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Abstract—The tremendous increase in Web usage led to the
appearance of different network structures. One of the essential
issues in the field of network science and engineering is to find
and utilize network structures such as community structures by
community detection. Although most of the current algorithms
for detection of community use on the binary representation of
the networks, some networks can encode more information
instead of the topological structure, in which this information
can be applied appropriately in detecting communities. Network
information can be represented in the form of weights and
identified as the weighted social network. This paper proposesa
new algorithm based on irregular CLA (cellular learning
automaton) for finding the community in weighted networks
called CLA-WCD. The CLA-WCD can find near-optimal
community structures with reasonable running-time by taking
advantage of the parallel capability and learning ability of the
cellular automata and learning automaton, respectively. The
CLA-WCD is also evaluated on real and synthetic networks in
comparison with popular community discovery methods. The
simulation results demonstrated that the CLA-WCD
outperforms other methods.

Keywords—Weighted Community Detection; Secial Network
Analysis; Learning Automaton; Cellular Learning Automdia.

I. INTRODUCTION

A lot of practical domains, such as Web, internet, online
social networks [1], technological networks [2], and co-
citation networks, can be studied by graph theory in order to
investigate or explore the features of such domains. A social
network (SN) is generally a social construction and interpreted
asagraph G = (V, E), such that V represents the set of social
actors (individuals or organizations), and E is the edge-set
connecting pairs of vertices and represents the relationships
between them. In a real-world application, social networks are
not binary and hold information on how a connection is strong
or weak. As an example, in co-author networks, nodes denote
authors, and edges are assigned between two nodes if they
have corporate in the same paper. In this network, the number
of cooperation is treated to show how ‘strongly” both authors
collectively accomplish their research [3]. As another
example, in telecommunication networks, the weights of
edges indicate call durations between individuals along a fixed
period. In these social networks, edges are inherently
weighted. From this point of view, an SN can be represented
with a weighted graph. One of the common characteristics of
these networks is community structure, which is referred to as
the sets of nodes that are more strongly hinked intemally than
with the other part of the network. It implies that the network
has specific natural divisions within its structure.

The detection of community problems can be studied as
the problem of partitioning in graph application, which 1s
known as one of the NP-hard problems. Since graphs
represent the networks, the detection of communities 1s equal
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to graph partitioning. Furthermore, the detection community
structure 1s of the significant importance of getting insight into
both the structures and the functions of a network.

Many scholars have proposed many algorithms to reveal
communities i the networks, ncluding modularity
optimization [3-7], random walk [4,5], hierarchical [4-6], and
spectral clustering [6,7], and user profile clustering [8,9].
These algorithms are all popular and well-known, but as
mentioned before, most of the networks are weighted. Hence
these algorithms are difficult to apply to weighted networks.
Among all community detection algorithms, C-Finder [11]
and RAK [12] are well-known and effective ones. C-Finder
uses the concept of k-clique as a community that is composed
of the union of all k-cliques. The later, RAK algorithm gives
a label for each node uniquely, and utilized propagation of the
label to reveal the communities.

Recently, some research is investigated community
discovery in networks with edge weights, such as Strength
[16], COPRA [15], and Antl.P [3]. The idea behind the
COPRA 1s using RAK [14]. Therefore, comparing to RAK, it
is not easy to converge to a fixed status while the propagation
of the labels and the found communities are non-deterministic.
In ref. [16], the authors utilized the strength of nodes and the
degree of belonging concept to find the structures of
communities in overlapping. Although, by growing the
overlapping structures in the network, the efficiency of the
strength decreases significantly. In the AntLP [3], the concept
of similarity among the links of networks is considered by ant
colony optimization and modularity optimization for finding
the communities. However, it seems that the results are not
proper for large size networks.

To overcome the mentioned significant shortcoming, we
proposed a new algorithm using irregular CLA (cellular
leamning automaton) for the detection of communities n
weighted Networks called (CLA-WCD). In the CLA-WCD,
the irregular CLA (ICLA) isomorphic to the input graph is
formed, such that each cell corresponding to a vertex of the
network. By interaction between learning automaton (LA) in
each cell and network as its environment, each LA updates the
status of each cell, and progressively the set of communities
finds by the CLA-WCD. Moreover, during the finding of the
communities by the CLA-WCD, the edge weights help to
form better communities. Therefore, the central novelty of the
CLA-WCD is to incorporate the edge weights for community
detection based on ICLA.

In this paper, we first adders the problem of detection of
community in weighted networks and then find the
communities based on CLA. the detailed contributions of the
CLA-WCD are as follows:



We present a new algorithm based on ICLA for the
detection of community in weighted graphs or
networks.

The efficiency of the CLA-WCD ig investigated on
gsome popular synthetic and real networks.

The CLA-WCD is compared with some famous
algorithms for the detection of communities.

In the following sections, a brief description of ICL A is
given in section 2. In section 3, the CLA-WCD is presented.
In section 4, the efficiency of the CLA-WCD is studied in
comparison with popular algorithms for the detection of
communities based on artificial and real networks. Finally,
concluding remarks are given in section 3.

II. CELLULAR LEARNING AUTOMATA

A hybrid model of cellular automata (CA) and learning
automata (L.A) is called CLA, in which each cell of CA is
equipped with one or more LA in order to determine the state
of the cells. [13, 14]. The CLA is known asg an appropriate
computational model for several distributed problems. In the
CLA, the local environment is formed by the cell of LA and
it direct neighbors together. Based on the interaction between
LA and itz environment in CLA, the probability of action
selection of the neighboring LA changes during the evolution
of the CLA. The main component of CLA can be defined as
follows: A d-dimensional CLA iz a structure A=
(Z%, &, A, N, F) such that

1. Z9denotes a lattice of d-tuples,

2. & denotes a limited collection of states,

3. A denotes the collection of L As, exists in each cell
of CA,

4. N = {xq1,.., %} denotes a limited subset of Z¢
called a vector of the neighborhood, such that x; €
Z9 of the CA,

5. F:®,, — f denotes the rule in local in the CLA,

such that § values as reinforcement signals serve
by LA.

An ICLA, as demonstrated in Fig.1, is a CLA, such that
the limitation of regular grid structure in conventional CLA is
eliminated. This variation is done due to many applications
that can be appropriately modeled with ICLA. An ICLA can
be characterized as a network, in which each node indicates a
cell and equips with an LA. The LA exists in a cell defines its
action (status) accoering to its probability of action selection
vector. Similarly to CLA, a rule governs the operation of the
ICLA. Thus, the reinforcement signal comes from the
environment responds to the reward and punishment of each
LA in each cell of the ICLA. Numerous golutions using both
the LA and CLA are presented in recent years for social
network analysis [10], [17-20].
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Fig. 1. A schematic structure of the ICLA [21]

III. CLA-WCD ALGORITHM

Let G =(V,E} be a weighted graph, in which V =
{vy, v3,..., .} indicates the vertex-set, and £ T V X V is
the edge-set of the graph. In the weighted graph, w,, is the
edge weight between vertex u € V and vertex ¥ € V. The
structure of & communities in a weighted graph can be
represented as € = {cy,...,c,} where ¢ € C is the itk
community. For anodeu €V, k,, is the degree of node and
N, is the set of neighboring node u, where k,, = ¥, ey, W-

The proposed algorithm, called CLA-WCD, utilizes a
particular representation based on locus adjacency, which iz
introduced in [45] to determine the statuses of the cells of the
ICLA. This representation has two advantages. First, there is
no need for the size and density of communities, and this
representation dedicates linear time complexity. In this locus
representation, a candidate answer is represented by 5§ =
{$1,...,5,) as candidate vector of solution which can be
interpreted as $; and node f is in an identical community. We
note that the vector of the solution only represents the links
instead of the communities. Since we are looking for
representation for communities, therefore, aprocess is needed
to transform the wvector of solution into a wvector of
membership. To achieve this goal, a decoding mechanism is
presented to showthe structure of the community in the graph,
which works over a depth-first search or breadth-first search
as a linear time scale. Next to this process, the vector of
solution is converted to the vector of membership that
represents communities. Know we are ready to describe the
whole process of weighted community detection.

For weighted community detection, the CLA-WCD,
initially, an asynchronous ICLA is formed isomorphic to the
input graph. In order to create the ICLA, each node in the
graph is equipped with a cell of the CLA. Then an LA is
allocated to each cell. The status of each cell specifies the
current action taken by the LA exists in it. Each LA as LA;
exist in a vertex f is defined by a triple (e, 5, P}, where:

* o« = {ap, .., 0} = N(j) indicates the collection of
the action, and N({{} represents the collection of the

neighboring vertices of vertex f in the graph.



o fi il 1] indicates the set of values for the response

of the envirorsment comtesponds to reward and
petialty.

* B =ipypp...pr) indicates the probability of
action selection, where pj; isthe probability of action

gelection for action &y, in L.

In eachiteration, each LA chooses an action accarding to
itz corresponding probability of action selection Based onthe
gtates of the cells a solution wector 5 is constructed in which
the owrent actions selected by all the LA Therefore, in
iteration t, the solution can be described by equation(1).

SE) = o (e (8 wen (8] (1
where o, (] indicates the action selected by LA, at
iteration &. And then, the solution wector 12 converted to the
memberstip vector. horeover, the two foll owing conditions
are considered to check the guality of the obfained
communities based on each adomaton iz rewarded or
penalized.

1. Each node satisfies the condition that presented in
[20], which indicates that the mmber of inside
cotmiectionsisno less than the mumber of lirks to that
outside of the commurity, This condtion applies a
defindtion of the communities in which consider the
topological characteristics of community structure.

2- The san of the weights of the itdternal connections of
the vertices, which belongs to the sam e community, is
tiotless than the amourt of the weights of the extertial
wettices in others. Furthermore, mathematically canbhe
described as(d):

WEH ) = WO, wied, ]
where the W(C) and WO are the total inside
weight and total outside weight of commundty { respectively,

and defined by (3) and (4.

W) = > W, @
JEC

Wcmf':c:' = Z Wy (4
TR

We point out that if both conditions did not satisfy, then
the corresponding atomaton iz penaized  otherwise
tewarded. The CLASWCD proceeds until some successive
iterationn The pseudo-code of the CLA-WCD iz shown in
Fig2.

IV, ANALYEE OF TIME COMPLEXITY

For the anadysis of the tite complexity of the CLA-WCD,
agmune that n be the namber of wertices, m he the manber of
lirks, and T be the maximoum iteration oumber. The degree in
average is therefore OUF) = O(m/n). The main step of the
CLA-WCD liesin step 2 to step 4 as the rest of the steps can
be done in the linear time scale as O(mn).

In step 2, the nmumber of actionsfor each LA is equivalent
tothe manber of cotmections of the vertex inthe graph. Hence
this step takes AR O (0] = Alm). Instep 3, the cotrversion
soluti onvector to membership takes Ofn). Instep 4, checking

the defined constraint and total weight of commurities for
each node takes QKD O = O0m). Therefore, the time

complexity for T iterationsis Q7T M.

Algorithm 1, CLA-WCD

Inpand
W, .o the adjacency matrix of the inpul graph &
where W is edge weights of the graph

Parameders

= (V. E. W),

a: Reward parameler for the update of the action probability vector,
where l <@ <1
r;: The number of actions for learnmg antomaton L, which s equeal
o the degree of node € in the network.
Initialization
Wpy=1/r for 1 =1
Repeal
2) Bach L, selects @it} based on s pifh fw 1 = i = m
3) The solution vector S(E={oth owth ., ath i3 ransfemed ino
the membership vector Citl=(c L), cdl). ... coil)) to represent the
obtuined struchure of communily by the process of decoding.
4
Foreach L, (1= {1..n}] Do
Ir Ir,[rll:t!l'l = R}, Yol
Bity -0
Else
Pulth « |
Endif
Endfor
5) Updtate the probability of sction selection p, of L,
) Untll The found the strecture of community remains wnchan ged
Orapmi
The foamd communities, C{E), and St}

nandl = | =1y

e 0 & WO = W), Wie ©

Fiz. 2 Psaido-code of the CLA-WCD for detection of conmmnnty in
weighted soclal neterod:

V. EXFERIMENTS AND EESULTE

We evaluate the effects of the CLA-WCD in both real and
synthetic LFR [22] neterorks LFR benchmark parameters
indicate the mumber of wertices, M indicates degree in average,
k indicates the mirimoum  vertex degree, smox, iz the
thaximn size of communities, min, specifies the minimum
size of communities, and M indicatesthe parameter of mixing
Eachnode reflects a division of 1 — M links with other nodes
in its commudty and a portion of M with other vertices of the
it graph. In Table I, the information abowt the real graphs
that are used for experiments Besides the CLAWCD is
compated with severd algorittens for the detection of the
commurity, such as Walk Trap [B], WCHM [23], and
moddarity optimization-based method [24].

TAEBLE 1. THE FEAL AHD SVHTHETIC GRAPHS
Graphs [Vl [E]
Earate * e

Les s érah les e 54
HNauml Metwroek | 257 2148
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A. Weighted modularity

Due to nature of weighted graphs or networks, a structure
of the community is not only associated with the density of
edge among vertices however also the closeness of their
connections, but Newman has also extended the modularity Q
to modularity for the weighted graph as @, Moreover, defines
as follows:

Qu = 35 g (Wi =359 8(c ). ®)

where N indicates the number of vertices, W;; denotes the
weight of edges between node j and vertex {, W; = 3, W;
denotes the vertex strength of vertex i, and 2W = 3, ;W ; is
the total strength of the vertices. ¢; indicates the membership
of vertex i to the i** community ¢;. Besides, the § (c!-, cj) the
function returns one 1f the node j and node { are placed in the
same community and 0, otherwise. Finally, @,,, returns the

total portion of weights of the edges when ending links
occurred in the same community minus random case.

B. Normalized Mutal Information (NMI)

Another common evaluation metric for the structure of
communities 1s normalized mutual information (NMI). The
(NMTI) usually computes the similarity between the correct
community structures and the detected ones by the proposed
algorithm in the network.

21(X,Y)
HY) + H(X)

NMI(X,Y) = ©

where I(X,Y) indicate the mutual information and
calculate the information by variables X and Y. H(Y) is the
entropy of the community of ¥. NMI returns a value between
[0, 1]. NMI measure is helpful when there 1s prior knowledge
about the structure of communities.

C. Experiments

1) Experiment I

This experiment aims to investigate the efficiency of
different learming models of the CLA, which are designed for
this problem and select a proper model based on the obtained
results for experiments. To do this experiment, we applied
four different learning scheme mcluding Lg_;, Lg_, and

Lp-sy
We note that for simplicity Algorithm 1 for Lg_,,
Algorithm 2 for Ly_,, and Algorithm 3 for Lz_,, are applied.

These algorithms are applied for real networks, and the
obtained result 1s depicted in Fig. 3.
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Fig. 3. The results of different learning algorithms applied in CLA-WCD
in terms of weighted Modularity.

Based on the results, we may show that the second
algorithm with a learning rate @ = 0.05 and b = 0.001 are
superior in most cases from others in terms of weighted
modularity. Therefore, in the following experiments,
algorithm two 1s applied as the default algorithm for
COmparison.

2) Experiment 11

The experiment aims to compare the CLA-WCD with
CLA-WCD, where the learning automata exist in each node is
changed with a pure chance learning automaton (CL A-Pure).
In pure chance leaming automata, the action 1s selected with
equal probability. Moreover, for simplicity, we conducted our
experiment on synthetic LFR network. The result for both
CLA-WCD and CLA-Pure is reported in Fig 4.
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Fig.4. Comparison of the CLA-WCD and CLA-Pure.

The impact of the LA in controlling the process of finding
communities is illustrated in Fig.4. Using LA, the value of
NMI for detected communities in the networks is higher
where the learning is absent.

3) Experiment 111

This experiment illustrates the obtained result of CLA-
WCD compared with other algorithms such as Modularity
optimization, WCNM, and Walk-trap. The result is reported
30 times independent execution by CLA-WCD in terms of
NMI.
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Fig. 5. The comparison of the algorithms for different values of mixing
parameter

As can be seen in Fig 5, when the parameter of mixing is
less than 0.2, the CLA-WCD and walk trap are the same in
NMI when the mixing parameter precedes the CLA-WCD
achieves significant results than other algorithms.

4) Experiment IV

The aim of this experiment is to carry out to study the
efficiency of the CLA-WCD in comparison with different
algorithms concerning weighted modularity. We note that the
Best and average result is reported. As can be seen, the higher
value is indicated in boldface in Table IT.

TABLE II. WEIGHTED MODULARITY OF CLA-WCD AND WITH OTHER
ALGORITHMS ON REAL SOCIAT, NETWORKS.
MWEP | Walktrap | WCNM WCLA-net
Data Sets " " " wo

¢ ¢ ¢ Best Avg Std
Karate 0.614 0.440 0.601 0.775 10.779 10.000
Lesmis 0.623 0.5402 0.788 0.801 0.798 ]0.003
Neural-Net | 0.623 0.462 0.683 0.750 10.750 ]0.000
Net-science [ 0.824 0.369 0.953 0.981 ]0.960 ]0.002

As can be seen from the result in Table 2, we may conclude
that the CLA-WCD due to considering two different
conditions for finding weighted communities achieve a better
result. These conditions guarantee that the algorithm detects
communities not only by defining dense structures but also by
the weight function is considered.

VI. CONCLUSION

To sum up, we proposed a novel algorithm based on ICLA
for weighted community detection called CLA-WCD. Based
on the CLA-WCD, the whole network is represented as
irregular CLA, and the result is established by current actions
selection by the LA in the graph. At each iteration, every LA
selects one action by considering its probability of action
selection and evaluated by considering the internal density of
communities and weights. Then in the ICLA updates the
probability of action selection according to the feedback from
its environment. The efficiency of the CLA-WCD was
examined by simulation against the popular methods for the
detection of communities. The experimental simulations
demonstrated the superiorities of the CLA-WCD concerning
NMI and weighted modularity.
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