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A Multiagent Reinforcement Learning algorithm to solve
the Community Detection Problem
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2 Department of Mathematics, Faculty of Basic Science, University of Bonab, Bonab, Iran

Abstract

Recent researches show that diverse systems in many different areas can be represented as complex
networks. Examples of these include the Internet, social networks and so on. In each case, the system can
be modeled as a complex and very large network consisting of a large number of entities and
associations between them. Most of these networks are generally sparse in global yet dense in local. They
have vertices in a group structure and the vertices within a group have higher density of edges while
vertices among groups have lower density of edges. Such a structure is called community and is one of
the important features of the network and is able to reveal many hidden characteristics of the networks.
Today, community detection is used to improve the efficiency of search engines and discovery of
terrorist organizations on the World Wide Web.

Community detection is a challenging NP-hard optimization problem that consists of searching for
communities. It is assumed that the nodes of the same community share some properties that enable the
detection of new characteristics or functional relationships in a network. Although there are many
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algorithms developed for community detection, most of them are unsuitable when dealing with large
networks due to their computational cost.

Nowadays, multiagent systems have been used to solve different problems, such as constraint
satisfaction problems and combinatorial optimization problems with satisfactory results. In this paper, a
new multiagent reinforcement learning algorithm is proposed for community detection in complex
networks. Each agent in the multiagent system is an autonomous entity with different learning
parameters. Based on the cooperation among the learning agents and updating the action probabilities
of each agent, the algorithm interactively will identify a set of communities in the input network that are
more densely connected than other communities. In other words, some independent agents interactively
attempt to identify communities and evaluate the quality of the communities found at each stage by the
normalized cut as objective function; then, the probability vectors of the agents are updated based on
the results of the evaluation. If the quality of the community found by an agent in each of the stages is
better than all the results produced so far, then it is referred to as the successful agent and the other
agents will update their probability vectors based on the result of the successful agent.

In the experiments, the performance of the proposed algorithm is validated on four real-world
benchmark networks: the Karate club network, Dolphins network, Political books network and College
football network, and synthetic LFR benchmark graphs with scales of 1000 and 5000 nodes. LFR
networks are suitable for systematically measuring the property of an algorithm.

Experimental results show that proposed approach has a good performance and is able to find suitable
communities in large and small scale networks and is capable of detecting the community in complex
networks In terms of speed, precision and stability. Moreover, according to the systematic comparison
of the results obtained by the proposed algorithm with four state-of-the-art community detection
algorithms, our algorithm outperforms the these algorithms in terms of modularity and NMI; also, it
can detect communities in small and large scale networks with high speed, accuracy, and stability, where
it is capable of managing large-scale networks up to 5000 nodes.

Keywords: Complex networks, Community detection, Multiagent systems, Reinforcement learning,
Modularity Q.
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2 Multiagent Reinforcement Learning (MARL)
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5. v; « arandom vertex of G’

6. Ck < V;

7. Lt < V;

8. While (di,(Cy) < dou: (C) AND | a;] #
0) Do

9. /l Finding k" community

10. a; «

an action selected by agent using P;

11. v; « vertex correspond to a;

12. If (din (Cx U ;) > din(Cy)

13. AND dyy,r (Cie U ) < d e (Ci)
Then

14, Cp <« C VUV

15. L «Lfuy;

16. Vi <V

17. Else

18. a; of agent is deactivated until next
round

19. End If

20. End while

21, G« G\

22, k<k+1

23.  Until (JG’| # 0) // making k community

24 NC(Ch =1y, Gl

=1 yol(Cp
25.  If(NC(CH < NC(Ct™1))
26. reward the selected actions along the path
Lt
27. EndIf

28. Next // end of each round
29. Return Ct

<&

bz (ausnid ! MARLCD (o 5a81 oS a1 (Y- JSC)
oduz rasll yo

(Figure-2): Pseudo-code of the MARLCD algorithm for
community detection in complex networks.
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[47] 095 o Sb3,) p5 doles Gl onds Jlo

cut(C;,Cy)

NC(C) = f 1 vol(cy

M

2l s G o sl slaws cut(C, ) o] o &
gace iy JS 4z 0 vOI(C)) 3 (C;) sanbasdl Sleloix
Oy i Sleloiz! olass K pooren o G &Lo.’;.?l
sla Shy 2Ll sl (omlb (Soza Lot Jboy
5 tlnl S oslacl o slcalls sl (U
Gl il Bl iilie Sleloin! s slacglis
G iyl bl (b s g 0nS o0 S0 1) S
sl G b Rl mpwia sad Jloy
degezme &y 5 1S e aneS oal b ip @ @y

[48] 098 oo |5 o2 lin Slelazx]

1. Fort=1 to MNLI

2 G <G

3. k <1

4 Repeat // making k community

! union
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(Table-1): Networks’ information used in experiments.
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(Figure-4): Results of MARLCD on Karate and Dolphins

networks with different values of the reward based on Q-
modularity.
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(Table-2): Parameter settings for MARLCD approach.
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(Figure-3): Results of MARLCD on Karate and Dolphins
networks with different learning rates based on Q-
modularity.
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(Figure-6): Comparison of the mean NMI values obtained by
MARLCD and GA-Net, Meme-Net and MAGA-Net methods
in four Karate, Dolphins, Books and Football networks.
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(Figure-5): Two communities found by MARLCD for
Dolphin Network.
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(Table-3): Comparison of MARLCD and GA-Net, Meme-
Net, LPA and MAGA-Net methods according to Q-

modularity.
9 )
Karat | Dolphin | Book | Footbal Avg.
e S s |

Qavg 0.374 0.492 0.487 | 0.502 0.464
AN [ 0.419 0.522 0.521 i 0.556 0.505
Qsta 0.076 0.011 0.036 i 0.023 0.037

Time(s)
Qavg 0.408 0.427 0.443 ¢ 0.490 0.442
Meme- | Quax 0.419 0.502 0.513 i 0.549 0.496
Net Qsta 0.013 0.305 0.021 : 0.023 0.091

Time(s)
Qavg 0.352 0.495 0.493 0.579 0.48
LPA Qumax 0.399 0.516 0.522 0.604 0.51
Qsta 0.028 0.008 0.020 0.018 0.019
Time(s) | 0.009 0.019 0.048 0.049 0.031
Qavg 0.419 0.527 0.527 i 0.602 0.519
MAGA | Qax 0.419 0.528 0.527 i 0.604 0.52
-Net Qsta 0.002 0.001 0.001 i 0.003 0.002
Time(s) 0.021 0.073 0.268 | 0.378 0.185
Qavg 0.419 0.526 0.527 i 0.603 0.519
MARL Qax 0.420 0.528 0.527 { 0.607 0.521
CD Qsta 0.001 0.001 0.001 : 0.002 0.001
Time(s) 0.016 0.052 0.143 | 0.309 0.13
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(Figure-7): Comparison of the mean NMI values obtained by
MARLCD and GA-Net, Meme-Net and MAGA-Net methods

on 1000 nodes LFR synthetic networks (LFR1) with p
parameter values from 0.1 to 0.6.
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(Figure-8): Comparison of the mean NMI values obtained by
MARLCD and GA-Net, Meme-Net and MAGA-Net methods

on 5000 nodes LFR synthetic networks (LFR2) with p
parameter values from 0.1 to 0.6.
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