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Abstract— The community detection problem in social
networks has been extensively investigated from different
aspects. In this problem, it is attempted to divide a network into
a group-set of similar nodes (communities), in which nodes
inside a community structure reflect more similar functional
characteristics or than that of other nodes outside the
community. However, a typical characteristic of some real
networks is that the presence of overlapping communities,
where nodes can be a member of quite one community at an
equivalent time. In this paper, an algorithm for overlapping
community detection is proposed using cellular learning
automata (CLA-OCD). In the CLA-OCD, a group of learning
automata collaborates to find overlapping communities. The
performance of the CLA-OCD is evaluated by several
experiments, which is the design of both synthetic and real
networks. Through experiments, the CLA-OCD achieves
significant improvement in performance measures, including
modularity, F-score, and normalized mutual information

(NMI).

Keywords— Secial Network Analysis, Community Detection,
Overlapping  Community  Detection, Cellular  Learning
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I. INTRODUCTION

Community Detection (CD) has been the topic that many
researchers have been studied in the domain of Social
Network Analysis (SNA). It is known as an important problem
with applications in different domains, including Sociology,
Biology, and Computer Science, whose data can be easily
modeled by networks or graphs [1], [2] One of the
unsupervised methods in computer science for identifying the
fundamental structure was classifying the most similar parts
and called clustering. Hence, clustering can be interpreted as
the process of classifying the vertices into clusters by
considering the underlying structure [2]. The community
detection goal is to find optimal groups of vertices, which are
called communities based on the topology of the network.
Since there 1s not a umque defimition for presenting the
concept of commumity formally, there are numerous
definiions depends on the application are used in the
literature. Therefore, different graph clustering algorithms
have been applied to find communities such as Random
Walks, Spectral Clustering, Modularity Maximization, and
Statistical Mechanics, among others [1]-[4].
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In the literature, communities are defined as dense sub-
graph induced by a set of nodes, with higher edge density
within the sub-graph and lower density of edges between
them. Commumnity detection 1s a valuable and significant
function in the analysis of network structure and predicting the
behaviors of networks. In order to deal with community
detection, most previous studies for community detection
have focused on finding disjoint communities. In disjoint
community detection, the nodes are grouped into the disjoint
sets with any intersection, and each set is densely connected.
Unlike, in many domains, a node at the same time can belong
to different communities. This characteristic is generally
known as overlapping community detection. For example,
people in many real social networks are usually members of
different groups as their interests. Therefore, the concept of
overlap indeed is known as a crucial characteristic of many
real-world networks [3], [6].

In literature, there are several classifications for potential
overlapping community detection algorithms. Based on [7],
overlapping community detection algorithms are categorized
into including chque percolation (CPM), eigenvector
methods, ego network analysis, low-rank models, and local
expansion algorithm. The CPM algorithm works based on
finding overlap nodes with the fixed clique -sizes in the
network [8]. Ego network analysis methods employed by
structural holes [9] and using Ego network analysis are
involved in calculating and combining. The eigenvector is
extending to spectral analysis and utilize eigenvectors of the
normalized Laplacian or modularty matrix to determine
communities [10]. Optimization objectives and expansion
methods are investigated in a local expansion algorithm. In
OSLOM method [11], it evaluated the statistical significance
of communities for a random configuration during community
enlargement. The OSLOM method first selects a node
randomly and in a greedy procedure, then develop the
partition by checking either the developed partition 1s
statically proper or not and finally reveals overlapping
partitions and outliers in a network.

A CLA-based algorithm called CLLA-Net is investigated
for disjoint CD problem [12]. CLA-Net treats the resolution
limit of modularity optimization as properly. As mention
before, CL.A-net is applied for disjoint CD and not able to
reveal the overlapping communities.
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This paper has focused on the overlapping community
detection with the aid of cellular learning automata (CLA)
called CLA-OCD. Briefly, The structure of the CLA-OCD
consists of two main steps. In first, the network is treated as
an [CLLA by a one to one function from nodes to cells. Through
interactions L. As by the environment, and an imitial solution 1s
formed, then CLA-OCD evolves the solution and gradually
moves to find the near-optimal communities. In the second
step, a belonging co-efficient is specified as the degree of
vertices that belong to a community. This measure indicates
which nodes are overlapping among communities. By this
policy, the algorithm assigns nodes to more than a community.

The remainder of the paper is organized as follows: the
next section theory of automata and its variations are
introduced briefly. In section 3, the CLL A-based algorithm for
overlapping community detection (CLA-OCD) is presented.
Section 4 gives details of the experimental analysis and their
results. Finally, section 5 gives the concluding remarks.

II. THEORY OF AUTOMATA

In this section, we describe cellular automata (CA),
learning automata (LA), cellular learning automaton (CLA),
and irregular CLA.

A CA

Cellular Automata models are interesting models in
mathematics [13]. Theses model consists of a set of cells and
also a structure for organizing the cells. In these models,
several states are defined for the cells. Every cell selects a state
of the other states. In each cell, the operation of state selection
1s performed locally. During this operation, each cell decides
its states base on its local observation, which is the state of its
neighboring cells.

B. LA

The theory of learming automata belongs to the primary
models of reinforcement learning [14]. These model can be
considered as an agent which operate in unknown stochastic
environments. In these models, a set of actions 1s defined for
the agent and also a set of feedback that is defined to represent
the response of the environment to the actions of the agents.
The agent using learning automata theory tries to find an
appropriate action. The appropriate action is one of the actions
from an action set that triggers the environment to generate
reward signals asymptotically. Figure 1 shows the relationship
between LA and its environment.

Action
Random Envirenment

h 4

Response

Learning Automaton =

Figure 1. The schematic structure of the environment and LA

The structure of the learning automata used in this paper may
be defined with 4-tuple {«, £, P, T} such that:

e o= {ay,..,a}1s the imited number of actions

e [ ={B, ..., B} denotes the reinforcement signal

e P ={p,,..,pp} s the probability vector

s Tla(n), g(n), p(n)] is the learning algorithm.

Formula (1) and (2) show an update in the vector of

probability action in each iteration. Learning algorithm

moderates the vector of the probability of action using formula
{1) for promising responses as:

pi(n+1) = pi(n) + a[l — p;(n)] (1
piln+1) = (1 —a)p;(n)
and equation (2) for unfavorable ones:
piln+1)=(1 ;@Pi(n)
pin+1) = (=== ) + (1 - byp;(m)
where P(n) is the action probability vector at instant n. r
1s the number of actions that can be taken by the LA. The
learming rates @ and b denotes the reward and penalty

parameters and determines the number of increases and
decreases of the action probabilities, respectively [24, 23].

¢ L4

2)

The theory of CLA [15] brings together the learning
capabilities of LA and the distributed computation
characteristics of the CA. The core operation of the learning
algorithm in CLA can be expressed as follows: A d -
dimensional CLA is a structure CLA = (Z9, &, A, N, F),
where Z%is a matrix of d-tuples, @ is a limited number of
states, 4 is the number of learning automata, where every LA
1s placed the corresponding cell of cellular automata, N =
{1, ..., X, } 15 a limited number of of Z% called a neighbering
hood vector, where x; € Z9 in the CA, and F: @,,, - § is the
local rule of the CLA, in which f denotes the values of
reinforcement.

D. ICLA

The Trregular CLA (ICLA) [16] is a new version of CLA,
where the limitation on the regular structure in conventional
CLA is eliminated. Many problems cannot be modeled by a
regular grid structure. The promising results for the
application of ICL A for network analysis and the detection of
the community are given in [1], [17], [18].

III. CLA-OCD

In this section, we provide a new algorithm for the
detection of overlapping communities based on the CLA
called (CLA-OCD) in a social network. In the following, the
different steps of the CLA-OCD algorithm are described.

Initially, the input network & = (V, E) is an undirected
network where V = {v, v, ..., 11, } indicates a vertex set, and
E € V x Vis the link set that is given in the network. The
proposed CLA-OCD algorithm consists of two general
categories, including the Configuration Phase and the
Problem-Solving Phase. We describe each category of the
CLA-OCD algorithm 1in the following in detail.

A. Configuration phase

Configuration phase consists of two main steps, including
solution representation and solution construction which 1s
described as follows:

1) Solution Representation

Inthe network G = (V, E), a community can be depicted
by association vector € = (cy,€3,..., C,), Where ¢; pointed
out to the index of the community. However, the main
drawback of this association is that it demands former
knowledge related to the size of communities. To overcome
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this issue, in CLA-OCD, we have used the locushbased
adjacency tepresentation [17]. In this repereserdation, a
golution is shown by identical wector § = (5. ... 5,0 which
caty be interpreted as 5 Furthermore, node { are in the
iderfical community. We note that the identical vector- anly
represerts the edges instead of the commurities. Since we ate
looking for representation for communities, therefore, a
process iz needed to transform the identical wector into ah
associationn vector. To achieve this goal, a decoding
mechandsm is preserted to show the communities, which
wotks by ruring a linear-time search dgorithen, either
breadth first search or depth first search At the termination of
this process, the wector of identical iz corverted to the
associaticn vector that repr eserts commurities.

2) Sohufion consfrucfion

This phase, an asynchronous ICLA, is created by a one to
one function from ICLA to the ingt graph This function
mapped each vertex to each cell of ICL A such that each cell
isequippedwith an LA InICL A each cell hias different states
which determine the current action taken o the LA residing
inn it Formally, L4, exists in node { is defined by a 3-
tuple (o, F, ), where:

o o ={oy, .y o= NOD indicates the action set,
atid N({) corresponds to the verbex-set, which is
niei ghboring to { in the netw ot

e §. =101} indicates the response value corresponds to
rewrard and a penalty from the errrironment.

o B o=0po o) vefer to the probability wector of
actions where p; isthe action selection probability for

o, by LA,

Arccordingtothe status of the cells, anidentical wector Fis
cotwstructed, in which cwrent action iz chosen by all Las
Therefore, & cycle ¢, the solution can be described by
ecjuati o (3.

S(E) = feey (8 ot (2] s wn (E]] &)
where o () indicates the action selected by L4, a
iteration £. By the evaluation of the CLA, the identical vector
is updated. Figare 2 depicts the pseudo-code of the CLA-
ocD.

The o oblemi- solving phase consist of tw o main steps

B Leaving phase avd post-processing phase:

I} Learving Fhase

In the learning phase, a solulion wvector has been
cotwstructed, and each LA selects its actions independetitly.
After action selection is made, the process of decoding
solution vector to association wector 15 started. We note that,
ifn  the leatning phase, we obfain  non-overlapping
commuties. In order to evaluate commuandties properly, the
selected action by each LA should be evaluated Dore
precisely, if the chosen action by an LA iz favorable, then the
selected actionisrewarded otherarize iz penalized. To do this,
we define new ctiteris called the coefficient of belonging,
which compute the degree of a wvertex that belongs to a
community. More precisely, the belonging coefficiert of a
node determines the dependency of a node to a commurity,
which defined as follows. A belonging coefficient for node {
is indicated as [B;. 0.0 By ], where b, satisfies two
following conditions:

1]
Z by =1 (4)
Cc=1

D<be =L VieV Vel )

in which || iz the manber of communities and the
belonging coefficientis by is specified as:

L ®
EJ’EE EJ’E:AU

whete A;; is the mattix of adjacency that if two nodes
and [ are incident then A;; = 1 otherwise 4;;, =0 . Tao
teward or penalize of each automator, we compute b for
each node in the networks If by is higher than 1/ the
selected action by an andomaton is rewarded otherwise is
penalize. Mloreovet, we have used community definition by
Faghavemef al. in[19] for the reward and penalize of L4, The
learring phase 15 cortitmaed wntd the selected communities ate

fix ed after some iteration Afterlearning phase is done the post
processing phase is starts.

‘5[:

1) Fost Processing Fhase

Thiz phase constitites to compute the belonging
coefficient based on the final community detection, which is
assigned to the neighbors of the nodes in the network. After
compting the belonging coefficient, we are ready to decide
baged o the largest value of the belongitg coefficient. If the
belonging coefficient for a specific node has the largest value
atud at the satn e time is greater than a pre-defined threshold, it
indicates that the wertex belongs to only one community
Oherarise, if the helonging coefficient for a specific node has
tiot the latrgest walue and is higher 17492, then the node at the
sattie tithe is a member of the commurities that the belonging
coefficientishigher than 1/ Assuch each vertex may be a
tmember of at last 1 commurnities in the netwrorks.

Algurimm CLA-OCT

It e etk 7 = [, £

;:;:é:l.:lilmhl. o

Srep 2 Exch lerning sssomason LA, chootes @ solion ) nroanding 1o i aotion probabiEiy
:.':.‘:-I-IL The pdition vecioe S50 ayiteii,.odik b ommslereed oo e s ollon vt

sty alructr Thiough the decosling

epmsrEing by e pssocmbem

Far Ench leamisyg automarn 1 do

W g leyle)) = ke’ ve = o) & W™ > Wi™iChL vie
The respones from the enviconmesas fLio=0
bt
Tl pisgaiurvs Troem i crivicoiments [J4=
Emd il
Emil for
St For cach bearming autoammiton LA, (1= 1 5 aj, grven the chosen reward or penalis
gy 7 Lipelate the aoticn probabaliny vectsr ol each leaom wenmi Ly
S A Ll Tt arbsiinoe] Conrmessiny structuse netiing e in some coetseriive crolos

Figme 2. Psendo-code of the CLAOICD alzonthm in the sacial neterork.

IV, SIMULATION RESTULTS

To itvvestigate the performance of the CLA-OCD, we have
designed some experimerts on the popular netw ok called
LFR [20] it addition to real networks Takble 1 shows the
information on networks that are utilized for experimernts.
Alzo, CLA-OCD is compared with several al gorithim s, such as
CFL [E], COFRA [21], AWNTCEBO [22], and GANETH+ [23].
EBesides, the performance of the CLA-OCD, we applied
standard moeamares, namely Wodularity and Normalized
Mutiaal Inforsat on (R [4].
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Table I. Test netarcels enploved for the axpenment

Graphs | N |E|  Type
Dol phins &2 150 Feal
Ermail 1,133 5,451 Feal
Foothall 115 613 Eeal
Jazz 198 2743 Feal
Karate 34 72 Real
LFR.1 1000 : S ymthe tic
Folitical Baoks 105 441 Feal
A Modularity

hlodu arity @ is a well-knowrn measare for assessing a set
of commuities which achieves by the dgorithums. Since is
proposed for a non-overlapping algorithun, therefor severa
extensions are proposed to apply for overl apping community
detection d gorithan 5. One of the well knoen extensi ons for
thiz measye is proposed by Micosia ef al. [24] that makes a
node be able to member of different commurities at the same
timme. Since a node may belong to differert communities,
therefiore it can use a belonging degree for vertices that define
as follows

0D =b,=1¥%ecV.,¥ eC (T)
IC] (&)

Zbi.: =4
c=L

whete .El,-; iidicates the belongitg degree of node § to
cotnimunity o Besides, F iz a combination of the two nodes
belonging to commurity o and compuiate as:

.S[.: = FI:HL:-' I:'r_l'.::l I:gj
henice, overlapping () iz defined as follow s
1 ik (1)
GI?‘IT :;z z [Aij * Tife _?‘SU:]
CECLJEV

where v and 5, compuwte as equation (113 and (13),
tespectively.

Tij: = .'!?[.: = F{'xi.:’ 'xj.:} El 1:]
5 _ EEEV F{'xi.:-' 'xj.:} a EJ’EVF{HL:-' 'xj.:} I:].E:I
L ¥ ¥

B, Normalized Muhual Information

Morm alized mutual informoati on (MWD is a metric which
is evaluatinghow similar are the detected commurdties by the
m ethods tothe knowrn communities ITn NI A and B are taro
divisions of the graph. WM returns a walue in the range of
[0,1]. The walueiz 0, which means that the similarity betureen
the actiual commumity and the detected community does not
ecqual o all. Onthe contrary, if the walue is 1, itindicates that
the actual community and detected commurity are matched
enitively. The W formoda is provided in Eguation (13).

~2 Leeu Esesl 21 bllog 7™

NMI(4,B) = Seeal ol (2] + Sz 8105 (L2L]

(13)

The HMI is helpful when prior knowledge about the
structare of commurities exists. We note that the additional
information iz provided in [1].

. Experiments

1) FPerformepice evaluation

The experitvent aimz to evaluate the performance of
different leatning tmodels of CLA, which is designed for fhis
problem and select a proper model based on the obtained
tesults for experiments [n order to do this experiment, we
applied fow differert learring scheme
includinglp_;,Lp_p Lp_.pand CPpp[21]. We note that for
simplictty Algorithml for Lp_;, Algorthm 2 for Bp_.,
Algonithm 3 for By, and Algorithm 4 for CFpp are applied.

These algorithums are applied for real netar arks, and the resdt
is demonstratedin Figure 3.

Foothal

Pefonaky

Vhe %alus of Sudubsrio

Algerithe 3 Algaiithn &

Al ihs

Fignwe 3. The maults of different learmrng alzonthnes on CLA-OCD w xt.
Bodularity.

&ccarding to the obtaitied results, one can say that the L
al gorithim is outperforming from al gorithum 1, algorithem 2,
atud algoriftun tlree regarding the modu arity measare.

2) Impact of the lzarning paramefer

The policy behind this experim ert shows the effect of the
learring rate of the Lis in the CLA-OCD. To do this, we
ex amitie the different learnitigrates, which altersfrom 0to0.1
with step length 0.01, and the MBI result is reported for LFR
gyrthetic netw ok in figere 4.

Paramater Tumning

"i-'ti._'i — -

TG, Pararieher (8
Figure 4. NMI for different mtes of learruing parameter

&g depicted in figre 4, the most favorable outcome is
achieved when the leaning rate is 0.05, and the value near
005 leads to proper results. Since the best result is obtained
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by 0.05, we then, for the further experiment, we set the rate of
learning value to 0.05.

3) Impact of the overlapping parameter

We examine the impact of v on the value of overlapping
community detection. For this aim, we test different values for
different values of v, and the best and average results are
reported for real networks. We note that these results are
reported 30 times {or average. These results are given in figure
4 and figure 5.

Karate Network

08

arr

9 o =
= & o
T T T

Qov {Overlap modularity)
[=]
w

—— Average
—¥— Best
0.1 L L 1 L L L L L :
0.05 04 015 02 0.25 0.3 0.35 04 045 05

Parameter v

Figure 5. The modularity for different value of 1 for karate

Dolphins
08

& = o
& - ~
T T

Qov (Overlap modularity)
o
-

L —&— Average
—¥— Best

02 L L ' L L L L L s
005 04 045 02 025 03 035 04 045 05

Parameter v

Figure 6. The modularity for different value of v for dolphins

As can be seen from figure 5, for the graph of the best
value for v when between0.35 < v < 0.5. The highest value
of v 1s 045, which gains 07286 for the overlapping
modularity, and for other networks, the best value of 1715 0.35,
which leads to 0.7666 for modularity. For other networks, the
same result may conclude.

4) Comparing algorithms
This section provides the comparison of the CLA-OCD with
CPM [8], COPRA [21], ANTCRBO [22], and GANET+ [23]
in terms of NMI. The result of this experiment 1s depicted in

figure 7, where the vertical axis indicates the NMI and
horizontal axis indicate overlapping modularity (OM).

LFR1

= 0.8

8

E ;

£

=

Eosp

E —— AnICBO

= 02 b Copra
——CPM

01 b . GAnet+
—4&—OCLA
2 3 4 B ]

om
Figure 7 NMI comparison for different OM values.

The result, which is demonstrated in figure 7, shows the
CLA-OCD is a more significant performance from other
algorithms and gain higher NMI concerning other algorithms.

V. CONCLUSION

This paper presents a novel algorithm using CLA called
CLA-OCD for overlapping community detection. The CLA-
OCD comprises two phases, such as the configuration and the
problem-solving phase, respectively. In the configuration
phase, primarily initialize network configuration by LA’s and
solution representation is constructed. In the problem-solving
phase, the algorithm reveals communities with overlapping
structures by learning mechanisms. The CLA-OCD was
simulation experiments evaluated against the popular
algorithms for the overlapping community. The results of
CLA-OCD confirm the superiorities of the CLA-OCD
regarding the normalized mutual information and modularity .
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