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Abstract— Detecting community, as the fundamental task for the study of the network, reveals a hopeful approach to investigating
the functional and topological properties of real networks. Recently, several algorithms for detecting community have been introduced
from various perspectives. A typical algorithm which is noticed by many researchers in this scope is Modularity optimization. These
algorithms significantly restricted in resolution limits that they may miss detecting communities that are less than a particular size.
The paper presents an algorithm with the aid of ICLA (irregular cellular learning automata) for the detection of community
structures (called SIG-CLA) in social networks. In the SIG-CLA, the ICLA is formed by the input network, and the communities are
detected by communicating with both the local environment and the global environment via the significant function in the ICLA.
Promising experimental results are presented to confirm the advantages of SIG-CLA with respect to Modularity and NML
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L. INTRODUCTION

In numerous practical applications in different domains, the
network or graphs modeling, which composed as nodes, and
relations as edges are conventional. In the network theory,
communities are an essential class of sub-network that defied by
the group of highly linked vertices and weakly linked with other
parts of the network. Due to various applications of detecting
community structures, it is a basic issue in the social network
analysis. Detecting communities are connected with functions of
the networks under study; hence, identifying this functionality
provides perception into the organization of the graph
Moreover, detecting community in a graph is known as an NP-
hard problem and computationally challenging task [1].

Many scholars have been proposed community detection
algorithms since the notable reported is presented by Girvan and
Newman [2]. A widespread class of algorithms for finding
communities is the objective function based in which tries to
optimize the modularity [3],[4]. Also, an example of other
techniques based on machine learning approaches 1s node2vec
[5] Besides, the Bavesian method [9] and artificial neural
network technique [8], were used for community discovery.

Modularity has been used as a measurement that studies the
importance of structures of the community in the graph. This
measurement is presented by Newman et al. [7]. One of
formalism for detecting community is optimizing modularity
function, which has been proved to be NP-hard
However, Forfunato et al were pointed out that modularity
optimization may not lead to proper results when the size of
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communities is small [10]. In this manner, several communities
may be grouped as one and are referred to as a resolution limit
tor modularity. To treat with the problem of resolution limit in
detecting community, different functions have been suggested
by many researchers to improve the problem related to the
resolution limit. [11]-[14].

In general, community detection can be classified into the
domain of a clustering. A fundamental notion in clustering 1s
utilizing similarities which consider the neighborhood to detect
communities. However, this local structure misses the global
structures, such as the size of communities in general for
detecting communities. Furthermore, the communities which
produced just by the information of global structure, ignore the
details of communications, may decrease the effectiveness of
community detection algorithms [15]-[17], [33-34].

The CLA (cellular learming automaton) [7] is an amalgam
model of LA (learning automata) and CA (cellular automata)
[22]. CLA 1s a cellular automaton, where an LA is placed in
every cell. CLA capability i1s increased to cellular automata due
to the LA exists in each cell by providing the ability of learning.
It 1s also more powerful to single LA, due to residing LA in
different cells can cooperate to create a complex structure.
Recently, many applications are used CLA in various domains,
such as evolutionary computing [18], P2P networks [19], and
mobile networks [20].

To adders the above issue, this paper proposed an algorithm
based on CLA called SIG-CLA for detecting community in
graphs. Briefly, SIG-CLA first considers the whole network as
an isomorphic to an ICLA. Second, using the learning process



of CLA and by cooperation among both the local environment
and global environment, a candidate solution 1s constructed, and
SIG-CLA evolves and gradually reveals communities.

The article 1s organized as follows: In section 2, ICLA and
its background are briefly expressed. In section 3, the structure
of the suggested (SIG-CLA) is presented. In section 4, by the use
of different experiments, the effectiveness of the SIG-CLA on
both the artificial and real networks is shown compared with
other classical detecting community methods. Finally, section 5
gives the concluding remarks.

II. AUTOMATA THEORY

In this section, we first briefly explain the theory of CA and LA.
Then, Irregular CLA (ICLA) as a new variant of CLA 1s
mtroduced.

A Cellular Automata

Cellular Automata models are interesting models in
mathematics [21]. Theses model consists of a set of cells and
also a structure for organizing the cells. In these models, a
number of states are defined for the cells. Every cell selects a
state of the other states. In each cell, the operation of state
selection is performed locally. During this operation, each cell
makes a decision about its states base on its local observation
which is the states of its neighboring cells.

B. Learning Automata

The theory of learning automata belongs to the primary models
of reinforcement learning [22]. These model can be considered
as an agent which operate i unknown stochastic environments.
In these models, a set of actions 1s defined for the agent and also
a set of feedback that 1s 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 in an
asymptotical manner. Figure 1 shows the relationship between
LA and its environment.
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Figure 1. The relationship between the LA and its random environment

The structure of the learning automata used in this paper may be
defined with 4-tuple {a, 5, P, T} such that:

e a={a,, .., a,}is the limited number of actions

e [ ={B....05,} denotes the reinforcement signal

e P ={p,,...p,}is the probability vector
Tla{n), B(n), p(n)] is learning algorithm. Formula (1) and (2)
show update in vector of probability action in each iteration.
Learning algorithm moderates the vector of probability of action
using formula (1) for promising responses as:

pi(t+1) =p,(t) + a1l —p; ()] (1
pit+ 1) =(1—a)p;(t)

and formula (2) for unfavorable ones:

p(t+1) = (1 —a)p(t)

b
pit+1)= (m) + (1 - b)p;(t) @

The leamning rate of the LA can be managed by two parameters
a and b, where a denotes the reward and b denotes the penalty
parameters [23]-[25].

C. Cellular learning automata

The theory of CLA 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 = (Z%,@,A, N, F), where

1. Z%s a matrix of d-tuples.

2. @ is a himited number of states.

3. A s the number of leaming automata, where every LA 1s
placed the corresponding cell of cellular automata.

4. N ={xq,..., X} 1s a limited number of of Z% called
neighboring hood vector, where x; € Z¢ of the CA.

5. F: @, = f is the local rule of the CLA, in which f§
denotes the values of reinforcement.

D. Irvegular Cellular Learming Automata

The Trregular CLA (ICLA) 1s a new version of CLA, where the
limitation on the regular structure in conventional CLA is
eliminated. Many problems cannot be modeled by a grid
structure.

III. PRELIMINARIES AND PROBLEM STATEMENTS

A network system may be considered as a graph ¢ =<
N, E >, n which N indicates nodes and shows the users, and E
represents the edges or relationship in the networks. Let SF(N)
indicates a significant quality function, which designates ratio
of quality to any partition P of N. In Graph &, community
detection aims to find k partitions P = {C,,..., C.} of the set
V of vertices so that SF{P) is optimal. We note that no
assumption is made regarding the number or scale of the
communities. In the subsequent, we explain the step of the
algorithms. Moreover, we call our algorithm as SIG-CLA in
brief for simplicity.

The SIG-CLA consists of 3 main steps including: Initialization
Phase, Solution Description Phase and Objective function
evaluation.

e [nitialization Phase

Initialization is one of primary phase which is done once in the
CIG-CLA. In this phase, an ICLA is mapped to the network. In
the mapping, a one to one function operates to assigning each
node to each cell. The cell's state of an LA is determined by
current action which is taken by the LA. Each learning automata
LA; residing in vertex v; may be defined by a triple («, 8, p),
such that:



- o; ={ay, .., 2yt = N(i) indicates the set of action
and N{i) shows that neighborhood set i in the network.

- B, ={0,1} Indicates reward and penalty value of L4,
which is taken from the environment.

- P, = (p;1. Piz. -1 Diyr) shows the action probability vector
in which p,;is the probability of selecting action «;; by
learning automata LA,;.

With the aid of the cells state, a solution vector S 1s constructed.
By the use of S, it is possible to determine the current actions
selected by all the LA.

Therefore, during iteration ¢, the solution can be described by
equation (3).

S(8) = {a, (), 2z (£), ..., 2, (1)} (3)

Where a,(t) indicates the selected action by learning automata
LA; atiteration £. The mentioned procedure updates the solution
vector as the algorithm grows.

o Solution Description Phase
In this phase of SIG-CLA, a membership function is applied to
reveal the communities. In SIG-CLA, with the aid of this
function, the cardinality number of communities is obtained.
Therefore it is not proper for serving members of communities.
We utilize the locus-based adjacency representation presented
in [26]. The locus-based representation contains vector § =

(51,52,...,5,). In this vector for each s; € § denotes that
vertex v; and vertex s; be in own community. To obtain more
information about solution vector please refer to [26].

Since the solution vector contains the edges; therefore, a
transform mechanism by BFS or a DFS algorithm is done to get
communities in the network.
¢ Objective Function evaluation
One of the capabilities of open synchronous CLA (OSCLA) is
working with complicated patterns like communities. In
OSCLA, an LA has two different environments, including local
and global. The local environment is limited to each LA
separately, while the global environment includes all the LA
collectively. Therefore, two local and global are applied for the
evaluation of the communities revealed by SIG-CLA. In this
paper, the significance criteria are used as an objective function
for the global environment. The significance function indicates
the probability of finding a subgraph including n, nodes with
density g from a random graph with n node and density p is
equal by the following equation:

Pr(s(n, ) £ (n p)) = (o0l )
where D(q||p) ) is the distance from p and g which is computed
by equation (5):

1 —
D(gllp)=(1 *q)logl_s
We note that, the equation (4) is proposed for a community of

network and by extending the formula (4) for all network we
obtain equation (6):

: )
+q logd
q f’gp

nf
pr(o) = | [emc ()b 1om ©
Therefore, signicﬁcant is obtained by equation (7):
S(a) = —lag Pr(a) = Z (T;) Dip. .l p) (7)

[

IV. PROPOSED ALGORITHM

The SIG-CLA works as follows. In each running of the SIG-
CLA algorithm, each different LA’s selects an action
simultaneously. The selected actions by LA’s makes to generate
a candidate solution vector 5(t). Afterwhile, by decoding and
conversion, the solution vector changed into the membership
vector C(t). Using both local and global environments, the
significant function SF{t) and density of nodes inside
communities are determined. Based on two following
conditions which are obtained by both local and global the SIG-
CLA decide to guide LAs by reward or penalize.

1- The SF(t) current detected communities are not less than
the masxamum value of significant which is ganed up to
iteration .

2- Fornodes in each community must be adjacent to more than
half of vertices that are present in their communities.

If any of the conditions are not satisfied, then LA’s would get

penalize from the both environments. Then, during the running

SIG-CLA, the optimal action for finding communities 1s

determined.

The SIG-CLA 1s proceeding in some consecutive cycles until

the community structure remains unchanged.

The flowchart of the SIG-CLA for detecting commumty is

shown in figure 2.
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Figure 2. Flowchart of the SIG-CLA

V. Experiential Simulations

To study the efficiency of the SIG-CLA, we carried out some
simulations on the popular artificial network called LFR [27].
We have used this synthetic network because of its property for
the size of community and degree of node follows power-law
degree distribution with y and §§ exponents respectively.

In LFR M is mixing parameter, which means that {or each
vertex, a fractton, 1 — M of links 1s connected with the same



group of nodes and M of its links is connected with nodes of
different groups. Table 1 shows the basics of LFR networks that
are used for experiments. Besides, the SIG-CLA is compared
with several well-known algorithms such as CNM [4], MOGA
[28], GA-NET [29], MOCD [30], Meme.net [31] and CL A-net
[32] in term of Normalized Mutual Information (NMI).

Table 1: Configuration of the LFR benchmark networks

Parameter Values
Size of vertices N 1,000
Avg. degree K 5-20
Maximum community size (Max,) 50
Minimum community size (Min,) 20
Mixing parameter (i) 0-0.8

A. Normlized Mutal Information

The quality of an algorithm for community detection on a
known network can be computed by NMI (Normalized Mutual
Information as given in equation (9).

ngqgn
=2 Zyep Zaeo Ip N ql-logdE Ty

S per Ipllog (L) + 50191, 1og (121)

where P is the known community set and Q@ is the found
community set by the algorithm. The NMI value is between
[0, 1], where the NMI value nearby 1 is preferable [6]. The NMI
is useful for known networks.

NMI(P,Q) = ®)

B. Experiments

e Experiment I

In this section, this test is conducted to investigate the efficiency
of the SIG-CLA in assessment with famous algorithms for
detecting community including MOGA [27], GA-NET [28],
CNM [3], MOCD [29], Meme.net [30] and CLA-net [31] in
terms of NMI depicted in Figure 3. In order to the fairness and
correctness for comparison of the algorithms, we have reported
30 different independent runs of the proposed algorithm in the
experiment.
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Figure 3. The results of average NMI for community discovery on the LFR
synthetic graphs.

From the result, we may conclude that when g < 0.1, there is
no difference in the algorithm. However, by increasing the
mixing parameter, the efficiency of the algorithms except for

SIG-CLA, CLA-net, MIGA, and Meme-net are rigorously
decreased and unable to reveal accurate community structure.
We note that, when u < 0.4 the SIG-CLA finds exact
communities of the network. In addition other algorithms such
as CLA-net, MIGA, and Meme-net give proper result. For
0.4 < u < 0.65 SIG-CLA expect p = 0.5 is superior with
respect to other algorithms. But p > 0.65 the MOEA/D-net is
superior. It is notable that, for p < 0.65 the efficiency of the
MOEA/D-net is low which is far from the structure of the real
networks.  Finally, we can expressed the SIG-CLA is
outperforms from other algorithms in terms on NMI.

e Experiment II
In this experiment, we have selected the CLA-net algorithm
from other algorithms due to better performance. For this
purpose, we have plotted NMI versus different mixing
parameter, which is varying from O to 0.5 with 0.05 step length.
The lower, upper, and average result is demonstrated in figure
4.
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Figure 4. Comparison between SIG-CLA and CLA-net in terms of the
distribution results.

As can be shown from the result, both CLA-net and SIG-CLA,
when the scattering of the results is close to 0.5, is high. This
phenomenon is happening when and out-degree and in-degree
of communities are not notable. Hence, by executing the two
algorithms independently, we get different solutions. But,
totally the SIG-CLA shows better performance than CLA-net
due to the variance of the obtained results is less than the CL A-
net.

¢ Experiment III

In this experiment, we are trying to verify the superiorities of
the SIG-CLA from the test of statistical. The statistical results
of counterpart algorithms with the SIG-CLA algorithm and
CLA-net by the t-Test as two-tailed and 58 degrees of freedom
with a confidence level of significance at 0.95 are given in
Table 2. In Table 2, the t-Test comparing algorithms: SIG-CLA
vs. CL A-net when SIG-CLA is significantly better is shown as
highlighted text. To do this experiment, we compute the t-test
value versus different mixing parameters for the test network.

Table 1: Comparison SIG-CLA and CLA-net in terms of t-test



L CL A-net SIG-CLA

0 1+0 1+0.0002
0.05 0.9997+£0.0019 1+£0

0.1 0.991+0.0122 0.9997+0.0014
0.15 0.9824+0.0194 0.999420.0031
0.2 0.9766=0.0215 0.994+0.0085
0.25 0.9598+0.0214 0.9878+£0.0132
0.3 0.966+0.0252 0.9871=+0.0236
0.35 0.9776=0.0212 0.9896+£0.013
0.4 0.9484+0.0473 0.9681+0.0768
045 0.9337+0.0488 9305+0.0399
0.5 0.8711+£0.0779 0.8313+0.0736
0.55 0.7739+0.0589 0.7639+£0.0478
0.6 0.6254+0.0343 0.671320.0141
0.65 0.4079+0.0261 0.4603+0.012
0.7 0.3494+0.0219 0.414+0.0128
0.75 0.3002+0.0195 0.3446=0.0122
0.8 0.249320.0241 0.2621+£0.0226

Asg can be seen in Tablel, we may observe in 11 cases the SIG-
CLA are superior, in 5 are the same, and in 1 case, the SIG-
CLA 1s worse. Therefore, someone can conclude that the SIG-
CLA overly all outperforms other algorithms.

VI. CONCLUSTION

In this paper, we proposed an algorithm based on CLA called
SIG-CLA, which is applied for the detecting community
problem. The SIG-CLA uses critical criteria to call Significant
as a global measure to quantify communty feasibility. In
addition, a local density 1s considering by the SIG-CLA for each
node to control the density of nodes within communities. These
measures are applied as local and global environments in the
algorithms. With the aid of the cooperation between both local
and global environments and the learning mechanism, the SIG-
CLA tries to find optimal communities iteratively. Also, this
policy provides a new way to solve the resolution limit effects
on social networks. The performance of the SIG-CLA was
investigated by simulations and compared with the familiar
algorithms for community discovery. The simulation results
reveal the superiorities of the SIG-CL A with respect to NMIL
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