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Abstract—Finding overlapping communities from multimedia
social networks is an interesting and important problem in data
mining and recommender systems. However, extant overlapping
community discovery with swarm intelligence often generates
overlapping community structures with superfluous small
communities. To deal with the problem, in this paper, an efficient
algorithm (LEPSO) is proposed for overlapping communities
discovery, which is based on line graph theory, ensemble learning,
and particle swarm optimization (PSO). Specifically, a discrete
PSO, consisting of an encoding scheme with ordered neighbors
and a particle updating strategy with ensemble clustering,
is devised for improving the optimization ability to search
communities hidden in social networks. Then, a postprocessing
strategy is presented for merging the finer-grained and suboptimal
overlapping communities. Experiments on some real-world and
synthetic datasets show that our approach is superior in terms of
robustness, effectiveness, and automatically determination of the
number of clusters, which can discover overlapping communities
that have better quality than those computed by state-of-the-art
algorithms for overlapping communities detection.

Index Terms—Ensemble learning, line graph, overlapping-
communities detection, particle swarm optimization (PSO), social
network.
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1. INTRODUCTION

OCIAL networks have experienced explosive growth in
S the last decade. Social media websites, such as Twitter,
YouTube and Flickr, have billions of users sharing opinions,
photos and videos every day. Usually, users are provided with
various features like reply, comment, subscribe and connect to in
order to interact, engage and share information with each other.
Such interactions lead to formation of closely knit user groups
or densely connected clusters of users around specific topics
within the social network; these groups are called communities.
Communities discovery is of great importance for understand-
ing the organization and function of social networks, and the
extracted communities can be used in various applications such
as topic discovery, targeted advertisement, recommendation of
multimedia resources such as photos and videos [1]-[3].

Currently, techniques and theories developed for community
mining have been successfully applied to multimedia-related
applications, such as user modelling, photo tagging, video an-
notation, recommendation, targeted advertising etc. For exam-
ple, [22] indicated that involvement of community information
shows its potential in more effective targeted advertising, while
[23] has successfully utilized community information to achieve
more accurate multimedia annotation results. Besides, utiliza-
tion of community and user connection information can signifi-
cantly improve results of online recommendation of friends and
multimedia resources [2], [3]. In addition, some novel applica-
tions in multimedia field, such as online extremism video de-
tection [24] and human collective behavior understanding [25]
can also be achieved through effective community discovery.

A plethora of approaches, such as divisive algorithms, dy-
namic algorithms, spectral algorithms, modularity maximiza-
tion and statistical mechanics, have been developed for both
efficient and effective community detection [4], [5]. However,
most existing work focuses on disjoint communities discovery
from social networks, i.e., each network node, representing a
multimedia resource or a user, belongs to one community only.
In reality, social network users are naturally characterized by
multiple community memberships, as shown in Fig. 1. For in-
stance, on the popular photo-sharing website Flickr, a user may
be active in subscribing to users from a tourism group in or-
der to view landmark photos, and she may also become a fan
of other users from a sport group who publish photos related
to football and hockey. Similar observations can be obtained
on the video-sharing website YouTube. Therefore, for a social
network depicted in Fig. 1(a), disjoint communities [Fig. 1(b)]
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Fig. 1. Comparison of disjoint communities and overlapping communities:
(a) the original social network; (b) the detected disjoint communities, where
an anomalistic area with yellow/blue/green dashed boundary represents a
tourism/movie/sports community; and (c) the detected overlapping commu-
nities, where three nodes in red circles are users belonged to more than one
communities.

Fig. 2. Drawbacks of traditional approaches based on swarm intelligence
optimization. (a) Real community structure, (b) generated community structure

(Q = 0.42).

resulting from hard-partitioning techniques are less reasonable,
compared to overlapping communities shown in Fig. 1(c).

A social network can be modeled as a graph by mapping en-
tities to nodes, and interactions between the entities to edges.
Generally, acommunity can be defined as a subgraph with nodes
densely interconnected but sparsely connected to the rest of
the graph. Actually, overlapping communities detection prob-
lem can be modeled as computing the optimal cover of graph
nodes through optimizing some given objective function, such
as modularity () [6], ductance, etc. The NP-hard nature of this
optimization problem leads to a class of community detection
algorithms based on swarm intelligence techniques [7]-[17].
These swarm intelligence algorithms are indeed useful for over-
lapping communities detection, among which Particle Swarm
Optimization (PSO) is the most representative one. However,
PSO may not fully capture community structure information of
a network, as shown in the example below.

Example 1: Fig. 2(a) is Zachary’s network of karate club
members, a well-known graph dataset used as a benchmark to
test performance of community detection algorithms. It consists
of 2 communities, whose members are depicted as red circles
and green squares, respectively. Fig. 2(b) is the resulting com-
munities detected by PSO, through optimizing modularity Q.

Comparing Fig. 2(a) with 2(b), there is a big difference
between the real communities of the social network Zachary
and the resulting communities generated by conventional PSO-
based detection algorithms, i.e., the generated communities con-
sist of superfluous small communities. For example, the com-
munity depicted in black squares and the one in green diamonds
contain only 4 and 6 members, respectively. Therefore, tra-
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ditional algorithms based on PSO cannot capture true social
relation between members.

From the example we can see that existence of superfluous
small communities may lead to unsatisfactory community struc-
ture. To alleviate this drawback, we can improve optimization
strategy and employ post-processing strategy for merging su-
perfluous small communities.

Compared to conventional optimization algorithms, PSO,
which is a collaboration, communication and population based
global search algorithm that uses principles of social behavior
of swarms, has some advantages such as fast convergence rate,
robustness to initial parameter values, tendency to be more ac-
curate and to avoid getting trapped in local optima. Thus, PSO
can produce better results in complicated and multi-peak prob-
lems, and it has attracted tremendous attention in data mining
community recently [18].

Although there are many new variants of PSO, the majority,
e.g., PSO-RF [19] and TPSO [20], are applicable to continuous
space only, where trajectories are defined as trace of coordinate
changes on the dimensions. Essentially, communities detection
is a combinatorial optimization problem, where the solution
space is discrete. Hence, existing PSO variants are not well
suited to communities detection problem. A widely-used PSO
variant, discrete PSO (DPSO for short) [21], is specifically de-
signed for handling discrete optimization problems. Comparing
to continuous PSO methods, DPSO is simple to implement and
converges faster. In particular, for communities detection prob-
lems, DPSO needs know neither the number nor the size of
communities in advance.

In this paper, we propose LEPSO, a meta-heuristic approach
that combines together line graph theory, ensemble learning and
particle swarm optimization techniques for overlapping com-
munities detection. Specifically, we transform the overlapping
communities detection problem into a disjoint communities de-
tection problem on the corresponding line graph, and represent
a community in a social network by a particle that is encoded
based on ordered-neighbor-list. Then we use ensemble cluster-
ing techniques to improve the optimization strategy, so as to
effectively optimize modularity of the line graph. After that, we
convert the disjoint communities generated by DPSO into over-
lapping communities. Finally, we obtain the result by merging
overlapping communities according to community overlapping
rate. Experiments on real-world and synthetic networks indicate
that the proposed method is able to find meaningful community
structures from networks with satisfactory convergence rate.

Our contributions in the paper mainly include

1) We have proven that discovering overlapping communi-
ties from a social network is equivalent to detecting dis-
joint communities in the corresponding line graph of the
social network.

2) To the best of our knowledge, for the first time we propose
to incorporate ensemble clustering into discrete particle
swarm optimization, for the purpose of boosting search
ability to find high-quality and finer-grained overlapping
communities from social networks.

3) A novel post-processing strategy is designed to merge
finer-grained and suboptimal overlapping communities
into better ones.
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The rest of the paper is organized as follows. We review re-
lated work in Section II, and provide prerequisite definitions,
theorems and corollaries in Section III. Section IV describes the
proposed algorithm in details. We present experiment results on
real-world and synthetic datasets, and conduct detailed discus-
sion in Section V. Finally, we conclude the paper in Section VI.

II. RELATED WORK

Our approach is closely related to multimedia social net-
works, overlapping communities detection and discrete particle
swarm optimization, and we review some of the most relevant
work here.

A. Community Detection in Multimedia Social Networks

Widespread use of social multimedia applications, such as
Delicious, Digg, Flickr and YouTube, has created multifarious
multimedia social networks, arousing keen interests in perform-
ing community detection tasks on multimedia social networks,
not only as a means of understanding the underlying phenom-
ena taking place in such systems, but also to exploit the results
in a wide range of intelligent services and applications. Santos
et al. presented a characterization of the YouTube video-sharing
virtual community and found that YouTube network has a distri-
bution of content drastically influenced by social relationships
[26]. Yeung et al. proposed to address the problem of tag disam-
biguation by applying community detection method to extract
tag communities hidden in social media networks [27]. Tsat-
sou et al. integrated the results of tag community detection in a
personalized ad recommendation system and compared against
conventional nearest-neighbor tag expansion schemes [28]. To
aid multimedia content discovery, Gargi ef al. devised a multi-
stage algorithm based on local-clustering and apply it to the
YouTube video graph to generate named video communities
[1]. However, none of the above work deals with overlapping
communities detection problem. Zhao et al. [29] proposed to
detect overlapped communities in multimedia social networks
via hypergraph modelling which is different from our LEPSO
technique; their goal is to detect meaningful social commu-
nities and uncover their underlying profiles in location-based
social networks.

B. Overlapping Communities Detection

Recently, much of the effort in defining efficient and effective
methods for community detection focused on finding overlap-
ping communities [30]-[33], among which the link clustering
methods have been successfully applied to overlapping commu-
nities discovery.

Link clustering methods propose to detect overlapping
communities by partitioning links instead of nodes. The main
advantage of clustering line graph is that it produces an over-
lapping subgraph of the original graph, thus allowing nodes to
be present in multiple communities. Pereira et al. are the first to
use line graph to find overlapping modules for protein-protein
interaction networks [34]. Since then, series of line graph-based
algorithms have been put forward, for example, Ahn et al.
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proposed a hierarchical agglomerative link clustering method
to group links into topologically related clusters [35]. The al-
gorithm applies a hierarchical method to line graph by defining
two concepts: link similarity and partition density. Edge simi-
larity threshold in the deterministic method [35] plays a key role
and must be predetermined by users. In general, an improper
threshold can easily mislead the clustering process and result in
poor overlapping community structures. However, in real world
applications it is often impossible for users to set an appropri-
ate threshold value in advance, because most users have zero
knowledge about their networks that are to be analyzed.

Evans and Lambiotte propose three quality functions for
partitioning links of a network and explore the structure of the
original graph with different dynamic processes such as random
walk [36]. GA-NET+ attempts to detect overlapping commu-
nities using genetic algorithm(GA) to optimize chromosome
fitness value (community score) [37]. Similar to GA-NET+,
GaoCD first finds link communities by optimizing partition
density and then maps link communities to node communities
based on a novel genotype representation method [38]. Both
GA-NET+ and GaoCD use genetic algorithm to search optimal
partition of line graph and may be trapped in local optima
easily, resulting in unsatisfactory overlapping communities.
Our proposed LEPSO and the work in [36]-[38] are randomized
techniques that are based on link clustering algorithms. On
the other hand, LEPSO, GA-NET+, and GaoCD are based
on swarm intelligence technique, while the method in [36] is
random-walk-driven. It is worth pointing out that different from
GA-NET+ and GaoCD, LEPSO introduces ensemble learning
technique, post-processing strategies, and swarm-intelligence-
driven optimization, to improve quality of the resulting overlap-
ping communities. Compared to the existing work, our proposed
LEPSO exploits excellent global optimization ability of PSO
and outstanding local search ability of ensemble learning.

C. Discrete Particle Swarm Optimization

Discrete particle swarm optimization (DPSO) technique, in-
spired by collective social behaviors in nature, tries to solve
a discrete optimization problem by generating a population of
particles, where each particle represents a candidate solution
and can move around in search space according to some update
rules that control position and velocity [21].

Consider an unconstrained optimization problem in a d-
dimensional space, where X; = (X1, Xia,..., X;q) and V; =
(Vi1,Via,...,Viq) are d-dimensional vectors denoting posi-
tion and velocity of the i-th particle, respectively. Let pbest;,
1=1,2,..., Psi.c, be the best solution found by the ¢-th parti-
cle, and gbest the best solution found across the whole particle
swarm so far. Self-learning and cooperative learning of parti-
cles are achieved by updating pbest; and gbest. In each iteration,
PSO updates the velocity and position of a particle according to
the following equations:

Vit +1) =w x Vi(t) + &1 x rand; x (pbest; — X;(t))
+ ¢ X randy x (gbest — X;(t)) (1)
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B L ifp < sig(Vig (E+ 1))
Xi (t+1) = {O, otherwise @
sig (Vij (t+1)) = 1/[1+exp (V; (t +1))] 3

where t denotes the t-th iteration, w inertia coefficient, ¢; and ¢y
the learning rates, rand; and rands random numbers uniformly
generated in [0, 1], and p a predefined threshold.

Equation (3) is a transfer function that plays an important
role in DPSO, since it defines the probability of changing the
elements of position vector from 0 to 1, or 1 to 0, thus forcing
the particles to move within a binary space. Transfer functions
are roughly classified into two types, i.e., the s-shaped and the
v-shaped [39]. In general, particle position update rules based
on s-shaped transfer functions usually force particles to take on
either 0 or 1, whereas update rules based on the v-shaped do
not force particles to do so. Instead, they encourage particles
to 1) stay in their current positions when their velocity is low,
or 2) switch to their complements when velocity is high. There
are some suggested guidelines for selecting a proper transfer
function [39].

Recently, many variants of classic DPSO have been proposed,
for instance, MDPSO [40] with genotype-phenotype represen-
tation and mutation operator, AIS-based DPSP [41] using artifi-
cial immune system, S-PSO [42] with a set-based representation
scheme, and Catfish BPSO [43]. These variants have improved
the search ability of classic DPSO to some degree, but they
usually have high computational cost. For example, the muta-
tion operator in MDPSO can lead to very high CPU overhead,
thus not suitable for communities detection problems that are
NP-hard in nature.

III. DEFINITIONS, THEOREMS, AND COROLLARIES

In this section, we give some definitions, theorems, and corol-
laries needed in the paper.

A graphisdefinedas G = (N, E), with N and E being the set
of vertices and edges, respectively. Each edge is represented by
an unordered pair of vertices. The neighbor set Nb(n) of a vertex
n € N is defined as the set of vertices incident to n, and degree
deg(n) of n is the cardinality of Nb(n), i.e., deg(n) = |Nb(n)|.

Definition 1 (overlapping communities): Suppose
G = (N,FE) is the corresponding graph of a network
NET. If set C ={C4,Cy,...,C,,} satisfies (1) VC; C N,
(2) VCZ'7 Ci 7é @, (3) HCZ, Cj, (Cz 7é C]) AN (Cz N Cj 7é @), and
4) Z_anJl C; = N, then C is a set of overlapping communities of

network NET.

Definition 2 (disjoint communities): Suppose G = (N, E)
is the corresponding graph of a network NET. If set C' =
{Cy,Cy, ..., C,, ) satisfies (1) VO; € N, ) VC;, C; # 0, (3)
VC;, C;,(Cy # C;) A (C; N Cj = 0),and (4) ul C; = N, then
C' is a set of disjoint communities of network lNET.

Based on the above definitions, it is clear that disjoint com-
munity structure is a partition of the node set of a network,
whereas overlapping community structure is a cover of the
node set.
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Fig. 3.  Example graphs for Theorem 3. (a) Graph G, (b) line graph L(G).

Definition 3 (overlapping communities refinement): Supp-
ose C={Cy, Cy, ..., Cp}and C' ={C1,C4, ..., C}
are two sets of overlapping communities of network NET'. If
for each C; there always exists a C satisfying C; C (', then
C'is called an overlapping communities refinement of C".

Definition 4 (community overlapping rate): For any two dis-
tinct communities Cj, C; € C, the community overlapping rate

between C; and C} is definedas COR(C;, C;) = %

Definition 5 (line graph): Given a graph G, its line gréph
L(G) is a graph such that each vertex in L(G) corresponds to
an edge in G. And two vertices in L(G) are adjacent if and only
if their corresponding edges are adjacent in G.

Theorem 1: If G is connected, then L(G) is also connected.

Proof: If G is connected, then it contains a path connecting
any two edges in G, meaning that for any two vertices in L(G),
there always exists a path connecting the two vertices. Thus,
L(G) is also connected.

Theorem 2: A partition of the vertex set of L(G) corresponds
to a cover of the vertex set of G.

Proof: Suppose C' = {Cy, Cy, ..., Cy, } is a partition of
the vertex set of L(G), N; = {n1, ni2, ..., n|n,|} is the set
of vertices of C;. From Definition 5, to prove Theorem 2 we
need to first prove that there always exist C; and C} such that
N; N N; # () holds.

From Definition 1 we know that there exist C; and C}, such
that there is at least one edge connecting a vertex in C; and a
vertex in C;. Without loss of generality, let e = (n;,, nj;) be
an edge between C; and C;. By the definition of line graph, we
know that a vertex in L(G) corresponds to an edge in G, which
means e = ((n;1, ni2), (n;1, nj2)). Meanwhile, an edge in
L(G) corresponds to a vertex in G. Therefore, for the four
possible conditions N1 = Nyj1, N1 = N2, N2 = Nyl and Nig =
nj2, only one of them can be true. This means that N; N N; # ()
must hold. Therefore, we have proven that a partition of the
vertex set of L(G) exactly corresponds to a cover of the vertex
set of G. |

Corollary 1: Overlapping communities detection problem in
G is equivalent to disjoint communities detection problem in
L(G).

Theorem 3: Suppose C' = {C, Cy, ..., Cy, } is a vertex
cover of G. If there exist C; and Cj, 1 < 4, j < m, such that ver-
tices in C; N C; are adjacent, then it is impossible to transform
cover C into a partition of L(G).

Proof: We prove the theorem by contradiction. Suppose C' =
{Cy,Cy}, where Cy = {1,2,3} and Cy = {1,2,4} is a vertex
cover of graph G, as shown in Fig. 3. Since C} N Cy, = {1,2}
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and vertex 1 and 2 are adjacent, we conclude that cover C' cannot
be transformed into a partition of L(G).

Suppose the theorem is not true. Based on the facts that 1) a
vertex in a partition of L(G) corresponds to an edge with end
vertices in a cover of (7, and 2) vertex 1 and 2 in GG are attached
to C and Cy respectively, we find that vertex ‘1-2” in L(QG)
belongs to two different parts, which contradicts the definition
of partition. Hence, Theorem 3 must be true.

From theorem 3 we can see that if an optimal cover of G
satisfies the conditions in Theorem 3, then it is impossible to
directly compute the optimal cover through a partition of L(G).
Hence, we have the following corollary. ]

Corollary 2: Disjoint communities obtained by partitioning
the vertex set of L(G) are finer-grained and suboptimal over-
lapping communities of G.

IV. THE PROPOSED ALGORITHM LEPSO

According to Corollary 2, to detect overlapping communities
in a network, we just need to detect disjoint communities in
the corresponding line graph. In this section, we present an
improved DPSO, named LEPSO, to optimize partition result of
the line graph.

A. Representation of Communities

Common encoding schemes of DPSO include integer en-
coding and binary encoding [44]. The locus-based adjacency
representation scheme is a popular integer encoding scheme to
represent communities in a network, described as follows.

Given line graph L(G) =< N,E >, where N = (ny,
na,...,ny ), apartition of L(G) can be represented as a particle
Xi = (X“,Xig, “e ,Xid), where k = ‘N| If X“ =m, then
there exists an edge e = (n;, n,,) in the communities corre-
sponding to particle X, that is, vertex n; and n,, are in the
same community in L(G).

This representation scheme, however, has a drawback, i.e.,
randomness in particle initialization and particle position up-
date procedure makes it difficult to avoid producing illegal par-
ticles. In other words, edges represented by some components
of a particle may not exist in the network at all. To overcome
this shortcoming, we propose a novel representation scheme,
which represents a particle based on ordered neighbor list. The
key idea of our scheme is to utilize distribution information
of the neighbors of each vertex, so as to guarantee legality of
newborn particles produced during initialization or moving. We
exemplify this below.

Example 2: Suppose G is a network depicted in Fig. 4(a).
An example particle P encoded by locus-based adjacency rep-
resentation scheme is shown in Fig. 4(b), where edges < 3,6 >,
<5,1>and <7,2> in particle P do not existin G. So, P is an
illegal particle. In fact, we can create an ordered neighbor list of
all vertices as shown in Fig. 4(e). Based on the list we can use
our proposed scheme to represent a partition [see Fig. 4(d)] of
G as a legal one, as shown in Fig. 4(c).

Compared to traditional locus-based adjacency representa-
tion schemes, our representation scheme has several advantages,
such as elimination of illegal particles completely, avoidance of
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(d)
center vertex | ordered neighbor list
pim|1]2]|3|4]|5]|6]|7]8 1 2133
pos|2|1]|6|5|1|8]|2|4 2 1131a
3 11214
(b) 4 112]|3|5]|6]|7]|8
5 4167
- 6 4|5|7]8
pim|1]2]|3]|4|5]6]|7]8 = —=r=
pos |1|1]1]4]3|4]|2]1 3 NEE

© (e)

Fig. 4. Encoding particle based on ordered neighbor list. (a) Network G'; (b)
illegal particle; (c) particle encoded by LEPSO; (d) generated communities; (e)
ordered neighbor list.“Dim” refers to dimension, and “Pos” refers to position.

generating local optimal communities obtained through itera-
tive bipartition strategy [11], and determining the number of
communities automatically.

B. PFarticle Fitness

The concept of community in a network is not rigorously
defined since its definition depends on the application domain
of interest. The subjectivity of community definition encourages
researchers to put forward various quality indices to evaluate the
goodness of a partition, among which the most famous one is
modularity [6]. The idea underlying modularity is that a random
graph has no obvious cluster structure, thus edge density of a
cluster should be higher than the expected density of a subgraph
whose nodes are connected at random. Formally, modularity
can be defined as

m 2
)= =3 |- () | @

c=1

where fit(P;) is the fitness value of particle P;, m the number
of communities in partition C' of a network G =< N, E >, [,
the number of edges connecting vertices in a community ¢ € C,
d. sum of degree of the nodes in ¢, and | F| the total number of
edges in G.

C. Update Particle Velocity and Position

1) Update Particle Velocity: From (1) we can see that gbest
has a great impact on search ability of particle swarm, since it
acts as the leader of the swarm and every particle learns from it
in each iteration. When gbest falls into a local optimum, there
is a high possibility that the whole swarm is trapped in the local
optimum too. Traditional methods to update particle velocity are
generally useful in optimization, however those methods may
not fully capture cluster structure information of a network, as
demonstrated below.
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Fig. 5. gbest and suboptimal particle. 7' denotes the 7'th iteration dur-
ing optimization using DPSO, () denotes modularity of the Zachary network
communities.

Example 3: Let there be a a set of particles generated by
DPSO algorithm running on Zachary network, and it consists
of the top 10 particles sorted in descending order on fitness
value. And three particles (a, b and ¢) are randomly chosen
from the particle set and decoded into three partitions, as shown
in Fig. 5(a)-5(c), respectively. The real partition of the network
is depicted in Fig. 2(a).

Comparing Fig. 5(a) with Fig. 5(b), we know that although
particle b is gbest and has a better fitness value than the sub-
optimal particle a, the community consisting of the red circles
in particle a are more consistent with the real partition than
particle b. Similarly, Figs. 5(c) and 2(a) indicate that although
fitness value of particle c is smaller than that of particle a and
that of particle b, it still fails to find a real community depicted
in red circles in the network. From Example 3 we know that
although some suboptimal particles in the swarm do not have
the best goodness value, there are still some perfect community
structures hidden in these suboptimal particles.

To escape from a local optimum, we propose a novel parti-
cle velocity update algorithm, named GbestGenerator, which
adopts voting-based ensemble clustering technique [45] to make
full use of the valuable cluster patterns hidden in gbest s and
the suboptimal particles. Specifically, if fitness value of gbest
does not improve in successive T« iterations, i.e., the parti-
cle swarm has been trapped in prematurity, then we construct
a member particle set MPS by selecting all the gbest particles
in the successive Ti,,x iterations and the particles in the T«
iteration, then combine the particles in MPS to generate a new
gbest particle.

Equation (1) also suggests that the inertia coefficient w is very
important for particle velocity update. Here we adopt a simple
self-adaptive strategy to adjust w by using the follow formula:

tm' X t
) _ + Wnin (5)

wy = (wmax — Wmin
th.X
where w,, .« and wy,;, are the initial and final inertia coeffi-
cient respectively, £, the maximum iteration and ¢ the current
iteration.
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From (5), we can see that at the initial state ¢ = 0, w, cor-
responds to wy,ax, and when ¢ approaches t,,,, w; gradually
decreases to wy,;, . Rationale behind this is that, like traditional
PSOs, LEPSO will gradually converge to an optimal point in
solution space while the particle swarm is evolving. Hence, in
early stages larger coefficient values are required so that par-
ticles can have higher speed, whereas in later stages smaller
coefficient values are given to particles so as to make them
stable gradually.

Algorithm 1 GbestGenerator
Input: member particle set MPS
Output: gbest
1: Build partition set PSet = { Py, P,, ..
decoding particles in M PS;
2: Remove duplicate partitions in PSet by comparing the
partitions corresponding to particles with equal fitness;
3: Re-order partitions in PSet in decreasing order on
H(P;) =Y c,ep, p(Cj)logp (C})
4: Represent each partition P; € PSet by a matrix M P;,
where a row corresponds to a vertex and a column to a
community, and M P; € M PSet;

: MPy = MPy;

: fori=2to|MPSet| do

W(i)= (MPTMP)'MP"MP,

V(i) = MP,W (i)
9:  MPy="MP +1V(i)

10: end for

11: Encode partition M P, as particle gbest;

12: Return gbest.

) F)\PSet\} by

e = N )

2) Update Particle Position: According to (2), we observe
that components of particle position vector are assigned either
1 or 0. Obviously, this assignment method is not suitable for
our proposed particle representation scheme that is based on
ordered neighbor list. In our representation scheme, value X;;
of component 4 is an integer, ranging from 1 to deg(n;), i.e.,
Xi; €{1, 2, ..., deg(n;)}. To improve the search ability of
particle swarm, we propose a new method to update particle
position, which can be formulated in the two equations below:

Xij (t+1)

)k if (p< sig(Vij (t+1))) A (deg(n;) > 1)
X @),

otherwise
(6)
. |1 —exp (— Vi)
sig(Vij) = ‘1+exp (—=Vij) N

where k = [rand x deg (n;)], k # X;;(t), deg (n;) is the de-
gree of vertex n;, and p a threshold specified by the user.
Comparing (6) with (2) for updating particle position, we
find that the major difference between our proposed method and
DPSO is how to replace a binary value with a random positive
integer. Our method generates a position value according to
node degree distribution, i.e., to replace a neighbor of a node
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Algorithm 2 HABM

Algorithm 3 LEPSO

Input: finer-grained overlapping communities O P
Output: optimal overlapping communities OO P

1: For any community pair (C;, C;), C;,C; € OP,
compute COR (C;, C});

2: Select the community pair with maximal COR to
merge into a new community C',.,, and delete the others
included in C), 0y ;

3: Repeat step 1-2 until all vertices in the same community
and get a final overlapping communities tree OCT';

4: Compute @, for each community at each level of
ocCT,

5: Return community structure with maximal @, .

with currently chosen neighbor if a node v; has more than one
neighbor and sig (v;; (t + 1)) is greater than p. Obviously,
(6) can greatly enhance the global search ability of the particle
swarm, but its local search ability may degenerate. To solve this
problem, we modify the sigmoid function sig() in (6) to force
the probability of particle changing its position to decrease with
the particle velocity, so as to make particle swarm gradually
converge to the global optimum.

D. Overlapping Community Structure Optimization

Corollary 2 indicates that we should further refine the
finer-grained and suboptimal overlapping communities of G,
generated by partitioning vertices in L(G), in order to get
more optimal overlapping communities. Recently, some mea-
sures have been proposed to evaluate modularity of overlapping
communities hidden in a network [31], and a popular modularity
function @, proposed in [46] are given in (8) and (9) below:

_ 1 IR R AN
Qov - m Z Z Oi Oj (Am ) 5205](: (8)

: 2m
ceP i,]

5 = 1, ifnodetis contained by community ¢ ©)
o 0, otherwise

where P is a cover of GG, m the number of edges in G, k; the
degree of node i, A the adjacent matrix of G, O; the number of
communities containing node .

To post-process finer-grained and suboptimal overlapping
communities, we resort to hierarchical clustering and propose
a hierarchical agglomerative and bottom-up merging strategy,
namely HABM. Our HABM algorithm, given in Algorithm 2,
differs from traditional hierarchical clustering algorithms in that
HABM chooses to merge community pair with the maximal
community overlapping rate, instead of the one with the maxi-
mal similarity.

E. Algorithm Description

Our LEPSO method can be described as follows. First, we
initialize parameters needed. Next, we search for the optimal
partition of line graph LG(G) with an improved DPSO. Then,
we transform the result partition of LG(G) into a cover of
graph GG. Finally, we perform hierarchical merge to generate

Input: social network G
Output: overlapping communities of G
1: Transform G into LG(G); build the ordered neighbor
list L;
: k=0, MPS = ()
Initialize particle swarm P**! based on L;
fit (gbestk) = —0o0;
fit (pbestf) =—00,1=1,2,...,m;
Evaluate particles in P**! with (4) ;
for P € P* do
if fit (PF 1) > fit (pbest?) then pbest! = PF;
gbest” = arg max fit (Pf)
pPkepk
10: if fit (gbest”) = fit (gbest © 1) then
MPS =MPSU gbestk;
11: if fit (gbest”) < fit (gbest” T 1) then M PS = 0
12: if fit(gbest) not improved in successive Ty, .,y iterations
then
13: MPS=MPSUPFTL;
14: gbest® = GbestGenerator(MPS);
15: Update P**! to P**2 using (1), (5) and (6);
16: k£ =k +1;
17: Repeat from Step 6 to 16 until k > ¢,,.«;
18: Get partition H P of LG(G) that corresponds to gbest;
transform H P into a cover CP of G,
19: Return HABM(C' P)

LRI HDD

TABLE I
DESCRIPTION OF THE EIGHT DATASETS USED

Network Nodes Edges Data source

Zachary 34 78 http://www-personal.umich.edu/ mejn/netdata/
Dolphins 62 159  http://www-personal.umich.edu/ mejn/netdata/
Football 115 616  http://www-personal.umich.edu/ mejn/netdata/
Email 1133 5452 http://snap.stanford.edu/data/email-Enron.html
SynNet_1 400 2014 LFR benchmark [51]

SynNet_2 400 1782 LFR benchmark [51]

SynNet_3 400 1240 LFR benchmark [51]

SynNet_4 400 1209 LFR benchmark [51]

the optimal overlapping communities. The procedure of LEPSO
is given in Algorithm 3.

V. EXPERIMENTAL STUDY

In this section, we conduct extensive experiments to verify
the effectiveness of our LEPSO algorithm.

Datasets: We use eight datasets, four real and four synthetic,
to evaluate our LEPSO algorithm. Table I shows statistics of
the datasets used. The four real-world datasets are well-known
benchmark networks in communities detection research. Specif-
ically, Zachary is a social network of friendships between 34
members of a karate club at a US university in the 1970s. Dol-
phins is an undirected social network of frequent associations
between 62 dolphins in a community living off Doubtful Sound,
New Zealand. Football is a network of American football games
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TABLE II
PARAMETERS SETTING

Parameter Description of parameter Value
Psise population size 50
tmax iteration number 1000
Tinax number of successive generations 20
in which fitness of gbest has not
been improved
p predefined threshold 0.75
Wmin final inertia coefficient 0.6
Wmax initial inertia coefficient 1.5

between Division IA colleges during regular season of Fall 2000.
And Email is a network established by receiving and sending
emails, in which each node represents an email address and two
nodes are connected when they have email exchanges in history.

Platform: All the experiments are conducted on a PC with
a 3.4 GHz Intel(R) Core(TM) i7-2600 CPU and 8 GB RAM,
running Windows 7. The result is averaged over 50 trials. The
parameter settings for LEPSO are given in Table II.

Parameter initialization: In swarm intelligence computation
[53], it is well-known that how to determine and adjust algo-
rithm parameters, including population size, final inertia coeffi-
cient, initial inertia coefficient etc, is an open problem. Although
parameter tuning is out of the scope of this paper, we give the
rationale of why choosing the initial values as shown in Table II.
Basically, we conducted extensive preliminary experiments on
synthetic networks with different size, modularity values and
overlappingness, and we observed that although for different
networks there are different parameter settings producing high-
quality clusters, the parameter setting in Table II can produce
better overlapping community structures in most cases.

Metrics: To evaluate performance of algorithms for over-
lapping communities detection, we adopt the commonly
used normalized mutual information(NMI) [30], given in
(10)

res true
NMI (P"es, ptre)
_ \J\m NN, | NJ[Nwm AN, |
2 ZV’” epres ZA eP“ e ‘ log |J\"rm ||J\"rn ‘

N N Ny Ny
 Saere | \‘log(lwwl)*ZNnGPf"“ o los (1)
(10)

where P"¢* is the overlapping communities generated, P'"%¢

of nodes in N, N,, the m-th community in P"**, N,, the n-th
community in P'"%¢, It is worth noting that when computing
NMI using (10), if node set N, in the generated community
structure and node set INV,, in the true community structure are
disjoint, we discard the result.

A. Quality of Generated Overlapping Communities

In this section, we compare LEPSO with four representative
competitors, including two non-randomized algorithms CPM
[52] and ABL [35], and four randomized algorithms BMLPA
[47], BNMTF [48], EPM [49] and MCMOEA [50], with respect
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to NMI score. To the best of our knowledge, CPM is the first
algorithm for detecting overlapping communities, and the other
five are the state-of-the-art. CPM, ABL and EPM can be down-
loaded from angel.elte.hu/clustering, barabasilab.neu.edu/
projects/linkcommunities/ and  github.com/mingyuanzhou/
EPM, respectively. The other three competitors MCMOEA,
BMLPA and BNMTF, and our LEPSO are implemented in java
1.7 and Eclipse 4.5.

Table IIT shows the quality of detected overlapping communi-
ties in the eight datasets. For the sake of faireness, each result is
averaged over 50 trials for the randomized algorithms BMLPA,
BNMTF, EPM, MCMOEA and LEPSO. It is worth pointing
out that parameter k£ in CPM is the size of the rolling clique,
parameter ¢ in ABL is the edge similarity threshold, parameter p
in BMLPA is coefficient threshold, and parameter k£ in BNMTF
is the maximum value for the rank. In Table III the best result is
achieved with the parameter value given in brackets.

From Table III we can see that comparing to non-randomized
algorithms CPM and ABL, LEPSO can produce much higher
mean NMIs on both real and synthetic datasets. On the other
hand, comparing to randomized algorithms BMLPA, BNMTF,
EPM and MCMOEA, all the max mean NMIs are achieved
by LEPSO on the eight datasets, meaning that our approach
performs better than other randomized ones consistently. More-
over, among the four randomized algorithms, LEPSO generates
nearly all the minimal standard deviations of NMI (sdNMIs),
except for datasets Email and Football, which means that our
approach exhibits higher stability in general than the other ran-
domized ones. When comparing to two state-of-the-art algo-
rithms EPM and MCMOEA, LEPSO performs better in terms
of meanNMI and sdNMI, although the performance gain is not
as significant as LEPSO outperforming the other two random
algorithms. Last but not least, although the quality, measured
by NMI score, of overlapping communities detected by LEPSO
has small fluctuations, it does not show significant deviations
with network size. Based on the above observations, our LEPSO
significantly outperforms both non-randomized and randomized
algorithms for overlapping communities detection. Meanwhile,
LEPSO shows better stability than the two randomized algo-
rithms, and scales up well with network size. In the following
two subsections, we investigate the reason why LEPSO consis-
tently outperforms its competitors.

1) Impact of Merging Strategy on Community Quality: In
this section, we verify effectiveness of the proposed merging
strategy on network Zachary and Dolphins. From Fig. 6(b) we
can see that there are 3 overlapping communities in Zachary
before applying the merging strategy, where nodes 3,9,10 and
31 are sharable nodes, and the corresponding @,, score and
NMI score are 0.222 and 0.823, respectively. After applying
the merging strategy, we have the final overlapping community
structure depicted in Fig. 6(c), where there is only one sharable
node 3. The number of overlapping communities decreases to
2, and the corresponding (), score and NMI score increase to
0.2313 and 0.9028, respectively. We observe a similar trend on
Dophins, by examining the results in Fig. 7.

From Figs. 6(b) and 7(b), we can see that some overlap-
ping community structures with superfluous small communities
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TABLE III
COMPARISON IN TERMS OF NMI

Type Datasets CPM ABL EPM BMLPA BNMTF MCMOEA LEPSO
Real-life ~ Zachary 0.335(k=3) 0.409(t=0.15) 0.857+£0.015 0.347 £0.014(p=0.7) 0.346 £0.015(k =2) 0.885£0.007 0.906 £ 0.005
Dolphins  0.461 (k=3) 0.209(t=0.25) 0.782£0.021 0.649 £0.013(p=0.75) 0.602 £ 0.017(k=3) 0.816 £0.011 0.823 & 0.008
Football  0.516(k =3) 0.527(t=0.25) 0.765+0.014 0.765 +£0.034(p = 0.75) 0.684 £0.025(k =5) 0.831 £0.023 0.852 £ 0.016
Email 0316(k=3) 0.345(t=0.25) 0.751 £0.026 0.645 £0.031(p=10.75) 0.591 £0.028 (k=5) 0.807 +0.025 0.815 4 0.027
Artificial SynNet_I 0.381(k=4) 0.353(t=02) 0.687=0.033 0.697 £0.047(p=0.75) 0.251 £0.042(k=8) 0.694 £ 0.044 0.713 £ 0.029
SynNet_2 0348 (k=4) 0.338(t=0.2) 0.698+£0.044 0.684£0.043(p=0.75) 0.257 £0.048(k =8) 0.701 £0.036 0.717 £ 0.034
SynNet_3 0.288(k=4) 0.382(t=0.18) 0.691 £0.057 0.678 £0.048(p =0.75) 0.284 £0.047(k =8) 0.708 £0.051 0.718 £ 0.031
SynNet_4 0.275(k=4) 0.329(t=0.18) 0.712£0.051 0.693 £+ 0.052(p=0.75) 0.312+0.058(k =8) 0.715 4+ 0.049 0.724 £+ 0.032

Fig. 6. Impact of merging strategy on quality of communities resulted from
Zachary. (a) Real community structure. (b) Initial result overlapping commu-
nities without merging (Q,, = 0.222, NMI = 0.823). (c) Final overlapping
communities (Q,, = 0.2313, NMI = 0.9028).

Fig. 7. Impact of merging strategy on quality of communities resulted from
Dolphins. (a) Real community structure. (b) Initial result overlapping commu-
nities without merging (Q,, = 0.156, NMI = 0.47). (c) Final overlapping
communities (Q,, = 0.318, NMI = 0.824).

may be produced during searching optimal overlapping com-
munities, which may degrade community quality if not han-
dling properly. Through our proposed post-processing strategy,
finer-grained overlapping communities in Zachary [Fig. 6(c)]
and Dolphins [Fig. 7(c)] are transformed into larger overlap-

ping communities, as shown in Figs. 6(b) and 7(b) respectively.
Therefore, post-processing finer-grained overlapping commu-
nities is beneficial to enhance community quality. This is also
an experimental verification for Corollary 2.

There are two crucial questions about the merging strategy.
First, is the proposed merging strategy HABM an universal
and effective post-processing procedure? Second, can HABM
boost quality of the overlapping community structures gen-
erated by any other approaches? To answer these questions,
we use HABM to post-process overlapping communities
generated by the other six competitors CPM, ABL, EPM,
MCMOEA,BMLPA and BNMTF. The results are summarized
in Table IV.

From Table IV we can see that almost all entries in col-
umn Delta are non-zero and the majority of maximal values
in Delta achieved by randomized algorithms. This means that
our proposed merging strategy can enhance quality of overlap-
ping communities generated by the competitors to some extent.
And HABM is more beneficial to randomized algorithms than to
non-randomized algorithms CPM and ABL. Moreover, results in
column BeforeMerging show that LEPSO outperforms the other
six counterparts in terms of NMI, even without post-processing.
This also verifies that it is advantageous to use line graph pre-
sentation and ensemble learning technique GbestGenerator.
Hence, we conclude that merging strategy HAMB is beneficial
to a wide range of approaches, especially to randomized ones,
for detecting high-quality overlapping communities.

2) Impact of Ensemble Learning Strategy on Community
Quality: In this section we evaluate the impact of ensemble
learning strategy on quality of the generated overlapping com-
munities. Since the influence of post-processing strategy HABM
varies for different algorithms, for the sake of fairness we first re-
move HABM and ensemble learning component from LEPSO,
resulting in a simplified LEPSO called LEPSO-1. Meanwhile,
we also build another simplified LEPSO named LEPSO-2, by
removing HABM from LEPSO only. The experiment results
of LEPSO-1 and LEPSO-2 are depicted in Fig. 8, from which
we can see that LEPSO-2 outperforms LEPSO-1 on both real
and synthetic datasets. This indicates that integrating ensemble
learning strategy into discrete particle swarm optimization can
effectively boost the search ability for high-quality overlapping
communities.

Based on observations in Section V-A.1 and V-A.2, we can
find that 1) adoption of ensemble learning technique can help
LEPSO to avoid trapping in local optimal partition of the line
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TABLE IV
IMPACT OF MERGING STRATEGY ON COMMUNITY QUALITY IN TERMS OF NMI

Datasets Algorithms  BeforeMerging  AfterMerging  Delta
Zachary CPM 0.335 0.335 0

ABL 0.409 0.894 0.485

BMLPA 0.347 0.393 0.046

BNMTF 0.346 0.38 0.034

EPM 0.857 0.865 0.008

MCMOEA 0.885 0.901 0.016

LEPSO 0.825 0.906 0.081
Dolphins CPM 0.461 0.461 0

ABL 0.209 0.269 0.06

BMLPA 0.649 0.73 0.081

BNMTF 0.602 0.655 0.053

EPM 0.782 0.814 0.032

MCMOEA 0.816 0.821 0.005

LEPSO 0.712 0.823 0.112

Football CPM 0.516 0.535 0.019

ABL 0.527 0.582 0.055

BMLPA 0.765 0.793 0.028

BNMTF 0.684 0.741 0.057

EPM 0.765 0.836 0.071

MCMOEA 0.831 0.844 0.011

LEPSO 0.795 0.852 0.093

Email CPM 0.316 0.408 0.092

ABL 0.345 0.427 0.082

BMLPA 0.645 0.783 0.138

BNMTF 0.591 0.735 0.144

EPM 0.751 0.797 0.046

MCMOEA 0.807 0.813 0.006

LEPSO 0.706 0.815 0.109

SynNet_1 CPM 0.381 0.405 0.024

ABL 0.353 0.397 0.044

BMLPA 0.697 0.708 0.011

BNMTF 0.251 0.387 0.136

EPM 0.687 0.691 0.004

MCMOEA 0.694 0.708 0.006

LEPSO 0.698 0.713 0.015

SynNet_2 CPM 0.348 0.405 0.057

ABL 0.338 0.431 0.093

BMLPA 0.684 0.702 0.018

BNMTF 0.257 0.438 0.181

EPM 0.698 0.701 0.003

MCMOEA 0.701 0.715 0.014

LEPSO 0.701 0.717 0.016

SynNet_3 CPM 0.288 0.363 0.075

ABL 0.382 0.544 0.162

BMLPA 0.678 0.691 0.013

BNMTF 0.284 0.406 0.122

EPM 0.691 0.694 0.003

MCMOEA 0.708 0.72 0.012

LEPSO 0.703 0.718 0.015

SynNet_4 CPM 0.275 0.352 0.077

ABL 0.329 0.538 0.209

BMLPA 0.693 0.715 0.022

BNMTF 0.312 0.583 0.271

EPM 0.712 0.717 0.005

MCMOEA 0.715 0.725 0.01

LEPSO 0.707 0.724 0.017

graph, and 2) introduction of merging strategy is also benefi-
cial to boosting the quality of overlapping communities in the
original graph. Hence, with ensemble learning technique and
merging strategy combined, LEPSO can overwhelmingly out-
perform its competitors.
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Fig. 9. Convergence rate of LEPSO.

B. Convergence of LEPSO

Essentially, LEPSO is a swarm-intelligence-based optimiza-
tion method, and convergence rate is an important performance
index for PSOs. So, it is meaningful to investigate convergence
rate of LEPSO when searching for optimal community
structures. To this end, we conduct experiments on the real
datasets, and modularity @ is averaged over 50 trails. The
results are presented in Fig. 9, from which we can see that
for small networks like Zachary or large-scale networks like
Email, LEPSO can effectively avoid trapping in local optimum.
Also, by referring to Fig. 9 we find that LEPSO has a good
convergence rate when optimizing modularity.

C. Sensitivity to Network Topology

Real-world complex networks are enormously diverse in
terms of topological structure, and it is interesting to see how
our approach performs on networks with various structures, e.g.,
different modularity, varied degrees of overlapping etc. In this
section, we experimentally evaluate sensitivity of LEPSO to
network topology.

To get networks with required properties for experiments, we
use LFR generator to produce two types of networks, where
for the first type we gradually decrease the modularity. Specifi-
cally, 5 groups of networks with modularity parameter [see (11)]
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Fig. 10. Robustness of LEPSO. (a) W.r.t. degree of overlapping of networks;
(b) w.r.t. network modularity.

©#=0.1,0.2,0.3,0.4, and 0.5 are generated, respectively. For
the second type of networks we gradually increase the number
of overlapping nodes, where 5 groups of networks with over-
lapping node ratio [see (12)] § = 0.05,0.1,0.15,0.2, and 0.25
are constructed respectively. Each of the 10 groups contains 50
networks with size | N'| = 200. The results are shown in Fig. 10.
Through (11) and (12), it is obvious that larger  or § value will
result in networks with weaker community structures.
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From (11) we can see that a larger modularity can make it
more challenging to detect overlapping communities from net-
works. This is verified by Fig. 10(b), where H spread, defined
as Hspread = Upper Hinge — Lower Hinge, of each box in-
creases gradually with i, meaning that variances of modularity
have some influences on stability of LEPSO. However, it is in-
teresting that mean NMI scores (green diamonds in the boxes)
of overlapping communities generated by LEPSO do not signif-
icantly decrease with p. Instead, they fluctuate between 0.783
and 0.81. This indicates that in terms of quality of generated
overlapping communities, LEPSO is robust against variances
in modularity. As for overlapping node ratio, the experiment
results are similar. As shown in Fig. 10(a), we can also see that
a larger overlapping node ratio will give rise to higher degree
of divergence in the distribution of NMI scores of the generated
overlapping communities. On the other hand, larger overlapping
node ratio will not produce significant differences, for instance,
the mean NMI scores remain the same in [0.791, 0.817].

Therefore, based on the above observations we claim that
network topology affects the performance of LEPSO to some
extent, but does not degenerate LEPSQO’s ability to discover
high-quality overlapping communities.

D. Time Efficiency and Robustness Analysis

Based on the previous experiment results, we can see that
LEPSO performs much better than its competitors, except for
two state-of-the-art algorithms EPM and MCMOEA, where
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TABLE V
COMPARISON IN TERMS OF RUNNING TIME (SEC.)

Dataset EPM MCMOEA  LEPSO
Zachary 0.97 1.05 1.03
Dolphins 3.16 3.25 3.07
Football 9.93 11.33 9.35
Email 105.47 113.42 92.08

EPM and MCMOEA can generate overlapping communities
that are nearly as good as those generated by LEPSO. Therefore,
in this section we further investigate performance of LEPSO,
EPM, and MCMOEA with respect to CPU time and robustness.

For the sake of fairness, we first need to introduce a time
measure. Obviously, the number of iterations cannot be used for
this purpose, since the algorithms perform different amount of
work in their inner loops. Hence, we choose the elapsed CPU
time as a measure instead of number of iterations. Moreover, we
use a user-specified maximum number of iterations as termina-
tion condition for the three algorithms. We record the running
time of the three algorithms according to a rule like this: if the
termination condition of an algorithm has been satisfied but its
NMI has not achieved the corresponding value in Table IV, then
we do not record the running time. In other words, if its NMI
has achieved the corresponding value in Table IV before the
termination condition is met, then we break the loop and record
the time used.

The experiment results are listed in Table V, from which we
can see that LEPSO spends similar CPU time as EPM and MC-
MOEA on networks with easily discernable community struc-
tures, such as Zachary and Dolphins. On the other hand, LEPSO
is superior on networks with indistinguishable community struc-
tures such as Email. The reason is that for dataset with easily
discernable community structures, any algorithm with fair op-
timization ability can efficiently discover community structures
given a NMI value. Hence, the performance gain of LEPSO is
not significant in general for this kind of dataset. However, for
datasets with complex and ambiguous community structures,
LEPSO performs much better. The rationale behind this is that
for networks with ambiguous community structures, MCMOEA
spends too much time on evaluating multiple objective functions
and time cost of Gibbs sampling to estimate EPM parameters is
also too expensive. From the above observations, we conclude
that for datasets with either clear community structures or am-
biguous community structures, LEPSO spends less CPU time
than EPM and MCMOEA on complex networks.

We now turn to robustness of EPM, MCMOEA, and LEPSO,
where we investigate their NMI values with varying network
modularity. The experiment results are summarized in Table VI,
from which we can see that compared to LEPSO, NMI values of
EPM and MCMOEA drop significantly when network modular-
ity increases. In other words, LEPSO is more robust than EPM
and MCMOEA with respect to network modularity, meaning
that LEPSO is more suitable for community detection tasks on
networks with complex community structure.
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TABLE VI
ROBUSTNESS (IN TERMS OF NMI) WITH RESPECT TO NETWORK MODULARITY

Algorithm =01 =02 p=03 p=04 pu=05
EPM 0.796 0.782 0.744 0.727 0.705
MCMOEA  0.807 0.785 0.756 0.732 0.713
LEPSO 0.814 0.814 0.805 0.801 0.798

VI. CONCLUSION

In this paper, we propose a meta-heuristic algorithm, LEPSO,
for overlapping communities discovery from social networks.
Specifically, a particle representation scheme based on ordered
neighbor list and a particle update strategy are proposed. Also,
a hierarchical agglomerative and bottom-up merging strategy
is designed to post-process the generated fine-grained overlap-
ping communities. We conducted extensive experiments and the
results show that 1) compared with the non-randomized and ran-
domized algorithms, our LEPSO is superior in terms of validity
and robustness, and 2) the proposed hierarchical agglomera-
tive and bottom-up merging strategy can improve quality of the
generated overlapping communities.

Our future studies can be divided into two directions. First, we
will integrate DPSO with other optimization methods such as
K-Means and spectral clustering to achieve better performance.
Second, we will optimize population initialization strategy in
LEPSO, so as to further improve efficiency in communities
detection when handling with large-scale networks.
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