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Abstract

Competitve tness is the assessmenif an in-

dividual's tness in the context of competition
with other individuals in the evolutionary sys-
tem. This commonlytakes one of two forms:

one-populatiorcompetitve tness, wherecom-

petition is solely betweenindividuals in the
samepopulation;and N-populationcompetitive

tness, often termed competitve coevolution.

In this paperwe discusscommon topologies
for one-populatiortompetitve tness functions,
thentestthe performancef two suchtopologies,
Single-EliminationTournamentand K-Random
Opponents,on four problem domains. We

shawv that neitherof the extremesof K-Random
Opponent§RoundRobin and Random-Riring)

gives the bestresultswhen using limited com-

putationalresources. We also shav that while

Single-EliminationTournamentusually outper

forms variations of K-Random Opponentsin

noise-fregroblemsjt cansuffer from premature
corvergencean noisydomains.

1 INTRODUCTION

Traditionalevolutionarycomputatiorassessete tness of
anindividualindependentiypf otherindividualsin thesys-
tem. But therealso exist evolutionary proceduresvhere
this is not the case: anindividual's tness is dependent
on cooperatioror competitionwith peersin the evolution-
ary run, andthusmay changedependingon the makeupof
thosepeers.

Suchprocedurebave severalattractve featuresFirst, they
permitevolution to searchfor solutionsto problemsin the
absenceof ary obvious way to gaugean objective (peer
independent)tness. Consider: how doesone determine
the quality of a soccerplayerprograma priori? Second,
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they can graduallyramp up problemdif culty as evolu-
tion nds bettersolutions.This promisego smoothout the
searchgradient.Third, they seemanaturalmatchfor nd-
ing solutionsto problemsthat naturally requireteamvork
or thataremosteasilydiscoseredthroughcompetition.

We are temptedto bring all theseproceduresunderthe
agyis of coevolution, but thereare nomenclaturalif cul-
tieswith theuseof thisterm. In biology, coevolutionis best
resenedfor situationswherethereis morethanonepopu-
lation, andanindividual's tness is assesseih the contet
of individualsin otherpopulations.Suchmulti-population
coevolution is usually usedas a self-adaptie mechanism
to increaseproblemdif culty as membersof the popula-
tion becomamoreadaptat solvingthegivenproblem.The
classicexample of multi-populationcompetitive coevolu-
tionis [Hillis 1991],which coerolveda populationof sort-
ing networksanda populationof problemsets.The tness
of sorting networks was basedon the numberof problem
setsthey properlysolved,andthe tness of theproblemsets
washasednthenumberof sortingnetworksthey stumped.
[Rosinand Belew 1995] alsouseda two-populationcom-
petitive systemto evolve playersfor the gamesof Nim,
Tic-Tac-Toe, and Go with a 7x7 board. Multi-population
coevolutionis alsousefulascoopentive coerolution. Here
individualsfrom differentpopulationseachlearnsubparts
of a commonsolution, and their tness is basedon the
combinationof thosesubparts. Examplesof cooperatie
coevolutioninclude[ErikssonandOlsson1997;Potterand
De Jong2000;Wiegandetal. 2001].

One-populatioricoevolution” rarelyif evertakescoopera-
tive form. Insteadthistechniquds nearlyuniversallyused
to evolve gameplayersby competingamongsthemseles.
For lack of a standardizederm for one-populatiortech-
niques, we call theseone-populationcompetitive thess
functions for therestof this paperwhenaerwe say“com-
petitive tness functions” we imply the one-population
sort. [Luke 1998] usedsuchcompetitive tness to evolve
soccefplaying softbot teams,and [Fogel 2001] usedthe
techniqueto evolve a highly human-competitie check-



ers program,Blondie24. One-populatiorcompetitive t-
nesshasalso beenusedto nd solutionsto the Iterated
Prisoners Dilemma[Axelrod 1987], Tic-Tac-Toe [Ange-
line andPollack1993],BackgammorjPollacketal. 1997;
PollackandBlair 1998], Othello [Smith and Gray 1993],
pursuit-ezasion[Cliff andMiller 1995], Go [Lubbertsand
Miikkulainen2001]andTag[Reynolds1994].

Oneimportantpartof a competitive systems successs its
topolagy: how the tness-evaluationcontext is established
for a givenindividual. Do all individuals play againstall
otherindividualsin the population?Are they simply paired
up for asinglegameeach?Sometopologiesrequirealarge
numberof gamesto evaluatean individual, but may be
moreaccuratghanthoserequiringfewer games.

This paper comparestwo topological families in one-
populationcompetitve- thess games. We begin by dis-
cussingcommontopologiesin the literatureandtheir ad-
vantageanddisadwantagesThenwe introducefour prob-
lem domains,and shov how various topologiesfare in
thesedomainsandunderdifferentamountsof noisein the
tness-assessmemptrocess.

2 COMPETITION TOPOLOGIES

Not all competitve tness topologiesare appropriatefor
all problems;the primary issuebreaksdown along lines
of tness-assessmemhethodology Imagineif onewere
trying to evolve chessplayers. How doesone establish
that player A is betterthan player B? The duel method-
ology stateghatA is betterthanB if andonly if A usually
beatsB in amatch.Thisis themethodologybehindsingle-
and double-eliminationtournaments. The rennaisance-
man methodolgy saysthat A is betterthanB if A beats
morecompetitorgshanB doeson averagg(or scoresagainst
competitorshy a wider mamgin on average),even if A
wouldloseto B in amatch.Thisis themethodologypehind
chessrankings,for example. It is interestingto note that
mary sportsuseacombinatiorof thesewo methodologies,
usuallyby usingaveragesuccessigainsiopponentsluring
the seasorto determinethe entrantsto a single elimina-
tion tournamentwhichthendetermineshe nal champion.
Whetherthereis someinnatesuperiorityto this combina-
tion is questionablemorelikely it is dueto the excitement
of duels:afterall, “in theendtherecanbeonly one”.

Thereare otherinterestingissuesin designingtopologies
which we will not delve into save to mentionthem here.
Oneissueis whetheror notindividualsshouldplay against
themselesaspartof their evaluation. Anotheris whether
or not to permit statisticaldependencies tness assess-
ment:whenindividual A playsagainsindividual B, should
theoutcomeaffectindividual A's tness alone,or shouldit
alsoaffectindividual B's tness?

2.1 ROUND ROBIN

One simple topology is RoundRobin where eachindi-
vidual plays every otherindividual in the population. An
individual's tness is the averageof its scoresagainstev-
ery otherindividualin thepopulation[Ax elrod1987;Koza
1992]. The primary dravbackto this methodis the rela-
tively large numberof gamesecessaryo evaluatea pop-
ulation of sizeN. The numberof gamesis (N> aN)=b,
wherea = 0 if individuals may play againstthemseles,
elsea= 1, andb = 2 if a gamecontributesto the tness
of both individuals, elseb = 1. At rst glanceit would
appearthat Round Robin topologieswould promotethe
rennaisance-mamethodologyAt thebeginningof anevo-
lutionary run, this is plausible. But astherun progresses,
thetrajectoryof the run might shift to the “better” players,
soto speak,sothatnearthe endof therunit is searching
notfor individualswhowin themostpointson average put
oddly for individualswho win the mostpointson average
againsibthersud individuals

2.2 RANDOM-PAIRING

The other extremein the numberof gamesis to pair all
individuals up and play one gamefor eachpair. This is
theapproacltusedin [Luke 1998]for evolving socceiteam
stratgies. Thejusti cation for this low numberof games
wastheextremecomputationatostof agame:to beevalu-
ated thetwo teamswerepluggedn asimulator andastan-
dardgamecouldlastfor upto 10 minutes.Random-Riring
requiresonly N=2 gamesfor a populationof sizeN. The
costsavings is dramatic: for a populationof 100 andten
minutespergame Axelrod'sRoundRobinapproactwould
require833hourspergenerationwhereaskandom-Riring
would requireabout8 hours. Smithand Gray [1993] also
usedthis techniqueto evolve Othello players. The danger
of Random-Riring is that noisy evaluationmight malke it
all but impossibleto determinethe real quality of an in-
dividual basedon a singletrial. Note too thatlike Round
Robin,Random-Riring hasa similartenuousclaimto pro-
motingtherennaisance-mamethodology

2.3 SINGLE-ELIMIN ATION TOURNAMENT

[Angeline and Pollack 1993] proposed using single-
eliminationtournament$“SET") ratherthanRoundRobin
or Random-Riring. Here, individuals are paired at ran-
dom,andplay onegameper pair. Thelosersof the games
areeliminatedfrom thetournamenttiesarebrokenby ran-
domdecision.Thewinnersareagainpairedoff atrandom,
and play one gameper pair, with the losersagainelimi-

nated. This continuesuntil the tournamenthasonly one
“champion”left. The tness of anindividualis thenumber
of gamest played.Single-EliminationTournaments sim-



plestto implementwhenthe populationis a pawer of two.
AngelineandPollackreportedgoodinitial resultswhenus-
ing SETto evolve playersfor the gameof Tic-Tac-Toe.

SEThasinterestingoroperties First, it would seemto pro-
mote the duel methodologyratherthan the rennaisance-
man methodology However, it only truly promotesthe
duelmethodologyunderthestrongtransitivityassumption:
thatif playerA beatsplayerB, andplayerB beatsplayer
C, thenplayerA mustbeatplayerC. Withoutthis assump-
tion, Single-EliminationTournamens real dynamicscan
be murky. The otherinterestingpropertyof SET is that
it seemdo allocategameso thoseplayersthatmostneed
them.A populationof sizeN neednly N 1 gamesBut
“tter” playerswill be evaluatedin more of thesegames
thanthe“less t” players— theworstindividualsplay only
one gameeach,while the championplays In(N) games.
Since selectionwill tendto pick the tter players,SET
would seemto proportionmore gameshencemoreaccu-
ragy, amongthoseplayersmorelikely to be selected.

2.4 K-RANDOM OPPONENTS

In K-RandomOpponentseachindividual playsagainstK

individuals picked at randomfrom the population. If a
given gamebetweentwo individuals affectsthe tness of

justthe rst individual,thenatotalof K(N 1) gamesnust
beplayed.Thisis theapproacttakenin evolving tag play-
ers[Reynolds 1994]. K-RandomOpponentsanalso be
usedto affectthe tness of bothindividualsin agame.For
example, to evolve the Blondie24 checlers player, Fogel
[2001] hadevery individual play asred against ve oppo-
nentschoserat randomwith replacementrom the popula-
tion. An individual's tness wasbasednot only onits ve
gamesasred, but also asits additionalgamesas a black
opponent.

This approachdoes not distribute gamesvery evenly
throughoutthe population, however. With some fore-
thought,t' spossibleo adapK-RandomOpponentsothat
agivengameaffectsbothindividuals,with eachindividual
usingthe samenumberof gameer evaluation. Thetech-
nigue, which we will usein experimentsbelow, works as
follows. Eachindividual maintainsa count of the hum-
ber of gamest hasplayed,andwho it hasplayedagainst.
Whenanindividuall is to beevaluatedanopponents cho-
senatrandomfrom thepopulationto play against with the
constrainthat no individual may play against morethan
once.At the endof the game the numberof-gamesoun-
tersfor | andfor the opponentareincremented.If either
counterreache«, thenthatindividual is “removed” from
the populationin the sensethatit may no longerbe con-
sideredasa future opponent A new opponenfor | is cho-
sen,andthis processcontinuesuntil individual I hasbeen
removed. Thena new playerJ is picked, and evaluation

continuessimilarly. At somepoint, for someindividual K,

theremay exist no individualsin the populationwhich can
play K. Whenthis occurs,opponentdor K are picked at
randomwithoutreplacemenfrom amongtheremovedin-

dividualsin the population. This approactyields between
d(KN)=2e andd(KN)=2e+ bK?=2c games.

RoundRobin and Random-Riring may be viewed as ex-
tremesof K for this secondkind of K-RandomOpponents.
WhenK = N 1, K-RandomOpponentdss identical to
RoundRobin.WhenK = 1, K-RandomOpponentss iden-
tical to Random-Riring. Laterin the paperwe will exam-
ine K-RandomOpponentgo determinewhat value of K
seemdo give the bestresults:asit will turnout, it is nei-
therof theseextremes.

2.5 HALL OF FAME

Onelast approachin the literatureis a family of “hall of
fame”techniqueswhereindividualsin the populationare
evaluatedagainsthe goodindividualsdiscoseredsofarin
the evolutionaryrun. Karl Simsuseda simplehall of fame
whenevolving creatureavhich competedo snatcha cube
[Sims 1994]. Individualswereevaluatedagainstthe ttest
individual discoveredin the previousgeneration.

3 PROBLEM DOMAINS

The problem domainswe will testagainstfall into two
catgyories. First, we usetwo true competitve tness do-
mains, namely versionsof the Nim game. Second,we
have adaptedtwo standardevolutionary algorithm prob-
lemsand casttheminto a competitve tness form. They
are the well-studied Rosenbrockand Rastrigin problem
sets.Thesealgorithmsarecastinto competitve form using
a techniqueproposedby Ken De Jong: eachindividual's
Rosenbrockor Rastrigin)valueis assessedand an indi-
vidual's scorein a gameagainstan opponentis basedon
differencen theirvalues.

3.1 THE INTERNAL ROSENBROCK DOMAIN

The Rosenbrockfunction is a well-known minimization
problemwidely usedto studypropertief differentevolu-
tionaryalgorithms[De Jong1975]. The RosenbrocKunc-
tion for genome®f n variabless:

100x% x+1)°+ (1 x2)
i=1



Rosenbrockis corverted to the “Internal Rosenbrock”
competitve tness function as follows. When a player
A plays an opponentB, the score for A, known as
Ravard(A: B), is givenby the following normalizingfor-
mula:

RogB) RogA)

Revard(A: B) = maxRo3 min(Ro3

...wheremaxRog and min(Rog are the maximumand

minimum values of the Rosenbrockfunction over the

entire domain, which we had precomputed. Thus

Reavard(A: B) rangesfrom -1 to 1, where O represents
a drav. Note that this is a zero-sum,transitve game,
hence Ravard(B: A) = Reawvard(A:B). Keepin mind

that Rosenbrocks a minimizationfunction: thereforethe

smallerRogA) is comparedo RogB), the higherthe re-

wardfor A.

Parameters Internal Rosenbrockexperiments used a
genomeof 100realvalueseachbetween5.12and5.12,a
populationsizeof 32,a0.5 probabilityof mutation,1-point
crosswer with a probability of 1.0, 5-individual elitism,
binary tournamentselection,and a maximal run limit of
50,000games.

3.2 THE INTERNAL RASTRIGIN DOMAIN

The Rastriginfunctionis anothemwell-known testin func-
tion optimization;it is consideredlif cult to minimize be-
causédt hasasingleglobaloptimawith numerougocal op-
tima in its vicinity [Cervone et al. 2000]. The Rastrigin
functionis de ned as

Rasrigin(x:ix,) = %2+ a(l cog2px))
i=1

...wherea is a constant(setto 10.0in our experiments).
Like Rosenbrock,Rastrigin is a minimization problem.
Rastriginis corvertedto the “Internal Rastrigin” compet-
itive functionin exactly the sameway asRosenbrockvas
cornverted(thoughmax Rag wasestimated).

Parameters Internal Rastrigin experiments used a
genomeof 100 real valueseachbetween-5.12 and 5.12,
a populationsize of 32, a 0.5 probability of mutation,
1-point cross@er with a probability of 1.0, 5-individual
elitism, binary tournamentselection,and a maximal run
limit of 100,000games.

3.3 THE NIM VERSION 1 DOMAIN

Thereare mary variationson the gameof Nim, and we

have chosentwo differentversionsas competitive tness

functiondomains.The Nim Versionl domainfollows the
Nim gameasdescribedn [RosinandBelewv 1995,1996].
This versionuses4 heapscontaining3, 4, 5, and4 stones
respectiely. Playergake turnsremoving stonedrom these
heaps. A playermay remove as mary stonesas he likes
from ary single heap. Whicherer player takes the last
stonewinsthegame.Giventheserules,thereexistsawell-

understoodptimal playerstratey for the rst player

A genomicrepresentatiorfor a player behaior in this

gameis a vector of 599 bits, onefor eachpossiblesitua-

tion(4 5 6 5 1,because¢hehs;4;5;4i positiondoes
not ever needto be considered).A playermakesits deci-

sion asfollows: for eachpile p from 1 to 4, andfor each
numberx of stonesfor the given pile in decreasingrder
down to 1, the individual considerswhetheror not to re-

move x stonesfrom pile p. Remwing thesestonesyields

anew gamestatewhich correspondso oneof the 599 bits

in thegenomevector If this bit valueis 1, thenthe player
commitsto makingthat move, andno otherconsideration
is made.If all suchvalid stateshave 0 bit values the player
makesthe rst valid moveit hadconsidered.

As the existenceof a perfectstratgy depend®nwho goes
rst, a competitionbetweentwo individuals consistsof 2
gamesgachplayerstartingoneof them. Revard(A: B) is
thesumof scoredor playerA in thesetwo gamesFor each
gamea0.5is rewardedfor awin anda-0.5for aloss.The
sumof therewardsfor thetwo gamess therefore-1, 0, or
1.

Parameters Experimentsn this domainuseda genomeof
599 bits, a populationsize of 128, a 0.003 probability of
mutation, 1-point cross@er with a probability of 1.0, 10-
individual elitism, binary tournamentelection,anda run
limit of no morethan100,000games.

3.4 THE NIM VERSION 2 DOMAIN

The secondversionof Nim usedin this papercontainsa
singleheap,but the numberof stonesa playercanremove
is boundedy aminimumanda maximumvalue.For these
experimentsthe heapstartsat 200 stonesandeachplayer
is allowedto pick 1, 2 or 3 stonesat a time. In this con-
guration, the secondplayerhasanoptimal stratgy which
will forceawin.

Justasin Nim Versionl, in this gamethe individualsare
representedsvectorswith asimilar mappingof bitsto the
199 possiblestates(exceptingthe initial state). Decision-
makingis alsosimilar. Theplayer rst considergemoving
3 stoneqlassuminghat 3 stonesareleft in the heap).If 1
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is in the bit positioncorrespondingo theresultingstateaf-

terremoving those3 stonesthenthe playerwill make that
move. Otherwise the playerconsidergemoving 2 stones.
Barringthat, it will consideremaoving 1 stone.If all three
resultantstateshave 0 in their bit positions thenthe player
will remove the most stonespermissible. A competition
betweertwo individualsis doneidenticallyto theNim Ver

sion1 problem.

Parameters Experimentsn this domainuseda genomeof
199 booleanvalues,a populationsizeof 128,a 0.03prob-
ability of mutation,1-pointcross@erwith a probability of
1.0,10-indwidualelitism, binarytournamenselectionand
arunlimit of nomorethan100,000games.

4 EXPERIMENTS

The experimentgresentedhereprobethe following ques-
tion. You have 3 monthsuntil the deadlineto submit
an evolved gameplayer to a computergaming competi-
tion. Evaluationis expensve andyou'll only getoneshot.
With a x ed maximumnumberof gamesplayable until

competition-time,what topologiesare likely to get good
results?

We will compareSET and various K-randomopponents
topologiesover the four problemdomains,usinga single-
population, generationalgenetic algorithm, with binary
tournamenselectionmutation,crosseer, andelitism. Ex-
perimentalruns are done by evaluatingindividuals up to
somemaximalnumberof gamesthe maximalnumbermwas
previously speci ed in the parameterdor eachdomain.
Keepin mind thatanevaluationis not the samething asa
game Sometopologiesequireagreatmary gamesplayed
before an individual's tness is determined. Thus each
graphcomparedifferenttopologies' performancegiven
the samenumberof resources.

Ultimately we are trying to determinewhat topology is

likely to give the “best results”. To comparetopologies,
we needa nal external tness usedfor comparingbest-
of-run resultsbetweentopologies,as opposedo the sub-
jectiveinternal tnessusedto selectindividualsduringthe
runsthemseles. For the InternalRosenbrockandInternal
Rastriginproblems the external tness of anindividual is

clearly objective andclearly computableit's just the indi-

vidual's performancen the Rosenbroclor Rastriginfunc-
tions.

For the Nim gameshowever, we arefacedwith the classic
external- thessconundrum:the only obvious external t-
nessmeasuresvailableare subjectve, thatis, they're de-
terminedin the context of otherindividuals.In theabsence
of ary clearobjective measureywe mustresortto a subjec-
tive way to scorethe nal performanceof the best-of-run
individuals for arny given Nim topology To do this, our
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approachs to determinethe bettertopologiesby literally

playingtheir “best” individualsagainsteachother For ary

given applicationof a topology, we perform50 indepen-
dentruns. For eachrun, we determinea “bestof run” by

takingthe best-of-generatiomdividualsfrom eachgener

ation,andplacingthemin a singleeliminationtournament.
Thusfor eachapplicationof a giventopology we have 50

best-of-runindividuals. To compareseveral topologiesfor

a particularproblemdomain,we thentake the 50 best-of-
run individualsof eachtopologyandplay all of themin a

RoundRobin tournament. The “quality” of a best-of-run
individual in the nal tournamentis equalto its average
scoreagainstothersin the tournament. Thus the “qual-

ity” of a particulartopology is the meanof the qualities
of its best-of-runindividuals. This may not necessarilyoe

anidealcomparisommetric(we don't know if anidealeven

exists),but we feel it is areasonablene.



4.1 RESULTS

We ranall experimentson the ECJ7 evolutionarycompu-
tation systemLuke 2001]. Figuresl through8 show box-
plotst comparingSETwith K-RandomOpponentsFigures
1 through6 usevaluesof K rangingfrom 1 to 31; Figures?
and8 useK valuesof 1 to 25,30, 35,40,45,50,60, 70,80,
90,100,127. Theverticalacces®lotsexternal tness val-
uesof thebest-of-rurindividualsfor varioustopologies.In
the RosenbroclandRastrigindomainsthe externalscores
weretheactualRosenbroclor Rastriginfunctionvaluesfor
the best-of-runindividuals. In the Nim domains the nal
RoundRobincompetitionto determinesxternalscoreson-
sistedof every best-of-runindividual plottedin the com-
binedgraph.

Figures2 and 3 show the effects of addingnoiseto the
Rosenbrocldomain,andFigures5 and6 shav similar ef-
fectsfor the Rastrigindomain. Noisewas addedby ip-
ping a coin with the given noiseprobability thatthe play-
ers' scoresvereto be swapped.Noisewasnot usedin the
displayof external tness results.

K-Random OpponentsResults We foundthatthe over-
all layout of the graphsis very similar acrossall four do-
mains: asthe value of K increasedexternal tness rose,
thendropped.The dome-like resultsfor K-RandomOppo-
nentssuggestshatneitherRandom-Riring (whereK = 1)
nor Round Robin (whereK is large) is likely to yield a
goodresult. Indeed,we imagine that Round Robin will

often comein deadlast! In the Internal Rosenbroclkand
InternalRastrigindomainswith no noise,Random-Riring
performedreasonablyvell, but with morenoise,it did in-
creasinglypoorly.

Why is this happeningur hypothesids thatin noisy or
intransitve domainspnly afew gamegerevaluationis not
sufcient to cut throughthe noise,andevolution proceeds
slowly. Thenasthe numberof gamesper evaluationin-
creaseat somepointit becomesverkill: moregamesare
simply cuttingthetotal availableevolutiontime.

This result is similar to the one obtained for non-
coevolutionary EAs [Grefenstetteand Fitzpatrick 1985]
whendeterminingthe optimal numberof evaluationsof an
individual in a noisy ervironment,wherethe tness was
calculatedas the averageof the resultsof several evalua-
tions. Grefenstetteand Fitzpatrick too reportedthat one
samplemight not provide enoughinformation, while too
mary samplesnightnotleave enoughgenerationor good
resultswhen the total numberof evaluationsis bounded.
They reportedthattensamplegperevaluationgave thebest

1in aboxplot,therectangularegion coversall valuesbetween
the rst andthird quartiles the stemsmarkthefurthestindividual
within 1.5 of the quartile ranges,and the centerhorizontalline
indicateshe median.Dotsshaw outliers,and marksthe mean.
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resultsin an imageregistrationproblem. While we typi-
cally found fewer samplesverenecessaryn our coevolu-
tionaryapproachtengavereasonableesultsn mostcases.

Single-Elimination Tournament Results The SET re-
sultswere surprising. Whenthe amountof noiseis small,
SET performsasgoodasor betterthanall othermethods
presentedeventhoughit hasrelatively few gamegereval-
uation. As noiseis increasedo 40% in the Rosenbrock
domain,though,SET's performancdosesits luster Why?

Figures9, 10 and11 comparethe external tness best-so-
far curvesof SET andthe bestperformingK-RandomOp-
ponentstopology with 0%, 30% and 40% noiserespec-
tively. These gures suggestthat SET is corverging too
rapidly: asthe eld improves,thisbecomes hindranceln
Figure11, ultimately 7-RandomOpponentss statistically
signi cantly better(usingat-testat 95%).

It seemsthat K-Random Opponentsmight be a better
choicethan SET, particularly if noiseis high. The trick,
though,is determiningwhatvalue of K to use. In the ab-
senceof ary prescienceSET mightbethe bestoption.

5 CONCLUSIONS AND FUTURE WORK

Our experimentsshaved that the extremes of the K-
RandomOpponentsmethod usually lead to worse nal
resultsthanintermediate(preferablysmall) valuesfor K.
Even if gamesare very expensve, the concernthat led
to Random-Riring in [Luke 1998], we still think 5 to 10
gamesper evaluationis likely to yield a betterresult. A
full Round-Robintournamentappeardo be alwaysa bad
choice.Ourdatasuggestshatthe Single-EliminationTour-
namentmaybetoo aggressaie in noisy competitions)ead-
ing to prematurecorvergencerelative to 5- to 10-Random
OpponentsOtherwiseit seemso beagoodchoice.

Thoughmary graphsare similar, honethelessnteresting
featuresstandout. Onesurpriseis the very strongperfor

manceof Single-EliminationTournamenin the Nim Ver-

sion1 game.Thissuggestslynamicsspeciako thisdomain
which, on closerinvestigation,may shedlight on SET's
performancen general.DoesNim Versionl promotethe
duelmethodologyn away notfoundin Nim Version2, for

example?Exceptfor noise thelnternalRastriginandinter-

nal Rosenbroclkdomainsarefully transitive: mightthis ex-

plain the deterioratiorof SET undernoise?In future work

we hopeto examinethe dynamicsof suchtopologiesin

theseandotherdomainsmoreclosely
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