without overlapping. Let random variables X, Y , and
C denote the text, the term, and the cluster, respectively. Let x,
y, and c be the corresponding instances with p(x), p(y), and
p(c) being the probabilities
of occurrences. Furthermore, we

assume that p(c) = x∈c p(x). Then, we have the following
theorem:
Theorem 2: Let I(X, Y ) be the mutual information between
two random variables X and Y , then

p(x)D (p(Y |x)p(Y |ck )) . (6)
I(X, Y )−I(C, Y ) =
k x∈ck

The proof of Theorem 2 can be found in [9]. Theorem 2
formulates the information-theoretic view of Info-Kmeans; that
is, Info-Kmeans tries to find the best partition on data so that the
loss of mutual information due to the partitioning is minimized.
D. Discussions
In summary, we have two different views on Info-Kmeans,
as described by (6) and (4), respectively. Both views lay
the theoretic foundations of Info-Kmeans. Nonetheless, the
information-theoretic view seems to be more appealing, since
there is no prior assumption for p(x) and p(x|c), which is,
however, crucial for the probabilistic view. In fact, we can
regard the probabilistic framework as a special case of the
information-theoretic framework of Info-Kmeans. Moreover,

III. D ILEMMA OF I NFO -K MEANS
Though having sound theoretical foundations, Info-Kmeans
has long been criticized for having performance inferior to the
spherical K-means [21] on text clustering [10]. However, in
this section, we highlight an implementation challenge of InfoKmeans. We believe this challenge is one of the key factors that
degrade the clustering performance of Info-Kmeans.
Assume that we use Info-Kmeans to cluster a text corpus. To
optimize the objective in (3), we launch the two-phase iteration
process—reassigning text vectors to the “nearest” centroids
and updating the centroids according to the newly assigned
text vectors subsequently. To this end, we must compute the
KL-divergence between each text vector p(Y |x) and each centroid p(Y |ck ). In practice, we usually let

p(x)p(Y |x)
x
k
p(Y |ck ) = x∈c
p(Y |x) =
n(x)
x∈ck p(x)
where n(x) is the sum of all the term frequencies of x, p(x)
is the weight of x, as in (4) and (6). Therefore, by (2), to
compute D(p(Y |x)p(Y |ck )), we should expect that all the
feature values of x are positive real numbers. Unfortunately,
however, this is not the case for high-dimensional text vectors,
which are famous for the sparseness in high dimensionality.
To illustrate this, we observe the computation of KLdivergence in
 each dimension y. As we know, D(p(Y |x)
p(Y |ck )) = y p(y|x) log(p(y|x)/p(y|ck )). To simplify the
notations, hereinafter, we denote p(y|x) log(p(y|x)/p(y|ck ))
by Dy . Then, the different combinations of p(y|x) and p(y|ck )
values can result in four scenarios as follows:
1) Case 1: p(y|x) > 0 and p(y|ck ) > 0. In this case, the
computation of Dy is straightforward, and the result can
be any real number.
2) Case 2: p(y|x) = 0 and p(y|ck ) = 0. In this case, we can
simply omit this feature, or equivalently let Dy = 0.
3) Case 3: p(y|x) = 0 and p(y|ck ) > 0. In this case,
log(p(y|x)/p(y|ck )) = log 0 = −∞, which implies that
the direct computation is infeasible. However, by the
L’ Hospital’s rule [22], limx→0+ x log(x/a) = 0(a > 0).
.
.
Thus, we can let x = p(y|x) and a = p(y|ck ), and thus
have Dy = 0.
4) Case 4: p(y|x) > 0 and p(y|ck ) = 0. In this case, Dy =
+∞, which is hard to handle in practice.
We summarize the above four cases in Table I. As can be
seen, for Cases 1 and 2, the computation of Dy is logically reasonable. However, the computation of Dy in Case 3 is actually
questionable; that is, it cannot reveal any difference between
p(Y |x) and p(Y |ck ) in dimension y, although p(y|ck ) may
deviate heavily from zero. Also, it implies that the differences
of various centroids in dimension y have been omitted.
Nevertheless, the most difficult case to handle is Case 4.
On one hand, it is hard to do computations with +∞ in
practice. On the other hand, it is obvious that if there is some
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TABLE I
F OUR C ASES IN KL-D IVERGENCE C OMPUTATIONS

dimension y of Case 4, the total KL-divergence of p(Y |x) and
p(Y |ck ) is infinite. This does not work for high-dimensional
sparse text vectors, because the centroids of such data typically
contain many zero-value features. Therefore, we will have big
challenges in assigning instances to the centroids. We call this
problem the “zero-feature dilemma.”
One way to solve the above dilemma is to smooth the sparse
data sets. For instance, we can add a very small positive value to
the entire data set so as to avoid having any zero feature value.
While this smoothing technique facilitates the computations of
KL-divergence, it indeed changes the sparseness property of
the data sets. We will demonstrate in the experimental section
that this method actually degrades the clustering performance
of Info-Kmeans.
In summary, there is a need to develop a new implementation
scheme for Info-Kmeans which should be able to avoid the
zero-feature dilemma.
IV. SAIL A LGORITHM
In this section, we propose a new variant, named SAIL, for
Info-Kmeans. To illustrate it, we first present the concept of
K-means distance and use it to simplify the objective function
of Info-Kmeans. Then, we refine the computations in SAIL to
further improve the efficiency. Finally, we present the algorithmic details.
A. SAIL: Theoretical Foundation
We begin by briefly introducing the notion of K-means
distance. A detailed study of the K-means distance is available
in [23], [24].
Definition 1 (K-means Distance): Let S ⊆ Rd be a nonempty open convex set. A continuously differentiable function
f : S × S → R+ is called a K-means distance, if there exists
some continuously differentiable convex function φ : S → R
such that

TABLE II
S OME K- MEANS D ISTANCES

The details and proofs can be found in [23]. Note that we
have special interests in K-means with centroids of arithmetic
means because such K-means is much simpler and more efficient than K-means with centroids of medians or medoids.
These merits are particularly important for large-scale, highdimensional text clustering. It is also interesting to note that
the K-means distance is a family of distance functions with
different φ, including the well-known Bregman divergence
induced by strictly convex φ [25]. We list some popular
K-means distances in Table II.
In Table II, the squared Euclidean distance is the most widely
used for a variety of clustering applications [2]. The cosine
distance, derived from a convex but not strictly convex φ,
is equivalent to the cosine similarity used for the so-called
spherical K-means [21], which is often considered as the stateof-the-art method for text clustering [19]. Our focus in this
paper, i.e., the KL-divergence for Info-Kmeans, also belongs
to the family of K-means distance. Specifically, according to
Definition 1, KL-divergence can be rewritten as
D(xy) = −H(x) + H(y) + (x − y)t ∇H(y).

Based on D(xy) in (7), we now lay the theoretical foundation
of the SAIL algorithm, a new variant of Info-Kmeans. Specifically, we have the following theorem:

Theorem 4: Given p(ck ) = x∈ck p(x), the objective function of Info-Kmeans:

p(x)D (p(Y |x)p(Y |ck ))
O1 : min
k x∈ck

is equivalent to
O2 : min



p(ck )H (p(Y |ck )) .

(8)

k

Proof: By (7), we have
D (p(Y |x)p(Y |ck )) = −H (p(Y |x)) + H (p(Y |ck ))
+ (p(Y |x) − p(Y |ck ))t ∇H (p(Y |ck )) .

f (x, y) = φ(x) − φ(y) − (x − y)t ∇φ(y).
Note that different φ can lead to different instances of
K-means distance. Therefore, the K-means distance is actually
a family of infinite distance functions. More importantly, the
K-means distance is the only choice for the K-means algorithm
with centroids of arithmetic means. That is
Theorem 3: Let S ⊆ Rd be a non-empty open convex set.
Assume f : S × S → R+ is a continuously differentiable function satisfying: 1) f (x, x) = 0, ∀x ∈ S and 2) fyj (x, y) is
continuously differentiable on xl , 1 ≤ j, l ≤ d. Then, f can be
used for K-means with centroids of arithmetic means, if and
only if f is a K-means distance.

(7)

As a result

p(x)D (p(Y |x)p(Y |ck ))
k x∈ck

=





k

p(ck )H (p(Y |ck )) −





x




k x∈ck


(b)

(a)

−

p(x)H (p(Y |x))

p(x) (p(Y |x) − p(Y |ck ))t ∇H (p(Y |ck )) .

(c)
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Since p(Y |ck ) = x∈ck p(x)p(Y |x)/p(ck ), we have

p(x) (p(Y |x) − p(Y |ck )) = 0.
x∈ck

Accordingly


(c) =
∇H (p(Y |ck ))t
p(x) (p(Y |x) − p(Y |ck )) = 0.
x∈ck

k

Moreover, (b) is a constant given the data set and the weights
for the instances. Thus, the goal of O1 is equivalent to minimize
(a), which completes the proof.

Note that the equivalent objective O2 given in (8) is right
the objective function of SAIL. In other words, Theorem 4
reduces the computation of KL-divergence between instances
and centroids to the computation of Shannon entropy of centroids only. As the zero features of a centroid can be safely
skipped during the entropy computation, SAIL can avoid
the zero-feature dilemma in information-theoretic clustering
of high-dimensional sparse texts. Some real-world examples
can be found in the experimental section below. For instance,
Tables IV and V give four real-world text collections with
poor clustering results due to the zero-feature dilemma of InfoKmeans. In contrast, Tables VI and VII show the significantly
improved clustering quality using SAIL on the same text collections, which clearly verifies the effectiveness of SAIL in
solving the zero-feature dilemma. More details can be found
in Section VI.

cluster ck , the change of the objective-function value will be
(see equation at the bottom of the page) where (a) − (b) and
(c) − (d) represent the two parts of changes on the objectivefunction value due to the movement of p(Y |x ) from cluster ck
to cluster ck . Then, x will be assigned to the cluster c with the
smallest Δ, i.e., c = arg mink Δk .
The computation of Δk in (9), shown at the bottom of the
page, has two appealing properties. First, it only relates to the
changes that occurred within the two involved clusters ck and
ck . Other clusters remain unchanged and thus have
 no contri.
Second,
the
computations
of
both
bution
to
Δ
k
x∈c p(x) and

x∈c p(x)p(Y |x) have additivity, which can facilitate the computation of Δk . Indeed, these two summations, incrementally
updated during the clustering, are the key elements of SAIL.
The computation of Δk in (9), however, still suffers from the
high costs of computing Shannon entropy in (a) or (c). Let us
take the entropy computation in (a) for example. Since the de


nominator changes from
 p(ck ) to p(ck ) − p(x ), every dimension in the numerator x∈ck p(x)p(Y |x) − p(x )p(Y |x ) will
have a new value, which requires us to compute the logarithm
for each dimension. These computations are indeed a huge
cost for text vectors in high dimensionality. Therefore, here
comes the question: Can we make use of the high sparseness
of text vectors to further improve the computational efficiency
of SAIL?
The answer is YES. To illustrate this,
recall SAIL’s objective
in (8). Let S(k, y) denote x∈ck p(x)p(y|x). Since
function O2
p(Y |ck ) = x∈ck p(x)p(Y |x)/p(ck ), we have


B. SAIL: Computational Issues

p(ck )H (p(Y |ck ))

k

Now, based on the objective function in (8), we establish the
computational scheme for SAIL. The major concern here is the
efficiency issue.
Generally speaking, SAIL is a greedy scheme which updates
the objective-function value “instance by instance.” That is,
SAIL first selects an instance from the text collection and
assigns it to the most suitable cluster. Then, the objectivefunction value and other related variables are updated immediately after the assignment. The process will be repeated until
some stopping criterion is met.
Apparently, to find the suitable cluster is the critical point
of SAIL. To illustrate this, suppose SAIL randomly selects
p(Y |x ) from a cluster ck . Then, if we assign p(Y |x ) to

Δk = O2 (new) − O2 (old)



= (p(ck ) − p(x )) H

x∈ck


+ (p(ck ) + p(x )) H


 

=−


×
=

log





−









p(x)p(y|x) − log p(ck )

x∈ck

p(x)



S(k, y) log S(k, y)

p(ck ) log p(ck )−

k


k

x∈ck

− p(ck )H





p(x)p(Y |x) + p(x )p(Y |x )
p(ck ) + p(x )



− p(ck )H


p(x)p(Y |x)



p(ck )





S(k, y) log S(k, y). (10)

y





p (ck ) − p(x )

(c)

p(y|x) log p(ck )

y

(a)
x∈ck



y

k

=



x∈ck

k

p(x)p(y|x)

y x∈ck

k

p(x)p(Y |x) − p(x )p(Y |x )





5

(b)
x∈ck


(d)

p(x)p(Y |x)
p(ck )

(9)
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Accordingly, if we move x from cluster ck to cluster ck ,
the change of the objective-function value will be (See equation at the bottom of the page) where S + (k, y) = S(k, y) +
p(x )p(y|x ), and S − (k  , y) = S(k  , y) − p(x )p(y|x ).
According to (11), shown at the bottom of the page, only
the non-empty features of p(Y |x ) have contributions to Δk
in (a) or (b), and thus will trigger the expensive computations
of logarithm. Considering that a text vector p(Y |x ) is often
very sparse, i.e., has many empty features, the computational
saving due to (11) will be significant. As a result, we adopt (11)
rather than (9) for the computation of Δk in SAIL and give the
comparative results in the experimental section.
D ISCUSSION. It is clear that SAIL differs from the traditional
K-means. Indeed, SAIL is an incremental algorithm while the
traditional K-means usually employs the batch-learning mode.
Furthermore, SAIL also differs from the traditional incremental
K-means; that is, to decide the assignment of each selected
instance, SAIL does not compute the KL-divergence values
between the instance and all the centroid vectors. Instead, it
computes and updates the Shannon entropies of the centroids.
This computation is supported by the two incrementally
main
p(x)
and
tained summations
for
each
cluster
c
:
p(c)
=
x∈c

p(Y |c) = x∈c p(x)p(Y |x). That is why we call this method
the SAIL algorithm.

Fig. 1.

Pseudocodes of SAIL.

Fig. 2.

LocSearch subroutine.

C. SAIL: Algorithmic Details
In this subsection, we present the main process and the
implementation details of SAIL. Figs. 1 and 2 show the pseudocodes of the SAIL algorithm.
Line 1 in Fig. 1 is for data initialization. First of all, text
collection D is loaded into the memory. To save the space, we
use the triple rowID, columnID, value to record each nonempty element in D. To fast locate the triples of an instance,
we further use an array to store the index of the first feature of
each instance. There are two methods
 for assigning the weights
of instances; that is, πx = n(x)/ x n(x), or simply, πx = 1.
The second one is much simpler and is the default setting
in our experiments. The preprocessing of D includes the row
and column modeling, e.g., tf − idf , to smooth the instances
and assign weights to the features. Then, we normalize the instance x to x = p(Y |x) where p(y|x) = n(x, y)/n(x) for each
feature y.
Lines 2–5 in Fig. 1 show the clustering process. Line 3 is
for initialization, where labeln×1 contains the cluster labels of
all instances, and cluSumK×(d+1) stores the summations of
the weights and weighted instances in each cluster. That is,


for k = 1, . . . , K, cluSum(k,
1 : d) = x∈ck πx p(Y |x), and

cluSum(k, d + 1) = x∈ck πx , where n, d, and K are the
numbers of instances, features, and clusters, respectively. Two
initialization modes are employed in our implementation, i.e.,
“random label” and “random center” (the default one), and the
required variables are then computed.
The “LocSearch” subroutine in Line 4 performs clustering
for each instance. As shown in Fig. 2, it traverses all instances
at random as a round. In each round, it assigns each instance
to the cluster with the heaviest drop of the objective-function
value and then updates the values of the related variables.
The computational details have been given in Section IV-B.

Δk = (p(ck ) + p(x )) log (p(ck ) + p(x )) − p(ck ) log p(ck ) + (p(ck ) − p(x )) log (p(ck ) − p(x )) − p(ck ) log p(ck )


S(k, y) log S(k, y) − S + (k, y) log S + (k, y) +
S(k  , y) log S(k  , y) − S − (k  , y) log S − (k  , y)
+
{y|p(y|x )=0}




(a)

{y|p(y|x )=0}




(b)

(11)
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Illustration of VNS.

Lines 10–12 in Fig. 2 show the stopping criterion in addition
to maxIter; that is, if no instance changes its label after a round,
we stop the clustering. Finally, Lines 6–7 in Fig. 1 choose and
return the best clustering result among the reps clusterings.
Next, we briefly discuss the convergence issues of SAIL.
Since the objective-function value decreases continuously after
reassigning each instance, and the combinations of the labels
assigned to all instances are limited, SAIL guarantees to converge after limited iterations. However, due to the complexity of
the feasible region, SAIL often converges to a local minima or
a saddle point. That is why we usually do multiple clusterings
in SAIL and choose the one with a lowest objective-function
value.
SAIL also preserves the most important advantage of InfoKmeans—low computational costs. Specially, the space and
¯ and O(IKnd),
¯ respectime requirements are O((n + K)d)
tively, where I is the number of iterations for convergence
(NIC), and d¯ is the average number of non-empty features
for each instance. As K is often small and I is typically
not beyond 20 (please refer to the empirical results in the
experimental section), the computational complexity of SAIL is
often very low—just as the classic K-means algorithm. Also, by
employing (11) rather than (9) for SAIL, we can take advantage
of the sparseness of text collections to further improve the
efficiency of SAIL.

V. B EYOND SAIL: E NHANCING SAIL VIA VNS AND
PARALLEL C OMPUTING
SAIL introduced in the previous section can be viewed as
a combinatorial optimization algorithm. Therefore, like most
iterative scheme, SAIL is apt to converge to some local minima
or saddle points, particularly for text vectors in high dimensionality. To meet this challenge, further study is in critical need to
help SAIL jump out of the inferior points. Here, we propose to
use the VNS scheme [17], [18], and establish the VNS-enabled
SAIL algorithm: V-SAIL.
VNS is a meta-heuristic for solving combinatorial and global
optimization problems. The idea of VNS is to conduct a systematic change of neighborhood within the search [18]. Fig. 3

Fig. 4. Pseudocodes of V-SAIL.

schematically illustrates the search process of VNS. That is,
VNS first finds an initial solution x and then shakes in the kth
neighborhood Nk to obtain x . Then, VNS centers the search
around x and finds the local minimum x . If x is better than
x, x is replaced by x , and VNS starts to shake in the first
neighborhood of x . Otherwise, VNS continues to search in
the (k + 1)th neighborhood of x. The set of neighborhoods
are often defined by metric function in the solution space,
e.g., Hamming distance, Eular distance, k-OPT operator, etc.
As VNS is often time-consuming, to set stopping conditions
is very important, which can be the size of the neighborhood
set, the maximum CPU time, and/or the maximum number of
iterations.
A. V-SAIL Algorithm
Fig. 4 shows the pseudocodes of the V-SAIL algorithm. Generally speaking, V-SAIL is a two-stage algorithm employing
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a clustering step and a refinement step. In c-step, the SAIL
algorithm is called to generate a clustering result. This result
serves as the starting point of the subsequent r-step, which
employs the VNS scheme to refine the clustering result to a
more accurate one. It is interesting to note that the “LocSearch”
subroutine of SAIL is also called in VNS as a heuristic method
to search for local minima. Some important details are as
follows.
Lines 2–12 in Fig. 4 describe the r-step of V-SAIL. In
Line 3, for the ith neighborhood Ni , the “Shaking” function
is called to generate a solution label in Ni that has a Hamming
distance Hi = i × |D|/kmax to the current solution label. More
specifically, “Shaking” first randomly selects Hi instances and
then changes their labels at random in label, which results in a
new solution label . Apparently, label tends to deviate label
more heavily as the increase of i. The idea is that once the
best solution in a large region has been found, it is necessary
to explore an improved one far from the incumbent solution.
In Line 5, the “LocSearch” subroutine of SAIL is called
to search for a local minimum solution initialized on label .
This well demonstrates that SAIL is not only a clustering algorithm, but also a combinatorial optimization method. Then, in
Lines 6–8, if the minimum is smaller than the current objV al,
we update the related variables, and set the solution as the new
starting point of VNS. The stopping condition in Line 9 is very
simple; that is, we stop VNS either if a maximum repeat-time
of calling “Shaking” is met or when a given CPU time is due.
In summary, V-SAIL well combines the complemental advantages of SAIL and VNS. That is, VNS can help SAIL
avoid inferior solutions, while SAIL can help VNS fast locate a
good local minimum. We will show the empirical results in the
experimental section.
B. PV-SAIL Algorithm
V-SAIL may find a better clustering result by searching
inside the neighborhoods via the VNS scheme. The critical
problem is, however, VNS usually has a high computational
cost. As indicated by Fig. 4, V-SAIL searches inside the neighborhoods one by one and gets back to the first neighborhood
after finding a better solution. This can make the computational time uncontrollable. That is why we introduce a “hard”
stopping criterion in Line 9. However, the problem remains
unsolved in another way—given a time constraint, V-SAIL can
only search a limited number of neighborhoods, which prevents
it from further enhancing the clustering accuracy.
To meet this challenge, we propose a multithreaded scheme
for V-SAIL: PV-SAIL, which aims to parallel V-SAIL by
fully exploiting the power of the multicore CPU. In general,
PV-SAIL is based on the central memory to reduce the cost
of communications. The subthreads are invoked in multiple
rounds. In each round, the subthreads simultaneously search
inside the neighborhoods in different Hamming distances, and
the best result will be adopted as the new solution for the search
in the next round. Fig. 5 shows the pseudocodes of the PV-SAIL
algorithm. Some notable details are as follows.
Lines 1–13 show the process of the main thread. Note that to
avoid unpredictable errors, we let the main thread wait for the

Fig. 5.

Pseudocodes of PV-SAIL.

termination of all subthreads in Line 7. Lines 14–23 describe
the process of each subthread, which is similar to the r-step
in V-SAIL. Note that to expand the search space for a better
result, we let the subthreads search within the neighborhoods
in different Hamming distances simultaneously, as indicated by
t = j in Line 14. Also, we do not set a hard stopping criterion
in the subthreads, since the parameter kmax in Line 15 is often
set to a small value, say not beyond 5 in our experiments.
Finally, the best way to set nSub is to keep consistency with
the number of CPU cores. For instance, for most computers
having a four-core CPU and if kmax = 5, PV-SAIL can search
within 20 neighborhoods at short notice. This greatly increases
the probability of finding a better clustering result.
In summary, PV-SAIL is a multithreaded version of V-SAIL,
which aims to improve the clustering quality of V-SAIL given
a limited time.
VI. E XPERIMENTAL R ESULTS
In this section, we demonstrate the effectiveness of SAIL and
its variants for text clustering.
A. Experimental Setup
Data sets. For our experiments, we use a number of realworld text collections. Some characteristics of these data sets
are shown in Table III, where “CV” is the coefficient of
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TABLE IV
C LUSTERING R ESULTS OF MATLAB I NFO -K MEANS

TABLE V
C LUSTERING R ESULTS OF CO-CLUSTER

variation [26] used to characterize the class imbalance of the
data sets, and “Density” is the ratio of non-zero feature values
in each text collection. A large CV indicates a severe class
imbalance, and a small density indicates a high sparseness.
Clustering tools. In the experiments, we employ four types
of clustering tools. The first one is SAIL and its variants
V-SAIL and PV-SAIL, coded by ourselves in C++. The other
three are well-known software packages for K-means clustering, including MATLAB v7.1 [27], CO-CLUSTER v1.1 [28],
and CLUTO v2.1.1 [19].
The MATLAB implementation of K-means is a batchlearning version, which computes the distances between instances and centroids. We extend it to include KL-divergence
such that it can work as the traditional Info-Kmeans.
CO-CLUSTER is a C++ program which implements the
information-theoretic co-clustering algorithm [9]. While still
computing the KL-divergence between instances and centroids,
it provides additional methods, e.g., annealing and local search,
to improve the clustering performance.
CLUTO is a software package for clustering highdimensional data sets. Specifically, its K-means implementation
with cosine similarity as the proximity function shows superior
performance in text clustering [21]. In the experiments, we
compare CLUTO with SAIL on a number of real-world text
data sets.
Note that the parameters of the four K-means implementations are set to match one another for the purpose of comparison, and the cluster number K is set to match the number of
true clusters indicated by the class labels of each data set.
Validation measures. Many recent studies use the external
validation measure: Normalized Mutual Information (N M I),
to evaluate the clustering performance [10]. For consistency,
we also use N M I in our experiments, which is computed as:
N M I = I(X, Y )/ H(X)H(Y ), where the random variables
X and Y denote the cluster and class sizes, respectively,
I(X, Y ) is the mutual information between X and Y , and
H(X) and H(Y ) are the Shannon entropies of X and Y ,
respectively. The value of N M I is in the interval: [0, 1], and

a larger value indicates a better clustering result. To further
verify the validity of clustering, we also include the wellknown statistical measure: normalized Rand index (Rn ) [29].
Rn is the corrected-for-chance version of the Rand index based
on the multivariate hypergeometric distribution (MHD), which
is computed as: Rn = (R − E(R))/(1 − E(R)), where R is
the Rand index value, and E(R) is the expected Rand index
value given MHD. A positive Rn implies a higher clustering
quality than the expected baseline level. The larger the Rn value
is, the better the clustering result. More computational details
about N M I and Rn can be found in [30] with a contingencytable view.
B. Impact of Zero-Feature Dilemma
Here, we demonstrate the negative impact of the zero-feature
dilemma to Info-Kmeans. Since the MATLAB implementation of Info-Kmeans can handle infinity (denoted as INF in
MATLAB), we select tr23 and tr45 data sets and apply MATLAB Info-Kmeans on them. The clustering results
are shown in Table IV, where CV0 and CV1 indicate the
distributions of the cluster sizes before and after clustering,
respectively.
As indicated by the close-to-zero N M I values, the clustering
performance of MATLAB Info-Kmeans is extremely poor.
Also, by comparing the CV0 and CV1 values, we found that
the distributions of the resulting cluster sizes are much more
skewed than the distributions of the class sizes. In fact, for both
data sets, nearly all the documents have been assigned to one
cluster! This clearly verifies our analysis in Section III; that is,
Info-Kmeans will face the serious zero-feature dilemma when
clustering highly sparse text data.
Furthermore, we test CO-CLUSTER on tr12 and tr31
data sets. Table V shows the clustering results, where “Search”
and “Annealing” indicate the search modes and annealing
parameters, respectively. As can be seen, the use of the annealing technique and different search modes does not improve the
clustering performance. The near-to-zero N M I values indicate
the poor clustering performance. This again verifies that to
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Fig. 6. Effect of data smoothing. (a) Data set: tr11. (b) Data set: tr45.

directly compute KL-divergence is infeasible for sparse data.
Another interesting observation is that, the clusters produced
by CO-CLUSTER are much more balanced than the clusters
produced by MATLAB Info-Kmeans, as indicated by the much
smaller CV1 values.

TABLE VI
P ERFORMANCE C OMPARISON IN T ERMS OF N M I

C. Comparison of SAIL and the Smoothing Technique
Here, we illustrate the effect of the smoothing technique
by using MATLAB Info-Kmeans. Fig. 6(a) and (b) shows the
clustering results on data sets tr11 and tr45 with increasing
added values.
One observation is that data smoothing indeed improves the
clustering quality of Info-Kmeans, from nearly zero to about
0.3 (measured by N M I). This implies that the smoothing
technique does help Info-Kmeans get out of the zero-feature
dilemma, although the performance is still far from satisfactory.
Another interesting observation is that the optimal added value
(OAV) is varied for different data sets. For instance, while
OAV ≈ 0.1 for tr11, OAV ≈ 0.01 for tr45. This indicates
that to have the optimal smoothing effect is very difficult.
Nevertheless, a general rule is that we should avoid setting
extreme values. A tiny value may not take effect on the zerofeature dilemma, but a large value may change the nature of
data and thus lead to poor clustering results. Fig. 6(b) well
illustrates this point, where an added value smaller or larger
than 0.01 will degrade the clustering quality.
We then compare the performance between the smoothing
technique and SAIL on all the data sets. The parameters of
SAIL are set as follows: 1) πx = 1, for any x ∈ D; 2) no row
or column modeling; 3) the initialization mode is “random
center”; 4) reps = 1, but we repeat SAIL five times for each
data set and return the average score. Unless otherwise stated,
these are the default settings of SAIL in our experiments.
Tables VI and VII show the results in terms of N M I and
Rn , respectively. As can be seen, the clustering results of
SAIL are consistently superior to the results of the smoothing
technique. For some data sets such as tr11, tr12, tr41, and
tr45, SAIL takes the lead with a wide margin. Note that for
the smoothing method, we try a series of added values, i.e.,
10−5 , 10−4 , 10−3 , 10−2 , 10−1 , 1, and select the best one for
comparison.
In summary, while the data smoothing technique can improve
the performance of Info-Kmeans on sparse data, it changes

the data integrity and has difficulty in setting the OAV. In
contrast, SAIL with default settings can lead to consistently
better clustering performance, and therefore is a better solution
for the zero-feature dilemma.
D. Comparison of SAIL and Spherical K-means
In the literature, people have shown that spherical K-means
usually have better clustering quality than traditional K-means
[10]. The CLUTO version of spherical K-means [19] even
shows superior performance on text collections, which makes
it the benchmark for text clustering. However, we would like
to show in this experiment that the performance of SAIL is
comparable to the spherical K-means in CLUTO.
In this experiment, the parameter settings in CLUTO
are as follows: clmethod = direct, crfun = i2, sim = cosine,
colmodel = none, ntrials = 10. For SAIL, we use the default
settings. Tables VI and VII show the results in terms of N M I
and Rn , respectively, where CLUTO without IDF (also denoted
as CLUTOwtIDF) indicates the clustering results of spherical
K-means. As can be seen, SAIL shows consistently higher
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TABLE VII
P ERFORMANCE C OMPARISON IN T ERMS OF Rn

Fig. 7. Runtime comparison between SAIL and SAIL_old.

clustering quality on nearly all data sets. For some data sets, for
example classic, la1, la12, la2, sports, and tr31,
SAIL even shows dominant advantages. This demonstrates that
SAIL is particularly suitable for text clustering, even compared
with the state-of-the-art methods.
As it is reported that feature weighting often takes effect on
the spherical K-means [21], we also compare the clustering performance between SAIL and CLUTO with IDF (also denoted
as CLUTOwIDF) [31], where the parameter: colmodel = idf.
Table VI shows the comparison result measured by N M I.
Two observations are notable as follows. First, although CLUTOwIDF improves the clustering quality of CLUTOwtIDF
in 12 out of 20 data sets, it still shows poorer performance
than SAIL in 15 out of 20 data sets. Second, for some data
sets, such as la12, tr11, tr12, tr41, and tr45, the IDF
scheme actually seriously degrades the clustering performance
of CLUTO. These observations imply that feature weighting
is indeed an X-factor for the spherical K-means. In contrast,
SAIL with default settings shows consistent clustering performance and therefore is more robust in practice. The situation
is similar in Table VII where Rn is employed, although the
gap between SAIL and CLUTOwIDF is narrowed—they show
comparable clustering performance.
In summary, compared with the benchmark spherical
K-means algorithm, SAIL shows merits in providing competitive and robust clustering results on a number of real-world
text collections.
E. Inside SAIL
In this subsection, we take a further step to explore the
properties of SAIL.
The efficiency. As mentioned in Section IV-B, we employ
(11) instead of (9) for the computation of SAIL. Fig. 7 shows
the runtime comparison, where “SAIL_old” represents SAIL

Fig. 8. Convergence of SAIL.

using (9). As can be been, by using (11), SAIL improves the
clustering efficiency greatly. For instance, for the large-scale
data sets ohscal, reviews, and sports, SAIL is faster
than SAIL_old by roughly two orders of magnitude. Note that
the vertical axis of Fig. 7 represents the average time consumed
by running one iteration of SAIL.
Fig. 8 then shows the convergence of SAIL, which characterizes the relationship between the number of instances (NOI)
and the NIC. In the figure, each circle represents the situation
of a data set. As can be seen, NIC is typically smaller than
20, except for data sets la12, la2, and ohscal, whose NIC
values are larger than 20 but smaller than 30. Also, there is a
significant linear correlation between NIC and log2 NOI, which
indicates that NOI can only lead to a logarithmic increase in
NIC. Note that NIC in Fig. 8 is the average value of five runs
of SAIL, and we have deleted the outliers cranmed(NIC =
3), new3(NIC = 30), and la12(NIC = 29) for a better fit in
Fig. 8.
The stability. As a variant of K-means, the clustering result
of SAIL also depends on the generation of initial seeds, which
brings the stability concern. To illustrate this, the clustering
performances of SAIL in five runs with different initial seeds
are summarized by box plots in Fig. 9. As can be seen, SAIL
shows great stability to different initial seeds on most of the
data sets.
The scalability. The algorithmic scalability is essential
for large-scale text data analysis. To this end, we take two
very large text collections without class labels, i.e. the Enron
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Fig. 9. Stability of SAIL.

Fig. 10. Runtime trend of SAIL on Enron data.

divisive variant of SAIL. That is, it first divides all instances into
two clusters using SAIL; and then repeatedly selects one cluster
according to a certain criterion, and divides that cluster into
two sub-clusters using SAIL again; the procedure will continue
unless the desired K clusters are found. In our experiment, we
use three cluster selection criteria for bisecting-SAIL, where
“Size” chooses the largest cluster, “Obj” chooses the one with
the largest objective-function value, and “Obj/Size” chooses the
one with the largest average objective-function value.
As can be seen in Table VIII, one observation is that text
weighting, bisecting with obj, and bisecting with obj/size often
produce very poor clustering results (scores underlined), and
therefore cannot be used for SAIL enhancement. In contrast,
feature weighting and bisecting with size produce relatively
robust results, and in some cases even improve SAIL slightly
(scores in bold), and thus can be considered as valuable supplements to SAIL. Moreover, the bisecting scheme has another
appealing merit; that is, the bisecting-SAIL is often more
efficient than SAIL, as shown by Fig. 12. This is due to the
decomposition effect of the bisecting scheme. Recall the time
¯ In each run of bisecting-SAIL,
complexity of SAIL: O(IKnd).
K is reduced to 2, and more importantly, n is greatly reduced
to the size of the selected cluster. In other words, there is no
need to compare every point to every centroid, since to bisect
a cluster, we just consider the points in that cluster and their
distances to two centroids. Nonetheless, SAIL with default
settings can produce better clustering results in most cases, and
therefore should be the primary choice.
F. Performance of V-SAIL and PV-SAIL

Fig. 11. Runtime trend of SAIL on NYTimes data.

email data (Enron)1 and the NYTimes News Articles data
(NYTimes)2 , for the scalability analysis of SAIL. Note that
Enron contains 39 861 documents with 28 102 features, and
the density is 0.0033. NYTimes contains 300 000 documents
with 102 660 features, and the density is 0.0045. Fig. 10 shows
the clustering results of SAIL on Enron along different numbers of clusters (K). Fig. 11 then shows the clustering results
of SAIL on NYTimes with sampling sizes ranging from 5000
to 100 000. As can be seen from these two figures, SAIL shows
good scalability to the number of clusters and the NOI.
Impact factors. We investigate other factors that may impact
the performance of SAIL. Specifically, we introduce the feature
weighting, text weighting, and bisecting schemes for SAIL, and
observe the change of clustering performance. Table VIII shows
the results. Note that “Default” represents SAIL with defaulting
settings, “Feat. Wgt.” represents SAIL using the IDF scheme,
and “Text Wgt.” represents SAIL for documents weighted by
p(x) in Theorem 1. As to “Bisecting,” it represents a top-down
1 http://www.cs.cmu.edu/~enron/
2 http://ldc.upenn.edu/

Here, we illustrate the improvements of SAIL due to the
introduction of the VNS and multithreaded schemes.
For the experiments of V-SAIL, we set kmax = 12, and
return the average N M I values of five repetitions. The stopping criterion for V-SAIL is the maximum times for calling
“LocSearch,” which we set to 500. Tables VI and VII show the
comparison results of V-SAIL and SAIL. As can be seen from
the tables, V-SAIL generally achieves higher scores than SAIL.
For some data sets, such as fbis, la2, tr31, tr41, and
tr45, the improvements are quite satisfactory. Nonetheless, it
is worth noting that for many data sets, V-SAIL only achieves
slightly better clustering results than SAIL. This in turn implies
that SAIL alone is capable of finding good enough solutions in
many cases.
Next, we demonstrate the benefit of using a multithreaded
scheme for V-SAIL. To this end, we compare PV-SAIL with
V-SAIL by observing their objective-function values at each
time point. Three large-scale data sets, i.e., ohscal, sports,
and reviews, are selected for the comparison study. For
V-SAIL, we set kmax = 12. Since the PC used for experiments
has a four-core CPU, we run PV-SAIL with two, three, and four
subthreads, respectively. In each subthread, we let kmax = 3.
The stopping criterions for V-SAIL and PV-SAIL are removed
for the comparison purpose. Fig. 13 shows the results. As can
be seen, PV-SAIL typically obtains a lower objective-function
value at each time point after the first call for SAIL (highlighted
by a vertical line named “SAIL finished”).
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TABLE VIII
I MPACT OF PARAMETER S ETTINGS ON SAIL

Fig. 12. Runtime comparison between SAIL and bisecting-SAIL.

Fig. 13. Runtime comparison between PV-SAIL and V-SAIL. (a) Data set: ohscal. (b) Data set: sports. (c) Data set: reviews.

In summary, V-SAIL indeed improves the clustering performance of SAIL by using the VNS scheme. The high runtime
cost of V-SAIL is then lowered by further introducing the
multithreaded scheme, which results in the PV-SAIL algorithm.
VII. R ELATED W ORK
In the literature, great research efforts have been taken to incorporate information-theoretic measures into existing clustering algorithms, such as K-means [7]–[11], [14], [32]. However,
the zero-feature dilemma remains a critical challenge.

For instance, Dhillon et al. proposed information-theoretic
K-means, which used the KL-divergence as the proximity
function [8]. While the authors noticed the “infinity” values
when computing the KL-divergence, they did not provide
specific solutions to this dilemma. In addition, Dhillon et al.
further extended information-theoretic K-means to the socalled information-theoretic co-clustering [9]. This algorithm
is the 2-D version of information-theoretic K-means which
monotonically increases the preserved mutual information by
interwinding both the row and column clusterings at all stages.
Again, however, there is no solution provided for handling
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the zero-feature dilemma when computing the KL-divergence.
Meila and Heckerman [33] compared hard and soft assignment
strategies for text clustering using multinomial models from
which Info-Kmeans can be derived. However, they also omitted
the details of how to handle the zero-feature in computations.
Since many other proximity functions such as the squared
Euclidean distance and the cosine similarity can also be used
in K-means clustering [2], a natural idea is to compare their
performances in practice. [10] is one of such studies. The
authors argued that the spherical K-means produces better clustering results than Info-Kmeans. [21], [34], [35] also showed
the merits of spherical K-means in text clustering. In many
studies, the spherical K-means in CLUTO [19] has become
the benchmark for text clustering. However, these studies did
not tell us why Info-Kmeans shows inferior performance to
spherical K-means and how to enhance Info-Kmeans.
Our paper indeed fills this crucial void by proposing the
SAIL algorithm and its variants to handle the zero-feature
dilemma and improving the clustering performance of InfoKmeans to a level competitive to the spherical K-means.

VIII. C ONCLUDING R EMARKS
This paper studied the problem of exploiting KL-divergence
for information-theoretic K-means clustering (denoted as InfoKmeans for short). In particular, we revealed the dilemma of
Info-Kmeans for handling high-dimensional sparse text data;
that is, the centroids in sparse data usually contain zero-value
features and thus lead to infinite KL-divergence values. This
makes it difficult to use KL-divergence as a criterion for assigning objects to the centroids. To deal with it, we developed a
SAIL algorithm, which can avoid the zero-feature dilemma by
computing the Shannon entropy instead of the KL-divergence.
The effectiveness of this replacement is guaranteed by an equivalent mathematical transformation in the objective function
of Info-Kmeans. Moreover, we proposed two variants, i.e.,
V-SAIL and PV-SAIL, to further enhance the clustering ability
of SAIL. Finally, as demonstrated by extensive text corpora in
our experiments, SAIL can greatly improve the performance of
Info-Kmeans on high-dimensional sparse text data. V-SAIL and
PV-SAIL further improve the clustering performance of SAIL
in terms of both quality and efficiency.
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