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Study on Diversity of Population in Game model based
Co-evolutionary Algorithm for Multiobjective optimization
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OE53 e HAs EA(Multiobjective optimization problems)e) A $-olE= shte] H A7 EA5t= Aol opdet ‘I
AE HAH3 3 (Pareto optimal set) o)l &&A =59 Hdro] &3t} o

g}, g o4 suE A48 1T e
HAHE V] AT U N THE A3 duFY A4S AATY B =FdAE A 2 g 33
412 F(GCEA: Game model based Co-Evolutionary Algorithm)oll A sl ¢e] vl S FA 8, %S vl 1w g

E th<tdl(non-dominated alternatives)&2 7] ¢3F & Aeksioh

Abstract

In searching for solutions to multiobjective optimization problem, we find that there is no single optimal solution but
rather a set of solutions known as ‘Pareto optimal set. To find approximation of ideal pareto optimal set, search
capability of diverse individuals at population space can determine the performance of evolutionary algorithms. This
paper propose the method to maintain population diversity and to find non-dominated alternatives in Game model
based Co-Evolutionary Aalgorithm.
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Pop 1 Pop 2
No. Chromosome Fliness No. Chromosome Fiimess
1. 1001101 87 r 1. 0110011 76
2. 0111011 58 w | 2. 1001101 55
3. 1010100 19 3. 01001112 93
4. 1000100 82 4. 0011011 34
8. 0101011 27 5. 1101010 B9
6. 1011101 79 6. 1010111 48
7. 0110010 33 7. 0110101 98
8. 1101001 21 8. 1101100 73
9. 0000100 o4 9. 0011010 84
10. 0100011 27 10. 0100101 54
i. 0110100 69 J- 1011010 31

a2 1 AYE 9% 343 dngFe AP
Fig 1. Population for GCEA
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A dgE Ay vdE AFgoF s §F rh
= elitist EAs : Rudolph’s algorithm, distance based
Pareto GA, strength Pareto EA, multi-objective
messy GA, Pareto archived evolution stategy, etc.

= non-elitist EAs : vector-optimized evolution strat-
egy, niched Pareto GA, random weighted GA,
weight-based GA, non-dominated sorting GA,
multiple objective GA, etc.
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Fig 2. the division method of non-dominated alternatives

and the selection method by euclidean distance
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« Zitzlerd] =804 A" MOP : ¢
fl ($1) =,

a:”) =1+9 . (iml)/(n—l)
i=2

h(f,9) =1—+/fi/g—(f1/g)sin(10mf,)

g(zy ...,
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By

= Population size : 100

# of Population / Generation : 2 / 100

= Sharing Parameter : 0.015

= Crossover(Prob.) : two point crossover(1.0)

= Mutation(Prob.) : Simple mutation(0.1)
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Fig 4. The pareto front for Schaffer’s test function ¢,
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a2 5. Zitzler's H|ZE §< £,9] Pareto front
Fig 5. The pareto front for Zitzler's test function ¢,
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Fig 6. The pareto front for Zitzler's test function t,

A :: TR R e T Eoma
@ ®
a3 7. Zitzler's HIZE §<¢ ¢, 9 Pareto front

Fig 7. The pareto front for Zitzler's test function t,
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= SPEA : The strength pareto evolutionary algorithm
» SOFA : A single-objective evolutionary algorithm
= NSGA : The nondominated sorting genetic algo-
rithms
= VEGA : The vector evaluated genetic algorithm
= HLGA : Hajela and Lin's weighted-sum based ap—
proach
= NPGA : The niched pareto genetic algorithm
*« FFGA : Fonseca and Fleming’s multiobjective ge—
netic algorithm
= RAND : A ramdom search algorithm
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> Population size : 100
# of Generation : 500
Crossover(Prob.) : one point crossover(0.8)
Mutation(Prob.) : Simple mutation(0.01)
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Table 1. Optimal solutions of MOPs

No. Zy Ty £ £

n

t3 0.250007629627369 {0 0.260007629627369  {0.499992370430841

t5 0.850556963 0 0.850556963 ~0.772682607

tﬁ 0.250007629627369 |0 0.250007629627369  {0.499992370430841
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Fig 11. The pareto front for Zitzler's test function i,

t7 0.093813898 0 0999257065 0.001484767
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