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In this paper, we proposed a new method for the determination of strategies that are required in a continuous optimization
algorithm based on the fictitious play theory. In order to apply the fictitious play theory to continuous optimization problems,
it is necessary to express continuous values of a variable in terms of discrete strategies. In this paper, we proposed a method
in which all strategies contain an equal number of selected real values that are sorted in their magnitudes. For comparative
analysis of the characteristics and performance of the proposed method of representing strategies with respect to the conventional
method, we applied the method to the two types of benchmarking functions: separable and inseparable functions. From the ex-
perimental results, we can infer that, in the case of the separable functions, the proposed method not only outperforms but is
more stable. In the case of inseparable functions, on the contrary, the performance of the optimization depends on the benchmarking
functions. In particular, there is a rather strong correlation between the performance and stability regardless of the benchmarking
functions.
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<Table 1> Test Functions Used for the Experiment. n is
the Number of Variables and R Represents the

Range of a Variable

Test Functions n R
fi=— ZT, sin (lz,]) 10 [-20, 20]
i=1
fo= = 3{a?— 10c0s (272,) + 10} 10| [-20, 20]

i=1

1 &
fo=— 2()cxp{7 0-24/ ;Zz?
i=1

n 10 [-20, 20]
-1I exp{icos (27711)}+ 20+ e
= n
W \025 W |01
fi= Em?) {sinz 50(2.7:?) + 1} 10 [-20, 20]
i=1 i=1
1
5= 1000 E Hcos( ) 10 [-20, 20]

<Figure 1> The Minimum Values Versus Iteration for Test
Function f,. The Arrows Indicate Iterations Right
After Updating Strategy. (a) ¢=10, (b) ¢=20
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Interval. The Dotted line Indicates the Magnitude
of Strategy Interval for EWD
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<Table 2> The Experimental Results for All Test Functions.
The Values are the Average and Standard Deviation
(in Parentheses) over 10 Independent Runs

number of strategies = 50 number of samples = 10
number of samples = 10 number of strategies = 50
EFD EWD EFD EWD

) -194.15892 -190.86683 -194.25479 -174.58012
ol 003732) (0.31254) (0.000258) (133347
13.02272 53.91057 38.83202 81.5518

B 243 (8.07947) (4.68554) (12.40174)
1.89458 2.66789 5.98968 6.41847

Ts (0.27821) (0.14502) (0.67931) (0.68814)
) 5.14456 5.04352 3.72991 2.46209
fa (0.54404) (0.32859) (0.38775) (0.18613)
) 0.09052 0.13915 0.68825 0.85393
I (0.02433) (0.03274) (0.14006) (0.05514)
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Values Versus the Number of Strategies : EFD(H)
and EWD([). (a) The Result of Test Function f;,

(b) The Result of Test Function f,

<Figure 4> The Average and Standard Deviation of Minimum
Values Versus the Number of Samples for Test
Function f, : EFD(H) and EWD([])
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<Figure 6> The Average and Standard Deviation of Minimum
Values Versus the Number of Samples for Test
Function f, (a) and f; (b) with EFD(HD and EWD([])
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