3= HR| ¥ XjsAIA"E 33 2002, Vol. 12, No. 8, pp. 491-496

A o232 Sx3 Adwe|FHol 7| Hst
e L
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‘T2 A 34 H A3 B A (Multi-objective Optimization Problems : MOPs)'& #8389 #A& Exx & o A5 H&A
= g9 A4 2 dolul. TEAE URE AN HHEF EAEL 2 A9 AFsE '5A FF(objective
function)' S 2 o217 FAY A4t 2ok B =FoME G2 T4 3F3 EAd AYE 2T o EAE E7)
s @ 71A HEwe At U MEGME ‘B E & 8)(Pareto optimal solution)’s] FAEE o] &% 71&e HF
3 guZs olgte gy ‘AlY o|E(Game Theory) L2RE E&d 33 4ndFed ‘W4 43 <3z FNash
Genetic Algorithm : Nash GA) ZEla 2 =Edx zosts T3 gualge 7idte]l HE ' aA AH
(Evolutionary Stable Strategy : ESS)'9] ¢4 WAL 2480 £ E2d4Es 924 I HH3 A9 AHE 3
M As 2A%n dEH d4 A3 EAS E7] Ystd 44 ¢ndEE WA AY el E(Evolutionary Game
Theory : EGT)'ol ALAIzl W4 42 gxa&s & =EA Ao Adste A3 dugFe +28 4¥stu
o] ¥ AR gxmaEg YEH GEH FF FHI EAd HEsn AAE vn REFoEN AgH A ol F
742 ololt]o} ‘49 #¥ (Equilibrium)'# '3t A QA A o 7)urd A3 duFEo) OEA e A9 HHY
2 848 & des U

Abstract

Multi-objective Optimization Problems(MOPs) are occur more frequently than generally thought when we try to solve
engipeering problems. In the real world, the majority cases of optimization problems are the problems composed of
several competitive objective functions. In this paper, we introduce the definition of MOPs and several approaches to
solve these problems. In the introduction, established optimization algorithms based on the concept of Pareto optimal
solution are introduced. And contrary these algorithms, we introduce theoretical backgrounds of Nash Genetic
Algorithm(Nash GA) and Evolutionary Stable Strategy(ESS), which is the basis of Co-evolutionary algorithm proposed
in this paper. In the next chapter, we introduce the definitions of MOPs and Pareto optimal solution. And the
architecture of Nash GA and Co-evolutionary algorithm for solving MOPs are following. Finally from the experimental
results we confirm that two algorithms based on Evolutionary Game Theory(EGT) which are Nash GA and
Co-evolutionary algorithm can search optimal solutions of MOPs.

Key Words @ Multi-objective optimization problem, Pareto optimal, Nash GA, Evolutionary stable strategy,
Co-evolutionary algorithm
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Optimization of X, Y

Player 1 = Pop X Player 2 =Pop Y

Initialization of Pop X and Pop Y

Generation k—1

Optimizes X,_, Optimizes Y, _,

Yy is fixed by Player 2 Xk-2 i8 fixed by Piayer 1

Send X

Generation k

Optimizes X, Optimizes Y,

Yy is fixed by Player 2 X1 is fixed by Player 1

Generation k+1

Optimizes X, Optimizes Y,

X, is fixed by Player 1

Y, is fixed by Player 2

¥ 1 U] 32 S
Fig. 1. Strategy of Nash Genetic Algorithm
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Fig. 2. Populations for co-evolutionary algorithm
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FaTEN
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33 3 oI5 Adte A% BAPS o=
Fig. 3. Objective function graph for calculation of gain
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E 2. Schaffer’s functiono] 3k 233
Table. 2 Optimal solutions for Schaffer’s function

Table. 1 Optimal solutions for Sefrioui’s function X, Y, I
X1 Yy 1 W4 GA 0.9933 40004 9.0023
W4 GA 1.6673 2.3297 0.8840 X, Y, F,
X Ya Fy 0.9933 40004 9.0403
1.6697 2.3393 0.8849 X, Y, F
X Y1 F\ FA38 2.3499 26825 46531
a8 1.8187 21810 0.8016 Sz X, Y F
dnels X2 Y2 F2 2.4994 24641 46107
17564 2.469% 0.7810
20
5
T &
L 8
g é 12 —f
e —_—n ] ety 12
c (R B O e S S I
B 5 B oo iam— i
g o W
T
, .
1 21 41 61 81 101

a1 61 81 101

Generations

a8 4. Y4 GAol 9% £, £, 3] W3
Fig. 4. Change of f;, fs by Nash GA

Function Values

41 61 101

Generations

I8 5 X3 dueElged % F, fo9 ¥
Fig. 5. Change of f,, f, by co—evolutionary algorithm

Generations

a3 6. Wl GAdl 23 7, f.3ke] W3
Fig. 6. Change of f,, fs by Nash GA

Function Values

41 61 81 10t

Generations

a8 7. FX3 Gagged g3 £y, fogke] W8
Fig. 7. Change of fi, f2 by co-evolutionary algorithm
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