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Abstract—We intr oducethe -strik es-outalgorithm, 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 problemsleadsto severe disengagementWe 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 articial 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 different implementations differing
mainly by the harshnessof their selectionregimes.

Coevolution is a genericterm describingary situationin
which two or more lineagesevolve in sucha way that the
tness landscapeof eachlineageis determined(at leastin
part) by the evolving featuresof otherlineages.The de ning
conceptof coevolution is that of coupled tness landscape
A consequenceof such a situation is that evolutionary
changesin one lineage may alter the tness landscapeof
othercoevolving lineagesandthereforepromptevolutionary
changesn theselineagesas well, which may in turn alter
the tness landscapeof otherlineagesgetc.

It hasbeenarguedthat sucha processof constantmutual
adaptationmay lead to someform of global progressover
time, throughincrementalaccumulatiorof adaptve features.
Thisideaformsthe coreof theconcepiof “evolutionaryarms
race”introducedby DawkinsandKrebs[1]. RosinandBelev
[2] summarisethe transpositionof the armsrace conceptto
arti cial evolution:

Sincethe parasitesarealsoevolving with a tness based
onacompetitions outcome the succes®f 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 parasiteypesshould
sene asa drive toward furtherinnovation, creatingever-

greaterevels of complity andperformanceoy forcing

hoststo respondto a wider rangeof more challenging
parasitetestcases.

Unfortunately despiteearly successesuch as thosere-
ported by Hillis [3], it soonemeged that coevolution was
proneto complex dynamicswhich often led to unexpected
results. As Ficici [4] pointed out, it did not help that

mary early works in coevolution relied on somevhat vague
assumptiongegarding evolutionary progress,often linking

it with an increasein compleityl. While it was generally
expectedthat coerolving entities should become“better”,

what exactly “better” meantwas usually not made explicit

precisely

Besidesthis problem of ambiguousexpectations,it was
quickly recognisedthat coevolution often follows dynam-
ics which contradict ary acceptablenotion of long-term
progressAn earlyidenti ed problemis that of intransitivity
in the global tness landscape(even if A defeatsB and
B defeatsC, it is still possiblethat C may defeat A),
which may leadto coevolutionary“cycles” or “circularities”
[8], [9]. This featurealso underliesother problemssuchas
opportunism in which seemingly promising, sophisticated
solutionsaredisplacedy trivial solutionswhich exploit one
speci ¢ weakness;a symmetric problem is that of over
specialisation,in which a given solution is being overly
re ned with regardto its currentcompetitve ervironment,
only to be displacedby a trivial solution which poses
a completely different problem (Watson and Pollack [10]
call such phenomendfocusing on the wrong thing”). As
we will see,opportunismand over-specialisatiormay be a
major hindranceon the road to progressif the algorithmis
vulnerableto it.

Another dif culty which may ariseis that of disengage-
ment, or loss of gradient[10]. This occurs mostly in -
speciesituationswhenonecompetingspeciesout-evolves”
the others,in sucha way that membersof this successful
speciescan defeatall of their opponentsThe resultis that
the opposingspeciedose any meaningfulgradientto guide
their evolution, which becomesffectively random.

|. COEVOLUTIONARY ALGORITHMS

The overwhelming majority of algorithms in use for
competitve coevolution are generational.Large parts of
the population are evaluated and replacedsimultaneously
A common algorithm is precisely the one introduced by

1The widespreadidea that evolution or coesolution createsa driving
force towards increasingcompleity (beyond the mere stochasticincrease
inherentto ary randombranchingprocesswith a hard lower bound) has
beendismissedin no uncertainterms by most prominentspecialists;let
us mentionDawkins [5], Maynard-Smithand Szathmary{6] and of course
Gould [7].



Sims[11], also calledthe “Last Elite Opponent”’model: at
every generationeachindividual from population is pitted
againstthe currentchampionof population . Theresulting
scoreis usedasa tness valuefor selectionandreproduction,
aswell aschoosinga nev championfor population (the
individual from  which obtainedthe bestscoreagainstthe
currentchampionof ). Thenthe sameprocessis applied
to population , usingthe new championof population
for evaluation,andthe cycle startsover again.

A problemwith this approachis that, since the referent
(thatis, the individual usedfor evaluation)changesat every
generationso doesthe direction of selectionpressureThis
may result in an unstableselectve process,in which the
direction of the selectve pressurechangesso fast that no
overall progresscan occur: even though selectionmechan-
ically improves the populationfrom one generationto the
next (with regardto the currentselectie ervironmentde ned
by the currentpopulation),this may fail to translateinto a
longerterm historical progressas implied by the armsrace
concept.

To enhancehe stability of the processan archive may be
used.An archive is a collection of previously encountered
individuals which are kept for evaluation purposesso asto
provideamorestableselectie pressureA simpleoptionis to
keepthe championsof the  previous generationgwhich is
the “basic” methodusedby Nol andFloreand8]); however
this only reducesnstabilitiesover a scopeof generations
backwards,so  should be high; furthermore,if evolution
stabilisesthen championsrom contiguousgenerationswill
tend to be similar to each other which may reduce the
diversity of the selectve pressureprovided by  successie
champions.

Another possibility is to maintaina “Hall of Fame” con-
tainingthe championsf all previousgenerationsthenpick
opponentatrandomfrom this populationat every evaluation
[2]. The consequencesf such a method are interesting.
Becausenewer individualshave to prove their worth against
championsof all previous generationthe selectve process
will mechanicallyfavour individuals able to defeat mary
(ideally all) of their predecessorsthereby encouraginga
proper arms race. However, as Nol and Floreano point
out, this also meansthat an ever larger portion of the
selectve processhecomesx ed, diminishingthe importance
(andexpectedbene ts) of coevolutionarydynamics:* As the
processgoeson, thereis lessand less pressureto discover
stratgyies that are effective againstthe opponentof the
currentgeneratiorandgreatetandgreatempressurdo develop
solutions(...) againstopponentsof previous generations”
[8]. Becauseof this “ossi cation' of the selectve process,
selectionbecomesdtailored to the particular history of that
run, which may hampergeneralityNol andFloreanoreport
that in their more comple settings, individuals evolved
through "naked’ coerolution were better at defeatingindi-
viduals evolved through “Hall of Fame” coevolution than
the reverse.This happenedven thoughindividuals evolved
with a Hall of Famewere demonstrablybetter at defeating

their own ancestorsindicatinga more successfuhrmsrace.
While progresshad beenmore straightforvard, it had also
beenmore limited in scopé.

In Nature, the processof replacements quite different
from theseapproachesindividuals (or lineages)are usually
not massiely decimatedand replacedat discrete instants
in time. Individuals and lineagesare constantly exposed
to a varying selectve pressure Evaluation does not occur
againsta few selectedchampions,or againstan (impossi-
ble) archive, but againstthe current populationitself. The
processof selection,eliminationand replacements gradual
and asynchronousand therefore,so is the changein the
selectve landscapeFurthermore evaluation occurscontin-
uously often through random encountersagainstrandom
opponents,until an individual (or a lineage) cannotkeep
up with the selectve ervironmentand is eliminated. The
population maintains its own archie, but ossi cation is
prevented through continuousremoval of elementswhich
appearun t.

While this processhas no global direction, and is ap-
parently not oriented towards ary particular overarching
goal (compleity, intelligence,etc.),it neverthelesgproduces
remarkableexamplesof smallerscale mutual optimisation
patterns(the “arms races” identi ed by Dawkins [1] as a
prominent source of adaptve compleity in Nature), the
local, interlaced “eddies” of the evolutionary maelstrom.
Capturing these dynamicsis precisely the justi cation of
using coevolution for optimisation. How can we translate
the asynchronoussteady-stat@atternof naturalcoerolution
into practicalalgorithmscapableof producinguseful results
for humanoperators?

I1. (LACK OF) STEADY-STATE COEVOLUTIONARY
ALGORITHMS

Despite the popularity of steady-statemodelsfor tradi-
tional geneticalgorithms,it is not easyto nd examplesof
steady-stateoevolutionary algorithms.One suchmethodis
Reynold's Steady-Staté&eneticProgramming(SSGP)algo-
rithm for thegameof Tag[12]: in this systemgvaluationand
replacemento occurin a one-at-a-timefashion.However,
evaluationstill occursin a synchronousvay (the tness of
an individual is the result of its interactionwith 6 other
individuals randomlychosenwithin the population).

In Paredis' Life-Time FitnessEvaluation (LTFE) system
[13], the tness of eachindividual is evaluatedafter the
result of its last 20 encounters.20 interactions between
tness-selectedndividuals are performed their thnessesare
updated,a new individual is createdby recombiningtwo

2Theseresults,as well as thoseobtainedby Ficici, hint at a necessary
distinction betweenlocal progress(newer individuals are betterthan their
immediate predecessoragainsttheir local, current opponents) historical
progress(naver individuals are betterthan their predecessoragainsttheir
ancestrabpponentsind global progresgnewer individuals are betterthan
their predecessoragainstthe entire searchspace).The rst oneis all that
naturalselectionis concernedvith. Thesecondneis ade nition of anarms
race,and can be broughtaboutby using an archive. The latter is the real
objectie of coevolutionary optimisation;unfortunatelyit is not necessarily
broughtaboutby the former two.



selectedparents,the initial tness of the new individual
is evaluatedby pitting it against20 opponents,the new
individual is insertedin the population (it is not speci ed
whetheranotherindividual shouldbe deleted)andthe cycle
startsagain.Thusevaluationoccursin a one-timemannerfor
mary individuals,while superiorcandidateiave their tness
re ned through subsequentompetitions.This concentrates
computationapower on promisingsolutions,althoughat the
expenseof exploration.

I1l. THE -STRIKESOUT ALGORITHM

We proposea simple algorithm to capture the desired
propertiesdescribedabore. In the context of one-population,
symmetric coevolution, 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 loser of the confrontation(if ary).

3: If the loser hasbeendefeated times over its entire
history, remove it from the populationandreplaceit with
a new individual.

4: Startagain.

From this descriptionwe can make several obsenations
aboutthe algorithm.First, it is truly a steady-statalgorithm.
Populationchangeoccursin a one-at-a-timefashion,while
evaluation occurs continuously Poorly adaptedcandidates
are rejectedearly, while promising solutionsare constantly
re-evaluated againstthe changing ervironment, until this
ervironment 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
evaluationsandreproductionsare globally predictable After
aninitial transieniphasea steadyregimewill settlein which,
on average,one new individual will be createdfor every
evaluations Thus  provides a corvenientcontrol of the
balancebetweenexploration and exploitation.

The algorithm sharesanothercommonfeatureof steady-
state genetic algorithms: simplicity (both in conceptand
in implementation).It removes the necessityfor managing
generationathangesamongpopulations.The only overhead
is to keeptrack of the numberof defeatsfor eachindividual,
which is usually easy

The algorithmis 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 being easilyimplementedand
is also quite conserative: it malkes it likely that some of
the genetic material of the loser will be presered in the
new offspring,which maybe desirablan somesituationsbut
not in others.A more neutralmethodconsistsin replacing
the loserwith a recombinatiorof parentschosenafter some

particularstatistic,suchastheir numberof victories,theratio
betweenvictories and defeats etc.

A consequencef the algorithm as describedabove is
that defeatsare never forgotten. This implies that even
individuals with a high victories-to-defeatsatio, indicating
high performancegan be eliminatedwhen their numberof
defeatseachedN (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 happenednorethan  contestsago are “forgiven'.
Introducing this nite memory window has several conse-
guenceshoth positive and negative: it hasthe advantageof
ensuringthat only currently unadaptedndividuals will be
removed. However it also meansthat thereis no longer an
immediaterelation betweenthe numberof contestsand the
numberof creationsof new individuals(althoughtheimpact
will be smallif mosteliminationsoccurbefore contests,
asis likely to be the casefor mostnew individuals).

IV. THE TWO-POPULATIONS CASE: ELIMINATING
L 0Ss-OF-GRADIENT

A. Thenaive appmac to two-populationgproblems

The descriptiongiven in the previous section appliesto
one-population,symmetric problems. However, when the
problem is basedon competition betweentwo or more
species,the algorithm must be modi ed (if only because
competitorscannotbe recombinedtogethey or replacedby
eachother, sincethey belongto differentspecies)A nawve
transpositioncould be expressedas follows: take one indi-
vidual from each population, pit them againsteach other,
and if the loser of this confrontationhas reach his th
defeatreplaceit with a new individual createdhroughsome
suitablereproductve strateyy.

Unfortunately early experiments(basedon the experi-
mental settingsdescribedin the following section)shaved
that this naive methodconsistentlyinducedsevere casesof
diseng@ement or loss of gradient At some point, one of
the populations(say population ) would nd a someavhat
effective methodto solve the problem,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 , soall individualsfrom  would receve
thesameselectve information(uninterruptedosses)|eading
to a uniform selectve pressureNo gradientwould allow the
algorithmto favour one individual from  over the other
This would effectively remove ary selectve direction and
lead to a non-selectie evolution basedsolely on random
drift.

Loss of gradient,also called disengagementis a well-
known problem of coerolutionary dynamics.Several reme-
dies have been proposed,often basedon a distinction be-
tween the two populations(*hosts”, which are to be op-
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Fig. 1. "Ricocheting' oblique evaluation: two individuals  and
are pitted againsta commonindividual . Their performances

are comparedwhich provides a winner and a loser: victories and

defeatscountersare updatedaccordingly Thena new individual

is comparedwvith  basedon its performanceagainst . Because

the performanceof against  is already known, this only

requiresone additionalcompetition.

timised, and “parasites” which are an instrumentof this
optimisation). Cartlidge [14] suggestto punish parasites
which prove too effective. Ficici and Pollack[15] (followed
in this by De Jong[16]) proposehe moreradicalapproactof
selectingoarasitedirectly aftertheir capacityto discriminate
betweenhosts.In addition to this, Bongard[17] chooseto
save testswhich are currentlytoo dif cult for later reuse.
We noticed, however, that without using ary of these
varioustechniquesSims' original algorithmwas not subject
to lossof gradientwhenappliedto similar experiments We
found that one causeof this immunity was that in Sims,
selectve gradientwas obtainedthroughcomparisorof real-
valued, continuousscores,insteadof binary victory/defeat
indicators. To use the real-valued scoresdirectly in our
algorithm would be dif cult, however: we would needto
comparescoresobtainedagainstdifferentindividuals,which
might be unfair; also nding an equialentto the conceptof
-strikesout' with continuousscoresmight be non-trivial.

B. Obligque evaluation eliminatesdiseng@gement

Thereis anotherway. The fundamentalreasonwhy the
LEO generationablgorithm appearammuneto disengage-
ment and loss of gradientlies not only in the use of real-
valuedscoresput alsoin theway individualsare "evaluated':
the reproductve succesof an individual is not determined
by its isolatedperformanceagainsta memberof a competing
speciesrather it is determinedy comparingts performance
with the performancef fellow membersf the samespecies,
againsta commonopponentThis, 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

selectve processto a comparisonbetweenfellow members
of the speciesThisis doneby comparingheresultsof
two individuals againstone single memberof the opposing
population. This processof oblique evaluation effectively
ensuredhat 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 ary) is the winner, and
theotheroneis theloser We thenapplythesame*  -strikes-
out” algorithmasdescribedn the previous section,with this
new de nition of victories and defeats.

One nal re nementis necessaryto completethe algo-
rithm. At rst sight, oblique evaluationseemgo doublethe
amountof computationrequiredfor evaluation: while only
one interactionwas neededin the nave method,now two
interactionsare necessaryo obtain an evaluation.However
this is merely illusory, becausesome of the information
gainedin oneevaluationcanbe usedin the next: after pitting
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 one populationto the other,
always using someof the informationfound in the previous
round in the next. Each new evaluation only requiresone
new interaction.The processs illustratedin Fig. 15.

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

Disengagement loss-of-gradientis usually seenas a
troublesomempedimentto “proper” coevolution. However,
it might be argued that it is actually an expectedfeature
of coevolution. In Nature,a situationin which one lineage
is utterly out-evolved by othersto the point of being un-
able to defeatarny opponent,correspondsessentiallyto an
extinction event. But the basisof Van Valen's original Red
Queenhypothesis[18] is preciselythat such events occur
continuouslybecauseof coevolution (the Red Queeneffect
imposesa constantly changing ervironment, and species
routinelyfail to adaptandgo extinct with a probabilitywhich
is independenbf the species'age). Thus disengagemernis
actuallythedirectexpressiorof the RedQueeneffect, within
the more restricted ervironment of arti cial coevolution.
Thereforeto ght disengagementye shouldnottry to copy
Natureasfaithfully aspossibleyrather it is preferablery and
nd which factorscauseit and,if feasible,eliminatethem.

In essencethe processof oblique evaluation implicitly
presentin the LEO algorithm (and explicitly presentin
ours) countersthe Red Queeneffect by separatinginter-
speci ¢ and intra-speci ¢ competition; more precisely it
remawesinter-speci ¢ competitionaltogetherandreplacest

S| hasreachthe maximumnumberof defeatsand mustbe replaced,
thentheresultof theoppositionbetween andthenenv  is now unknavn,
and cannotbe usedfor further comparisonsin this casewe keep  asthe
currentreferentfor the next round.



with purely intra-speci c competition.Individualsarenotin

directcompetitionfor survival with membersf the opposing
species,as they are in Nature; instead,they competefor

survival solely againstmembersof their own population.
In Nature,competitionoccursbetweenall individuals, both
betweenand within species.The consequencehroughthe
Red Queeneffect, is that speciegoutinely go extinct. In the
context of arti cial evolution, hawever, competitionbetween
speciesis an unwantedfeature (one might say a “bug') of

evolution: we are interestedin optimising individuals, but

we do not want ary speciesto go extinct (i.e. we do not
want disengagemertb occur). Disengagemenbccurswhen
the algorithmdoesnot, or cannot,producemeaningfulintra-
speci ¢ competition.

Our conclusionis that the use of real-valued,continuous
scores,even thoughit always provides a readily available
gradient betweenindividuals, is not sufcient to prevent
disengagemerin itself. This latentgradientmustbe properly
exploited by emphasisingntra-speci c competitionagainst
inter-speci ¢ competition. Algorithms which do just this
(suchas Sims' algorithm, or our own correctedalgorithm)
effectively eliminate disengagementThis may be seenas
a caseof analysingnatural evolution, and “carving it up”
to pick preciselywhat can be useful to us, leaving aside
unwantedfeatures.

V. EXPERIMENTS AND RESULTS
A. Experimentalsettings

1) Thetask: Our experimentsarebasedon the simulation
of arti cial three-dimensiona(3D) creaturescontrolled by
neural networks, similar to thoseintroducedby [11]. Crea-
tures are composedof rigid blocks linked by hinge joints.
Their neuralnetworks aredistributed throughoutheir 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 experimentswve remove
the -sensors.Theseexternal sensorscome in addition to
internal proprioceptorswhich measurethe currentangle at
the joint betweena limb andits parentlimb. Thereis one
such proprioceptorfor 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 usedis
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 considereds the “box-grabbing” contest
describedn [11]. Two creaturesompeteo gaincontrol of a
cubicbox. At the beginning of eachcontesttheboxis placed
at the centreof the ervironment.Both competingcreatures

areplacedon oppositesidesof the box, at a certaindistance
from it. As in Sims, creaturesare pushedbehinda diagonal
plane slantedby 45 degreesso they cannotgain an undue
adwantageby their height.Both creaturesarethenleft to act
for agivenperiodof time. At theendof theevaluationperiod,
the scorefor eachcreatureis determinedin the following
way: if onecreaturds atdistance from thebox (asde ned
by the distancebetweenthe centreof the creatures'closest
limb to the box, andthe centreof the box) andthe otherat
distance |, thentheformercreatures scoreis ——, while
the latter's is ——.

2) Methodolay: To make our comparisoras meaningful
as possible,we follow Sims' choice of using two species,
which we arbitrarily call A and B. We maintainthis separa-
tion throughoutour experimentsand analysis.We then pro-
ceedto compareour own implementationof Sims' original
LEO algorithm (describedn the introductionof this paper)
with a 2-strikes-outalgorithm, using oblique “ricocheting”
evaluation,asdescribedabove. For both algorithms,the pop-
ulation is divided into 2 speciescontaining100 individuals
each.

We performedour comparisonsy pitting championsob-
tainedwith onealgorithmagainsichampiongof the opposite
population) obtainedwith the other algorithm, at discrete
points in time, in order to track the relative performance
of both algorithmsover time. Thusthosecomparisonsvere
“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
championsn eachpopulationof every run. Thiswasdoneby
picking the currentchampionof eachpopulationafter 6000,
12000, 18000, etc. contestshad been simulated (our runs
were allowed to proceedfor 150000simulatedcontests).

This createdtwo sets of 25 champions (one set for
populationA andone setfor populationB) for eachrun of
eachalgorithm.We thenproceededo opposethe champions
obtainedby eachalgorithmsat a giventime, againstchampi-
onsobtainedby the otheralgorithmatthe sametime. Thatis,
for each in the range,we pitted the th champion
of eachrun generatedby one algorithm, againstthe th
championf all runsgeneratedby the otheralgorithm.Note
that we only pitted individuals from A-populationsagainst
individuals from B-populations.

For every inthe range,this amountsto

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 , givesa “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 the populatiorwhich hadaccumulatedhe highestnumberof victories
throughoutits history.



Fig. 2. Four creaturesrom four differentruns, evolved with the “harsher'versionsof both algorithms(top row: LEO algorithm, bottom
row: 2SO algorithm). In the top-left picture, one creaturehasmanagedo enclosethe box betweenits symmetricarms. The protrusions
on eacharmwill inducea ‘locking' effect which will securethe creatures grip, allowing it to resistthe attemptsof its opponent.In the
top-right picture a large creaturehaspinchedthe box and hasbegun to retreat,with the opposing caterpillar' creaturefollowing it. In the
bottom-rightpicture a very simple, 3-limbed creaturehasusedsinusoidalmotion to get to the box andis using exactly the samemotion
to go backvards, draggingthe box as a result. In the bottom-rightcornerone creaturehasmanagedo snatchthe box betweenits arms

andwill slowly move away from its unsuccessfubpponent.

in time (namely after contestdhave beensimulated).

B. Results

Our initial experiments compareda plain, “naked' 2-
strikes-out algorithm (2S0O) againstan implementationof
Sims' LEO algorithm. Theseearly implementationgput em-
phasison maintainingexisting geneticmaterial,in anattempt
at avoiding prematurecorvergencedetectedin preliminary
testexperiments.Thusthe replacemenmethodfor the 2SO
consistedin replacingthe eliminatedindividual with either
a mutatedcopy of itself, or a recombinationbetweenitself
andits latestdefeaterSimilarly ourimplementatiorof Sims'
algorithmwas geneticallyconserative, with a 50% survival
rate and a similarly lenient replacementmethodin which
the eliminatedindividual contributed geneticmaterialto its
replacer More precisely at eachgeneration the following
cycle was iterated:threeindividuals were randomlychosen,
and the individual with lowest tness (i.e. having obtained
thelowestscoreagainsthe currentchampiorof theopposing
population) was replaced either 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
maugin.

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

implied signi cantly harsherreplacemenpolicies: we low-

eredthe survival rate to 20% and selectedparentsfrom the
survivors only, with a roulette-wheekelectionmethodbased
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 parametersThis led to a massve improvementin

the performanceof the LEO algorithm, which signi cantly

outperformedvariousN-strikes-outalgorithms.

This promptedusto introducea lessconserative replace-
ment policy in our 2-strikes-outalgorithm: new individuals
would be generatedfrom parentsselectedbasedon their
numberof victories only (eliminatedindividuals would no
longer contritute to the genomeof their replacer).On the
other hand we introduceda time window beyond which
ancientdefeatswere “forgiven'. We found that the resulting
algorithm producedinitially wealer creaturesput exhibited
morereliable progressand eventuallymanagedo 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 algorithm produceswell-
adapteddesignsfasterthanthe 2SO algorithm.

Fig. 3 shows the resultsof our equal-efort comparisons
betweerthe LEO algorithmandthe 2SOalgorithm.Someof
the creaturesevolved in our early experimentswere shovn



Fig. 3. “Equal effort” comparisorbetweenLEO and 2SO: repar
tition of victories in head-to-heaccompetitionsbetweencurrent
championsgeneratedyy both algorithm at discretepointsin time.
Thetop graphshaws resultsfor early “lax' implementation®f both
algorithms The bottomgraphshaws resultswith increasedelection
pressureand lessconserative reproduction.Seetext for details.

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

Throughvisual inspection,we determinedthat the supe-
riority of the NSO methodin our early experimentswasin
greatpart causedby the instability of the LEO algorithm.
Typically, both populationswould cometo someinteresting
degree of adaptvenessand 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
hierarchieof both populationsandforcing evolution to start
againfrom scratch.

A commonsourceof instability was “sensorhijacking”:
onecreaturenvould exhibit aneffective locomotive behaiour,
which would unfortunately be dependenton the position
of its opponentbecausethe input from a particular sensor
would be ableto dramaticallyin uence the behaiour of the
creature:the successfulindividual would be dependenbn
the presencepr absencepf the opponentwithin a certain
distance (either through evolved dependencepr through
fortuitous, spuriousconnectionavhich would not have been

eliminatedby evolution). Therefore,all the opponenthadto

do to outperformthis fragile behaiour wasto foil this expec-

tation - which often happeneaimply by stayingmotionless,

or falling on oneside.This is a speci ¢ type of opportunism,

exploiting weaknessem evolved neuralcontrollers.This is

what promptedusto simplify the setof sensordy removing
-sensorsaltogether

Our reimplementationof the algorithm signi cantly re-
duced this problem. However the fundamentalinstability
of 3D physicsimplies that in some circumstancessmall
differenceg(or even differentrandomseeds)can have large
consequencesfor example, a creature might “only just”
scrapethe box away on one occasion,but fail on others,
which may resultin completelydifferent outcomesfor the
contest.The improved LEO algorithmwasstill occasionally
fragile to suchsituations,in which one creaturewould “get
lucky' duringa particularcontestby performingsomeaction
thatwould fail mostof thetime. This one-timesuccessvould
allow the creatureto becomea champion despiteits lack of
reproducibility

While instability can be obsened by visual inspection,it
can also be identi ed in a more objective mannerthrough
simple analysistools. We drew coarse-grainedournament
matrices(CGTM) of severalruns,bothwith Sims' algorithm
and ours. A TournamentMatrix [8] is dravn by pitting
all championsof one populationagainstall championsof
the other population,but is computationallyexpensve and
the resulting graphis 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-efort comparisonspand often producesmore readable
outputs[20]. The graphsshowvn 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 colours are scatteredover the graph,a
distinct division of the graphin two zones(onedarker zone
nearthe bottom-rightand one lighter zonenearthe top-left)
canbe obsenred. Sucha patternis dif cult to identify in the
LEO runs.

In comparisonthe 2SO algorithmfollowed a moresteady
approach,at the price of taking much longer to come up
with really ef cient results.While in the LEO algorithmthe
designof competingcreatureswould often be completely
transformedover a few generationsthe NSO usedlargely
incrementalmodi cations of working designs,with the oc-
casional profound change (when a new individual would
displacean eliminatedchampionto which it would not bere-
lated).While no utterly non-adaptie championsvere found
in the NSO algorithm, the curves indicate that appearance
and tuning of successfuldesignstook signi cantly longer
thanin 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-stateoevolutionary algorithm,in that



Fig. 4. Coarse-Grained@ournamentMatrices (CGTM): For eachrun, 25 championsare evenly sampledfrom eachpopulationand then

pitted againsteachotherin an all-against-allmanner Point

is a dark squareif champion of populationA defeatedchampion

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

both evaluationand replacemenbccur asynchronouslyin a
steady-statéashion.We comparedhis algorithmagainstthe
Last Elite Opponentmethodintroducedby Sims. With our
original settings,usingconsenrative replacemeninethodand
low selectionpressurea 2-strikes-outalgorithmsigni cantly
outperformedthe LEO algorithm. However, with an in-

creasedselectionpressureand more explorative replacement
methodsthe LEO algorithm producedwell-adapteddesigns
much fasterthan the 2SO0 algorithm (though both methods

obtainedsimilar performancen the late stagesof evolution).
Comparingour algorithmwith Sims' original algorithmis
signi cant for two reasonskFirst, it was apparentlythe only

algorithmever usedin successfutoesolutionaryexperiments

involving arti cial 3D creaturesof this type. Second, it

has been used (under different forms) in several studies.

However the comparisongperformedin this paperare still
very preliminary if only becausewe have useda simple,

‘naked' LEO algorithm.More work, and more comparisons

(including with re ned versionsof the LEO algorithm) is

neededto determinethe generalpropertiesof N-strikes-out

algorithms,and how they canbe adaptedor improved.
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