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Abstract: Community detection has received much attention in recent years. However, most of community detection
methods consider the network as a static structure where
communities cannot overlap. A more reasonable description seems to be dynamic and overlapping community
structure. Moreover, community detection using members
attributes has rarely been investigated in dynamic networks. This paper proposes an incremental approach for
the identification of dynamic and overlapping communities. The approach adopted takes advantage of the strengths
of multi-agent systems, namely robustness, evolving and
adaptive system, for an efficient community detection in
dynamic social networks. We use a set of agents associated with detected communities. These agents observe the
network, and consequently update their communities. To
improve the accuracy of community detection, members
attributes are combined with network structure information. The experimental results have shown that our method
detects communities with high quality, and successfully
tracks their evolution over time.
AMS subject classification:
Keywords: Community detection, dynamic social networks, community evolution, multi-agent system, similarity attributes, overlapping communities.

INTRODUCTION
Online social networks such as Facebook, Instagram and
Twitter have become the most popular sites on the Internet,

which usually contain millions or even billions of users.
These users interact with each other, resulting highly connected groups, called also communities. A community can
be defined as a collection of users having similar properties
or interests (like hometown, schoolmate, living city or common preferences) and having more connections between
each other [1].
As the structure of social networks is usually modeled
as a graph whose nodes represent the social actors, and
edges represent the connections between them, e.g., friendship, chat messages, etc., a community in a network is then
defined as a group of nodes that are densely connected
inside and sparsely outside.
In social networks, the interactions between entities
dynamically evolve over time. Let us take Facebook as an
example: users can add or delete friends, also new users can
appear and old ones disappear. According to the network
dynamics, communities evolve over time, and they are constantly changing in membership. Figure 1 illustrates all
possible transformations of communities that are growth,
contraction, splitting to many communities, merging of
many communities to one, birth and death of communities
[2].
The detection of evolving communities in dynamic networks is a challenging problem that recently received
attention from the research community. In fact, the community detection is a powerful tool to understand the internal
structure of the network, the dynamics between users, and
how they interact with each other, even for networks of very
large sizes, which demonstrates its relevance. Community
detection also has many other applications, such as friend
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communities are closely connected; however, they could
have quite different values of the attributes. Figure 2 (c)
shows another partition result based on attribute similarity
such that nodes with the same attributes’values are grouped
into one community. Members of this social network within
communities have the same properties; however, members
of the same community may not have robust relationships without even being connected. Figure 2 (d) shows
the partition result based on both structure and attribute
information. In this partition, users within one community
are closely connected; meanwhile, they are homogeneous.

FIGURE 1. Basic transformations of community structure
evolution

suggestion, product recommendation and link inference
[3], [1].
The rest of this paper is organized as follows. In the
next section, we present the most known community detection algorithms. The third section depicts the details of our
proposed method. The fourth section presents our experimental results on both synthetic and read-world networks.
The last section summarizes our contributions and our
perspectives.

RELATED WORK
Several research studies have attempted to detect communities, such as modularity maximization [4], [5], [6],
[7], [8] (see section ), dynamic label propagation [9], [10],
spectral clustering [11]. Most of these works are topologybased methods ie. use only the structural information of
graph, and thus they may detect communities having very
different members. Some proposed algorithms use only
properties (attributes) associated with nodes [12], [13].
Other approaches [14], [15], [16], [17], [18] use both node
attributes and structural information of graph.
Figure 2 (a) shows an illustrating example of a social network where two attributes are associated with each node
which are the city (that can be Paris, Nice or Lyon) and the
education (that can be m like mathematics or cs like computer science). Figure 2 (b) shows a partition result based
on the structural information of graph. Members within

All the aforementioned research works consider only a
static view of the network, so they cannot track its evolution
over time. Following the evolution of the network by doing
regular community detection to each capture of the network
implies computing every time a complete partition, even if
a very small modification of the network occurs, which will
be very costly on a quickly evolving network.
Recently, work on community dynamics has been proposed. We distinguish two major families of approaches:
non-incremental and incremental . Non-incremental algorithms are based on the idea of slicing the network into
many snapshots, whichever is a static network. These
approaches consist of applying a static community detection algorithm to each snapshot of the network, and then
compare communities of different snapshots with each
other so that one can monitor the evolution of each
community [19], [20],[21], [22], [23].
However, many disadvantages are related to these algorithms. As we have presented, these approaches are very
time-consuming on a quickly evolving network as Facebook (around half a million new users every day). Moreover, monitoring the evolution of the communities, on a set
of independent time, engenders the loss of a lot of information related to the evolution of the network. In addition,
computing partitions on several snapshots in time and then
comparing the results is a very hard task. Recognizing the
same community c at time t and t + 1 can be as hard as
community identification itself [24].
For incremental approaches, the idea is to update adaptively the current partition based on previous one according
to the dynamics of the network. Therefore, they adapt
their results when the network evolves rather than compute
the whole partition [25], [26], [27], [28], [23]. Recently
some approaches for community detection based on multiagent systems [29], [24], [30], [31], [32] are proposed.
In fact, multi-agent systems are very common for modeling dynamic systems. In addition, they seem best suited
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FIGURE 2. Different partitions types of a social Network with two attributes.

to observe changes in the network and adapt communities locally. However, these approaches suffer from a
principle drawback: they do not detect all possible evolutionary events of communities, specially complex events,
such as splitting and merging. Moreover, these approaches
use only structural network information for the community
identification and ignore the node attributes. Furthermore,
most of these approaches do not consider the overlap of
communities.
The aim of this paper is to present a multi-agent approach
for detecting dynamic and overlapping communities in
social networks. This approach will be able to detect all possible transformation of the communities. In this work, we
integrate node attributes with structure graph information
in order to obtain similar and strongly connected members
within the same community. The next section describes our
proposed method.

to design dynamic network. Our MAS is composed of
an evolving environment that is the network and a set of
agents that are assigned to detected communities. In fact,
in our incremental method, we start by an initial partition.
Therefore, we assign to each detected community an agent
responsible for adapting this community according the the
observed events in the network. Indeed, these agents are
autonomous entities that perceive only members of their
communities and that interact with its members. The role
of each agent is to adapt its community according to the
dynamic of its members and their interactions based on
quality measures that we present in detail in the next section. These quality measures integrate the graph structure
information and the nodes attributes to find communities
with similar and very connected members.

Problem formulation

DESCRIPTION OF THE PROPOSED
APPROACH
Multi-Agent System (MAS) is defined as a macro-system
composed of autonomous agents that pursue individual
objectives and interact in a common environment to solve
a common task. In this work, we use MAS as a paradigm

In this work, we model the social network by an attributed
graph G = (V , E, A) such that V = {v1 , v2 ...vn } is
the set of vertices (nodes) representing social actors,
E = {e1 , e2 ...em } is the set of edges, representing different relationships, and A = {a1 , a2 ...ak } is the set of
attributes associated with the nodes, that represent properties associated with the social actors. Node vi has a vector
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[ai1 , ai2 ...aik ] where its value on attribute aj is aij . The
objective of this work is to find communities in an attributed
graph, i.e., to partition the graph into K disjoint groups
(i.e., communities) Gi = (V i, Ei, A), where Vi ∩ Vj  = ∅.
Nodes in the same communities are expected to be highly
connected and have similar attributes.

be an attributed graph partitioned into a set of disjoint communities P = {c1 , c2 , . . . , cK }. The attribute
similarity of the partition of G is given by:
D
1    sim(xj v , xj w )
],
[
S(P ) =
|ci |2
K.D c ∈P v,w∈c j =1

where K = |P | is the number of communities, D =
|X| is the number of attributes in G, xj v is the value
of the j-th attribute for node v, and sim(xj v , xj w ) is a
function of the similarity between xj v and xj w .
For binary attributes, sim(xj v , xj w ) is given by the
simple matching coefficient between xj v and xj w ; that
is,
 

d 


k=1 xj vk ∧ xj wk ∨ ¬xj vk ∧ ¬xj wk
sim xj v , xj w =
d

Initial partition

To have a primary partition for the network in the initial
state (at t0 ), we have chosen to use the model presented in
[23]. The goal of this algorithm of community detection in
attributed graphs is to maximize both the modularity and
the attribute similarity of the partition of the graph. The
proposed function is defined as:
F (P ) = α.Q(P ) + (1 − α).S(P ),

(1)
For categorical attributes, sim(xj v , xj w ) is given by
the Jaccard similarity index between the "1-of-N"
binary encodings of xj v and xj w ; that is,

where P is a set of communities, Q is the modularity function, S is the attribute similarity function, and Î± ∈ (0, 1]
is a weighting parameter to balance the trade-off between
the modularity and the attributes similarity.

d


xj vk ∧ xj wk
sim xj v , xj w = k=1
d
k=1 xj vk ∨ xj wk

• Modularity [5] is the well-known metric used to measure the quality of community partition in most of
the community detection algorithms. It quantifies the
quality of a community assignment by measuring how
much dense the connections are within communities
compared to what they would be in a particular type
of random network. Given a graph of n nodes and m
edges, Gi, j represents the link (i, j ), di is the degree
of node i. If a graph is partitioned into K communities,
modularity can be written as:
Q(P ) =

K




f (i, j ),

For numeric attributes, sim(xj v , xj w ) is given by the
inverse of one plus the Euclidean distance between
xj v and xj w ; that is,


sim xj v , xj w =

(2)

where the link strength f (i, j ) between two nodes i
and j is measured by comparing the true network interaction Gij with the expected number of connections
(di.dj )/2m
di .dj
1
.(Gi,j −
),
2m
2m

• Attribute similarity;
To include the attribute similarity between nodes,
Gonzalo defines a new measure called “similarity
attribute” of a partition as [23]: let G = (V , E, X)

1+



1

2
d
k=1 xj vk ∧ xj wk

where d is the number of dimensions of the j-th
attribute, xj vk is the value of the k-th coordinate of
the j-th attribute for node v, and ¬, ∧ and ∨ are the
logical NOT, AND, and OR operators, respectively.
This attribute similarity function allows the combination of the attributes of different types, which
is essential given the heterogeneous nature of many
real-world networks.

l=1 i∈Cl ,j inCl

f (i, j ) =

i

i

After the introduction of this new objective function,
Gonzalo proposed an algorithm that optimizes this function. This is an adaptation of the Louvain algorithm proposed to optimise the modularity [8]. This method consists
of a repeated application of two steps. In the first phase of
the algorithm, the nodes are initially assigned to singleton
communities. Then, each node is iteratively and sequentially reassigned to the community that yields the highest
positive gain in the multi-objective function F until no
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further improvement can be achieved. The gain in the multiobjective function F resulting from assigning a node z to a
community ci , F (z, ci ), is given by
F (z, ci ) = α.Q(z, ci ) + (1 − α).S(z, ci )

(3)

where Q(z, ci ) and S(z, ci ) are the gain in modularity
and the gain in attribute similarity resulting from assigning a node z to a community ci , respectively. The gain in
modularity, Q(z, ci ), is given by
Q(z, ci ) =

kz,ci kci .kz
2m 2m2

where kz is the degree of node z, kz,ci is the number of
edges between node z and nodes in community ci , kci is
the number of edges incident to nodes in community ci ,
kc i is the number of edges between nodes in community ci ,
and m is the number of edges in the graph.
The gain in attribute similarity, S(z, ci ), is given by:
⎡
D

  sim(xj v , xj w )
1
⎣ 1
S(z, ci ) =
D j =1 K 
|ck |2
ck ∈C  v,w∈ck
⎤
1   sim(xj v , xj w ) ⎦
−
K
|ck |2
c ∈C  v,w∈c
k

k

where D is the number of attributes, K = |C|, K  = |C  |,
and C and C  are the sets of communities before and after
assigning z to ci , respectively.
In the second phase of the algorithm, a new graph is
constructed by aggregating the nodes in each community
into a single node. The first phase of the algorithm is then
reapplied on this new graph. These two phases are repeated
iteratively until no further changes to the community structure can be made. Then, the partition that yields the highest
value of the multi-objective function F for the original
graph is returned.
Agents’ Behaviors

• The list of its members , which are the components of
its community,
• The list of nodes having relations with its members,
• The list of other agents associated with communities
having relationships with its community,
• The list of the most connected nodes (ie. having the
biggest degree) in its community. We chose this list to
contain only the 20% of the community members.
An agent is defined by the following possible behaviors:
• Decide to integrate or not a node to itself, which leads
to the growth of the community,
• Decide to remove or not a node from itself, which
leads to the contraction of the community,
• Decide to integrate or not another community, which
leads to the merge of the community,
• Decide to divide itself or not, which leads to the split
of the community
• Decide to create a community, which leads to the birth
of a new community,
• Decide to die, which leads to the death of the community.
1. Integration of nodes
Once created, each agent computes the quality of
his community using the following local quality
measure:
F (C) = α.Q(C) + (1 − α).S(C),

(4)

where is the local modularity of the community C
defined as:
Q(C) =


i∈Cl ,j ∈Cl

di .dj
1
. Gi,j −
2m
2m

,

and S(C) is the similarity attribute of the community
C defined as:
⎡
⎤
D
1 ⎣   sim(xj v , xj w ) ⎦
,
S(C) =
K.D v,w∈c j =1
|ci |2
i

Once an initial partition is detected, we associate an agent
with each detected community. In order to follow the evolution of the communities and update them, these agents
continue the observation of the dynamic of the network
and, consequently, adapt their communities according to
the observed event.
An agent is defined by his id and the following properties:
9113

Subsequently, when a new node n appears in the
network and creates relationships with the members of the agent ag or if a node n belonging to
another community creates new relationships with
the members of ag, this agent treats the possibility
of integrating n into his community. Before deciding
to integrate or not n, ag calculates the variation of
the quality of his community after the integration of
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2.

3.

4.

5.

n using the Equation 3. If the gain is positive, that
means that the addition of n is beneficial to the community, in other words it improves the quality of this
community. For this purpose, ag adds n to its community. We note that n can be integrated by several
agents (i.e. communities) at the same time and in this
case, it will be an overlapping node.
Removal of nodes
This operation is very similar to the choice of integration of a node. When a node n, belonging to the
community C of the agent ag, breaks relationships
with some members of C , the agent ag processes the
ability to delete n. To do so, ag executes the same
test as for integration, and now, if the gain is positive,
that means that the removal of n is beneficial to the
community, and therefore n will be removed.
However, in this case, ag will also do recursively
the same test on all its nodes that are neighbors of n
because the removal of n from C is likely to reduce
the potential belonging to the neighbors of n to C,
which could allow ag to remove them.
Integration of another community
When the number of nodes of overlap between two
communities C and C  , reaches a given threshold, one
of the two associated agents of these communities
(the agent having the lowest ID) makes the decision
to merge with the other. The threshold that we choose
in this work is 75%. Hence, the other agent leaves the
system.
Division of a community
When an agent deletes nodes belonging to the list of
the most connected nodes, this agent uses the model of
Gonzalo [23] to detect the possible sub-communities
within its community. Subsequently, it assigns a new
agent to each sub-community and thereafter it leaves
the system. The thresholds we chose in this work is
%
Creation of community
When a new node n appears in the network, and
it is not accepted by existing communities, or if it
does not have relationships with the existing members in the network, n will be considered as an
embryo community, and a new agent will be associated with n. This type of agents will be called embryo
agents. Each embryo agent interacts with neighboring embryo agents to decide or not to form a larger
community that includes the nodes of these embryo
agents. To this end, the embryo agents initiate a negotiation. Finally, the embryo agent receiving the largest

number of requests takes the initiative to create a new
community containing its member and its neighbors.
Finally, the other embryo agents disappear from the
system.
6. Death of community
The death of a community occurs when the community loses all its members. In this case, the community
dies and its agent leaves the system.
Following these different reactions of the agents, our
MAS can track the evolution of the communities that
emerge over time.
Thanks to its decentralized and incremental nature, this
approach allows to detect dynamic communities based on
local calculations for the adaptation of the existing partition. Therefore, our solution is able to handle large-scale
networks. The main contribution of our approach compared to multi-agent methods presented in the literature is
that it allows all operations on communities: birth, death,
growth, contraction, and more complex events, such as
merge and the split. Another contribution of our solution is
the integration of similarity attributes for the discovering of
communities, which allows to identify communities with
homogenous members. Since communities may overlap in
real networks, our proposed method considers the overlap
of communities i.e. the possibility for a node to belong
to more than one community. This allows to confirm the
robustness of our solution that considers all the properties of real world communities, namely the dynamics, the
overlap and the members’ homgeneity.

EXPERIMENTATION AND EVALUATION
In order to study the performance of the proposed approach,
we applied it to real data extracted from well-known online
social networks and at artificial data. In our experiments,
we chose to compare the results of our approach with:
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• iLCD model (intrinsic, Longitudinal Community
Detection) [24]:
It is an incremental and multi-agent model. In this
work, the author associates with each node an agent
called node-agent and with each detected community
an agent called community-agent. The detection of
a community is done by replaying the creation of
the network edge by edge. Once a clique (usually 3
or 4 members) is present, a new community with a
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new community-agent is created. This agent successively adds neighbors which improve the quality of the
community. Subsequently, communities-agents interact with nodes-agents to update their communities
according to the evolution of the network.
• GM model (Gonzalo’ model) [23]:
We presented in the Section the first stage of Gonzalo’ algorithm, which allows to obtain the initial
partition of the network. To track the evolution of
communities over time, Gonzalo’s algorithm identifies communities at each time step and then matches
the communities identified at consecutive time steps.
Evaluation Measures

These algorithms were compared in terms of the quality
of the identified communities. To evaluate their structural
properties, we computed the modularity presented in equation 2 and the average density of the graph partition defined
as:
Density(P ) =

K

mc
c=1

m

,

the weighted entropy for all attributes in the k communities.
This measure belongs to the interval [0, ∞ [. A low entropy
value is equivalent to a great homogeneity of the attributes
of nodes belonging to the same community.
Application to real networks
Datasets

We evaluated the performance of our proposed algorithm
on large-scale dynamics attributed networks constructed
from three real-world data sets. Table 1 summarizes the
characteristics of these networks such that #ni and #mi
represent the initial number of nodes and edges, respectively, #nf and #mf represent the final number of nodes
and edges, respectively, and #timestep denotes the number
of time steps.
Table 1. Characteristics of real-world networks.

#ni
#nf
#mi
#mf
# time step

(5)

where mc is the number of edges in community c, m is the
number of edges in G, K is the number of communities.
Density(P ) reflects the proportion of community intralinks over the total number of links. High density denotes
good separation of communities.

entropy(P ) =

i=1

wi
m
p=1

k

|Cj |

wp

j =1

|V |

entropy(ai , Cj )
(6)

such that
entropy(ai , Cj ) = −

ni


pijn log2 (pij n )

Yelp

TripAdvisor

13,782
110,065
33,528
426,548
7

7
97,039
14
10,372,332
7

15
297,301
26
28,288,858
7

• The DBLP 1 data set provides publication records
from 1991 to 2000. In the corresponding network, an
edge between two nodes is present if the authors represented by those two nodes collaborate in a publication.
The authors have 19 categorical attributes representing each author’s areas of publication (e.g., artificial
intelligence, bioinformatics, security).
• TheYelp 2 data set provides user reviews of a select set
of businesses from 2004 to 2012. In the corresponding
network, an edge between two nodes is present if the
users represented by those two nodes reviewed the
same business. Nodes have 38 categorical attributes
representing the type of businesses reviewed by each
user (e.g., restaurants, shops, services), as well as a
numeric attribute corresponding to the average rating
assigned by each user.
• The TripAdvisor 3 data set provides hotel reviews from
2002 to 2012. In the corresponding network, an edge

To evaluate the homogeneity of their attribute information, we computed the average entropy that evaluates
the partition based on the similarity of attributes of members of the same community. Let A be a graph with |V |
nodes in which we associate with each node a set of
attributes A = {a1 , . . . , am }. With each attribute ai is associated a weight wi . We denote by ni the number of values
that the attribute ai can take. The entropy for a partition
P = {C1 , . . . , Ck } of this graph is defined by [14]:
m


DBLP

(7)

n=1

1

and pij n is the percentage of nodes in the community Cj
having a value ain for the attribute ai . The entropy measures

dblp.uni-trier.de/xml
www.yelp.com/dataset_challenge
3
times.cs.uiuc.edu/ wang296/Data
2
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between two nodes is present if the users represented
by those two nodes reviewed the same hotel. Nodes
have a numeric attribute corresponding to the average
rating assigned by each user.

Experimental Setup

We identified communities in these real-world networks
using our proposed algorithm, as well as iLCD and GM.
Note that GM is an algorithm for detecting communities in
dynamic attributed graphs, as for iLCD, they do not consider the nodes attributes. All experiments on real-world
networks were performed on an Intel machine running
RHEL Server 6.7 consisting of two hex-core E5645 processors and 64GB DDR2 RAM. Our proposed algorithm
was implemented in JAVA. It is to be noted that in all these
experiments, we set the value of the weighting parameter
α of the equation 1 to 0.5. For the β update parameter of
GM, for simplicity, we set 0.5 for all experiments.
The algorithms were compared in terms of the quality of the identified communities and the efficiency of
the implementation. To evaluate their structural properties,
we computed the modularity and average density of the
graph partition, and to evaluate the homogeneity of their
attribute information, we computed the average entropy.
The obtained results are shown in sets of figures.

FIGURE 4. Variation of the average density of the tested
models for DBLP network

FIGURE 5. Variation of weighted entropy of the tested
models for DBLP network

FIGURE 6. Variation of modularity of the tested models for
YELP network
FIGURE 3. Variation of modularity of the tested models for
DBLP network
Discussion of Results

We also tracked the number of communities detected by
our approach at each time step. the results are presented in
Figures 12,13 and 14. Finally, we summarize in the Table
2 the running times in seconds.

With respect to the quality of the communities, our proposed algorithm as well as the obtained GM model of graph
partitions with high modularity, high average density and
low weighted entropy (see Table 2), which proves the good
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FIGURE 7. Variation of the average density of the tested
models for YELP network

FIGURE 10. Variation of the average density of the tested
models for TripAdvisor network

FIGURE 8. Variation of weighted entropy of the tested
models for YELP network

FIGURE 11. Variation of weighted entropy of the tested
models for TripAdvisor network

FIGURE 9. Variation of modularity of the tested models for
TripAdvisor network

FIGURE 12. Variation of the number of detected communities by the proposed model for DBLP network

structural quality of our communities as well as the homogeneity of the members within the same communities. On
the contrary, the quality partitions of iLCD still had infieur
quality, due to the fact that iLCD does not integrate the
attribute similarity for the detection of communities. With
respect to the efficiency of the algorithms, our model was
proven to be slower than iLCD, because it takes time to

find an initial partition. On the other hand, our approach
is much faster than the GM, which was expected as it is
a centralized model. Thus, the quality of the communities
found by GM model was at the expense of execution time
which is considerably higher. This suggests that the proposed algorithm is able to achieve a better balance between
the efficiency and the quality of the identified communities.
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FIGURE 13. Variation of the number of detected communities by the proposed model for YELP network

obtained by removing or adding edges, by migrating nodes
from a community to another one, by splitting a community
into two new sub-communities or by merging two existing communities into a single community. Therefore, we
used the real structure of each generated social network
as a reference point. As evaluation criteria, we considered
the normalized mutual information (NMI) which is the
most standard commonly used measure to compare two
partitions of the same graphs. It is defined as follows [34]:


−2 a∈A b∈B |a ∩ b| log ( |a∩b|n
|a||b| )
,
NMI (A, B) = 

|a|
|b|
a∈A |a| log ( n ) +
b∈B |b| log ( n )
(8)
with A and B being two distinct partitions of the same
graph.
Using DAN Cer, we generated 10 dynamic networks
with the same set of parameters. Table 3 presents a description of DAN Cer parameters and the common used values
in all these similations.
Experimental Setup

1. First case: references graphs
In the first case, we considered reference graphs having "Macro operations" parameters described in Table
4. The average NMI of our proposed model,iLCD
and GM is shown in Figure 15.

FIGURE 14. Variation of the number of detected communities by the proposed model for TripAdvisor network

Table 2. Running time in seconds for real world networks.

Proposed model
iLCD
GM

DBLP

Yelp

TripAdvisor

15.1
9.5
25.29

116.2
88.3
299.81

154.3
102.1
385.27

Overall, the obtained results have shown that the proposed algorithm is able to efficiently identify communities
of high quality in large-scale real-world networks in a
reasonable time.

FIGURE 15. Variation of NMI of the tested models for
references graphs

Application to Artificial Networks

To build synthetic datasets, we used the generator
DAN Cer presented in [33]. A network is defined by a
sequence of undirected attributed graphs having a well
defined partition. The ground truth partition is given by
Pt∗ with t ∈ {1, . . . , T }. The evolution of the network is
9118

2. Merge operation
In this second set of runs, we were interested by
graphs in which several communities merge as the
merge is one of the most difficult movements to
detect. We followed the behavior of the different alogorithms in this case. The average NMI is showed in
Figure 16.
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Table 3. Description of the dynamic network generator parameters.
Parameter

Signification

Value

K
N
p
A = γ1 , ...γp

Number of communities
Number of nodes
Number of numerical attributes
Standard deviations of the attributes generated using centered
normal distributions
Maximum number of edges connecting a new node to nodes in
its community
Maximum number of edges connecting a new node to nodes in
a different community
Maximum number of representatives of each community
Minimum number of total edges
A threshold to decide if a new node joins a randomly selected
community or not
A threshold to select if the micro dynamic updates are performed
or not
Ratio defining the number of nodes inserted
Ratio defining the number of nodes removed
Ratio defining the number of attributes updated
Ratio defining the number of between edges inserted
Ratio defining the number of between edges removed
Ratio defining the number of within edges inserted
Ratio defining the number of within edges removed
Number of graphs generated
Probability to perform the migrate nodes operation

50
5000
10
0

max
Ewith
max
Ebtw

NbRep
MT E
PrandomCommunity
P robaMicro
Addnode
Removenode
UpdateAttr.
AddBtw.Edges
RemoveBtw.Edges
AddW th.Edges
RemoveW th.Edges
Timestamps
ProbaMigrate

10
10
5
10 000
0.5
0.5
0.3
0.3
0
0.3
0.9
0.5
0.5
10
0.75

Table 4. Description of “Macro operations” parameters for references graphs.
Parameter

Signification

Value

PremoveEdgeSplit

Proba. to remove an edge between two nodes in the same
previous community
when splitting a community
Probability to perform the merge operation
Probability to perform the split operation

0.3
0.3
0.3

ProbaMerge
ProbaSplit

Table 5. Running time (in seconds) for references graphs.
CP¯ U
Proposed model
iLCD
GM

27
18
25.94

3. Split operation
In the third set of runs, we consider graphs with an
important number of split operation. The resulting
NMI is presented in Figure 17.
4. Merge and Split operation
Finally, we consider the most complex case, when
several communities merge and other ones split.

FIGURE 16. Variation of NMI of the tested models for
graphs with several merge operations.
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Table 6. Description of “Macro operations” parameters for graphs with several merge operations.
Parameter

Signification

Value

PremoveEdgeSplit

Proba. to remove an edge between two nodes in the previously
same community
when splitting a community
Probability to perform the merge operation
Probability to perform the split operation

0.3
0.75
0.3

ProbaMerge
ProbaSplit

Table 7. Running time (in seconds) for graphs with several
merge operations.

Table 9. Running time (in seconds) for graphs with several
split operations.

CP¯ U
Proposed model
iLCD
GM

CP¯ U

56
45
103

Proposed model
iLCD
GM

Table 8. Description of “Macro operations” parameters for
graphs with several split operations.
Parameter

Signification

PremoveEdgeSplit

Proba. to remove an edge
between two nodes in the previously same community
when splitting a community
Probability to perform the
merge operation
Probability to perform the split
operation

ProbaMerge
ProbaSplit

130
76
246

Table 10. Description of “Macro operations” parameters for
complex graphs.

Value

Parameter

Signification

Value

PremoveEdgeSplit

Proba. to remove an edge
between two nodes in the previously same community
when splitting a community
Probability to perform the
merge operation
Probability to perform the split
operation

0.75
0.75

0.75
0.3

ProbaMerge

0.75

ProbaSplit

0.75

FIGURE 17. Variation of NMI of the tested models for
graphs with several split operations.

FIGURE 18. Variation of NMI of the tested models for
complex graphs.

Discussion of Results

which in several times was closer to the correct partition
than GM. Regarding the CPU-time, we notice in Tables
5, 7, 9 and 11 that our model was slower than iLCD and
faster than GM in computing an optimal partition.

From Figures 15, 16 and 17, we can see that our solution
was able to find a very close partition to the exact partition for all graphs thanks to the accordance between the
computed and the exact partitions (NMI 1). We notice
that the partitions of GM were very close to our partition,

From these simulations on artificial networks, we can
conclude that our model performed well for distinct types
of graphs, and it was always able to compute the exact
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Table 11. Running time (in seconds) for complex graphs
operations.
CP¯ U
Proposed model
iLCD
GM

254
112
4789

structure of each network regardless of its nature and complexity. On the other hand, although our model was slower
than iLCD, it detected a much better partition.

CONCLUSION AND PERSPECTIVES
In this paper, we proposed an efficient incremental and
multi-agent algorithm for community detection in dynamic
social networks. Thanks to the decentralized nature of our
approach that track the evolution of communities by local
computation, our solution can efficiently respond to network modifications at a low computational cost, which
allows to treat very large networks. The main contribution of our approach compared to the multi-agent methods
presented in the literature is that it detects all possible transformations of the communities namely birth, death, growth,
contraction, as well as the most complex events such as the
merging and the splitting. In addition, the originality of our
solution lies in the consideration of the attribute information of the social actors, the dynamic nature of the networks
and the overlap of communities. To the best of our knowledge, this is the first methodology to take into account all
these properties of real social networks.
We evaluated our proposed algorithm on a variety of
synthetically generated benchmarks using DANCer generator, as well as on large-scale real-world networks. The
obtained numerical results for both synthetic and real
networks illustrate the competitive performance of this
approach.
In a future work, our aim will be the hierarchical community detection, i.e. to make communities composed of
communities, which gives new insights into the network
structure for very large graphs.
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