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Abstract
Community structure is an important topological fea-
ture of complex networks. Detecting community struc-
ture is a highly challenging problem in analyzing com-
plex networks and has great importance in understand-
ing the function and organization of networks. Up
until now, numerous algorithms have been proposed
for detecting community structure in complex networks.
A wide range of these algorithms use the maximiza-
tion of a quality function called modularity. In this
article, three different algorithms, namely, MEM-net,
OMA-net, and GAOMA-net, have been proposed for
detecting community structure in complex networks.
In GAOMA-net algorithm, which is the main proposed
algorithm of this article, the combination of genetic
algorithm (GA) and object migrating automata (OMA)
has been used. In GAOMA-net algorithm, the MEM-net
algorithm has been used as a heuristic to generate a por-
tion of the initial population. The experiments on both
real-world and synthetic benchmark networks indicate
that GAOMA-net algorithm is efficient for detecting
community structure in complex networks.
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1 INTRODUCTION

In the context of network theory, a complex network is a graph with nontrivial topological
features—features that do not occur in simple networks such as lattices or random graphs but
often occur in graphs that modeling real-world systems. Most social, biological, and techno-
logical networks display substantial nontrivial topological features, with patterns of connection
between their elements that are neither purely regular nor purely random. Such features include
a heavy tail (power law) in the degree distribution, a high clustering coefficient, assortativity or
disassortativity among vertices, community structure, and hierarchical structure.1-3

Among the above features, community structure detection has become an important problem
in complex networks analysis. The purpose of community structure detection problem is to iden-
tify groups of nodes such that the density of links within the groups is high and between the groups
is low.4,5 This is a qualitative definition. In Reference 6, two quantitative definitions for a commu-
nity are given. The subgraph C is a community in a strong sense, if K in

i (C) > Kout
i (C),∀i ∈ C. In a

strong community, each node has more connections within the community than with the rest of
the graph. The subgraph C is a community in a weak sense, if

∑
i∈C

K in
i (C) >

∑
i∈C

Kout
i (C),∀i ∈ C. In a

weak community, the sum of all degrees within community C is larger than the sum of all degrees
toward the rest of the network. Clearly, a community in a strong sense is also a community in a
weak sense, while the converse is not true. In Reference 7, another quantitative definitions for a
community is given as follows: Ki(C)≥Ki(C′),∀ i∈C,∀C ′ ≠C. According to this definition, the
connections of each node within the community to which it belongs should not be less than its
connections to other communities. When there are only two communities in the network, this
definition is equivalent to the definition of a community in strong sense. When there are more
than two communities in the network, the constraint of this definition is weaker than the strong
community.

In recent years, many approaches have been proposed to detect communities in complex net-
works. Among them, methods based on the optimization of an objective function have become
more popular. Modularity8 is one of the widely used objective functions for detecting commu-
nities. Notion of modularity is based on the idea that a random graph is not expected to have a
community structure. Modularity measures “the possible existence of communities by compar-
ison between the actual density of edges in a subgraph and the density one would have in the
subgraph if the vertices of the graph were attached regardless of a community structure”. This
expected edge density depends on the chosen null model, that is, a copy of the original graph
keeping some of its structural properties but without community structure. The choice of the null
graph is in principle arbitrary and several possibilities exist. The usual choice of the null graph
is to choose a model with the same size and degree distribution as of the original graph. The
larger modularity indicates that there are more connections within the communities than the
expected number in the null model. If one takes modularity as the objective function, the problem
of detecting community structure can be modeled as a modularity optimization problem. It has
been proven that modularity optimization problem is an NP-hard problem.9 Hence, approximate
algorithms are required while dealing with large networks.

In this article, three different algorithms, namely, MEM-net, OMA-net, and GAOMA-net are
proposed for detecting community structure in complex networks. In MEM-net algorithm, each
network node has a memory with a specific depth and a label is assigned to it. As a result of inter-
acting with neighboring nodes, label of each node either moves to different states of its memory
or it changes. Finally, the optimal community structure is determined by the labels of the network
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nodes. MEM-net algorithm has linear time complexity in terms of the number of network edges.
In OMA-net algorithm, the entire network is modeled as an object migrating automaton and each
network node is mapped to one of its actions; also, an object (label) is assigned to each action.
Finally, the optimal community structure is found through the evolution of the object migrating
automaton. Like MEM-net algorithm, OMA-net algorithm has linear time complexity in terms of
the number of network edges. In GAOMA-net algorithm, which is the main proposed algorithm
of this article, the combination of genetic algorithm (GA) and object migrating automata (OMA)
has been used. By combining GA with the OMA, it largely overcomes the problem of premature
convergence. In addition, in GAOMA-net algorithm, the MEM-net algorithm has been used as a
heuristic to generate a portion of the initial population. This will accelerate the convergence of
the algorithm. The experiments on both real-world and synthetic benchmark networks indicate
that GAOMA-net algorithm is efficient for detecting community structure in complex networks.

The main contributions of this work are summarized as follows:

• A method with linear time complexity, named MEM-net, is proposed to solve the problem of
community structure detection (see Section 3). This method has a moderate performance on
different benchmark networks.

• Standard object migrating automaton10 is modified so that it can be useable in locus-based adja-
cency representation.11 In addition, a method, named OMA-net, is proposed that uses modified
object migrating automaton to solve the problem of community structure detection (see
Section 4). This method also has a moderate performance on different benchmark networks.

• GA and OMA are integrated as a single framework (GAOMA-net) to solve the problem of com-
munity structure detection (see Section 5). To the best of our knowledge, the integration of GA
and OMA is the first work in the community structure detection.

• As we know, one of the major drawbacks of population-based evolutionary algorithms, includ-
ing GAs, is premature convergence (falling in the local optimum) due to the loss of diversity
in the population. So far, different solutions have been proposed to solve this problem. In
GAOMA-net, this problem has been largely overcome using the learning capability of OMA.

• As we know, smart population generation plays a significant role in the convergence of
population-based evolutionary algorithms. For this reason, in the proposed hybrid framework
(GAOMA-net), MEM-net algorithm is used as a heuristic to generate a portion of the initial
population. This will accelerate the convergence of the algorithm.

The rest of the article is organized as follows: in Section 2, some works related to the problem
of community structure detection in complex networks are briefly reviewed. In Sections 3, 4,
and 5, the proposed MEM-net, OMA-net, and GAOMA-net algorithms are described, respectively.
The experimental results and discussion are reported in Section 6. Finally, Section 7 gives the
conclusion of this article.

2 RELATED WORKS

2.1 Categories of community detection algorithms

In this section, a general categorization is presented for community detection methods. Given the
nature of the existing algorithms, community detection methods can be divided into four major
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categories: traditional methods, divisive methods, quality optimization-based methods, and label
propagation-based methods. In the following, each of these categories is briefly explained.

A. Traditional methods: These methods use graph clustering techniques to detect com-
munities. Traditional methods based on similarity measures, such as spectral bisection, the
Kernighan-Lin algorithm, and hierarchical clustering are not ideal for real-world networks (eg,
biological and social networks) and may fail in detecting communities.12 These methods can be
further classified as:

I. Graph partitioning: The problem of graph partitioning consists in dividing the vertices of a
network into two or, in general, into g groups of predefined size, such that the number of edges
lying between the groups, usually named the cut size, is minimal. Various measures such as
max-flow min-cut, conductance, ratio cut (RC), and normalized cut are used to determine the
cut size. Specifying the number and size of modules is necessary, which is generally not the case
in many real-world networks. Besides, from the methodological point of view, using iterative
bisectioning to split the graph into more clusters is not a reliable procedure.1,3,4

II. Hierarchical clustering: Graphs may have a hierarchical structure, that is, may display sev-
eral levels of grouping of the vertices, with small clusters included within large clusters, which
are in turn included in larger clusters, and so on. In such cases, one may use hierarchical clus-
tering algorithms, that is, clustering techniques that reveal the multilevel structure of the graph.
The starting point of any hierarchical clustering method is the definition of a similarity measure
between vertices. Various similarity measures such as Euclidean distance (L2-norm), Manhattan
distance (L1-norm), L∞-norm, and cosine similarity can be used. After a measure is chosen, one
computes the similarity for each pair of vertices, no matter if they are connected or not. At the
end of this process, one is left with a n×n matrix S, the similarity matrix. Hierarchical clustering
techniques aim at identifying groups of vertices with high similarity, and can be classified in two
categories:

1. Agglomerative algorithms, in which clusters are iteratively merged if their similarity is
sufficiently high;

2. Divisive algorithms, in which clusters are iteratively split by removing edges connecting
vertices with low similarity.

The two classes refer to opposite processes: agglomerative algorithms are bottom-up, as one
starts from the vertices as separate clusters (singletons) and ends up with the graph as a unique
cluster; divisive algorithms are top-down as they follow the opposite direction. Hierarchical clus-
tering has the advantage that it does not require a preliminary knowledge on the number and
size of the clusters. However, it does not provide a way to discriminate between the many parti-
tions obtained by the procedure, and to choose that or those that better represent the community
structure of the graph. The results of the method depend on the adopted similarity measure. The
procedure also yields a hierarchical structure by construction, which is rather artificial in most
cases, since the graph at hand may not have a hierarchical structure at all. Moreover, vertices may
not be correctly classified, and in many cases some vertices are missed even if they have a central
role in their clusters.12 Another problem is that vertices with just one neighbor are often classi-
fied as separated clusters, which in most cases do not make sense. Finally, a major weakness of
agglomerative hierarchical clustering is that it does not scale well.4

III. Partitional clustering: Partitional clustering indicates another class of methods to find clus-
ters in a set of data points. Here, the number of clusters is predefined, say k. The points are
embedded in a metric space, so that each vertex is a point and a distance measure is defined
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between pairs of points in the space. The distance is a measure of dissimilarity between vertices.
The goal is to separate the points in k clusters such that maximize/minimize a given cost func-
tion based on distances between points and/or from points to centroids, that is, suitably defined
positions in space. Some of the most used cost functions are: minimum k-clustering, k-clustering
sum, k-center, and k-median.4

IV. Spectral clustering: Spectral clustering includes all methods that partition the set of objects
into clusters by using the spectral properties such as eigenvectors of similarity matrix or other
matrices (eg, the Laplacian matrix, the normalized Laplacian matrix, the modularity matrix, etc.)
derived from it. In particular, the objects could be points in some metric space, or the vertices of a
graph. Spectral clustering consists of a transformation of the initial set of objects into a set of points
in a metric space, by using the entries of eigenvectors. The i-th entries of the eigenvectors are the
coordinates of vertex i in a k-dimensional Euclidean space, where k is the number of eigenvectors
used. The set of points is then clustered via standard techniques, like k-means clustering. One
may wonder why it is necessary to cluster the points obtained through the eigenvectors, when one
can directly cluster the initial set of objects, based on the similarity matrix. The reason is that the
change of representation induced by the eigenvectors makes the cluster properties of the initial
dataset much more evident. In this way, spectral clustering is able to separate data points that
could not be resolved by applying directly k-means clustering.2,4,5

B. Divisive methods: A simple way to identify communities in a graph is to detect the edges that
connect vertices of different communities and remove them, so that the clusters get disconnected
from each other. The crucial point is to find a property of intercommunity edges that could allow
for their identification. Divisive methods do not introduce substantial conceptual advances with
respect to traditional techniques, as they just perform hierarchical clustering on the graph at study.
The main difference with divisive hierarchical clustering is that here one removes intercluster
edges instead of edges between pairs of vertices with low similarity and there is no guarantee that
intercluster edges connect vertices with low similarity.2,4

C. Quality optimization-based methods: Communities can also be identified based on the qual-
ity of a partition. In this case, the problem of detecting community structure can be modeled as an
optimization problem. The latter is not trivial, as the number of possible partitions of a network
in clusters increases exponentially with the size of the network, making exhaustive optimization
computationally unreachable even for relatively small graphs. Therefore, these class of methods
focus on to achieve fairly good approximations of quality function with the least computational
cost. Quality optimization-based methods can be classified as4:

I. Greedy techniques: Greedy techniques merge vertices iteratively to form large communities
such that their overall quality is maximum. These methods are fast but not very accurate.

II. Simulated annealing: Simulated annealing13 is a probabilistic procedure for global opti-
mization. It consists in performing an exploration on the space of possible states, looking for
the global optimum of a function F, say its maximum. Transitions from one state to another
occur with probability 1 if F increases after the change, otherwise with a probability exp(𝛽ΔF),
where ΔF is the decrease of the function and 𝛽 is an index of stochastic noise, a sort of inverse
temperature, which increases after each iteration. The noise reduces the risk that the system
gets trapped in local optima. At some stage, the system converges to a stable state, which can
be good approximation of the maximum of F, depending on how many states were explored
and how slowly is varied. Simulated annealing was first employed for modularity optimization
by Guimera et al.14

III. Extremal optimization: Extremal optimization is a heuristic search procedure proposed
by Boettcher and Percus,15 in order to achieve an accuracy comparable with GA and simulated
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annealing, but with a substantial gain in computer time. It is based on the optimization of local
variables, expressing the contribution of each unit of the system to the global function at study.
This technique was used for modularity optimization by Duch and Arenas.16

IV. Spectral optimization: Spectral optimization refers to the use of eigenvectors and eigen-
values of the modularity matrix for modularity optimization. The spectral optimization of
modularity is quite fast.4

V. Evolutionary algorithms: Evolutionary algorithms are based on the evolution of the
species. In general, they are based on the evolution theory of Charles Darwin. The way
the evolutionary algorithms are implemented varies considerably; however, the basic idea
behind all these variations is similar. Evolutionary algorithms are characterized by the exis-
tence of a population of individuals exposed to environmental pressure, which leads to natural
selection, that is, the survival of the fittest, and in turn the increase of the average fitness
of the population. They are known for their effective local learning and global searching
capabilities.

D. Label propagation-based methods: Unlike other community detection algorithms, label
propagation-based methods do not optimize any given objective function and do not require to
have a priori information about the network structure. Initially, a distinct label is assigned to each
node. Then, during an iterative process, each node adopts a label in agreement with the major-
ity of its neighbors. When all nodes have the label of the majority of their neighbors, algorithm
stops. At the end, the connected nodes with the same label establish a community. The time com-
plexity of these algorithms is almost linear. The main drawback of these methods is that they may
produce different solutions in different runs.7

In Table 1, the advantages and disadvantages of each category along with some of the
well-known algorithms in each category are given.

2.2 Evolutionary community detection algorithms

Given that the proposed algorithm is an evolutionary algorithm, in the following, only some of
the evolutionary algorithms are described. Single-objective evolutionary approaches to commu-
nity detection can be found in References 43-49 and multiobjective evolutionary approaches to
community detection can be found in References 50-58.

In References 43 and 44, the authors present a GA that uses modularity of Newman and
Girvan8 as fitness function. An individual is constituted by n genes, where n is the number
of network nodes. The i-th gene corresponds to the i-th node, and its value is the community
identifier of node i. In these algorithms, by using a simple heuristic, the initial population is
improved. This leads to fast convergence of the algorithms. In addition, they use nonstandard
one-way crossover operator as follows: In one-way crossover, one of the parent chromosomes is
called the source chromosome and the other is called the destination chromosome. A node is ran-
domly selected and its community identifier is determined in the source chromosome. Suppose
that its community identifier is cr. Then, all nodes with community identifier cr are found in the
source chromosome and their community identifier is copied to the corresponding nodes in the
destination chromosomes.

In Reference 45, Pizzuti proposed the concept of community score (CS) for evaluating the qual-
ity of a partition and used a GA, named GA-Net, to optimize it. In this algorithm, locus-based
adjacency representation is used. The main advantage of this representation is that the num-
ber of communities is automatically determined in the decoding process. Moreover, in this
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algorithm, specialized variation operators (recombination and mutation) are used. These opera-
tors reduce the search space by generating safe solutions; hence, the convergence of the algorithm
is improved. In a safe solution, the i-th gene can have j value if and only if there is an edge between
i and j nodes.

In Reference 47, the authors proposed a memetic algorithm, named Meme-Net, for optimizing
the modularity density (D).62 Modularity density includes a tunable parameter that allows one to
explore the network at different resolutions and reveal the hierarchical structure of the network.
This algorithm is a synergy of a GA with a hill-climbing strategy as the local search procedure. In
this algorithm, the initial population is improved with the same heuristic as in References 43 and
44 and two-way crossover operator is used.

In Reference 48, the authors proposed a memetic algorithm, named MA-COM, for detect-
ing community structure in complex networks. This algorithm combines a GA with a dedicated
crossover operator (priority-based crossover) and a multilevel local optimization procedure. To
maintain population diversity and avoid premature convergence, MA-COM additionally uses a
quality-and-distance-based population updating strategy. In this updating strategy, not only the
quality of the offspring but also its distance to the solutions of the population is considered to
decide whether the offspring can be inserted into the population or not.

In References 50 and 51, Pizzuti proposed a multiobjective GA, named MOGA-Net, to uncover
community structure in complex networks. This algorithm adopts the nondominated sorting GA
(NSGA-II)63 as its optimization mechanism and optimizes two contradictory objective functions
termed as CS and Community Fitness (CF). CS to some extent measures the link density inside
communities, while CF measures the link density between communities. Both the objective func-
tions have a positive real-valued parameter controlling the size of the communities. The higher
the value of the parameter, the smaller the size of the communities found. By maximizing CS and
negative of CF, we can ensure that the links inside communities are dense and the links between
communities are sparse, which is in accordance with the basic nature of the communities in a
network. Thus, the proposed optimization model is as follows:

max
{

f 1 = CS
f 2 = −CF

}
.

In Reference 52, the authors proposed a multiobjective evolutionary algorithm, named
MOEA/D-Net, to reveal community structure in complex networks. This algorithm adopts the
decomposition64 as its optimization mechanism. The highlight of this work is the newly cranked
out multiobjective community optimization model, which optimizes two objectives termed as
negative ratio association (NRA) and RC. RA calculates the link density within communities, while
RC measures the link density between communities. By minimizing NRA and RC, we can ensure
that the links within communities are dense and the links between communities are sparse. Thus,
the proposed optimization model is as follows:

min
{

f 1 = NRA
f 2 = RC

}
.

In Reference 53, a discrete framework of the particle swarm optimization algorithm is pro-
posed. Based on the proposed discrete framework, a multiobjective discrete particle swarm
optimization algorithm, named MODPSO, based on decomposition is proposed to solve the com-
munity structure detection problem by minimizing two objectives termed as Kernel K-Means
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(KKM) and RC. The motivations to define the above objectives are that, the KKM is a decreasing
function of the number of communities while the opposite trend happens to the RC function, in
other words, they are two conflicting objectives. From the definitions of KKM and RC, we can
notice that the KKM can be considered as the negative sum of the intracommunity links and RC
can be considered as the sum of the intercommunity links. By minimizing KKM and RC, we can
ensure that the links within communities are dense and the links between communities are spare.
Thus, the proposed optimization model is as follows:

min
{

f 1 = KKM
f 2 = RC

}
.

In References 54 and 55, the authors proposed a multiobjective evolutionary algorithm, named
SN-MOGA, to reveal community structure in signed networks. In a signed network, the weight
of the edges can be positive or negative. This algorithm uses the NSGA-II framework to optimize
two objectives termed as Qsigned and frustration. Qsigned measures the quality of the communities
in a signed network. By minimizing frustration, we can ensure that the sum of the negative links
within communities and the sum of the positive links between difference communities are min-
imum, which is in accordance with the basic nature of the communities in a signed network.
Thus, the proposed optimization model is as follows:

max
{

f 1 = Qsigned
f 2 = −frustration

}
.

In Reference 56, the authors proposed a multiobjective evolutionary algorithm based on node
similarity, named MEAs-SN, for community detection in signed social networks by optimizing
two objectives termed as f pos− in and f neg− out. By maximizing f pos− in, we can ensure high pos-
itive similarities within communities, and by maximizing f neg− outwe can ensure high negative
similarities between different communities. Thus, the proposed optimization model is as follows:

max
{

f 1 = fpos−in
f 2 = fneg−out

}
.

3 THE PROPOSED MEM-NET ALGORITHM

In this section, a memory-based algorithm, named MEM-net, is proposed for detecting commu-
nity structure in complex networks. In this algorithm, each network node has a memory with a
specific depth and a label is assigned to it. As a result of interacting with neighboring nodes, label
of each node either moves to different states of its memory or it changes. Finally, the optimal
community structure is determined by the labels of the network nodes. The detailed description
of MEM-net algorithm is described below.

3.1 Solution representation

In MEM-net algorithm, locus-based adjacency representation11 is used for detecting community
structure in complex networks. In this graph-based representation, the solution is represented by
a solution vector, S = (s1, s2,… , sn), where si corresponds to the node i and it can take label of the
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F I G U R E 1 (Top) A sample network
with three communities. Different
communities are shown in different colors.
(Bottom) An example of nodes' label and
their memory state (the memory depth of
nodes is considered to be 5). Solid circles
indicate the current state and label of
nodes. For example, node 9 is in state 4 and
its label is 12. Typically, nodes that there is
no edge between them and the nodes of
other communities are in stable states of
their memory; and nodes that there is edge
between them and the nodes of other
communities, are in unstable states of their
memory [Color figure can be viewed at
wileyonlinelibrary.com]

one of the adjacent nodes of node i (including node i itself). Loci and their values (labels) represent
nodes of the graph G = (V , E), and a value j assigned to the si (i-th locus) is interpreted as a link
between the nodes i and j. This means that in the resulting solution, they will be in the same com-
munity. The decoding procedure of this representation is to identify all the connected components
of graph G. The nodes belonging to the same connected component are assigned to one commu-
nity. Using a simple backtracking scheme, the decoding procedure can be done in linear time.
After decoding, the solution vector is converted into the membership vector, C = (c1, c2,… , cn),
which indicates the community structure. In the membership vector, ci indicates the index of the
community to which node i belongs. The main advantage of this representation is that it can rep-
resent community structure with dynamic number of communities. The number of communities
is automatically determined in the decoding process. A solution vector for the network of Figure 1
in locus-based adjacency representation and its corresponding graph structure and membership
vector are shown in Figure 2.

3.2 Solution vector construction

In MEM-net algorithm, the solution vector is formed by the label of each network node. Hence,
at each cycle t, the solution vector can be represented as

S(t) = (L1(t),L2(t),… ,Ln(t)), (1)

where Li(t) is the label of node i at cycle t.

3.3 Reward and penalty of a node

In MEM-net algorithm, each network node has a memory with a specific depth and its label either
moves to different states of its memory or changes as a result of the reward or penalty. Assuming

http://wileyonlinelibrary.com
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F I G U R E 2 (Top) A solution vector
for the network of Figure 1 in locus-based
adjacency representation. (Middle) The
graph structure corresponding to the
solution vector. (Bottom) The membership
vector corresponding to the solution vector
[Color figure can be viewed at
wileyonlinelibrary.com]

F I G U R E 3 The way of rewarding and
penalizing of a node. ...

1S 2S-1

...

1S 2S-1

Reward

Penalize

that the memory depth of nodes is S, each node will have different memory states, that is,
1, 2, … , S. State 1 is called the most unstable state and state S is called the most stable state. By
rewarding a node, its label moves towards stable states of memory and by penalizing a node, its
label moves towards unstable states of memory. If the label of a node is in the most stable state
and the related node is rewarded, the label of the node remains in the same state. If the label of
a node is in the most unstable state and the related node is penalized, the label of the node will
change through the majority voting of its neighbors' label. Figure 3 depicts the way of rewarding
and penalizing of a node.

3.4 Framework of the MEM-net algorithm

In MEM-net algorithm, in each cycle, all nodes are randomly selected and evaluated. Based on
the evaluation result, the selected node is rewarded or penalized (asynchronous updating). For
evaluating the selected node, majority voting of its neighbors' label can be used. If the label
of the selected node is equal to the label of the majority of its neighbors, the selected node is
rewarded; otherwise, it is penalized. The process of randomly selecting a node and its reward-
ing/penalizing is repeated until the node labels do not change in several consecutive cycles. At the

http://wileyonlinelibrary.com


14 ZAREI and MEYBODI

F I G U R E 4 Main framework of the
MEM-net algorithm.

end, the solution vector is formed by using the label of nodes. Then, after decoding, it is converted
into the membership vector, which indicates the community structure. In Figure 4, the main
framework of the MEM-net algorithm for detecting community structure in complex networks
is given.

3.5 Time complexity of the MEM-net algorithm

In this section, the time complexity of the MEM-net algorithm is analyzed. Let n and m denote
the number of nodes and edges in the network, respectively. Hence, the average degree of nodes
is O(k) = O(m∕n). In step 1, the label of each network node is initialized. Doing this task for each
node requires O(1) time. Since the number of network nodes is equal to n, the total time complex-
ity of step 1 will be O(n). In step 2, each node is firstly evaluated; then, based on the evaluation
result, it is rewarded or penalized. Since the time complexity of evaluating a node is O(k) (because
the majority voting of neighbors' label is used for evaluating of a node) and the reward/penalty
of a node requires O(1) time, the total time complexity of step 2 will be O(nk) = O(m). Hence,
according to the above analysis, the total time complexity of MEM-net algorithm is linear in terms
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of the number of network edges and equal to O(n)+O(Tm) = O(Tm). T stands for the number
of cycles.

4 THE PROPOSED OMA-NET ALGORITHM

In this section, an algorithm based on the object migrating automaton, named OMA-net, is pro-
posed for detecting community structure in complex networks. In this algorithm, the entire
network is modeled as an object migrating automaton and each network node is mapped to one of
its actions; also, an object (label) is assigned to each action. Finally, the optimal community struc-
ture is found through the evolution of the object migrating automaton. The detailed description
of OMA-net algorithm is described below.

4.1 Object migrating automaton

The number of ways in which a network with n nodes can be partitioned into k nonempty com-
munities is equal to Stirling number of the second kind, Sk

n. Hence, the number of possible distinct
partitions of a network with n node is

∑n
k=1 Sk

n. This sum is not known in the closed form but it
can be seen that S1

n + S2
n = 2n−1 for all n> 1; hence, the sum must increase at least exponentially

in terms of n.33 If the learning automaton is used for solving the problem of community struc-
ture detection in complex networks, the number of learning automaton actions must be equal
to the number of possible distinct partitions of network (at least exponentially). Large numbers
of actions reduce the convergence speed of learning automaton. For solving this problem, object
migrating automaton was proposed by Oommen and Ma.10

The object migrating automaton is defined as a quintuple {𝛼, 𝜙, 𝛽, F, G} in which
𝛼 = {a1,… , ar} is the set of learning automaton allowable actions; 𝜙 = {𝜙1,… ,𝜙rN } is the set
of learning automaton states; 𝛽 = {0, 1} is the set of inputs; F = 𝜙× 𝛽→𝜙 is the state mapping
function; and G = 𝜙→ a is the output mapping function. This type of automaton is used for clas-
sifying objects, assigning letters to keys and partitioning graph. In this automaton, each action
indicates a class.

In the fixed structure automaton, the environment response to automaton makes it transfer
from one state to another state. However, in object migrating automaton, objects are assigned
to states and the environment response to automaton leads to the movement of objects among
the states of automaton. In this way, objects classification is carried out. If object Oi is in
action ak of object migrating automaton, it indicates that this object will be in the class
numbered K.

For each action ak, there is a set of states {𝜙(k− 1)N + 1,… ,𝜙kN }, where N is the depth of memory
and 1≤ k≤ r in which r is the number of actions (classes). In general, state 𝜙(k− 1)N + 1 can be
considered as the most internal state (stable state) and state 𝜙kN can be considered as the most
external state (unstable or boundary state) of that action. If two objects Oi and Oj are in states
𝜙(k− 1)N +n and 𝜙(k− 1)N +m (for n<m), respectively, in this case, certainty of belonging object Oi to
class numbered K is more. Hence, for action ak, state 𝜙(k− 1)N + 1 is called the state with the most
degree of certainty and state 𝜙kN is called the state with the least degree of certainty. Function F
produces the next state of an objetc from the current state of the object and input of automaton.
In Sections 4.1.1 to 4.1.3, this function is described for different automata. Function G determines
the output (action/class) of an object from the current state of the object.
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F I G U R E 5 The way of rewarding
(𝛽 = 0) and penalizing (𝛽 = 1) an action in
object migrating automaton based on
Tsetlin automaton

F I G U R E 6 The way of rewarding
(𝛽 = 0) and penalizing (𝛽 = 1) an action in
object migrating automaton based on
Krinsky automaton

4.1.1 Object migrating automaton based on Tsetlin automaton

Object migrating automaton based on Tsetlin automaton uses Tsetlin automaton65 for rewarding
and penalizing actions. In this automaton, by rewarding an action, its object moves towards stable
states; if the object is in the most stable state, it will remain in the same state. In addition, by
penalizing an action, its object moves towards unstable states; if the object is in the most unstable
state, it will migrate to the most unstable state of next action. Figure 5 depicts the way of rewarding
and penalizing an action in this automaton.

4.1.2 Object migrating automaton based on Krinsky automaton

Object migrating automaton based on Krinsky automaton uses Krinsky automaton65 for reward-
ing and penalizing actions. In this automaton, by rewarding an action, its object moves to the
most stable state; if the object is in the most stable state, it will remain in the same state. The way
of penalizing an action in this automaton is similar to that of Tsetlin automaton. Figure 6 depicts
the way of rewarding and penalizing an action in this automaton.

4.1.3 Object migrating automaton based on Krylov automaton

Object migrating automaton based on Krylov automaton uses Krylov automaton65 for rewarding
and penalizing actions. In this automaton, by penalizing an action, it will be rewarded with the
probability of 50% similar to the Tsetlin automaton, and it will be penalized with the probability of
50% similar to the Tsetlin automaton. The way of rewarding an action in this automaton is similar
to that of Tsetlin automaton. Figure 7 depicts the way of rewarding and penalizing an action in
this automaton.

Figure 8 shows a sample network with six nodes and the corresponding object migrating
automaton based on Tsetlin/ Krinsky/Krylov automaton. Each action has an object that is in
one of the memory states of that action. For example, action a4 has object 6 that is in state 20 of
memory.
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F I G U R E 7 The way of rewarding
(𝛽 = 0) and penalizing (𝛽 = 1) an action in
object migrating automaton based on
Krylov automaton

F I G U R E 8 (Top) A sample network with six nodes. (Bottom) Object migrating automata corresponding to
the network [Color figure can be viewed at wileyonlinelibrary.com]

4.1.4 Object migrating automaton for detecting community
structure in complex networks

In object migrating automaton for detecting community structure in complex networks, by
rewarding/penalizing an action, that action will be rewarded/penalized according to one of the
above OMA. In other words, by rewarding/penalizing an action, its object will move towards sta-
ble/unstable states. The only difference is that, if an object is in the most unstable state and its
action is penalized, the object will not migrate to the most unstable state of next action; rather, the
object will be replaced with object of one of its neighboring actions. However, in this replacement,
a neighboring object is selected, which leads to the maximum increase in modularity. Figure 9
depicts the way of rewarding and penalizing an action in the object migrating automaton based
on Tsetlin automaton.

4.2 Solution representation

In OMA-net algorithm, locus-based adjacency representation11 is used for detecting community
structure in complex networks. Locus-based adjacency representation is fully described in Section
3.1. A solution vector for the network of Figure 8 in locus-based adjacency representation and its
corresponding membership vector are shown in Figure 10.

http://wileyonlinelibrary.com
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F I G U R E 9 (Top) The way of rewarding and penalizing an action that its object is not in the most unstable
state. (Bottom) The way of rewarding and penalizing an action that its object is in the most unstable state. In
bottom figure for penalizing action a4, its object is replaced with object of one of the its neighbors (in this
example, object of action a6) [Color figure can be viewed at wileyonlinelibrary.com]

F I G U R E 10 (Top) A solution vector for the network of Figure 8 in locus-based adjacency representation.
(Bottom) The membership vector corresponding to the solution vector [Color figure can be viewed at
wileyonlinelibrary.com]

4.3 Solution vector construction

In OMA-net algorithm, the solution vector is formed by the object of each action of the object
migrating automaton. Hence, at each cycle t, the solution vector can be represented as

S(t) = (O1(t),O2(t),… ,On(t)), (2)

where Oi(t) is the object of action ai at cycle t.

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com
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4.4 Framework of the OMA-net algorithm

In OMA-net algorithm, in each cycle, an action is randomly selected and evaluated. Based on the
evaluation result, the selected action is rewarded or penalized. For evaluating the selected action,
the amount of changes in modularity by transferring that action to the community of each of
its neighbors can be used. If the maximum amount of changes in modularity is smaller than or
equal to zero, it means that, the community in which the selected action is located, is a desirable
community; hence, that action is rewarded. Otherwise, the selected action will be penalized.
Depending on the learning automaton type, the way of rewarding and penalizing an action is
different, which is fully described in Sections 4.1.1 to 4.1.4. The process of randomly selecting
an action and its rewarding/penalizing is repeated until the action objects does not change in
several consecutive cycles. At the end, the solution vector is formed by using the object of actions
of the object migrating automaton. Then, after decoding, it is converted into the membership

F I G U R E 11 Main framework of the
OMA-net algorithm
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vector, which indicates the community structure. In Figure 11, the main framework of the
OMA-net algorithm for detecting community structure in complex networks is given.

4.5 Time complexity of the OMA-net algorithm

In this section, the time complexity of the OMA-net algorithm is analyzed. Let n and m denote
the number of nodes and edges in the network, respectively. Hence, the average degree of nodes
is O(k) = O(m∕n). In step 1, the object of each object migrating automaton action is initialized.
Doing this task for each action requires O(1) time. Since the number of object migrating automa-
ton actions is equal to n, the total time complexity of step 1 will be O(n). In step 2, an action
is firstly evaluated; then, based on the evaluation result, it is rewarded or penalized. Since the
time complexity of evaluating an action is O(k) (because the amount of changes in modularity by
transferring an action to the community of each of its neighbors is used for evaluating it) and the
reward/penalty of an action requires O(1) time, the total time complexity of step 2 will be O(k).
Hence, according to the above analysis, the total time complexity of OMA-net algorithm is lin-
ear in terms of the number of network nodes and equals to O(n) + O(Tk) = O(n). T stands for the
number of cycles.

5 THE PROPOSED GAOMA-NET ALGORITHM

In this section, a hybrid algorithm (combination of GA and OMA), named GAOMA-net, is
proposed for detecting community structure in complex networks. Unlike classic GAs, in the
GAOMA-net algorithm, binary coding for chromosomes is not used. In GAOMA-net algorithm,
each chromosome is denoted by a learning automaton of object migrating type so that each of the
chromosome genes is assigned to one of the object migrating automaton actions and it is located
at the certain depth of that action. Finally, the optimal community structure is found through the
evolution of GA.

By combining GA and learning automata and the concepts of gene, chromosome, action, and
depth, one can achieve an efficient search method for detecting community structure in complex
networks. By simultaneously using GA and learning automata in the search process, the speed of
achieving a solution is significantly increased and avoids falling algorithm in the local optimum.
Self-healing, reproduction, rewarding and penalizing (guiding), and no need prior information
about the network such as the number and size of the communities are main features of hybrid
GAOMA-net algorithm. The detailed description of GAOMA-net algorithm is described below.

5.1 Initial population

Assuming that the number of population members is n, hence, n chromosomes (solution vector
or object migrating automaton) are randomly generated. At the beginning, objects are placed in
the most unstable state of its action. For increasing convergence speed, a portion of the initial
population can be generated using heuristics such as MEM-net Algorithm. Since the time com-
plexity of the MEM-net algorithm is linear, the generation of a portion of the initial population
using it does not have a significant time overhead. In Figure 12, an example of initial population
with n = 6 members for the network of Figure 8 is shown.
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F I G U R E 12 An example of initial population with n = 6 members for the network of Figure 8 [Color
figure can be viewed at wileyonlinelibrary.com]

5.2 Fitness function

In GAs, fitness function indicates the survival of chromosomes. In the problem of commu-
nity structure detection in complex networks, the purpose is to find a partition with maximum
modularity. Hence, fitness function is defined as follows:

Fitness (chromosome or community structure) = Modularity (community structure). (3)

5.3 Operators

In this section, the operators used in GAOMA-net algorithm are described. These operators
include the common operators in GAs (selection, recombination, and mutation) and an extra
operator called reward/penalize.

5.3.1 Selection operator

In order to select parents for recombination, mutation, and reward/penalize operators, one of the
common methods such as fitness-based selection, rank-based selection, etc. can be used.

http://wileyonlinelibrary.com
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5.3.2 Recombination operator

For doing this operator, one of the common methods such as n-point crossover, uniform crossover,
etc. can be used. For example, uniform crossover is described here. In this method, children (new
solution vector or new object migrating automaton) are generated according to a random binary
array called mask. In this way, if a bit in mask array is equal to 1, the corresponding action in
child one is selected from parent one and the corresponding action in child two is selected from
parent two. In case that a bit in mask array is equal to 0, the corresponding action in child one is
selected from parent two and the corresponding action in child two is selected from parent one.
In Figure 13, this operator is illustrated.
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F I G U R E 13 The way of doing uniform crossover. According to the mask array, in child1, a1, a2, and a4

actions have been selected from parent1 and a3, a5, and a6 actions have been selected from parent2. Similarly, in
child2, a1, a2, and a4 actions have been selected from parent2 and a3, a5, and a6 actions have been selected from
parent1 [Color figure can be viewed at wileyonlinelibrary.com]

http://wileyonlinelibrary.com
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F I G U R E 14 The way of doing mutation operator. Neighbor a2 (2) is selected as object of action a3 [Color
figure can be viewed at wileyonlinelibrary.com]

5.3.3 Mutation operator

For doing this operator, an action (gene) is randomly selected and its object is replaced. In other
words, another neighbor of that action is selected as an object of that action. In Figure 14, this
operator is illustrated.

5.3.4 Reward and penalty operator

Since in the GAOMA-net algorithm, each chromosome is denoted by a learning automaton of
object migrating type, in each of the automata, after evaluating the randomly selected action
(gene), that action is rewarded or penalized. As a result of rewarding or penalizing of an action,
the state of the object of that action in the set of states of related action is changed or object of
that action is replaced. Depending on the learning automaton type, the way of rewarding and
penalizing an action is different, which is fully described in Sections 4.1.1 to 4.1.4.

5.4 Framework of the GAOMA-net algorithm

In GAOMA-net algorithm, after the initial population is generated, in each cycle, the parents are
selected and genetic operators (recombination, mutation, and reward/penalize) are applied on
them to generate a new generation of solutions. Then, the new solutions replace the previous pop-
ulation. This process is repeated until the obtained best community structure does not change in
several consecutive cycles. At the end, the solution vector is formed by using the object of actions
of the best object migrating automaton in the population. Then, after decoding, it is converted into
the membership vector, which indicates the community structure. In Figure 15, the main frame-
work of the GAOMA-net algorithm for detecting community structure in complex networks is
given.

http://wileyonlinelibrary.com
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F I G U R E 15 Main framework of the
GAOMA-net algorithm

6 EXPERIMENTAL RESULTS AND DISCUSSION

The proposed algorithms are tested on both real-world and synthetic benchmark networks. The
performance of the proposed algorithms are compared with other community structure detection
algorithms including CNM,34 CONCLUDE,66 COPRA,61 GA-net,45 ICLA-net,67 Infomap,68 LPA,7
LabelRank,60 Louvain,36 MOGA-net,50,51 and SLPA.59

6.1 Experimental environment and parameter settings

The proposed algorithms are implemented by MATLAB R2016a and are run on a PC with a
dual-core 3 GHz processor and 4 GB of RAM. In GAOMA-net, GA-net, and MOGA-net algo-
rithms, population size is set to 100, recombination rate is set to 0.8, mutation rate is set to 0.2,
and the maximum number of generations is set to 100. In GA-net and MOGA-net algorithms,
exponent r is set to 1.5. In GAOMA-net algorithm, 20% of the initial population is generated
by MEM-net algorithm and the rest are generated randomly. In OMA-net and GAOMA-net
algorithms, object migrating automaton based on Tsetlin automaton with depth 5 is used. In
OMA-net algorithm, maximum number of iterations is set to 500. In MEM-net algorithm, nodes
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memory depth is set to 5 and maximum number of iterations is set 50. In ICLA-net algorithm,
reward parameter is set to 0.1; initial number of iterations is set 20 and maximum number of
iterations is set to 500. In LabelRank algorithm, inflation parameter is set to 4; cutoff thresh-
old is set to 0.1; conditional update coefficient is set to 0.7, and maximum number of iterations
is set to 50.

6.2 Evaluation criteria

For evaluating the performance of different community structure detection algorithms, criteria
of modularity (Q),8 normalized mutual information (NMI),69 and adjusted Rand index (ARI)70

are used. Q is an internal criterion, while NMI and ARI are external criteria. The external criteria
are used when the ground truth community structure is known.

Modularity criterion is defined as follows:

Q = 1
2m

∑
v,w∈V

[
A𝑣𝑤 − kvkw

2m

]
𝛿(cv, cw), (4)

where, A is the adjacency matrix of the network; m = 1
2

∑
𝑣𝑤A𝑣𝑤 is the total number of network

edges; kv is the degree of node v; cv is the community of node v and 𝛿(i, j) = 1 if i = j, otherwise
𝛿(i, j) = 0. The value of Q lies in the range [−0.5, 1]. Greater values of Q indicate that there are
more connections within the communities than the expected number in the null model.

NMI criterion operates according to a matrix called confusion matrix. The rows of the confu-
sion matrix correspond to the ground truth communities and its columns correspond to the found
communities. Element nij of the confusion matrix indicates the number of nodes which are com-
mon in the ith ground truth community and jth found community. Let A and B are two different
partitions of a network with n nodes, cA indicates the number of communities of partition A and
ni.(n.j) denotes the sum of the elements of the ith row (jth column) of the confusion matrix. Based
on information theory, NMI criterion is defined as follows:

NMI(A,B) =
−2

∑cA
i=1

∑cB
j=1 n𝑖𝑗 log

(
n𝑖𝑗n
ni.n.j

)
∑cA

i=1 ni. log
(

ni.
n

)
+
∑cB

j=1 n.j log
(

n.j

n

) . (5)

The value of NMI lies in the range [0, 1]. Greater values of NMI indicate that the found
communities are more matched with ground truth communities.

ARI is the corrected for chance version of the Rand index (RI). Although, the RI may
only yield a value in the range [0, 1], the ARI can yield negative values, if the index is
less than the expected index. Greater values of ARI indicate that the found communities are
more matched with ground truth communities. ARI operates according to a matrix called con-
tingency matrix. This matrix is the same as the confusion matrix in NMI. ARI is defined
as follows:

ARI(A,B) =

∑
𝑖𝑗

(
n𝑖𝑗

2

)
−
∑

i

(
ni.

2

)∑
j

(
n.j

2

)
∕
(

n
2

)
1
2

(∑
i

(
ni.

2

)
+
∑

j

(
n.j

2

))
−
∑

i

(
ni.

2

)∑
j

(
n.j

2

)
∕
(

n
2

) . (6)
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6.3 Real-world networks

The proposed algorithms (MEM-net, OMA-net, and GAOMA-net) along with the algorithms for
comparison (CNM, CONCLUDE, COPRA, GA-net, ICLA-net, Infomap, LPA, LabelRank, Lou-
vain, MOGA-net, and SLPA) are tested with several real-world networks, which have been widely
used in the literature. General information of these networks is given in Table 2.

For the Karate, Dolphins, and Football networks, the ground truth community structure and
an instance of the obtained community structure by the proposed GAOMA-net algorithm are
shown in Figures 16,17, and 18, respectively. In all three networks, the modularity of the obtained
community structure by the proposed GAOMA-net algorithm is larger than the modularity of
the ground truth community structure. Because the ground truth community structure of other
networks is unknown, such a comparison cannot be done for them.

Since the ground truth community structure of most real-world networks is unknown, mod-
ularity criterion is used for measuring the quality of the obtained communities by different
algorithms. The average performance of different algorithms on real-world networks is given in
Table 3. The largest obtained modularity value for each network is highlighted.

T A B L E 2 General information of the real-world networks

Network Description Node Edge Avg. degree Avg. local C.C.

Karate Zachary''s karate club 34 78 4.5882 0.5706

Contiguous USA states contiguous network 49 107 4.3673 0.4967

Dolphins Dolphins social network 62 159 5.1290 0.2590

PolBooks Books about US politics 105 441 8.4000 0.4875

AdjNoun Copperfield word adjacencies
network

112 425 7.5893 0.1728

Football American college football
network

115 613 10.6609 0.4032

Jazz Jazz musicians'' network 198 2742 27.697 0.6175

Email URV email network 1133 5451 9.6222 0.2202

Facebook EGO-Facebook friendship
network

2888 2981 2.0644 0.0272

PowerGrid US power grid network 4941 6594 2.6691 0.0801

Abbreviation: C.C., clustering coefficient.

F I G U R E 16 Karate network. (Left)
Ground truth community structure. (Right)
An instance of obtained community
structure by the proposed GAOMA-net
algorithm [Color figure can be viewed at
wileyonlinelibrary.com]

http://wileyonlinelibrary.com
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F I G U R E 17 Dolphins network. (Left)
Ground truth community structure. (Right)
An instance of obtained community
structure by the proposed GAOMA-net
algorithm [Color figure can be viewed at
wileyonlinelibrary.com]

F I G U R E 18 Football network. (Left)
Ground truth community structure. (right)
An instance of obtained community
structure by the proposed GAOMA-net
algorithm [Color figure can be viewed at
wileyonlinelibrary.com]

As shown in Table 3, proposed GAOMA-net algorithm has found the community structure
with largest modularity value on all networks except for Email and PowerGrid networks. In
these networks, Louvain algorithm found the community structure with largest modularity value.
The reason for the smaller modularity values of GAOMA-net algorithm on Email and Power-
Grid networks than Louvain algorithm is that, in GAOMA-net algorithm, termination condition
(reach to the maximum number of predefined generations) is satisfied before the convergence of
the algorithm. By increasing the maximum number of allowed generations, the performance of
GAOMA-net algorithm on Email and PowerGrid networks is improved.

Given the number of networks in which algorithms were able to find the community struc-
ture with largest modularity value, GAOMA-net algorithm has gained rank 1 (This algorithm
has found the community structure with largest modularity value in eight out of 10 networks).
In addition, GAOMA-net algorithm significantly outperforms than GA-net and MOGA-net
genetic-based algorithms. Note that the MOGA-net algorithm is not applicable on large networks
such as Email, Facebook, and PowerGrid due to the long running time. According to the results,
it can be mentioned that proposed GAOMA-net algorithm is effective and efficient for detecting
community structure in real-world networks.

6.4 Synthetic networks

For evaluating the accuracy of the proposed algorithms, they are tested on different synthetic
benchmark networks with known community structures.

6.4.1 Evaluating with GN benchmark networks

For evaluating the accuracy of the proposed algorithms, experiments are first carried out on
Girvan-Newman (GN) benchmark networks. GN benchmark networks were introduced by

http://wileyonlinelibrary.com
http://wileyonlinelibrary.com
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Girvan and Newman.23 GN benchmark network contains 128 nodes, which are divided into four
communities with 32 nodes within each community. The degree of each node in the network is
exactly equal to Zin +Zout = 16. Each node has Zin connections with nodes of its own community
and Zout connections with other network nodes. Parameter Zout is used for controling the com-
munity structure in the network. Smaller value of Zout indicates that the community structure in
the network is more significant. When Zout < 8, the network has relatively strong communities
and when Zout > 8, the communities will be relatively unclear. Parameter Zout is changed from 0
to 8 and the proposed algorithms along with the algorithms for comparison are tested. Since the
built-in communities in GN benchmark networks are already known, NMI and ARI criteria are
used for evaluating the performance of different algorithms. Figures 19 and 20 show the average
performance of different algorithms on GN benchmark networks. Each data point is the average
of 10 runs.

Figure 19 shows the average NMI obtained from different algorithms on GN benchmark
networks. As shown in Figure 19, when Zout < 3, almost all algorithms except, CONCLUDE,
LabelRank, OMA-net, and SLPA, can find the community structure corresponding to the cor-
rect partition (NMI≈ 1). By increasing Zout, the community structure in the network becomes
unclear, resulting in that the NMI of all algorithms begins to decrease. When Zout > 4, the NMI of
the most algorithms decreased sharply so that when Zout ≤ 6, only three algorithms, GAOMA-net,
Louvain, and Infomap, can find the community structure corresponding to the correct partition.

F I G U R E 19 The
average NMI obtained by
different algorithms on GN
benchmark networks [Color
figure can be viewed at
wileyonlinelibrary.com]

F I G U R E 20 The
average ARI obtained by
different algorithms on GN
benchmark networks [Color
figure can be viewed at
wileyonlinelibrary.com]

http://wileyonlinelibrary.com
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When Zout ≥ 7, GAOMA-net algorithm slightly outperforms than Louvain algorithm and
significantly outperforms than all other algorithms. Figure 20 shows the average ARI obtained
from different algorithms on GN benchmark networks. Similar descriptions can be taken for
Figure 20.

We can see that the performance of the proposed GAOMA-net algorithm is in close proximity
to that of the Louvain, and significantly outperforms than other algorithms. Moreover, it always
gives excellent results until the mixing parameter Zout reaches 6, beyond which its performance
decreases sharply. According to the results, it can be mentioned that, proposed GAOMA-net
algorithm has great performances on GN benchmark networks.

6.4.2 Evaluating with LFR benchmark networks

GN benchmark networks do not have some important properties of the real-world networks,
like the power-law distribution of node degrees and community sizes. Therefore, Lancichinetti
et al.71 proposed the LFR benchmark networks, which are more consistent with the properties
of real-world networks. In Lancichinetti-Fortunato-Radicchi (LFR) benchmark networks, both
node degrees and community sizes follow the power-law distribution with exponents 𝜏1 and 𝜏2,
respectively. The significance of the community structure depends on the mixing parameter 𝜇,
which indicates the average connections of each node to other communities. The benchmark
network with smaller mixing parameter 𝜇 has more significant community structure.

The proposed algorithms along with the algorithms for comparison are tested with LFR
benchmark networks. In our experiments, the network size is set to 500 and the power-law expo-
nents 𝜏1 and 𝜏2 are set to 2 and 1, respectively. The average and maximum degree of nodes is
set to 7 and 25, respectively. The minimum and maximum size of communities is set to 40 and
80, respectively. Again, NMI and ARI criteria are used for evaluating the performance of differ-
ent algorithms. Figures 21 and 22 show the average performance of different algorithms on LFR
benchmark networks. Each data point is the average of 10 runs.

Figure 21 shows the average NMI obtained from different algorithms on LFR benchmark net-
works. As shown in Figure 21, when 𝜇 < 0.10, a few algorithms can find the community structure
corresponding to the correct partition. By increasing 𝜇, the NMI of the all algorithms, except
GAOMA-net, begins to decrease so that when 𝜇≤ 0.25, only GAOMA-net algorithm can find
the community structure corresponding to the correct partition. When 𝜇 > 0.25, the NMI of the

F I G U R E 21 The
average NMI obtained by
different algorithms on LFR
benchmark networks [Color
figure can be viewed at
wileyonlinelibrary.com]

http://wileyonlinelibrary.com
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F I G U R E 22 The
average ARI obtained by
different algorithms on LFR
benchmark networks [Color
figure can be viewed at
wileyonlinelibrary.com]

most algorithms decreased sharply and GAOMA-net algorithm significantly outperforms than all
algorithms. Figure 22 shows the average ARI obtained from different algorithms on LFR bench-
mark networks. Similar descriptions can be taken for Figure 22.

We can see that when𝜇 > 0.20, GAOMA-net algorithm significantly outperforms than all algo-
rithms. Moreover, it always gives excellent results until the mixing parameter 𝜇 reaches 0.30,
beyond which its performance decreases sharply. According to the results, it can be mentioned
that, GAOMA-net algorithm has great performances on LFR benchmark networks.

6.4.3 Evaluating with large-scale benchmark networks

In this section, the accuracy of the GAOMA-net algorithm is evaluated with two large-scale net-
works. The first network has 12 000 nodes and 57 770 edges, and the second network has 15 000
nodes and 75 290 edges. The average performance of different algorithms on these networks is
given in Table 4. Given that the values of the ARI criterion are very close to the NMI criterion,
in Table 4, instead of ARI, two other criteria purity (P)72 and RI73 are given. The largest obtained
value for each network is highlighted. As shown in Table 4, the proposed GAOMA-net algorithm
on both networks significantly outperforms than other algorithms and slightly outperforms than
Infomap algorithm. In Network1, in terms of criterion RI, Infomap algorithm is slightly better
than the GAOMA-net algorithm. According to the results, it can be mentioned that proposed
GAOMA-net algorithm is efficient for detecting community structure in large-scale networks.
Note that the ICLA-net and MOGA-net algorithms are not applicable on these large-scale
networks due to the very long running time.

6.5 Scalability analysis

In this section, the scalability of the GAOMA-net algorithm is investigated in terms of execu-
tion time, modularity, and NMI. Given that the GAOMA-net algorithm is a GA, its scalability is
compared only with GA-net and MOGA-net algorithms. In Figures 23,24, and 25, average time
required for the convergence, modularity, and NMI of these algorithms is shown for the networks
with different sizes, respectively. As shown in Figure 23, for small networks (n≤ 200), the exe-
cution time of the GA-net algorithm is lower than the GAOMA-net algorithm. However, with

http://wileyonlinelibrary.com
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T A B L E 4 The average NMI, purity, and Rand index obtained by different algorithms on two
large-scale networks

Network1
(12 000 nodes and 57 770 edges)

Network2
(15 000 nodes and 75 290 edges)

Algorithm NMI P RI NMI P RI

GAOMA-net 0.5287 0.6909 0.9734 0.5375 0.6150 0.9815

CNM 0.1814 0.1468 0.9041 0.1037 0.0754 0.9110

CONCLUDE 0.3837 0.4239 0.9707 0.3438 0.3162 0.9780

COPRA 0.0010 0.0415 0.0276 0.0004 0.0359 0.0189

GA-net 0.4373 0.4676 0.9723 0.4286 0.3858 0.9801

ICLA-neta — — — — — —

Infomap 0.5227 0.5867 0.9740 0.4968 0.4613 0.9815

LabelRank 0.0603 0.0654 0.1028 0.4817 0.5248 0.9799

Louvain 0.2710 0.2930 0.9388 0.1442 0.1264 0.9394

LPA 0.2715 0.3249 0.6493 0.3418 0.2991 0.8830

MEM-net 0.3795 0.3799 0.9701 0.3639 0.3010 0.9782

MOGA-neta — — — — — —

OMA-net 0.3885 0.3913 0.9705 0.3795 0.3171 0.9790

SLPA 0.3853 0.3994 0.9605 0.3620 0.2928 0.9722

Abbreviations: NMI, normalized mutual information; P, purity; RI, Rand index.
aThese two algorithms are not applicable on these large-scale networks due to the very long running time.

F I G U R E 23 A log-log
plot about a comparison of
execution time between
GAOMA-net, GA-net, and
MOGA-net algorithms in
benchmark networks with
different sizes [Color figure
can be viewed at
wileyonlinelibrary.com]

increasing network size, the execution time of the GA-net algorithm increases gradually and
becomes more than GAOMA-net algorithm. In addition, the execution time of the MOGA-net
algorithm is far more than GAOMA-net and GA-net algorithms. The results in Figure 23 clearly
show that for the networks with more than 5000 nodes, MOGA-net algorithm and for the net-
works with more than 20 000 nodes, GA-net algorithm cannot tackle it within a reasonable time.
However, GAOMA-net algorithm can detect communities on the network with 50 000 nodes in a

http://wileyonlinelibrary.com
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F I G U R E 24 A log-log
plot about a comparison of
modularity between
GAOMA-net, GA-net, and
MOGA-net algorithms in
benchmark networks with
different sizes [Color figure
can be viewed at
wileyonlinelibrary.com]

F I G U R E 25 A log-log
plot about a comparison of
NMI between GAOMA-net,
GA-net, and MOGA-net
algorithms in benchmark
networks with different sizes
[Color figure can be viewed
at wileyonlinelibrary.com]

reasonable time (21 262.6 seconds). As shown in Figures 24 and 25, for the networks with more
than 200 nodes, GAOMA-net algorithm significantly outperforms than GA-net and MOGA-net
algorithms. The results of Figures 23-25 demonstrate that the GAOMA-net algorithm is more
scalable than GA-net and MOGA-net algorithms. For example, for the network with 5000
nodes, GAOMA-net algorithm converges in 213 seconds (Q = 0.9, NMI = 0.93), while GA-net
and MOGA-net algorithms converge in 421 (Q = 0.48, NMI = 0.76), and 15 521.7 (Q = 0.66,
NMI = 0.81) seconds, respectively. As another example, for the network with 50 000 nodes,
GAOMA-net algorithm converges in 21 262.6 seconds (Q = 0.85, NMI = 0.88), while GA-net
and MOGA-net algorithms are not applicable for this large-scale network due to the very long
running time.

7 DISCUSSION

One of the most important questions about the results of Sections 6.3 and 6.4 is that what
makes the proposed GAOMA-net algorithm outperforms than other algorithms and even GA-net
(single-objective GA) and MOGA-net (multiobjective GA) algorithms. In this section, this impor-
tant question is answered. As explained in Section 5, in the GAOMA-net algorithm, the GA and

http://wileyonlinelibrary.com
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OMA are integrated as a single framework. In the GAOMA-net algorithm, common coding for
the chromosomes is not used, but each chromosome is denoted by a learning automaton of object
migrating type. As a result, in the proposed GA, in addition to the recombination and mutation
operators, an additional operator (reward/penalize) is also considered. Reward/Penalize (learn-
ing) makes the chromosomes adopted with the environment and avoids falling algorithm in the
local optimum. In other words, the learning capability of chromosomes largely overcomes the
premature convergence problem of the proposed GA. In addition, in the proposed GA, a portion of
the initial population is generated using MEM-net algorithm. This will accelerate the convergence
of the algorithm. In brief, it can be said that overcoming the problem of premature convergence
and smart generation of a portion of the initial population are the main reasons for the efficiency
of the proposed GAOMA-net algorithm.

8 CONCLUSION

In this article, three different algorithms, namely, MEM-net, OMA-net, and GAOMA-net, are
proposed for detecting community structure in complex networks. The proposed algorithms do
not need prior information about the network and dynamically identify communities in the net-
works. In GAOMA-net algorithm, which is the main proposed algorithm of this article, GA and
OMA are integrated as a single framework and MEM-net algorithm is used as a heuristic to gen-
erate a portion of the initial population. This combination will accelerate the convergence of the
algorithm and avoid falling it in the local optimum. The proposed algorithms along with CNM,
CONCLUDE, COPRA, GA-net, ICLA-net, Infomap, LPA, LabelRank, Louvain, MOGA-net, and
SLPA algorithms are tested on both real-world and synthetic benchmark networks. The experi-
mental results indicate that GAOMA-net algorithm is efficient for detecting community structure
in complex networks.

In this article, unweighted networks and disjoint communities are considered. However, most
real-world networks are weighted and they have overlapping community structure. Therefore,
generalization of the GAOMA-net algorithm for detecting community structure in different types
of networks (weighted, signed, bipartite, etc.) and overlapping community structure detection
will be the focus of our work in the future.
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