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This paper deals with solution methods for discrete and multi-valued optimization problems. The objective function of the
problem incorporates noise effects generated in case that fitness evaluation is accomplished by computer based experiments such
as Monte Carlo simulation or discrete event simulation. Meta heuristics including Genetic Algorithm (GA) and Discrete Particle
Swarm Optimization (DPSO) can be used to solve these simulation based multi-valued optimization problems. In applying these
population based meta heuristics to simulation based optimization problem, samples size to estimate the expected fitness value
of a solution and population (particle) size in a generation (step) should be carefully determined to obtain reliable solutions.
Under realistic environment with restriction on available computation time, there exists trade-off between these values. In this
paper, the effects of sample and population sizes are analyzed under well-known multi-modal and multi-dimensional test functions
with randomly generated noise effects. From the experimental results, it is shown that the performance of DPSO is superior
to that of GA. While appropriate determination of population sizes is more important than sample size in GA, appropriate determi-
nation of sample size is more important than particle size in DPSO. Especially in DPSO, the solution quality under increasing
sample sizes with steps is inferior to constant or decreasing sample sizes with steps. Furthermore, the performance of DPSO
is improved when OCBA (Optimal Computing Budget Allocation) is incorporated in selecting the best particle in each step.
In applying OCBA in DPSO, smaller value of incremental sample size is preferred to obtain better solutions.

Keywords : Simulation-Based Optimization, Genetic Algorithm, Particle Swarm Optimization, Optimal Computing Budget

Allocation
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No Population Size Sample Size/Solution
1 25 24
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Combinations in Michaelwicz Function
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<Figure 5> Average Fitness Values with Increasing Pop Size
in Ackeley Function
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<Figure 6> Average Fitness Values with Increasing Pop Size
in Girewank Function
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<Figure 7> Average Fitness Values with Increasing Pop Size
in Michaelwicz Function

-6400
-6600
-6800

7000

fitness

-7200
-7400

-7600

-2700
-2800
-2900
-3000
%3100
o
c
£3200
-3300
-3400

Trveg

-3500 2=t ‘”5*
-3600

25 50 100 150 200 300 600
pop size

<Figure 8> Average fitness values with increasing pop size
in Schwefel function

TFE R M 2L H= YA T, =
o|z7} & uf <Figure 5>} <Figure 6>°4 o] 7]
22600, A= 19 Y& AL AZo| e do] o] Ho)
A= F4S HQIth DPSOE Ackeley, Girewank 359}
1_0]747}  Michaelwicz, Schwefel &<=olX A7 &

= 8] o] WojAl= Aol BT 53], Ackeley,
Glrewank St A= o) Axrt &8 e DPSO
A A= JHAFE T AETe] SEIF o T asits
AL vt} Michaelwicz, Schwefel ol X% mo]=7}
2 o NAF Bihe AEF7)F /380 e dAs Yeldth

o 7}ska

1__



102

Dong—Soon Yim

4.3 DPSOU|AM CHAE =734 st

ol ol Ado| A= DPS09 7 wA nAE A=
600S SFFAA T SAle] FIte] wpe} AEFE A

JG o7 .2_7]_ T= 71—/\ ] o)
olel g A AE%
x% ) l:x] =2 B2 ]_

= wH°

Z
&
A% 4

PR

g
o
=
0

& sk
s wpgo] ofw @ E3kE 7h
3< sk olde) 2

]
6401]}49} ol = MZHE 150,000, GAFE 250, 7N
_‘1

= 10002 3Tt Az
T 100004 & S & o} i, oA
(7Hxﬂ T 12)S dFste] @A St

A Z7to e @A 1o A A

250914 1,200
w2t ZhA B Al

STE AFH R v] AAHEES sto] F A7 15,000

of o]2x= sigith AP A el

A 19 A= 12, @A 25000 4 E 12 3}

MA B AETE

of @719 71l

e 490 vl S

_4

<Table 5> Wo]=9] 37]

of Fola ael sElE skl 7t Hrhael

A 253 At dljo] 7)o Ftgkd
FHXE Veldth BE Hrbagrof A

90%°l A FAHOR zlo]E Ho A

g0
A, nAE s Hg4 et B840

i

o

2 N -

£ o

RCAS: )
P
~
L
X
o
i

(o3

i)

rlo

g

- 2
XN

K

e

14

lo

>

b
:?L_',

ot
4
ot
ot o

4y >

o P
—E‘

[

)
r{S ¢

He A WhHy A A 74 HHo) A

LI
o >
i)
olr
=
N
)
)
oyl
LN
N,
1o
N
N
ol
c> o

#e 44T + Aok

o4 DPSOZ 13 YA A T3 whA

el 71d H7Hke Yeh= <Figure 9>+ ©] 7“’
vy st} Wk N A 7k WS %70 b

HXFHAS <Table 2>

R L

oe B3

AngH 57

¢

)
&
e o

mi:oé,
i e
-,

1

‘
-
o -

o P
jud)
=)
[
N
o]
Q
rlo
&,
N
N
=y
o |o
fil
‘O,
:Oé
:Oé

o
!
o
o
N
X
=y
o
o
)
[t
o=
2,

&
N
N

o

4 Aok g Aol Sk BFor sEol o)

(Table 5> Comparison of Sample Size A

K
Tt
X
4
T Y,
g
i
=
rlm
4
o
(o
Hil
r&
ol
2
B
N
L
)
ot o £ ol ]1]

&
o,
o,
L
foly
&
o
ofl
o
o®
rlo

Aol R Bk 2 s de ankA 2
) g

o2
rx ook

llocation Methods

fulgtsit)n Fixed Increasing Decreasing
Ackeley 4.11/0.62 20.17/3.06 4.34/0.84
Girewank 50.10/12.80 158.12/68.69 44.09/17.68
Michaelwicz -15.95/0.81 -14.62/1.32 -15.63/0.96
Schwefel -7032.77/247.83 | -6481.07/701.74 | -7049.02/310.66
*average/standard deviation of expected fitness value.

500

e Fixedl

400 __.:___ ......................... Increasing [

% decreasing
300 S mmmmmmm e e o]

200 +

fitness
H
_r‘*'.:-:"
T
-

100 ““”‘ 33 feesesscescestecsecasestesseccetsiasteccarciesseacassts)

0 20 40 60 80 100 120 140 160 180 200 220 240
step

<Figure 9> Trends of Expected Fitness Values of Solutions
in Girewank Function

4.4 DPSO0|2| OCBA X &

o
lo

2
[
=, m>~

o
HU

151 437} DPSOCA &= tiA = 7A 5 EJ_E‘r A
EPL Aol Mz s, ZF gAlel %713l
ST 71 BT FEAA 7| AY g A 1L
v‘i—*ﬁ o] 7batqitt. ol 7MY & ¢
a8k, Oli %oﬂ xdy 7Hxﬂ°ﬂ 74 01*0
af
HH

il Y
o1
2 4
K m}of
LN}O oEEﬂl

o "b’ [ °1’l'N
)
el
> o8

to m ru O ot ¥

o ook ml

—|—’ ro{l
g

F4
uj g}, Ale 1101 1116”401 —%
} U o2 OCBAY &

E Oﬂ?oﬂ/\i OCBAE 7+ dAo A ¢
2 gl & dAE T MY 2 EE
OCBAZ %43t} OCBAE #4317
5, 7 dACA Y FF MES, S
ojof 3ty OCBAS EHE ¥43)17)
olzde] a| A 100, ZF WA 2
o2 s 3 P& VEer st
of 7t gAld FoAA = MEFTE 60 I 7}
MA FoiA= 7] AEFE 52 dtal, F7F WS
2 10022 35th OCBACIAE Z7F AZ5
ol g3t g=AE BAE] fete] 5749 F7HA|
5,10, 25, 50, 10022 A3z ). o Sof, 2714 5

= &34 0CBA &aglEolA ©A 29 &4 35 20
3] G gir},

<F1gure 10>5-E] <Figure 13> 27] AZF 371 A

T, S AETY] 72 2Fel A 253 Addate] Tk 3]
7ltH H7hgk Hatoll it 90% 413 7 Confidence Inter-

: C)= YR Ackeley, Girewank $rollAl= 7t
7Hxﬂoﬂ AAE AZ5FE B3 (6, 0, 0)°l H]E] OCBAS
283k ang A5 etk 538, 7 AETE &
A 55 F o] AEF 89 AA A TOVJ = A
57 445 9 £ 4%5S 7420 Michaelwicz,

%
o o

R
o

2,

i

(At
ek

%
—>‘: ol
ol
B
)

[e)

l

—

114

s r
o M

l

o MF % o 2 o

= 5
ol o g
e 2 oxt
4 > o

o
Erﬂm
R =)

=2



The Effect of Sample and Partficle Sizes in Discrete Particle Swarm Optimization for Simulation—based Optimization Problems103

1 T T T T T 1
(6,0,0)  (5,100,100) (5,100,50) (5,100,25) (5,100,10) (5,100,5)
(initial, addtional, delta size)

<Figure 10> 90% CI of Expected Fitness values of DPSO with
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<Figure 11> 90% CI of Expected Fitness Values of DPSO with
OCBA in Girewank Function
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