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Design for computer experiment using search algorithms

afads  f4FmNaLa

q

nadumd  Annlawds

-‘;f-ln \’dvf éu PEE

Tunansifian, 5
wnziig.. 1 %C Gém f ?
D

o8
£ T LA N A S

"lin
Q815
Wik

iaes;

LN UA R AT ANENANART HUINENARIIANT

sudsznnddaansanamand LunananfausAareantl 2550



dsznaanilnig

Adeiiduiaadldfaanfaarunganetiiann Angdngadan uniinaduueans

ﬂz or e T
#lalFnsaiuayui@bdds

1
| 1 & e wl ar [

o o 1 2 9 o o e &
ﬂl@ﬁl'ﬂu@m #T. Lﬂ{ﬂqﬁﬂ? qqﬂﬂi‘ﬁﬁiﬁ? %?QN'}@ﬁ'ﬂluﬂqLLu:ﬁquﬂﬁQﬂUm‘gsﬁ AR

e k3

= LS A o L3
4ff uazaavavan ag. auNe wiaan Al¥ALuzth uGeInIseanuUUNITNAREIsIE
= -3 2 3 = ] o @ =
pasfinimef raeasuldasudafialuntsdauunacuistawslunulsegafannig
l?-‘é o él i &= - as i =y
NCSEC2007 #antufl Trsusuiisnaa wnsud 2. ngamwy tudui 19-21 woeRnneu 2550
-é’ 2 Qe B ey = s &:5 i 5 o

wanaIni Indsesanrayls Fandeeddemnaundaussdinlaimnnllsunsuay

drSafiuatianeg

ar Lo

AuAuazlsylamifufieiiannanddell fAniiseneueiirusidiinevgnmng i

afadfs faimunaua

NNTIAN 2551



% = Y o @ ot £, <9 2

atsag msaanuuLnsnaaanasfianadindldaanaiiameiuau
ad ar . . . .

%’E}L’iﬂ&n'}w\@aﬂmﬂ Design for computer experiment using search algorithms

amilagenis a3, afar? feimungua (70%)
AeardEnennisaenfiameiuasmaluladiasauuna
a

gaanlasans nadunf At load (30%)

AAATIANIANART

suilszanaddaansineangnd wanenasusAaslsEanl 2550

as (]
UNAAER

i A 1 @ 3 5
nsdraadnnsTauiasaeaRame il aadrdyed wisluilaqiudsiianaiiiaanann
H v 1
fndenn a0 Lasninennsfidasliluntsmanesdinienimmaaaanisneniui e

g3 sinliinngdaasenieinanidion pesfiomafiuiitias
9 L3 3 2 = rf/ o) e P o s AW Yo

nra¥eunLataesnasinnudan aeufamefiuiuanvilan@ddeilaiuainy

e t PN i'/ a’i’ S s ] o o o @ & =
Heniluetnedy mummmuﬂqummmwm@ﬂﬂummmmmwwmmfmﬂfauwmmﬂu

] :/4 ?; L] ,A ¥ 1 :: P = 3
uaazaFiniifTuaungs wazdaunuluudazafanisiinenfininaflicuaans nng
et iy a - =

panuILINIMAces Adandasdlufasaamsandiuauin uszuaritdlunmeaes L
muAtadlgiunaiansandiamnlszgndfifie Aunusunimaaeedififign Ina i
nafiauAn wazduaaniem wanliafe 1714 uuasnaniseanuULLLIL Latin hypercube

designs (LHD) wazlfifaagildt Juganian R R e e el

1
g e

wataamanniedGanianisafaaduiuasnateiudiunis neldinueisedA e

ian ¢,

I¥




Abstract

Recent advances in computational power have lead to study of physical process
through deterministic computer simulated experiments.  Usually these computer
simulated experiments are time consuming and computationally expensive. Hence an
effort has gone into developing of cheaper and reliable surrogate models that can be
replaced the computer simulated experiments. The choice of the design is critical in
success of any statistical modeling roethods.  As the output response from computer
simulated experiments are deterministic, therefore the ideas like blocking, replication,
and randomization in traditional physical experimentation are irrelevant. Consequently
the space filling designs that aim to spread the design points over the design space is
desired. Latin hypercube designs (LHD) are widely practiced in the context of
computer simutated experiments. In this paper we compare the efficiency of various
types of LHD based designs considering prediction accuracy. These comparisons
indicate that symmetric LHD designs perform better than other classes for small
dimensional problem while the orthogonal LHD designs generated by William
transformation are superior over other classes of design for larger dimension of the

problem
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ununsnaassnangaluisasiiTyuifigniimunaly i Maximin distance criterion and

¢ criterion, Entropy criterion, Centered L, discrepancy criterion (Jin, Chen and
P

Sudjianto,2004)
MMEMEUEUNINARRY (Experimental design)

- o ar (e s v o o -
N129N9LKBAINARRT A Nd Ayt nEledantsaF1sTuian il s BnEnw

i AO o 1 t o cj
Walilalaasuuuuinnauldlnd Basduseun (Prototype)  asnsgniasuslutniga

{(Montgomery, 1992)

WANNITIN LR BNIENARSIAINTUNIANABINITNARBIAHADNANADFAINITD

wihaelles 2 Wi A WUY non-search based (Classical Design) WAL search based

1) non-search based (Classical Design) (lunimiaununimaaasiiiasuiuy
NNINARAINIIATEATN WU central composite, factorial designs LHus kHunaaaly
& a’l’ 5 d‘ 1 ] —— 4? ar as ' ﬂ' nll '
Anwouziazilunuuilduinay (non-deterministic) Tufuiadauandaneu] Naradinasia
1 ar s"mi ] g’/ oy m‘ 9 [ 1 a‘ 1 :i-i
AHRANEN LA Luuslazafaasinmeasas Tramatied ez hunisguAnuansniianszany
. 2~ v d
ﬂﬂﬁﬂ?ﬂuﬂqu design space Lhﬁﬂmﬁﬂ?ﬂ?ﬂﬂ’im%ﬂﬂﬂﬂ (Replicates) memgﬂﬂ 5(a) wax
Sack, et al. (1989) 1HaueduuIfATedn s lRUNITRARALULARIARAN (Classical
Design) Mwansanazifluntsldnassanngy (Blocking) N9 (Replication) WazN1T4al

1 3
(Randomization)  G487THIIRAIBLLAUNT TNARBIAN BUZUAZIANAISAINNIFIIRAINTT
NAaREEAANRLAST (CSE) NIIZNITRNINTRINITANAINITNARBIAEAANAIABT
Y +
(CSE) Duasifluutiuiue (Deterministic) na1aAe WialdArsulsdamiauiulugn
¥ 1 ¥ i
AfadnET Whdeunilautulunn aTefas MTun1 LIS AREIEMTUNITS188Y
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2} Search based fluP1719UAUNINABBIEMTUNNTINABININARBIALE
panfiamef (CSE) Tnuaudfuiinisdendrldnszanaliiia design space Wanfigaving
quifluld warlidniugasindn msznadnd (Outputl RlAanan1sdnaaanIsnaasdan

panfiomas (CSE) wlugtiuuufiuiuey (Deterministic) Aagti 5 (b)

N9 UEUNNINARBIULY Space filling HaumNnzauiuuNun1naaasd uiy
[ 2s Ry [ B b G| 9

N1391884N 1IN ARBIIEABNARET (CSE) atneunn taanisinsuasitiunisfumian

2 2 . 1 =l = A o as = ] 3
nagaulfAsaunguia design  space  Winanfige luiilininirdaneifiunisduduun
dszenAd A Aunaununnsneaasuuy Search based AsiiAaumnnzandusgnede nng
o a = Y 9 ok afay o P : o
Wdanasnuntsausudrunldi@anununianaassianga nanaraildanAqaAraLARY
design space klAanua Aagil 5(b) Tawnisiiauianaaiaseasinauaoug iy

ne f

a ' . N . . d” o c; a S?: =4 ]
AT ANIZEN (Optimality criteria) usnanilifadaiidrAndnisznisniisAani s

o

i ar b mﬂ‘ﬁy ad 1 .
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ARTENBILEUNITNARDL {Class of Design)

F1ULUUEBIN$INUAUNINAASILL Space filling BNITIIQBINIINARBIAIE

& ]

peNRIAESIuT At LU S aiu TnsusasuuuasilindnniTuazuul An bR auLNg 9@
13 ar Qi koo o 1] N +

wanadretulyl luntiazendatinafies 3 Aang A Latin - Hypercubes Design  (LHD)

Hamersley Sequence Sampling (HSS} Uniform Design

Latin Hypercubes Design {LHD)

eod ey am

Idafeusning Mckey et al. 1979 hauvisnd () 806 nxdlegfh n An

] ks 1

i use d Ae suudiowlsdh Fausazndn 4 Usznavdnefusaus (1,2, ..., #} 9
o i c: a . ] d” = rd‘ ¥ ﬁﬂ. 9 = 4 4

i Gosdulanudu laadvnailiazif saannisulaeuaanasfiuiatelieg lugtuuy

faunumaiinimue lwnisitnudesnuunaiassaifisuAssnunuAuAtsTsusasfquLs

1
L ]

Tlaedraiugns nM7uLieTa9ses design space wuutiazldamladiantu sugtiuuaes

'
pand ey

Latin Hypercubes Anluusiazdaamifamngnmdn usilisudnsdregndldiursdiuuwn
fueArataldagludae 0,11 Wamudae svmanuassamialunisdnuan lnadeanuuy

asafisuatsaunulihiilusieadiidng

LHD @unsagainglfiannuun@aaad Stratified sampling (McKey, Beckman and
Conover, 1979) IneuunAntiazinlitulalddnlaenn doutestet design space aziinas
uthurlsidnluszdufving Mumni weriiasmduldifving du laelanitafiudazfauny
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e 7, Sudaureasning nxd flzaaufonsand 7, (=12,..,d) lnuudaz
anudl z(i=12,..d) @mﬁua‘%’*m@ﬁ’uﬁmﬂﬁﬂuimﬁ%mzﬁw 1,2,...,n WAz U, AOA"
nxd wFu iid.uniform U[0,1] gulnafaszans Fauanalumaed 1 Faazisiudn
Aanadanlsns 4 51 azfinisutaihuiaefivinm uazlnalundazaanfazsidunede

ﬁz 1 2 13 ar
AulReugasAsialLnILAa SR

A58 1 Faatine LHD 4x5 wigu

T X1 X2 X3 X4
1 1 2 4 3
2 2 4 1 4
3 3 5 3 1
4 4 3 2 2
5 5 1 5 5

Hammersley Sequence Sampling (HSS)

Hammersley Sequence Sampling Lﬂum?ﬂ@mmum?mmmﬁmu’l:ﬁmmm’!i

a&'d z:eﬂ o. d' t'»t ni.—ff = 5| L :3’ [ = ar
naaasiiiirarapdsusa lneaaiairdeuan luninuiatiaa i uduniea AL NI
nnsnszantaesqali design space Intl Hammersley Sequence Sampling REHNNINNUA
qa n ufifi k 283 hypercube (Kalagnanam and Diwekar, 1007) TeamziiuluiFasaesnig

Lm?ﬂu@m@uﬁ’?%mmL‘T}uﬁwﬁaﬁma’mm k §IR 1A Latin hypercubes
Uniform Design

Uniform Design iluinnsaenuuuiisiangaeenuunildiinienszaiaetrabuiy

¥ ]
TUASEENLLLNINAREILIL Uniform Design tidmilugiuuumilisaanisaanuiuuyiy
fractional factorial design TaelufitlazfinausniRasanflusuuideafudall Uniform

Design gnidasneunsnanerausisl 1980 (Fang, 1980)

N . . 2 8 e 5N
LELANTNAREILLL Uniform Design waz Latin hypercubes RCARNEARING WA

farsannmsanluyn Bfresfantsidn uwunismaseaiuy Uniform - Design el
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Ltﬁmﬂ'}\‘lﬂuﬂqﬂﬂluLﬁﬂqququummqﬂ‘ﬂu
naadn wsa Black box

. . " ¢ & = Ll GJ 1
Simulation Routine 13a NaadAn (black  box) AB nﬁ‘xu‘mm&‘m\i’mm?'ﬁu
aansonntiuiazaaanFdisesliunelwidenalnasludluadls nszuoums
lublack box Fazlfztiuusunismisadiaanfitauiudewdaiiuinnsdanins
Srenulaeldnalnusy Finte State Machine viauuudu Wadiuanmadndeansn s
ar a'r:j ﬂ/aal} ar s ] r a# ai .:i 2 22 S '

radn S g ez lsdumassiudsineg sasiladeiinuadaditlowdrl Tnadounnnnges
° [ ¥ al c?/ a4 o 9 a

fnazgnAnuuaziannulasfiTaosnymedinuie] LN NARIANANR8INTIIAITNLEY
UF3enlsann A1aean1mineuTeensuaeniaus Tugiu Feaziiivinszuinmanilagdl

ansudeumeluathann wnnihuinnsdsesalsngmaaiiennsannsanann
Approximation Models

Feldnmseenuuunimeanian 1 90 fazdnganimasesidlfiudndediily
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nsetan wazldAsadniennnanuganaand Anadnsmandanilusaunuaeiluinaif

a

o

& nguta Tuaafazairetu@aannnasindafoulsidiannganaaes ussAINaANS
evauaan T funannisnara¥lites dafldnunnawanaudnnns Tnelufiiaz
Sauaiiies 2 vannnsluRten g

Response surfaces

newmnieas Ll Response surfaces Suariulusfuenilatiamsd
AIVARBININAENIN (Box and Wilson, 1951) Hlundn didu Polynomial response
surface models pnifaghauninaranazadieiilsz@nsnin ileadnslaaatlrzanashe
szyne ‘imm:ﬁgmmuﬁumﬂmLﬂﬁﬁaﬁq@ﬁﬁqﬁalﬂﬁ \W @UNAS second-order
polynomial response surface models azilgtuuudunig An

N k k
v =L -!”zﬁixi "*"zﬁn‘xiz * Z Zﬁijxixj
=1 T

=}

: = & o 9 . ~ 5 ]
dawnsiaaf # Awanilfiain Least squares regression 41Uy ludrriuneannnig
o . o P 4 , A
{ansnaesindeaasresnsuaniitiaaiigaied Least squares regression AINANAEY y(x)

{oeaunng

B={x'x]" X'y
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e X fe wsBndnisanqundwiiaasaedie X fe neudlnares X uazy Revnuaed
u&nTsznaudas A RaLAUDITRIARTAAIat1a Polynomial response surface models

abdlgineuazdiruanunsomeeufiminzanlfmuduududasidnymnmuni
Kriging
nseenuuLliAaLLY Kiging  Suimuntwiedszgnifldiuenudussdiadif
(geostatistics) 1ag Kriging Td waszanuAn edangudnFu potynomial model LAZUNILLE
azngulilnmannisfadalii
A - k
y=2,B,1,(0)+Z()
=l
Toes Z(x) gﬂmuﬁiﬁzﬁumﬁwmn%mumwiuﬁaﬂﬁiﬂ@uffnmqzgﬂ:ﬁaﬁﬁummﬁuﬁuﬁ‘

1Fasrazng (spatial correlation function) muﬂumﬁ‘ﬁifalﬂﬁ
CovZ(x,), Z(x)] = " R(x,,x))

a8 o AB ATMRUANAINYRINTEUAUANT HsStuanuduiusinoratnsmidanld s

A nvaneas widainasuazgniden dlnaaliaeds Gaussian correlation (Sack, 1989)
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anULLNNTNARRSTATIEAYzaNann "nindannieienfidnga’ TeasBandininitcnuu

Optimization
nMrsrasdniaaefanaaNimaituiln 1R uLLLELeY Deterministic
s 2\':' =] 13 “-’i w4 = . ‘:
muumﬁ‘@@ﬂu,umaLuu”l,ﬂvsm?ga@mmummm@m (Experimental design) NRINNTD
psauAgu design space WlETRanniiga Tagaand nanaunaziudnia@eniilulllé
3’, 3’.‘ P L e 28 & .
AL ALU AR NS IANS NNTHISANEINNNNTRLAW (Ssarch  algoriihm) W7
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af ey
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3

Hywidandatisneglunguuesiloymiitandn Optimization problem Tl
o o = = 4 o W oW ° al e A At o
@m:mm’wwmmummmmqummawmmﬂmmnmmaumLﬂﬁiﬂimmuxm‘ﬂummu
kT3
UNNURIAND GTQ@ti’}qﬂaﬂﬂuﬂ@:umﬁLLﬁ Traveling salesman problem: TSP, Time
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ar o =] 1Y ﬁ' C] 5 3 3\’/ e o e and 84 %
sanadfiumsRududianunratinan A uRsnIINARBIUNAINUIANEID Lgun
simulated annealing: SA, Genetic algorithms: GA, Tabu search: TA s lnawdnnas
'E\?’mé’iu%ﬁ'mumu@:lﬂﬁummtﬁﬁl@i’iummwumuma‘mma@@ﬁmmmm (Optimality

19
criteria) Wuitlazaanatia 2 FanaatiuniauAy Aa GA AT SA

Sane3fansauAuLILLRLLRN — Genetic Algorithm (GA)

i kY .

FanesnuNITRUAULLILILALUEN Funinnerunanassduaauddmiuinigmis
ﬁ’uﬁﬂ@a‘mm?wﬁ%?m fureudsidaiugnesu (genetic algorithm) FhumelindmFuRunNg
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annavE LAY NIAARENANNEITINR (natural selection) Hufte RaiFanTimnzaniige
=S 1 ar sy
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fnuszaanay O uay 1)
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szndnaiiug @ul@ﬂ@:ﬂﬁ%nﬁqulmumum ALzl (fitness) snin prsidmnfilazinty

,dl n’/ o i 1 PraR) ‘
(e qunssianLsReLifidAs M EENRNNFEeINTT (wikipedia, 2007)

GA ?i@“m@mﬂumﬁ‘ﬂ@”mﬁ? GA tnaualas Liefvendel way Stocki (2006) edy
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Abstract

Currently the relation of input variables and
oulput response is investigated through the computer
simulated experiments (CSE). These experiments are
usually ~ time consuming and computationally
expensive to run. Therefore a selection of settings of
input variables to run CSE is critical. The space
filling designs, Latin hypercube designs (LHD) are
normaily practiced in the context of CSE. The best
design for a given problem is obtained by using a
search algorithm under a pre-specified optimality
criterion. The aim of this study is to compare the
capability of two popular evolutionary search
algorithms called Simulated annealing algorithm
(S4) and Genetic algorithm (GA4). The comparisons
are made with respect to the optimal value achieved
at the termination of each algorithms. The practical
guidelines for choice of algorithms to search for the
best design (LHD) for some dimensional problems
are presented.

Key Words: Computer simulated experiments,
Optimal designs, Evolutionary search algorithms,
Optimality criteria, Simulated annealing algorithm,
Genetic algorithm.

1. Introduction

Recently computer simulated experiments (CSE)
have replaced classical experiments to investigate a
physical complex phenomena, especially when
classical (physical) experiments are not feasible. The
nature of CSE is deterministic; hence identical
settings of input variables always produce an
identical set of output response. The process of CSE
is typically considered as a black box and not known

a priori. Therefore, space filling designs that aim to
spread design points over a region of interest are
desired. Space filling designs can be constructed by
searching for a design using search algorithms under
a pre-specified optimality criterion. This process is
based largely on improving the design by exchanging
between the pairs of design points.

Latin Hypercube design (LHD) has been
extensively used in the context of CSE. It was
originally proposed by Mckay et al. [4]. LHD is a
matrix ( X ), of # rows and d columns where 7is

the number of runs and d is the number of input
variables. LHD can be constructed based on the idea
of stratified sampling [4] to ensure that all subregions
in the divided input variable space will be sampled
with equally probability. A Latin hypercube sampling
has

T _L,’..
X IR b

=7 M

wherezrij are the elements of an »nxdmatrix

n

comprising of columns 7 (i=1,2,x ,d). Each
columnzi(i=1,2,k ,d) is independent random
permutation of number 1,2,k ,n and U,J- ore
nxdvalues of iid uniform U[f0 1] random
variables independent of the 7;;. An example of
LLHD is presented in Table 1.

/



Fable 1: The 3x4 random LHD

X, X, X3 Xy
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The CSE are usually complex and consist of
many input variables to investigate. In this case a
large number of runs are required to estimate the
parameters corresponding to factors of interest in the
model. For example, if the problem of interest
consists of d input variable and » number of runs are

desired, the total number of LHD are(n!)d.

QObviously this number explodes as values of nand
d increase, hence full space of LHD cannot be
explored. In these cases we need search algorithms to
lead us to a good design with respect to an optimality
eriterion. The key idea of all existing search
alporithms is to use some kind of exchange
procedures to move towards better designs.

In this paper we investigate and compare the
goodness of two popular evolutionary search
algorithns, Simulated Annealing (SA) and Genetic
Algorithm (GA). Our implementation of these
algorithms include some modifications that improve
the capability of the search algorithms with respect to
the minimization of gﬁp criteria {5]. The comparisons

are made by comparing the optimal values (¢p)

achieved for each search algorithms by using
descriptive statistics and Two Independent Samples -
test. Details of SA and GA are presented in the next
section, followed by parameter setting, the results and
conclusions respectively.

2. Research Method

The emphasis of this study is on the comparison
of two evolutionary search algorithms namely SA
and GA. We first developed each search algorithms
in R codes [6] and stimulated them, then the optimal
value of ¢p criteria for each search algorithms are

recorded and the statistical test is performed. The
details of SA, GA and ¢p optimality criteria are

presented as follows.

2.1 Simulated annealing algorithm (8A)

Morris and Mitchell {5] adapted a simulated
annealing search algorithm to find the best design
with respect to @y, criteria. The SA is based on the

- 103 -

idea of exchanging two random points (Perturbation)
of a dimension in the design. However in the SA
algorithm, an exchange with no improvement or

deterioration in the qﬁp may also be retained during

search process.

Step 1 Set initial value of I,y (maximum number
of perturbation to seek improvement), fg (initial
cooling temperature) and Cy(factor by which fgis
reduced when no improvement in ¢p is attained).

The factor fcontrol the probability of retaining a
perturbation that results in no improvement of ¢ p- In
particular a higher value of 7y leads to higher
probability ~of  retaining a  non-improving
perturbation.  As search process continues fgis
changed by a factor Cjresulting in lower value of
fgand hence lower probability of retaining non-
improving perturbation of same order. Specify the
dimension of the problem nandd .
Step 2: Generate a random LHD X of given order
nxd. Let

Xpest =X, 1=19
Step 3: Set

I =1, Counter = 0
Step 4: Let Xy, = &

Randomly select a column say j, of matrix

Xy and exchange two randomly selected elements

of column j , say X7 < Xp; .
Step 5; SetX =X try s Counter =1,
If ¢p(X)=¢p (Xpy) 2 or with probability

A8, (X)), OOVt
,when ¢p(X)“¢p(Xny) <g.

Step 6: If ¢p(Xtry) <¢p(XbeSr), set /=1 and
KXbest = Xy, else [ =1+1,

Step 7: If T < Ijpax g0 to Step 4.

Step 8: If Counter = 1, set ¢ =1xCy, goto Step 3.
Step 9: Stop and report Xpg .

2.2 Genetic glgorithm (GA)

In this study we adopt GA proposed by
Liefvendahl and Stocki [3] to search for an optimal
LHD. The adopted version has modified method of
generating offsprings and generating mutation. GA
starts with creating an initial population consisting of
mLHD of ordernx d . A new generation is created
by crossover of LHD's and applying mutations.




The search is continued till stopping criterion is met.
The details of the genetic algorithm are presented
below.

Notations used for GA are as follows

m = Population size
m; = Number of designs generated in
each generationt (m; =10xm)
@ = Mutation rate

Step 1: Initial population

Generate # random LHD of order axd . The
initial population comprises of these
m (x'i=12 ,m}LHD.

Step 2: Let population P be {X i;i =12,k ,m},sort
LHD with respect to the optimality criterion.

Step 3: Selecting parents
Randomly sefect two LHD from the sequence in

Step 1, say X %and X b. Next randomly select one
colunn from each of the LHD's say Cpand Cp.

Step 4: Generating offspring column
Once the column Cpyand Cpare selected. Two

new offspring column 0% and Ob can be obtained as
follows.

e Identify rows in each column having
identical elements, copy identical elements
in the same row position in column
0 and Ob .

e  Select two row positions, gtor, copy all
elements of column C,from position gto

rin offspring column 0% . Similarly copy
the contents of column Cp from position

g tor in offspring Ob .

s  Assign remaining entries in column 0% in
sequence of occurrence in column Cp-
Similarly assign the remaining entries in
column in sequence of occurrence in
column Cgy.

Step 5: Generating offspring LHD
Randomly select a column from each parents

LHD X%and X b and replace it by 0% . Repeat this
process again, this time replace randomly selected

column by Ob. This process will result in 4 new
LHD's,

Step 6: Repeat steps 3, 4 and 5 till at least mynew
offspring LHD's are generated.

Step 7: Perform mutations on the collection of
m; LHD's obtained in Step 6, as follows

o Randomly select a column for mutation with
probability & .

e Perform mutation on the selected columns
by randomly selecting two points in the
column, say Sand £, and replacing the

_ substring between these points by its cyclic
permutation.

Step 8: Sort the LHD's generated in Step 7, and
retain best m—2with respect to an optimality
criterion, say {X? i=1,2% ,m—2}. Select two best
IHD with respect to optimal criterion in Step 2 and

&
set these asX fn_;,X m- The new generation
comprises of these m LHD's ({X;-k =42k L)

Step 91 Set {Xjsi=L2k ,my= (X[ i=12K ,m},
repeat Step (2-8) if the stopping criteria as described
below is not attained. Otherwise stop the search and
report best LHD in the generation with respect to an
optimality criteria.

2.3 The ¢, optimality criteria
Morris and Mitchell {5] proposed a modification

class of maximin distance criterion in order to search
for the optimal design. For a given design X, leta
Euclidean distance list (dj,dp.x ,dp), is the
elements list from smallest to the largest. Also define
index list (J1,J2:¢ ,Jp)> Which Jjis the number
of pairs of sites in the design separated by distance
dj. Thus X is a maximin design if among available
designs, it maximizes 4 while Jjis minimized.
The scalar criterion can be expressed as

&, e

pp=LL J;d;F] @

Jj=l1
where p is a positive integer, J f and d F specified
from X . The design that minimizes ¢p s a
maximin LHD in the class. In this study, the
adaptive form of qﬁp [1, 2} which is simpler than

equation (2) to implement is considered:
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3. Data Quality

The capability of each search algorithm is
investigated via optimality criteria. The comparison
would be made for the dimensionality of the
problems as specified in Table 2. For each d, run size
n are fixed at a maximum number of unknown
parameters required in second order polynomial

d
model (n=2d + 4(2] +1).

Table 2: Dimension of the problem

d1313 451671819110

nl9119§33]51 173199129163 1201

Far each dimension of the problem in Table 2, SA
and GA are simulated 10 times for specified
tolerance and algorithmic parameters with respect to
$p optimality criterion. The differences in average

performance of the two algorithms are tested via Two
Independent Samples T-test on observed optimality
criterion value. This is to find a better search
algorithm on average (with respect to $p optimality

criterion).

The two algorithms, SA and GA are implemented
via codes written in R [6] to search for an optimal
LHD with respect to ¢p criteria. The parameter

settings for each of these algorithms are presented
below,

3.1 Parameter setting for SA

The simulated annealing algorithm requires input
parameter seitings for 79, Imax. Ciand &. We
use the heuristics presented in [5] and our own
experience of using SA to set the initial values
presented below.

e iis set to average Buclidean intersite

distance of the initial LHD X .
I

n on |d y (d

2

=2 X [Z(Xil‘“le) } /(2}
i=1 j=i+1Li=1

o Impay is the maximum number of exchanges

before the temperature is reduced. The
number should be large enough to allow SA
to move away from local minimum. We set
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Ipax = 1000 for d <6, and Imax = 500

ford=27.

‘e (yis the rate at which the temperature is
cooled down. Cyis set at .95, to lower the
temperature slowly as the search progresses.

e g, the tolerance is set at 1.0E-15 for
d<6and as 0.0001 as our empirical studies
indicated that setting smaller tolerance
levels would not result improvement in
optimal value but require fonger time fo
terminate.

In this study we use a modified version of SA to
avoid recaleufation of ¢p values. As SA algorithms

require updating of qﬁp value after an exchange

(pairwise exchange) is performed. Every exchange
results in change of only two elements of the design
matrix and hence two rows (and columns) of the
corresponding distance matrix. The resulting new
¢p value can be easily obtained by updating old

;ﬁp incorporating changes corresponding to changed

position of new elements. This process avoids
recalculation of ¢p at each stage and hence leads to

efficient computation. The details of the updating
method for qﬁp can be found in {1].

3.2 Parameter setting for GA

The implementation of GA requires setting of
four main parameters namely population size (m),
number of new designs constructed {7 ), mutation

rate (@ ) and tolerance (& ). Based on the preliminary
study of GA, the parameter values were set as
follows

m = 50

o = 10 m =500
@ = 005

g = 0.0001




Table 3: Results of ¢ p optimality criteria where d=2,3,..., 10

n | Algorithm | Min | Max | Mean | SD t-test | P-value
2 | 9| Ga |4 | 09 | 4a0s | oosr | B7I6 | 0002
3 119 | G |5 | sioe | sass | ot | 16497 ] 0000
4 13| Gh |56 | sa | s7e0 | ooss | 27392 | 0000
S 51| Gr |60 || eiis | oon 48750 | 000
6 | 1] Gn | a6 | st | 6254 | oo | 22598 | 000
7 19| Ga |G| oun | eoms | ooss | 52450 | 000
8 |90 G) | 6ase | oaor | sam | oous | 22191 | 0000
o 116 ] Gh | Gion | o | Guass | oger | 0330 | 000
o {201 | SR | G565 | 6oan | aon | oone | 11664 000

4. Results

All optimal values of ¢p, criteria from each

dimensional problems stated in Table [2} are
presented in Table 3. Descriptive statistics on the
¢'p values obtained from each search algorithms

are displayed in columns 4-7. The columns 4-7
indicated that SA performed much better than GA
in terms of minimization of ¢ ctiteria. The SD

values shown in column 7 displayed larger amount
of variation over 10 replications in GA than SA.
This is probably because of the random structure in
GA, which is sensitive to different starting points.
Whereas SA is based on the neighborhood
structure, which moves toward better LHD.

The results in columns 8-9 obtained from Two
Independent Samples t-test show that SA s
significantly better than GA, as P-values are very
small (less than 0.002).

5, Conclusion and discussion

'From the results displayed in Table 3, it can be
concluded that SA performed much better than GA
with respect to the minimization of ¢p, criteria.

From our empirical studies, we observed that rate
of convergence of SA is much faster than GA.
Poor performance of GA might be from the method
to generate the offspring LHD. Hence other
methods could be further investigated to improve
the performance of GA. Furthermore, the different
dimension can also be further examined.
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