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Abstract— We intr oduce the � -strik es-out algorithm, a sim-
ple steady-stategenetic algorithm for competitive coevolution.
The algorithm can be summarisedasfollows: Run competitions
betweenrandomly chosenindividuals, keeptrack of the number
of defeatsfor eachindividual, and remove any individual which
hasbeendefeated� times.Naive application of the algorithm in
2-population problems leads to severe disengagement.We �nd
that disengagementcan be eliminated (for all tasks involving
real-valued continuous scores) by determining `victories' and
`defeats' between fellow members of the same species,using
competitions against a single member of the opposing species
as a point of comparison.We apply our algorithm to the “box-
grabbing” problem for arti�cial 3D creatures intr oduced by
Sims. We compare our algorithm with Sims' original Last
Elite Opponent algorithm, and describe(and explain) differ ent
results obtained with two differ ent implementations differing
mainly by the harshnessof their selectionregimes.

Coevolution is a genericterm describingany situationin
which two or more lineagesevolve in sucha way that the
�tness landscapeof eachlineageis determined(at least in
part)by theevolving featuresof otherlineages.Thede�ning
conceptof coevolution is that of coupled�tness landscape.
A consequenceof such a situation is that evolutionary
changesin one lineagemay alter the �tness landscapeof
othercoevolving lineages,andthereforepromptevolutionary
changesin theselineagesas well, which may in turn alter
the �tness landscapeof other lineages,etc.

It hasbeenarguedthat sucha processof constantmutual
adaptationmay lead to someform of global progressover
time, throughincrementalaccumulationof adaptive features.
This ideaformsthecoreof theconceptof “evolutionaryarms
race”introducedby DawkinsandKrebs[1]. RosinandBelew
[2] summarisethe transpositionof the armsraceconceptto
arti�cial evolution:

Sincetheparasitesarealsoevolving with a �tness based
onacompetition's outcome,thesuccessof a hostimplies
failure for its parasites.When the parasitesevolve to
overcomethis failure, they createnew challengesfor
the hosts; the continuation of this may lead to an
evolutionary“armsrace”(. . . ) New parasitetypesshould
serve asa drive toward further innovation,creatingever-
greaterlevels of complexity andperformanceby forcing
hoststo respondto a wider rangeof more challenging
parasitetestcases.

Unfortunately, despiteearly successessuch as thosere-
portedby Hillis [3], it soon emerged that coevolution was
proneto complex dynamicswhich often led to unexpected
results. As Ficici [4] pointed out, it did not help that

many early works in coevolution relied on somewhat vague
assumptionsregarding evolutionary progress,often linking
it with an increasein complexity1. While it was generally
expectedthat coevolving entities should become“better”,
what exactly “better” meantwas usually not madeexplicit
precisely.

Besidesthis problem of ambiguousexpectations,it was
quickly recognisedthat coevolution often follows dynam-
ics which contradict any acceptablenotion of long-term
progress.An early identi�ed problemis that of intransitivity
in the global �tness landscape(even if A defeatsB and
B defeats C, it is still possible that C may defeat A),
which may leadto coevolutionary“cycles” or “circularities”
[8], [9]. This featurealso underliesother problemssuchas
opportunism, in which seeminglypromising, sophisticated
solutionsaredisplacedby trivial solutionswhich exploit one
speci�c weakness;a symmetric problem is that of over-
specialisation,in which a given solution is being overly
re�ned with regard to its current competitive environment,
only to be displaced by a trivial solution which poses
a completely different problem (Watson and Pollack [10]
call such phenomena“focusing on the wrong thing”). As
we will see,opportunismand over-specialisationmay be a
major hindranceon the road to progressif the algorithm is
vulnerableto it.

Another dif�culty which may arise is that of disengage-
ment, or loss of gradient [10]. This occurs mostly in � -
speciessituations,whenonecompetingspecies“out-evolves”
the others,in such a way that membersof this successful
speciescan defeatall of their opponents.The result is that
the opposingspecieslose any meaningfulgradientto guide
their evolution, which becomeseffectively random.

I . COEVOLUTIONARY ALGORITHMS

The overwhelming majority of algorithms in use for
competitive coevolution are generational.Large parts of
the population are evaluatedand replacedsimultaneously.
A common algorithm is precisely the one introducedby

1The widespreadidea that evolution or coevolution createsa driving
force towards increasingcomplexity (beyond the merestochasticincrease
inherentto any randombranchingprocesswith a hard lower bound) has
beendismissedin no uncertainterms by most prominent specialists;let
us mentionDawkins [5], Maynard-SmithandSzathmary[6] andof course
Gould [7].



Sims [11], also called the “Last Elite Opponent”model: at
everygeneration,eachindividual from population� is pitted
againstthe currentchampionof population � . The resulting
scoreis usedasa �tness valuefor selectionandreproduction,
as well as choosinga new championfor population � (the
individual from � which obtainedthe bestscoreagainstthe
currentchampionof � ). Then the sameprocessis applied
to population � , using the new championof population �

for evaluation,and the cycle startsover again.

A problem with this approachis that, since the referent
(that is, the individual usedfor evaluation)changesat every
generation,so doesthe direction of selectionpressure.This
may result in an unstableselective process,in which the
direction of the selective pressurechangesso fast that no
overall progresscan occur: even though selectionmechan-
ically improves the populationfrom one generationto the
next (with regardto thecurrentselectiveenvironmentde�ned
by the currentpopulation),this may fail to translateinto a
longer-term historical progressas implied by the armsrace
concept.

To enhancethestability of theprocess,anarchivemaybe
used.An archive is a collection of previously encountered
individuals which are kept for evaluationpurposesso as to
provideamorestableselectivepressure.A simpleoptionis to
keepthe championsof the � previous generations(which is
the“basic” methodusedby Nol� andFloreano[8]); however
this only reducesinstabilitiesover a scopeof � generations
backwards,so � should be high; furthermore,if evolution
stabilises,thenchampionsfrom contiguousgenerationswill
tend to be similar to each other, which may reduce the
diversity of the selective pressureprovided by � successive
champions.

Another possibility is to maintaina “Hall of Fame” con-
tainingthechampionsof all previousgenerations,thenpick �

opponentsat randomfrom this populationat everyevaluation
[2]. The consequencesof such a method are interesting.
Becausenewer individualshave to prove their worth against
championsof all previous generation,the selective process
will mechanicallyfavour individuals able to defeat many
(ideally all) of their predecessors,thereby encouraginga
proper arms race. However, as Nol� and Floreano point
out, this also means that an ever larger portion of the
selective processbecomes�x ed,diminishingthe importance
(andexpectedbene�ts)of coevolutionarydynamics:“ As the
processgoeson, there is lessand lesspressureto discover
strategies that are effective against the opponent of the
currentgenerationandgreaterandgreaterpressureto develop
solutions (. . . ) againstopponentsof previous generations”
[8]. Becauseof this `ossi�cation' of the selective process,
selectionbecomestailored to the particular history of that
run,which mayhampergenerality. Nol� andFloreanoreport
that in their more complex settings, individuals evolved
through `naked' coevolution were better at defeatingindi-
viduals evolved through “Hall of Fame” coevolution than
the reverse.This happenedeven thoughindividualsevolved
with a Hall of Famewere demonstrablybetterat defeating

their own ancestors,indicatinga moresuccessfularmsrace.
While progresshad beenmore straightforward, it had also
beenmore limited in scope2.

In Nature, the processof replacementis quite different
from theseapproaches.Individuals (or lineages)are usually
not massively decimatedand replacedat discrete instants
in time. Individuals and lineagesare constantly exposed
to a varying selective pressure.Evaluation doesnot occur
againsta few selectedchampions,or againstan (impossi-
ble) archive, but againstthe current population itself. The
processof selection,eliminationandreplacementis gradual
and asynchronous,and therefore,so is the changein the
selective landscape.Furthermore,evaluation occurscontin-
uously, often through random encountersagainst random
opponents,until an individual (or a lineage) cannot keep
up with the selective environment and is eliminated.The
population maintains its own archive, but ossi�cation is
prevented through continuousremoval of elementswhich
appearun�t.

While this processhas no global direction, and is ap-
parently not oriented towards any particular overarching
goal (complexity, intelligence,etc.), it neverthelessproduces
remarkableexamplesof smaller-scale mutual optimisation
patterns(the “arms races” identi�ed by Dawkins [1] as a
prominent source of adaptive complexity in Nature), the
local, interlaced “eddies” of the evolutionary maelstrom.
Capturing thesedynamics is precisely the justi�cation of
using coevolution for optimisation.How can we translate
theasynchronous,steady-statepatternof naturalcoevolution
into practicalalgorithmscapableof producinguseful results
for humanoperators?

I I . (LACK OF) STEADY-STATE COEVOLUTIONARY

ALGORITHMS

Despite the popularity of steady-statemodels for tradi-
tional geneticalgorithms,it is not easyto �nd examplesof
steady-statecoevolutionaryalgorithms.One suchmethodis
Reynold's Steady-StateGeneticProgramming(SSGP)algo-
rithm for thegameof Tag[12]: in this system,evaluationand
replacementdo occur in a one-at-a-timefashion.However,
evaluationstill occursin a synchronousway (the �tness of
an individual is the result of its interaction with 6 other
individualsrandomlychosenwithin the population).

In Paredis' Life-Time FitnessEvaluation (LTFE) system
[13], the �tness of each individual is evaluatedafter the
result of its last 20 encounters.20 interactionsbetween
�tness-selectedindividualsareperformed,their �tnessesare
updated,a new individual is createdby recombiningtwo

2Theseresults,as well as thoseobtainedby Ficici, hint at a necessary
distinction betweenlocal progress(newer individuals are better than their
immediatepredecessorsagainsttheir local, current opponents),historical
progress(newer individuals are better than their predecessorsagainsttheir
ancestralopponents)andglobal progress(newer individualsarebetterthan
their predecessorsagainstthe entire searchspace).The �rst one is all that
naturalselectionis concernedwith. Thesecondoneis ade�nition of anarms
race,and can be broughtaboutby using an archive. The latter is the real
objective of coevolutionaryoptimisation;unfortunatelyit is not necessarily
broughtaboutby the former two.



selectedparents,the initial �tness of the new individual
is evaluatedby pitting it against 20 opponents,the new
individual is insertedin the population(it is not speci�ed
whetheranotherindividual shouldbe deleted)and the cycle
startsagain.Thusevaluationoccursin a one-timemannerfor
many individuals,while superiorcandidateshave their �tness
re�ned throughsubsequentcompetitions.This concentrates
computationalpower on promisingsolutions,althoughat the
expenseof exploration.

I I I . THE � -STRIKES OUT ALGORITHM

We proposea simple algorithm to capture the desired
propertiesdescribedabove. In thecontext of one-population,
symmetriccoevolution, the proposedalgorithm can be de-
scribedas follows:

1: Pick two individuals A and B from the populationat
random.

2: Pit them againsteachother; determinethe winner and
the loserof the confrontation(if any).

3: If the loser has beendefeated� times over its entire
history, remove it from thepopulationandreplaceit with
a new individual.

4: Startagain.
From this descriptionwe can make several observations

aboutthealgorithm.First, it is truly a steady-statealgorithm.
Populationchangeoccursin a one-at-a-timefashion,while
evaluation occurs continuously. Poorly adaptedcandidates
are rejectedearly, while promisingsolutionsare constantly
re-evaluated against the changing environment, until this
environment proves too much for them. In effect, in the

� -strikes out algorithm, the population acts as a self-
maintaining archive, constantly updating and reevaluating
itself.

In addition, the dynamicsof the algorithm in terms of
evaluationsandreproductionsareglobally predictable.After
aninitial transientphase,a steadyregimewill settlein which,
on average,onenew individual will be createdfor every �

evaluations. Thus � provides a convenient control of the
balancebetweenexplorationandexploitation.

The algorithm sharesanothercommonfeatureof steady-
state genetic algorithms: simplicity (both in concept and
in implementation).It removes the necessityfor managing
generationalchangesamongpopulations.Theonly overhead
is to keeptrackof thenumberof defeatsfor eachindividual,
which is usuallyeasy.

The algorithm is �e xible in that various adaptationsare
possible,especially with regard to the choice of parents
for the new individual. One possiblemethodis to replace
the loser with a recombinationof itself and the winner,
or with a mutatedversion of itself or of the winner. This
methodhasthe advantageof beingeasily implemented,and
is also quite conservative: it makes it likely that someof
the genetic material of the loser will be preserved in the
new offspring,which maybedesirablein somesituationsbut
not in others.A more neutralmethodconsistsin replacing
the loserwith a recombinationof parentschosenafter some

particularstatistic,suchastheir numberof victories,theratio
betweenvictoriesanddefeats,etc.

A consequenceof the algorithm as describedabove is
that defeats are never forgotten. This implies that even
individuals with a high victories-to-defeatsratio, indicating
high performance,can be eliminatedwhen their numberof
defeatsreachesN (which is boundto happenat somepoint).
If onewantsto counterthis, a possiblemodi�cation consists
in specifying that the loser will only be replacedif it has
suffered � defeatsover its last � competitions:defeats
which happenedmore than � contestsago are `forgiven'.
Introducing this �nite memory window has several conse-
quences,both positive andnegative: it hasthe advantageof
ensuringthat only currently unadaptedindividuals will be
removed. However it also meansthat thereis no longer an
immediaterelation betweenthe numberof contestsand the
numberof creationsof new individuals(althoughthe impact
will be small if most eliminationsoccurbefore � contests,
as is likely to be the casefor mostnew individuals).

IV. THE TWO-POPULATIONS CASE: ELIMINATING

LOSS-OF-GRADIENT

A. Thenaiveapproach to two-populationsproblems

The descriptiongiven in the previous sectionappliesto
one-population,symmetric problems. However, when the
problem is based on competition between two or more
species,the algorithm must be modi�ed (if only because
competitorscannotbe recombinedtogether, or replacedby
eachother, sincethey belongto different species).A naive
transpositioncould be expressedas follows: take one indi-
vidual from each population,pit them againsteachother,
and if the loser of this confrontationhas reach his � th
defeat,replaceit with a new individual createdthroughsome
suitablereproductive strategy.

Unfortunately, early experiments(basedon the experi-
mental settingsdescribedin the following section)showed
that this naive methodconsistentlyinducedsevere casesof
disengagement, or loss of gradient. At somepoint, one of
the populations(say, population � ) would �nd a somewhat
effectivemethodto solve theproblem,while individualsfrom
population� would still bein anearly, poorly adaptedstage.
This adaptationwould propagatethroughoutpopulation �

in such a way that eventually, every individual from �

would be able to defeatevery individual from � . At this
point, every competition would lead to a defeat for the
individual from � , so all individuals from � would receive
thesameselective information(uninterruptedlosses),leading
to a uniform selective pressure.No gradientwould allow the
algorithm to favour one individual from � over the other.
This would effectively remove any selective direction and
lead to a non-selective evolution basedsolely on random
drift.

Loss of gradient,also called disengagement,is a well-
known problemof coevolutionary dynamics.Several reme-
dies have beenproposed,often basedon a distinction be-
tween the two populations(“hosts”, which are to be op-



Fig. 1. `Ricocheting' oblique evaluation: two individuals �	� and
��
 are pitted againsta commonindividual � � . Their performances
are compared,which provides a winner and a loser: victories and
defeatscountersareupdatedaccordingly. Thena new individual �



is comparedwith � � basedon its performanceagainst��
 . Because
the performanceof � � against ��
 is already known, this only
requiresoneadditionalcompetition.

timised, and “parasites” which are an instrument of this
optimisation). Cartlidge [14] suggest to punish parasites
which prove too effective. Ficici andPollack[15] (followed
in this by DeJong[16]) proposethemoreradicalapproachof
selectingparasitesdirectlyaftertheir capacityto discriminate
betweenhosts.In addition to this, Bongard[17] chooseto
save testswhich arecurrently too dif�cult for later reuse.

We noticed, however, that without using any of these
varioustechniques,Sims' original algorithmwasnot subject
to lossof gradientwhenappliedto similar experiments.We
found that one causeof this immunity was that in Sims,
selective gradientwasobtainedthroughcomparisonof real-
valued, continuousscores,insteadof binary victory/defeat
indicators. To use the real-valued scores directly in our
algorithm would be dif�cult, however: we would need to
comparescoresobtainedagainstdifferentindividuals,which
might be unfair; also�nding an equivalentto the conceptof
` � -strikesout' with continuousscoresmight be non-trivial.

B. Obliqueevaluationeliminatesdisengagement

There is anotherway. The fundamentalreasonwhy the
LEO generationalalgorithm appearsimmuneto disengage-
ment and loss of gradientlies not only in the use of real-
valuedscores,but alsoin theway individualsare`evaluated':
the reproductive successof an individual is not determined
by its isolatedperformanceagainsta memberof a competing
species;rather, it is determinedby comparingits performance
with theperformanceof fellow membersof thesamespecies,
againsta commonopponent.This, togetherwith real-valued
scores,effectively eliminatesloss of gradient,even in the
casewhen one species`out-evolves' the other: even if all
individuals from a speciesare thoroughly beatenby their
competitors,the differencein the severity of their defeats
will provide a usablegradient.

Following this approach,instead of directly evaluating
individuals through their interactionswith opponentsfrom
the other population,we decideinsteadto �rmly limit the

selective processto a comparisonbetweenfellow members
of the ������� species.This is doneby comparingtheresultsof
two individuals againstone single memberof the opposing
population. This processof oblique evaluation effectively
ensuresthat a usablegradientwill alwaysbe present.

Thus“victories” and“defeats”arede�ned asfollows: two
individuals ��� and ��� from population � are pitted in turn
againstthe samemember ��� of population � ; whichever of

��� and ��� obtainsthe bestscore(if any) is the winner, and
theotheroneis theloser. We thenapplythesame“ � -strikes-
out” algorithmasdescribedin theprevioussection,with this
new de�nition of victoriesanddefeats.

One �nal re�nement is necessaryto completethe algo-
rithm. At �rst sight, obliqueevaluationseemsto doublethe
amountof computationrequiredfor evaluation:while only
one interactionwas neededin the naive method,now two
interactionsare necessaryto obtain an evaluation.However
this is merely illusory, becausesome of the information
gainedin oneevaluationcanbeusedin thenext: afterpitting
both ��� and ��� against �
� , we now pick an individual ���

at randomfrom � , opposeit to ��� , and compareits score
againstthe (already known) score obtainedby ��� against
the sameindividual ��� . The processis then repeatedwith

��� , ��� and yet anotherindividual ��� , etc. Thus evaluation
is constantly“ricocheting” from onepopulationto theother,
alwaysusingsomeof the informationfound in the previous
round in the next. Each new evaluation only requiresone
new interaction.The processis illustratedin Fig. 13.

C. Disengagement,oblique evaluation, and selectiveinspi-
ration from Nature

Disengagement/ loss-of-gradientis usually seen as a
troublesomeimpedimentto “proper” coevolution. However,
it might be argued that it is actually an expectedfeature
of coevolution. In Nature,a situation in which one lineage
is utterly out-evolved by others to the point of being un-
able to defeatany opponent,correspondsessentiallyto an
extinction event. But the basisof Van Valen's original Red
Queenhypothesis[18] is precisely that such events occur
continuouslybecauseof coevolution (the Red Queeneffect
imposes a constantly changing environment, and species
routinelyfail to adaptandgoextinct with a probabilitywhich
is independentof the species'age).Thus disengagementis
actuallythedirectexpressionof theRedQueeneffect,within
the more restricted environment of arti�cial coevolution.
Therefore,to �ght disengagement,we shouldnot try to copy
Natureasfaithfully aspossible;rather, it is preferabletry and
�nd which factorscauseit and, if feasible,eliminatethem.

In essence,the processof oblique evaluation implicitly
present in the LEO algorithm (and explicitly present in
ours) countersthe Red Queeneffect by separatinginter-
speci�c and intra-speci�c competition; more precisely, it
removesinter-speci�c competitionaltogether, andreplacesit

3If �



hasreachthe maximumnumberof defeatsandmustbe replaced,
thentheresultof theoppositionbetween�

�

andthenew �



is now unknown,
andcannotbe usedfor further comparisons.In this casewe keep �

�

asthe
currentreferentfor the next round.



with purely intra-speci�c competition.Individualsarenot in
directcompetitionfor survival with membersof theopposing
species,as they are in Nature; instead,they competefor
survival solely againstmembersof their own population.
In Nature,competitionoccursbetweenall individuals,both
betweenand within species.The consequence,through the
RedQueeneffect, is that speciesroutinely go extinct. In the
context of arti�cial evolution, however, competitionbetween
speciesis an unwantedfeature(one might say a `bug') of
evolution: we are interestedin optimising individuals, but
we do not want any speciesto go extinct (i.e. we do not
want disengagementto occur).Disengagementoccurswhen
thealgorithmdoesnot, or cannot,producemeaningfulintra-
speci�c competition.

Our conclusionis that the useof real-valued,continuous
scores,even though it always provides a readily available
gradient betweenindividuals, is not suf�cient to prevent
disengagementin itself. This latentgradientmustbeproperly
exploited by emphasisingintra-speci�c competitionagainst
inter-speci�c competition. Algorithms which do just this
(suchas Sims' algorithm, or our own correctedalgorithm)
effectively eliminate disengagement.This may be seenas
a caseof analysingnatural evolution, and “carving it up”
to pick precisely what can be useful to us, leaving aside
unwantedfeatures.

V. EXPERIMENTS AND RESULTS

A. Experimentalsettings

1) Thetask: Our experimentsarebasedon thesimulation
of arti�cial three-dimensional(3D) creaturescontrolled by
neuralnetworks, similar to thoseintroducedby [11]. Crea-
tures are composedof rigid blocks linked by hinge joints.
Their neuralnetworksaredistributedthroughouttheir limbs.
Initially creaturesalso have four kinds of external sensors,
measuringthe  and ! distancesof either the opponent
or the box, within the frame of referenceof the limb in
which the sensorexists; in our later experimentswe remove
the ! -sensors.Theseexternal sensorscome in addition to
internal proprioceptorswhich measurethe current angle at
the joint betweena limb and its parentlimb. There is one
suchproprioceptorfor eachlimb, except of coursefor the
`root' limb which has no parent. Each limb (except the
root limb) also hasan actuatorneuron,which speci�es the
currentdesiredangularspeedaroundthe joint betweenthis
limb and its parent.The software platform being used is
essentiallya reimplementationof Sims' model, the main
differencebeing our use of usual McCulloch-Pittsneurons
insteadof Sims' more complex neurons,with an improved
genetic encoding and developmentalsystem.A complete
descriptionand justi�cation of our platform can be found
in anotherpaper[19]; sourcecode and video capturescan
be found at www.cs.bham.ac.uk/˜txm .

The task being consideredis the “box-grabbing” contest
describedin [11]. Two creaturescompeteto gaincontrolof a
cubicbox.At thebeginningof eachcontest,thebox is placed
at the centreof the environment.Both competingcreatures

areplacedon oppositesidesof thebox, at a certaindistance
from it. As in Sims,creaturesarepushedbehinda diagonal
plane slantedby 45 degreesso they cannotgain an undue
advantageby their height.Both creaturesarethenleft to act
for agivenperiodof time.At theendof theevaluationperiod,
the scorefor eachcreatureis determinedin the following
way: if onecreatureis atdistance"$# from thebox (asde�ned
by the distancebetweenthe centreof the creatures'closest
limb to the box, and the centreof the box) and the otherat
distance"�% , thenthe former creature's scoreis &
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2) Methodology: To make our comparisonasmeaningful

as possible,we follow Sims' choice of using two species,
which we arbitrarily call A andB. We maintainthis separa-
tion throughoutour experimentsandanalysis.We thenpro-
ceedto compareour own implementationof Sims' original
LEO algorithm(describedin the introductionof this paper)
with a 2-strikes-outalgorithm, using oblique “ricocheting”
evaluation,asdescribedabove.For bothalgorithms,thepop-
ulation is divided into 2 speciescontaining100 individuals
each.

We performedour comparisonsby pitting championsob-
tainedwith onealgorithmagainstchampions(of theopposite
population) obtainedwith the other algorithm, at discrete
points in time, in order to track the relative performance
of both algorithmsover time. Thus thosecomparisonswere
`equal effort' comparisons:we only opposedchampions
obtained after equal numbersof simulated contests(that
is, championsobtained by either algorithms with equal
computationalcosts). To do this, we evenly sampled25
championsin eachpopulationof every run.This wasdoneby
picking the currentchampionof eachpopulationafter 6000,
12000, 18000, etc. contestshad been simulated(our runs
wereallowed to proceedfor 150000simulatedcontests)4.

This created two sets of 25 champions (one set for
populationA andoneset for populationB) for eachrun of
eachalgorithm.We thenproceededto opposethechampions
obtainedby eachalgorithmsat a giventime, againstchampi-
onsobtainedby theotheralgorithmat thesametime.Thatis,
for each � in the *+#-,.,/%-021 range,we pitted the � th champion
of each run generatedby one algorithm, against the � th
championsof all runsgeneratedby theotheralgorithm.Note
that we only pitted individuals from A-populationsagainst
individuals from B-populations.

For every � in the *+#-,., %�021 range,this amountsto #�%435#2%63

%�78%-9-9 competitionsin total: the � th A-championsof 12
LEO runs againstthe � th B-championsof 12 NSO runs,
plus the � th A-championsof 12 NSO runs againstthe � th
B-championsof 12 LEO runs The repartition of victories
betweenboth algorithms,for each � , gives a `snapshot'of
the relative performanceof both algorithmsat a given point

4In the LEO algorithm the championis automaticallyde�ned by the
algorithm as the current memberof one population which obtainedthe
bestscoreagainstthe currentchampionof the opposingpopulation.In the
NSO algorithm, we simply picked as a current championthe individual
within thepopulationwhichhadaccumulatedthehighestnumberof victories
throughoutits history.



Fig. 2. Four creaturesfrom four different runs,evolved with the `harsher'versionsof both algorithms(top row: LEO algorithm,bottom
row: 2SO algorithm). In the top-left picture,one creaturehasmanagedto enclosethe box betweenits symmetricarms.The protrusions
on eacharm will inducea `locking' effect which will securethe creature's grip, allowing it to resistthe attemptsof its opponent.In the
top-right picturea large creaturehaspinchedthe box andhasbegun to retreat,with the opposing`caterpillar' creaturefollowing it. In the
bottom-rightpicturea very simple,3-limbedcreaturehasusedsinusoidalmotion to get to the box and is usingexactly the samemotion
to go backwards,draggingthe box asa result. In the bottom-rightcorneronecreaturehasmanagedto snatchthe box betweenits arms
andwill slowly move away from its unsuccessfulopponent.

in time (namely, after �:3�;�<-<-< contestshave beensimulated).

B. Results

Our initial experiments compareda plain, `naked' 2-
strikes-out algorithm (2SO) againstan implementationof
Sims' LEO algorithm.Theseearly implementationsput em-
phasison maintainingexistinggeneticmaterial,in anattempt
at avoiding prematureconvergencedetectedin preliminary
testexperiments.Thus the replacementmethodfor the 2SO
consistedin replacingthe eliminatedindividual with either
a mutatedcopy of itself, or a recombinationbetweenitself
andits latestdefeater. Similarly our implementationof Sims'
algorithmwasgeneticallyconservative, with a 50% survival
rate and a similarly lenient replacementmethod in which
the eliminatedindividual contributed geneticmaterial to its
replacer. More precisely, at eachgeneration,the following
cycle was iterated:threeindividualswere randomlychosen,
and the individual with lowest �tness (i.e. having obtained
thelowestscoreagainstthecurrentchampionof theopposing
population) was replacedeither with a mutated copy of
itself, or with a recombinationof itself and one of the
two others.This was repeateduntil 50% of the population
had beenreplaced.With theseinitial settings,the 2-strikes-
out algorithm outperformedthe LEO algorithm by a wide
margin.

However, we decidedto reimplementour versionof Sims'
algorithm to make it much closer to the original, which

implied signi�cantly harsherreplacementpolicies: we low-
eredthe survival rate to 20% andselectedparentsfrom the
survivorsonly, with a roulette-wheelselectionmethodbased
on the samenormalised�tness function as usedby Sims.
We also brought a few changesto the platform, such as
removing ! -sensors(leaving only sensorsfor the distance
in the direction of the  -axis of the limb) and changing
various parameters.This led to a massive improvementin
the performanceof the LEO algorithm, which signi�cantly
outperformedvariousN-strikes-outalgorithms.

This promptedus to introducea lessconservative replace-
ment policy in our 2-strikes-outalgorithm: new individuals
would be generatedfrom parentsselectedbasedon their
numberof victories only (eliminatedindividuals would no
longer contribute to the genomeof their replacer).On the
other hand we introduced a time window beyond which
ancientdefeats,were`forgiven'. We found that the resulting
algorithmproducedinitially weaker creatures,but exhibited
morereliableprogress,andeventuallymanagedto equalthe
LEO algorithm after enoughcycles had elapsed.The long-
term behaviour of thesecurvesindicatesimilar performance
of newer championsin the long run. Our interpretationis
that underthesesettings,the LEO algorithmproduceswell-
adapteddesignsfasterthan the 2SOalgorithm.

Fig. 3 shows the resultsof our equal-effort comparisons
betweentheLEO algorithmandthe2SOalgorithm.Someof
the creaturesevolved in our early experimentswere shown



Fig. 3. “Equal effort” comparisonbetweenLEO and 2SO: repar-
tition of victories in head-to-headcompetitionsbetweencurrent
championsgeneratedby both algorithm at discretepoints in time.
Thetop graphshows resultsfor early, `lax' implementationsof both
algorithms.Thebottomgraphshows resultswith increasedselection
pressureand lessconservative reproduction.Seetext for details.

in anotherpaper[19]. Fig. 2 shows four creaturesevolved
with the improved versionsof our algorithms.

Throughvisual inspection,we determinedthat the supe-
riority of the NSO methodin our early experimentswas in
great part causedby the instability of the LEO algorithm.
Typically, both populationswould cometo someinteresting
degree of adaptivenessand functionality, but then one of
the populationswould come up with simplistic individuals
which would exploit a particular weaknessof the oppos-
ing champion.Becausethese individuals would do rather
well againstthe opposingchampion(no matterhow poorly
they performedotherwise)they would be promotedto new
championsof their own population, thereby upsettingthe
hierarchiesof bothpopulations,andforcing evolution to start
againfrom scratch.

A commonsourceof instability was “sensorhijacking”:
onecreaturewouldexhibit aneffective locomotivebehaviour,
which would unfortunatelybe dependenton the position
of its opponentbecausethe input from a particular sensor
would be ableto dramaticallyin�uence thebehaviour of the
creature:the successfulindividual would be dependenton
the presence,or absence,of the opponentwithin a certain
distance (either through evolved dependence,or through
fortuitous,spuriousconnectionswhich would not have been

eliminatedby evolution). Therefore,all the opponenthadto
do to outperformthis fragilebehaviour wasto foil thisexpec-
tation - which oftenhappenedsimply by stayingmotionless,
or falling on oneside.This is a speci�c typeof opportunism,
exploiting weaknessesin evolved neuralcontrollers.This is
whatpromptedus to simplify thesetof sensorsby removing

! -sensorsaltogether.
Our reimplementationof the algorithm signi�cantly re-

duced this problem. However the fundamentalinstability
of 3D physics implies that in some circumstances,small
differences(or even different randomseeds)can have large
consequences:for example, a creaturemight “only just”
scrapethe box away on one occasion,but fail on others,
which may result in completelydifferent outcomesfor the
contest.The improvedLEO algorithmwasstill occasionally
fragile to suchsituations,in which one creaturewould `get
lucky' duringa particularcontestby performingsomeaction
thatwould fail mostof thetime.Thisone-timesuccesswould
allow the creatureto becomea champion,despiteits lack of
reproducibility.

While instability can be observed by visual inspection,it
can also be identi�ed in a more objective mannerthrough
simple analysistools. We drew coarse-grainedtournament
matrices(CGTM) of several runs,bothwith Sims' algorithm
and ours. A TournamentMatrix [8] is drawn by pitting
all championsof one populationagainstall championsof
the other population,but is computationallyexpensive and
the resulting graph is often dif�cult to analysein practice.
A CGTM consistsin simply taking a limited number of
championsfor eachpopulationover the whole run (in this
case,25, evenly sampledexactly in the sameway asfor our
equal-effort comparisons)andoften producesmorereadable
outputs [20]. The graphsshown in Fig. 4 indicate that 2-
strikes-outruns producea more stableevolutionary process
than LEO runs. With the 2-strikes out runs, even when
patchesof different coloursare scatteredover the graph,a
distinct division of the graphin two zones(onedarker zone
nearthe bottom-rightandonelighter zonenearthe top-left)
canbe observed.Sucha patternis dif�cult to identify in the
LEO runs.

In comparison,the2SOalgorithmfolloweda moresteady
approach,at the price of taking much longer to come up
with really ef�cient results.While in the LEO algorithmthe
design of competingcreatureswould often be completely
transformedover a few generations,the NSO usedlargely
incrementalmodi�cations of working designs,with the oc-
casionalprofound change(when a new individual would
displaceaneliminatedchampionto which it would not bere-
lated).While no utterly non-adaptive championswerefound
in the NSO algorithm, the curves indicate that appearance
and tuning of successfuldesignstook signi�cantly longer
than in the improved LEO algorithm.

VI . CONCLUSION AND FUTURE WORK

We have introduced the N-strikes-out algorithm as a
steady-statealgorithm for coevolution. This seemsto be
the �rst truly steady-statecoevolutionary algorithm, in that



Fig. 4. Coarse-GrainedTournamentMatrices(CGTM): For eachrun, 25 championsare evenly sampledfrom eachpopulationand then
pitted againsteachother in an all-against-allmanner. Point =?>A@CB�D is a dark squareif champion> of populationA defeatedchampionB

of populationB, a light crossotherwise.Top row graphsdescribe2-strikes-outruns, bottom row graphsdescribeLEO runs. 2SO runs
exhibit a patternof darker/lighter separation,which is dif�cult to identify in the more chaoticgrids generatedby LEO runs. For more
detailson CGTM graphssee[20].

both evaluationandreplacementoccurasynchronously, in a
steady-statefashion.We comparedthis algorithmagainstthe
Last Elite Opponentmethodintroducedby Sims. With our
original settings,usingconservative replacementmethodand
low selectionpressure,a 2-strikes-outalgorithmsigni�cantly
outperformedthe LEO algorithm. However, with an in-
creasedselectionpressureandmoreexplorative replacement
methods,the LEO algorithmproducedwell-adapteddesigns
much fasterthan the 2SO algorithm (thoughboth methods
obtainedsimilar performancein the latestagesof evolution).

Comparingour algorithmwith Sims' original algorithmis
signi�cant for two reasons.First, it wasapparentlythe only
algorithmeverusedin successfulcoevolutionaryexperiments
involving arti�cial 3D creaturesof this type. Second, it
has been used (under different forms) in several studies.
However the comparisonsperformedin this paperare still
very preliminary, if only becausewe have useda simple,
`naked' LEO algorithm.More work, andmorecomparisons
(including with re�ned versionsof the LEO algorithm) is
neededto determinethe generalpropertiesof N-strikes-out
algorithms,andhow they canbe adaptedor improved.
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