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Adaptive multi-point crossover genetic algorithm for solving continuous
distributed constraint optimization problems

LIAO Xin, SHI Meifeng, CHEN Yuan
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400000, China)

Abstract: Aiming at the limitations of the solving algorithm for continuous distributed constraint optimization problems
(DCOPs), such as the lack of anytime property, the limitation of constraints function form and the inability to guarantee
convergence, an adaptive multi-point crossover genetic algorithm for solving C-DCOP (AMCGA) is proposed. In AM-
CGA, the agent firstly builds distributed population and breadth first search (BFS) pseudo-tree to calculate the individu-
al fitness in a distributed way. Secondly, the agent selects elite individuals through greedy strategy for adaptive multi-
point crossover, achieving global search; cooperative communication between agents ensures the consistency of solu-
tions in the distributed population. Finally, the agent uses mutation operator to complete local search. AMCGA is suit-
able for any form of constraint function and is proved to have anytime property and global convergence. Extensive ex-
perimental results on four types of benchmark problems demonstrate that the solution quality of AMCGA is superior to
the state-of-the-art C-DCOP solving algorithms, it can effectively break through the limitations of current C-DCOP solv-
ing algorithms, and improve the solution quality by 20% to 30%.

Keywords: continuous distributed constraint optimization problems; anytime property; adaptive multi-point crossover;

genetic algorithm; distributed population; breadth first search pseudo-tree; agent; solution quality
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Fig. 1 Example of C-DCOP
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7) end for

8) Kik CxfifE G LR ek

9)end for

10) A 3K B & 1 554, for B —AF BB a; do

11) Messaging()

12) if a;==root do // a R REIR

13) Selection(Cyess)

14) end if

15) EXENEEINEPSR €l

16) if WSS HP 202 2 do

17) C,.x; < CrossList U UncrossList
18) Cem x; « CrossList

19) if agent a; in Agent, do

20) Crossover(C®™.x;)

21) end if
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24) for C*™.x; — C5*™ x; to C&™.x; do
25) Mutation(Cg*™.x;)

26) end for
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28) if L; #0 do

29) Rik CxBES L

30) RIEGE RS LR ek
31) end if

32) end if

33 )end while
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end if
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@ end if
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Fig. 4 Agent a; and a3 as an example of crossover
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