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Camino de Vera s/n 46022, Valencia, España

prosso@dsic.upv.es

Abstract Work on “short-text clustering” is relevant, particularly if we consider
the current/future mode for people to use ‘small-language’, e.g. blogs,
text-messaging, snippets, etc. Potential applications in different areas
of natural language processing may include re-ranking of snippets in
information retrieval, and automatic clustering of scientific texts avail-
able on the Web. Despite its relevance, this kind of problems has not
received too much attention by the computational linguistic commu-
nity due to the high challenge that this problem implies. In this work,
we propose the CLUDIPSO algorithm, a novel approach for cluster-
ing short-text collections based on a discrete Particle Swarm Optimizer.
Our approach explicitly considers clustering as an optimization problem
where a given arbitrary objective function must be optimized. We used
two unsupervised measures of cluster validity with this purpose: the
Expected Density Measure and the Global Silhouette coefficient. These
measures have shown interesting results in recent works on short-text
clustering. The results indicate that our approach is a highly competi-
tive alternative to solve this kind of problems.
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1. Introduction

In clustering tasks the main goal is that the objects within a group
be similar (or related) to one another and different from (or unrelated
to) the objects in other groups [22]. When clustering tasks involve doc-
uments, different aspects can negatively affect the similarity estimation
between documents and, in consequence, document clustering is usually
harder than other problems addressed in cluster analysis research.

In those cases where clustering techniques are applied to collections
containing very short documents, additional difficulties are introduced
due to the low frequencies of the document terms. Research work on
“short-text clustering” (that is, clustering of short-length documents) is
relevant, particularly if we consider the current/future mode for people
to use ‘small-language’, e.g. blogs, text-messaging, snippets, etc. Poten-
tial applications in different areas of natural language processing may
include re-ranking of snippets in information retrieval, and automatic
clustering of scientific texts available on the Web.

Clustering of short-text collections is one of the most difficult tasks
in natural language processing and, in this work, we propose a new
discrete Particle Swarm Optimizer algorithm for this kind of problems.
Our approach explicitly considers clustering as an optimization problem
where a given arbitrary objective function must be optimized. We used
two unsupervised measures of cluster validity with this purpose, which
have shown interesting results in recent works on short-text clustering.

The remainder of the paper is organized as follows. Section 2 presents
some considerations about the particularities that arise when considering
clustering as an optimization problem; here, we also describe the cluster
validity measures that were used as objective function to be optimized.
Section 3 describes in detail our proposed approach. In Section 4 some
general features of the corpora used in the experiments are presented.
The experimental setup and the analysis of the results obtained from
our empirical study is provided in Section 5. Finally, some general con-
clusions are drawn and possible future work is discussed.

2. Clustering as Optimization

Document clustering consists in the assignment of documents to un-
known categories. This task is more difficult than supervised text cat-
egorization because the information about categories and correctly cat-
egorized documents is not provided in advance. An important conse-
quence of this lack of information is that in realistic document cluster-
ing problems, results cannot usually be evaluated with typical external
measures like F -Measure or the Entropy, because the correct catego-
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rizations specified by a human editor are not available. Therefore, the
quality of the resulting groups is evaluated with respect to structural
properties expressed in different Internal Clustering Validity Measures
(ICVMs). Classical ICVMs used as cluster validity measures include
the Dunn and Davies-Bouldin indexes, the Global Silhouette (GS) coef-
ficient and new graph-based measures like the Expected Density Measure
(EDM) (denoted ρ̄) and the λ-Measure [20] (see [13] and [20] for more
detailed descriptions of these ICVMs).

These unsupervised measures of cluster validity -or any arbitrary cri-
terion function that gives a reasonable estimation of the quality of the
obtained groups- can be used as an objective function whose optimiza-
tion drives the entire clustering process. In this approach, adopted by
diverse algorithms (e.g. K-means [14], Cobweb [10], Autoclass [3] and
CLUTO [25]) the criterion function is explicit and can be easily stated.
As observed in [25], this class of algorithms can be thought of as consist-
ing of two key components: 1) the criterion function that the clustering
solution optimizes, and 2) the actual algorithm that achieves this opti-
mization.

For the first issue we selected the GS coefficient and the EDM ρ̄ [20,
22], two ICVMs that have shown an adequate correlation degree with the
categorization criteria of a human editor in recent works on clustering
of short-text corpora [8, 13].

The GS measure is obtained computing the average cluster silhouette
of all found clusters. The cluster silhouette of a cluster C is the aver-
age silhouette coefficient of all objects belonging to C. The silhouette

coefficient for the object i is obtained as follows: s(i) = b(i)−a(i)
max(a(i),b(i))

with −1 ≤ s(i) ≤ 1. The a(i) value denotes the average dissimilarity of
the object i to the remaining objects in its own cluster, and b(i) is the
average dissimilarity of object i to all objects in the nearest cluster.

The EDM ρ̄ of a clustering C is: ρ(C) =
∑k

i=1
|Vi|
|V | ·

w(Gi)
|Vi|θ

. C =

{C1, .., Ck} is the clustering of a weighted graph G = 〈V,E,w〉 and
Gi = 〈Vi, Ei, wi〉 is the induced subgraph of G with respect to cluster
Ci. The density θ of the graph from the equation |E| = |V |θ where

w(G) = |V | +
∑

e∈E w(e), is computed as: w(G) = |V |θ ⇔ θ = ln(w(G))
ln(|V |) .

An important issue to be considered is that those ICVMs can be
used for driving or for evaluating the clustering algorithms but the real
effectiveness of these algorithms only can be evaluated with external
measures that incorporate the categorization criteria of the users. A
very popular external measure used at this end is the F -measure.

In the context of clustering, F -Measure is an external validity measure
that combines both, precision and recall. It may be formally defined as
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follows. Let D represents the set of documents, C = {C1, ..., Ck} be a
clustering of D and C∗ = {C∗

1 , . . . , C∗
l } designates the human reference

classification of D. The recall of a cluster j with respect to a class i,
rec(i, j) is defined as |Cj ∩ C∗

i |/|C
∗
i |. The precision of a cluster j with

respect to a class i, prec(i, j) is defined as |Cj ∩ C∗
i |/|Cj |. Thus, the F -

measure of the cluster j with respect to a class i is Fi,j = 2·prec(i,j)·rec(i,j)
prec(i,j)+rec(i,j)

and the overall F -measure is defined as: F =
∑l

i=1
|C∗

i
|

|D| · maxj=1,..,k{Fi,j}

A clustering result with an F -measure value equals to 1 corresponds to
a “ideal” clustering, i.e., a grouping that exactly matches the clustering
specified by a human expert.

With respect to the algorithm used for optimizing the EDM ρ̄ and GS
measures, we will describe our approach in the next section.

3. Our proposed approach: CLUDIPSO

Different Particle Swarm Optimization (PSO) approaches have been
previously proposed in the literature to solve the clustering problem in
general. However, few adaptations have been presented for document
clustering. A PSO-based clustering algorithm that outperforms the K-
means algorithm in image classification tasks is proposed in [16]. Van
der Merwe and Engelbrecht presented an hybridization of the PSO and
K-means algorithms for clustering general datasets. Basically, the result
obtained by a K-means algorithm is used as a single particle in the ini-
tial swarm of the PSO algorithm [23]. In [24], Xiao presents an hybrid
adaptation, based on the synergism of a PSO algorithm and a Self Or-
ganizing Map for clustering gene expression data. Cui proposes in [5]
an hybrid method based on the combination of a PSO and a K-means
algorithm in document clustering tasks. Firstly, a global search process
is carried out by the PSO algorithm. Then, the best result obtained by
the PSO algorithm is used by the K-means algorithm for determining
the initial centroids.

Discrete PSO implementations were suggested in the research commu-
nity for different combinatorial optimization problems [11, 4]. However,
as far as we know, no approaches have been used for clustering short-text
corpora.

Our proposal for this problem, named CLUDIPSO (CLUstering with
a DIscrete PSO), is based on a PSO algorithm that operates on a pop-
ulation of particles. In CLUDIPSO, each valid clustering is represented
as a particle. The particles are n-dimensional integer vectors, where n =
number of documents in the collection. The best position found so far for
the swarm (gbest) and the best position reached by each particle (pbest)
are recorded. The particles evolve at each iteration using two updat-
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ing formulas, one for velocity (Equation (2)) and another for position.
Since the task was modeled with a discrete approach, a new formula
was developed for updating the positions (shown in Equation (1)). This
modification was introduced to accelerate the convergence velocity of
the algorithm (principal incoming of discrete PSO models).

parid = pbid (1)

vid = w(vid + γ1(pbid − parid) + γ2(pgd − parid)) (2)

where parid is the value of the particle i at the dimension d, vid is
the velocity of particle i at the dimension d, w is the inertia factor [6]
whose goal is to balance global exploration and local exploitation, γ1

is the personal learning factor, and γ2 the social learning factor, both
multiplied by 2 different random numbers within the range [0..1]. pbid

is the best position reached by the particle i and pgd is the best position
reached by any particle in the swarm.

It is important to note that in our approach the process of updating
particles is not as direct as in the continuous case. In CLUDIPSO, the
updating process is not carried out on all dimensions at each iteration.
In order to determine which dimensions of a particle will be updated
we do the following steps: 1) all dimensions of the velocity vector are
normalized in the [0..1] range, according to the process proposed by Hu
et al. [12] for a discrete PSO version; 2) a random number r ∈ [0..1] is
calculated; 3) all the dimensions (in the velocity vector) higher than r
are selected in the position vector, and updated using the Equation (1).

To help avoiding convergence to a local optimum, we used a dynamic
mutation operator [2] which is applied to each individual with a pm-
probability. This value is calculated considering the total number of
iterations in the algorithm (cycles) and the current cycle number as the
Equation (3) indicates:

pm = max pm −

max pm − min pm

max cycle
∗ current cycle (3)

where max pm and min pm are the maximum and minimum values that
pm can take, max cycle is the total number of cycles that the algorithm
will iterate, and current cycle is the current cycle in the iterative pro-
cess. The mutation operation is applied if the particle is the same that
its own pbest, as was suggest by [12]. The mutation operator swaps two
random dimensions of the particle.

4. Data Sets

The complexity of clustering problems with short-text corpora de-
mands a meticulous analysis of the features of each collection used in
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the experiments. For this reason, we will focus on specific characteristics
of the collections such as document lengths and its closeness with respect
to the topics considered in these documents. We attempt with this deci-
sion to avoid introducing other factors that can make incomparable the
results.

We select for the experimental work the CICling-2002 collection, perhaps
the only short-text collection that has been considered in a significa-
tive number of research works on short-text clustering [15, 1, 17, 13, 8].
CICling-2002 corpus is considered a high complexity collection since its doc-
uments are narrow domain scientific abstracts (short-length documents
with an high vocabulary overlapping). Our choice of this collection is not
casual. In the majority of works that have used CICling-2002, this corpus
has shown a higher difficulty degree than the other collections consid-
ered. Therefore, if a good performance on this collection is achieved, we
can be confident that good results will be also obtained with other easier
corpus.

In order to verify this last assertion we also used the Micro4News corpus,
a collection recently proposed in [8]. Micro4News is a collection significa-
tively easier than CICling-2002 with respect to the length of documents
and vocabulary overlapping. However, other features such as the num-
ber of groups and number of documents per group were maintained the
same for both collections in order to obtain comparable results.

Space limitations prohibit a more detailed explanation of these cor-
pora, but the interested reader can obtain more information in [7].

5. Parameter Settings and Analysis of Results

The documents of CICling-2002 and Micro4News used in the experiments
were represented using the popular Vector Space Model and the “SMART
codifications” [19] associated. In this case, we used the cosine similar-
ity and the codification ntc that refers to the scheme where the weight
for the i-th component of the vector for the document d is computed as
tfd,i×log( N

dfi
) and then cosine normalization is applied. Here, N denotes

the number of documents in the collection, tfd,i is the term frequency of
the i-th term in the document d and dfi refers to the document frequency
of i-th term over the collection.

We performed 50 independent runs per problem, with 10,000 iter-
ations (cycles) per run. CLUDIPSO used the following parameters:
swarm size = 50 particles, dimensions at each particle = number of doc-
uments (N), pm min = 0.4, pm max = 0.9, inertia factor w = 0.9,
personal and social learning factors for γ1 and γ2 were set to 1.0. The
parameter settings were empirically derived after numerous experiments.
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Our results were compared with the results obtained with other three
clustering algorithms: K-means, MajorClust [21] and DBSCAN [9]. K-
means is one of the most popular clustering algorithms and, MajorClust
and DBSCAN are representative of the density-based approach to the
clustering problem. Basically, these two last algorithms attempt to sepa-
rate the set of objects (documents) into subsets of similar densities. Our
motivation for choosing these two density-based algorithms was to com-
pare the performance of our algorithm with other approaches that also
attempt to maximize the density of the resulting groups. Furthermore,
MajorClust has shown in recent works to be one of the most successful
algorithms for document clustering in general and short-text clustering
problems in particular. A significative difference between the algorithms
considered is whether the algorithm requires information about the num-
ber correct of groups (k) or not. This information has to be provided
to K-means and CLUDIPSO but MajorClust and DBSCAN determine
the cluster number k automatically.

5.1 CICLing2002

We focus our analysis of the results obtained by the different algo-
rithms considering the EDM ρ̄ (that we will refer as ρ̄ from now on)
and F -measure values (Table 1) and the GS and F -measure values (Ta-
ble 2). The F -measure values are listed in order to show the correla-
tion between these and the metric values. In Table 1 we can observe
that CLUDIPSO and MajorClust obtain the highest values of ρ̄avg and
ρ̄min for this collection. However, CLUDIPSO is outperformed by both
density-based algorithms (DBSCAN and MajorClust) if we consider the
results of ρ̄max. In order to understand this last result, it is important
to consider that both density-based algorithms can generate clusterings
with different number of groups. Furthermore, in previous works we
have observed that higher values of ρ̄ can usually be obtained when the
result has a smaller number of groups. CLUDIPSO and k-means only
can generate clusterings with a fixed number of groups and, therefore, it
is impossible for these algorithms to reach these ρ̄ values. In that sense,
the GS measure is not affected by the number of clusters obtained and
thus, it can be more informative to consider the GS values shown in
Table 2. In this table, we can observe that CLUDIPSO clearly outper-
forms the GS values of all the remaining algorithms. On other hand, if
we now consider the F -measure values obtained by CLUDIPSO when it
used ρ̄ (Table 1) and GS (Table 2) as objective functions, in both cases
this algorithm obtained excellent results with respect to the F -measure,
outperforming the remaining algorithms considered. We can also appre-
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Table 1. CICLing2002: ρ̄ and F -measure values for the different algorithms.

Algorithm ρ̄avg ρ̄min ρ̄max Favg Fmin Fmax

K-Means 0.87 0.84 0.91 0.46 0.35 0.57
MajorClust 0.92 0.91 0.94 0.43 0.37 0.58
DBSCAN 0.91 0.88 0.95 0.47 0.42 0.56
CLUDIPSO 0.92 0.91 0.93 0.63 0.42 0.74

Table 2. CICLing2002: GS and F -measure values for the different algorithms.

Algorithm GSavg GSmin GSmax Favg Fmin Fmax

K-Means 0.07 -0.06 0.22 0.46 0.35 0.57
MajorClust 0.14 -0,24 0.36 0.43 0.37 0.58
DBSCAN 0.08 -0.11 0.21 0.47 0.42 0.56
CLUDIPSO 0.39 0.36 0.41 0.6 0.5 0.72
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Figure 1. CICLing2002: ρ̄ vs F -measure for MajorClust (left) and CLUDIPSO (right).

ciate this good performance of CLUDIPSO with respect to MajorClust
in the Figure 1 where the F -measure values obtained by CLUDIPSO
and MajorClust are compared. Here, we can observe that the majority
of results produced by CLUDIPSO have F -measure values greater than
0.55. These results differ significatively of those obtained by MajorClust,
which obtains a majority of F -measure values lower than 0.5.

5.2 Micro4News

An obvious question that arises from the previous experiments is if
the good performance of CLUDIPSO with respect to the other algo-
rithms considered can also be expected with other more simple collec-
tions. Therefore, we also analyze the results obtained with Micro4News,
a collection with documents significatively larger than CiCling-2002 that
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refer to well differentiated topics. In this case, the results shown in the
Tables 3 and 4 are similar to those obtained in the previous collection
respect to the ρ̄ and the GS measures. With respect to the F -measure,
CLUDIPSO once more achieves very high values, and it reaches (when
GS is used as objective function) the highest possible F -measure value
(Fmax = 1) that corresponds to the optimum clustering (respect to the
criteria of a human expert). Based on these results we can conclude
that CLUDIPSO, used as an optimization algorithm of different ICVMs
like ρ̄ or GS, gives very good F -measure values in collections with di-
verse complexity levels. This suggests that the mechanisms used in this
algorithm for clustering of documents usually agree with the grouping
criteria of a human expert and it deserves additional research work.

Table 3. Micro4News: ρ̄ and F -measure values for the different algorithms.

Algorithm ρ̄avg ρ̄min ρ̄max Favg Fmin Fmax

K-Means 0.99 0.89 1.07 0.69 0.46 0.96
MajorClust 1.08 1.05 1.1 0.9 0.76 0.96
DBSCAN 1.05 1.01 1.1 0.82 0.71 0.88
CLUDIPSO 1.07 1.06 1.07 0.93 0.87 0,96

Table 4. Micro4News: GS and F -measure values for the different algorithms.

Algorithm GSavg GSmin GSmax Favg Fmin Fmax

K-Means 0.39 0.05 0.74 0.69 0.46 0.96
MajorClust 0.69 0.64 0.74 0.9 0.76 0.96
DBSCAN 0.54 0.36 0.67 0.82 0.71 0.88
CLUDIPSO 0.72 0.69 0.74 0.93 0.85 1

6. Conclusions and Future Works

In this work we present two new ideas for clustering short-text cor-
pora: 1) a novel discrete PSO-based algorithm adapted for this kind of
problems (CLUDIPSO) and 2) the use of two interesting ICVMs (ρ̄ and
GS) as an explicit objective function to be optimized. The results ob-
tained by CLUDIPSO indicate that our approach is a highly competitive
alternative to solve problems of clustering short-text corpora.

At the present time, we are testing our approach with other short-text
collections and we are also defining a new continuous PSO version that
uses the ρ̄ and GS ICVMs.
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