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Abstract

The generatiorof comple entitieswith advantageoudehaiours beyond our manual
designcapabilityrequiredong-termincrementakvolution with continuingemepgence.
In this papey we amguethatartificial selectionmodels,suchastraditionalgeneticalgo-

rithms, are fundamentallyinadequatdor this goal. Existing naturalselectionsystems
areevaluatedyevealingbothsignificantachiszementsandpitfalls. Thus,somerequire-
mentsfor the perpetuatiomf evolutionaryemegenceareestablishedAn (artificial) en-

vironmentcontainingsimplevirtual autonomou®rganismswith neuralcontrollershas

beencreatedo satisfytheserequirementsandto aid in the developmentof anaccom-
parying theoryof evolutionaryemegence.Resultingbehaioursarereportedalongside
their neuralcorrelatesln a particularexample,the collective behaiour of onespecies
provides a selectve force which is overcomeby anotherspecies,demonstratinghe

incrementalkevolutionary emegenceof advantageoubehaiours via naturally-arising
coevolution. While theresultsfall shortof the ultimategoal,experiencewith thesystem
hasprovided someusefullessondor the perpetuatiorof emegencetowardsincreas-

ingly complex advantageoubehaiours.

Keywords: adwantageoubehaiour, compleity, emegence gvolution, naturalselection



1 Intr oduction

This work aimstowardsthe generatiorof systemswithin which increasinglycomplex ad-
vantageoubehaiourscanemepge. Theadjectve advantgeousis usedratherthanadapted
becausehe concernis the emegenceof increasinglycomplex behaiours which mould a
dynamicalsystemof artificial entities,ratherthanjustfit into anervironment.This presents
adilemma:we do not understanduchbehaiourswell enoughto programtheminto a ma-
chine. Sowe musteitherincreaseour understandingntil we can,or createa systemwhich

outperformghe specificationsve giveit.

The first possibility includesthe traditional top-davn methodology which appearsasin-
appropriatenereasit hasso far provedto be for (symbolic) artificial intelligence. It also
includesmost manualincremental(bottom-up)constructionof autonomoussystemswith
theaim of increasingour understandingndability to modelcomplex behaiours. Thegoal
hereis to build increasinglympressve systemstetainingfunctionalvalidity by testingthem
within their destinationernvironments(e.g. Wilson 1991). However, by the very natureof
complity, it is unlikely thathumandesignersill be capableof manuallyproducingcom-

plex advantayjeousbehaioursbeyondarudimentarylevel.

The secondoptionis to createsystemsvhich somehav outperformthe specificationgiven
themandwhichareopento producingincreasinglycomplex advantageoubehaiours. Evo-
lution in naturehasno (explicit) evaluationfunction. Throughorganism-exironmentin-
teractions,ncluding interactionsbetweensimilarly-capableorganisms certainbehaiours
persistwhile othersdie off. Thisis how thenon-randontumulatve selectionoperatesvith-
out ary long-termgoal; it is why novel structuresand behaiours emege. Whereaswvork
on adaptedehaiour focuseson fitnessin the presentresearclon advantageousehaiour
shifts the focusto the future, wherewhatit is to be fit may have changedecausef the

moulding of the environment. However, this doesnot prevent us from evolving adwanta-



geousbehaiours anddiscovering which onesarefit with respecto the resultingevolving
environment— thatis, which onespersist. Further one canexpectmary behaiours that
evolve andpersistto have doneso becausehey are(or atleasthave been)adwantageousn
thatthe behaiours contribute to the persistencef their hostsystem(organism,speciesor

such).

This paperpresents detailedargumentfor the useof naturalselectionsystemsasa means
of generatingevolutionaryemegence beforedescribingexperimentakesultswhich further
develop a methodologyfor constructingsuchsystems.Accordingly, the remainderof the
paperis structuredasfollows. Section2 specifiesvhatevolutionaryemegences, andhow
it differsfrom othertypesof emegence.Section3 summarisefcrementahtrtificial evolu-
tion theory necessaryor long-termevolutionaryemepgence.Section4 makesthe casethat
artificial selectioncannotgeneratevolutionaryemegence(by our definitions),which must
thereforebe the productof naturalselection.Section5 evaluatesexisting naturalselection
systemsThis sectionis morethanatutorial: it offersimportantandnovelinsightsinto these
systemsyevealingnot only their significantachievementsbut alsocrucial pitfalls. Thus, it
providesthefirst major contrikution of this paper Section6é addressethe issueof whatto
evolve,thefocusbeingon principlesof neutralityandneuraldevelopmentamodularitythat
enablethe incrementalevolution of complex behaiours. The experimentalsystem,which
satisfieshe requirementsdentifiedthusfar, but which alsorevealsfurther crucial pitfalls,
is describedn section7. The purpose®f this systemareto verify andextendthetheoryof
evolutionaryemepgentsystemgeneration.Section8 presentshe resultsandsection9 con-
cludes summingup whathasbeenlearnedrom the system- the secondnajorcontribution

of this paper.



2 Evolutionary emergence

Accordingto Stephan(1998,p.639): “In differentdisciplinessuchasphilosophyof mind,
dynamicakystemgheory andconnectionisntheterm‘emeigence’hasdifferentjobsto per
form.” Forthepurpose®f this paperwe take emegenceto berelatedto qualitatvely novel
structuresandbehaiourswhich arenotreducibleto thosehierarchicallybelov them.Thus,
it offersanattractve methodologyor tacklingDescartesDictum: “how canadesignebuild
adevice which outperformghedesigners specifications?{Cariani1991,p. 776). Mostim-
portant,it is necessaryor the generatiorof complex entitieswith behaiours beyond our

manualdesigncapability

Carianiidentified the threecurrenttractsof thoughton emegence,calling them “compu-
tational”, “thermodynamic”and‘relative to a model”. Computationakmegenceis related
to the manifestatiorof new globalforms, suchasflocking behaiour andchaosfrom local
interactions Thermodynami@megences concernedvith issuessuchastheoriginsof life,
whereorderemegesfrom noise.Theemepgencerelative-to-a-modetoncepdealswith sit-
uationswhereobsenrersneedto changetheir modelto keepup with a systems behaiour.
This is closeto Steels’(1994) conceptof emegence,which refersto ongoingprocesses
which produceresultsinvoking vocahulary not previously involvedin the descriptionof the

systemsinnercomponents- “new descriptve categories” (sectiord.1).

Evolutionaryemegencefalls into theemegencerelative-to-a-modetategory. An example
will clarify the divisions. Considera virtual world containingorganismsthat can move
andtry to reproduceor kill accordingto ruleswhich aresensitve to the presencef other
organismsandwhich evolve undernaturalselection.Shouldflocking manifestitself in this
systemwe couldclassifyit asemepgentin two sensesfirst in thecomputationatensdrom
theinteractionof localrules,flockingbeingacollectve behaiour, andsecondn therelative-

to-a-modelksensehroughthe evolution, the behaiour beingnovel to the system.Although



thefirst senses alsorelevantto our goal,in thatcomplex advantageousystemswill involve

suchemegencetheseconds thekey to understandingvolutionaryemegence.

Langton(1989)gave a simple,compatiblemethodof ascribingemegence:“The essential
featuresof computetbasedArtificial Life modelsare:... Thereareno rulesin the system
that dictate global behaior. Any behaior at levels higher than the individual programs
is thereforeemegent” (pp.3—4). Note that this can be usedfor both the computational
and relatve-to-a-modekensef emegence. He also stressedp.41) the importanceof

nonlinearsystems- thosewhich do not obey the superpositiorprinciple (i.e. which cannot
be understoodn termsof independentonstituenparts)whereit is necessaryo understand
theinteractiondetweerthe parts. Thus,new descriptve cateyoriescannotbeinvokedfrom

asystemwhich obeysthe superpositiomprinciple.

Having specifiedwhatis meantby evolutionaryemegence we will now summarisencre-
mentalartificial evolution theoryandthenexplore the two typesof selectionwhich might
be usedto bring aboutsuchemegence.Packard(1989)referredto theseas" extrinsic adap-
tation,whereevolution is governedby a specifiedfitnessfunction, andintrinsic adaptation,
whereevolution occurs‘automatically’ as a resultof the dynamicsof a systemcausedoy
the evolution of mary interactingsubsystems(p.141). We will usethetermsartificial and
naturalselectionrespectrely, becausehefirst involvesthe impositionof anartifice crafted
for somecauseexternalto a systembeneatht, while the secondeliessolely on theinnate
dynamicsf asystem.Ray(1996,section2.1)is oneof the betterknown personalitiesrying
to bring anawarenes®f the differencebetweenrartificial and naturalselectionto the mary
practitionersin the artificial evolution field who claim to be using naturalselectionwhen

they arein factusingatrtificial selection.



3 Incrementalartificial evolution

Geneticalgorithms(GAs) are biologically inspired searchproceduresnitially developed
by Holland (1962,1975,1992)in the early 1960s— althoughseealso Fraser(1957), Fo-
gel (1962) and Fogel, Owens,and Walsh (1966) for other evolutionary algorithms’roots.
GAs evolve aninitial randompopulationof genomegcodingsfor solutionsto the problem
in hand)by selectingwhichindividualsarereproduce@ndwhich arereplacedThisis done
by evaluatingeachsolution'sfitnessvia somefunctionrelevantto the problemandfavouring
thefitter solutions.Reproductiontypically involvesbothcrosseer, wherebyparentgenomes
aresplitinto sectionsatcommon(randomlychosenut pointsandthe new genomenherits
correspondingectiondrom oneparentor theother andmutation,whichinvolvesrandomly
alteringa small proportionof the new genome.Mutationincreasesliversity andcrosseer
combinesbeneficialdiscoveries. Thereare mary variationson the typical GA, but most

sharethis basedescription.

Although most GAs work on populationsof solutionswith a fixed size and structure the
evolution of increasinglycomple entitiesrequiresus to evolve variable-sizedyenotypes
over mary generationsHarwey’s (1993b)SpeciesAdaptationGeneticAlgorithm (SAGA)
theoryprovidesa framavork for incrementabhurtificial evolution. In this paradigm,a popu-
lation (with possiblyjust a few tensof members)evolvesasnearly-conerged speciesfor

thousandsr millions of generations.

Theincreasesn compleity mustthereforeresultfrom the evolution itself. Thisis in con-
trastto the commonuseof the geneticprogramming GP) paradigm(Koza1990,1992),for
example wherea populationof millions maybeevolvedfor lessthana hundredgenerations
(Harvey 1997,sectionb). In the GP caseyecombinatioreffectively mixestherandominitial
population,exhaustingvariationin few generations Becausegeneticcodingsof computer

programinstructionsgresultin rugged(uncorrelatedjitnesslandscape§.e. mutatingabit in



thegenotypeof afit programwill almostcertainlyproducea very unfit program) therecan
belittle furtherevolution of this corvergedpopulation.Herewe seeoneof therequirements
of SAGA: asuficiently correlateditnesslandscapdactualor implicit). Mutationmustbe
possible,at a low rate, without dispersingthe speciesn genotypespaceor hinderingthe

assimilatiorby crosseer of beneficialmutationsnto thespecies.

The open-endedvolution of increasingcompleity cannot,of course,be achieved with

fixed-lengthgenotypesHarwey (1992)stateghecasefor graduakchangesn genotypdength
(section®2—6). First, hereportssometheorydueto KauffmanandLevin (1987).In anadap-
tive walk on a completelyuncorrelatedandscapewith “fithess achieved” definedas the
highestencounteredeachstepup the fithessrank will (be expectedto) take twice aslong
asthe previous step,therebeingonly half the (expected)hnumberof fitter neighbours.This
resultstill holdsif in eachtime stepa large population(of fixed number)samplegifferent
mutantswith thepopulationrmoving asawholeto thefittest. Harvey (1992)makesthepoint
thattheresultholdson correlatedandscapefor a“long jump ... definedto bethe equva-
lent of severalsimultaneousnutationsjong enoughto jump beyondthe correlationlengths
in thelandscape’(section5). Thus,the agumentproceedssuchlong jumpswill play less
andlessof a beneficialrole asevolution progressesAfter aninitial periodof fluctuation,
only smalljumps(suchasindividual mutations)will be beneficial.Harvey notesthatthisis

not connectedo the punctuateaquilibriacontroversy;only a singlelarge stepis ruled out,

notacascadef smallstepshatcouldberapidin geologicalime.

Harvey (1993a,section6.7) providesan accuratdail of this agument. A changein geno-
type lengthwhich causeghe information contentof the genotypeexpressedn the pheno-
type (GIP)to changecanalsobeconsideredsamutationin theabove algument.Therefore,
suchchangesvouldonly bebeneficialf madein smalljumps.Becaus&letrimentamutation
mustnot be sohigh asto dispersemembersaway from existing fit genotypesthe agument

is now completefor alow rateof changan theinformationcontentof the GIP, bothby direct



geneticmutationandindirectly throughchangesn genotypdength.

If this rule — of alow rateof directgeneticmutationanda low rateof changein genotype
lengthwith respecto effect on informationcontentof GIP — is followed, thenthe popula-
tion will evolve asnearly-conergedspeciescornvergencebeingin termsof GIP information
content.If, in addition,a directgeneticcoding(i.e. a bijection betweengenotypeandphe-
notype)is usedthenthe populations membersill have analmostuniformgenotypdength
thatincreasesn smallsteps.Evenif thisis notthe casetheinformationcontentof the GIP

will increasgat most)gradually

As madeexplicit by Harvey (1992 ,figure 3), the corvergenceof the populationneednot be
arounda singlespecies.Variationin numberof speciess not engineeredn, but ratheris a
resultof thistheory A new speciesarisegemeges)whena progenitorialspeciesplitsinto
separat®nes.A speciedecomesxtinct onceall its memberdave died. Notealsothatthe

“problemof prematurecorvergence”from traditionalGA theoryis now irrelevant.

Onefurtherissueworth clarifying is thatof functionalvalidity with respecto thedestination
ervironment,or “situationwithin aworld”. Brooks(1991a,1991b)amguesthatincremental
development(including evolution) musttake placewithin the environmentthat the objects
inhabit. Thisis to avoid problems(commonin traditionalartificial intelligence)causedoy
adivide betweenra systemandtherealworld. So,for example,someresearcherge.g.Har
nad 1993)amuethatrobotsintendedto inhabitthe real world mustbe evolved (or at least
frequentlyevaluated)n it. However, if organismsareonly everto inhabitan‘artificial’ en-
vironmentthenthereshouldbe no concernaboutthembeingevolvedin that ervironment.
Their ‘world’ is not a simulationandso the approachsuffers noneof the problemsthatoc-
cur whentrying to usea simulationto evolve robotsfor therealworld. Wherethe artificial
ernvironmentdiffersfrom our world (however greatly),thereis no problematicerror. There

is simply a difference.
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4 Artificial selection

Holland did not originally ervisageGAs as functional optimisers,but ratheras processes
similar to naturaladaptve systems. In the naturalworld, organismsinteractin comple
ways and so coevolve with their ervironment,which includesother organisms. However,
GAs proved suitablefor a rangeof optimisationtasksandthis hasgrown to be their most

widespreadpplication(Goldbeg 1989).

4.1 The stateof artificial selectionwork

Within theartificial evolutionfield, variantsof the optimisationparadigmhave provenfruit-
ful. Evenwherethe conceptof SAGA theory(section3) aredominant,practicestill holds
to the useof fitnessfunctions. But asthe compleity of behaioursunderconsiderationn-
creasesflaws in the artificial selectionapproachareappearing.Zaera,Cliff, and Brutens
(1996)failed attemptsat evolving schoolingbehaiour in artificial fish provide an account

of thedifficultiesfaced:

“The problemappeargo be dueto the difficulty of formulatingan evaluation
function which captureswvhat schoolingis. We argue that formulating an ef-
fective fithessevaluationfunctionfor usein evolving controllerscanbe at least
asdifficult ashand-craftingan effective controllerdesign. Although our paper
concentratesnschoolingwe believe thatthisis likely to beageneraissue and
Is a seriousproblemwhich canbe expectedto be experiencedver a variety of

problemdomains.

Zaeraet al. consideregoossiblereasondor their failure. The agumentwhich mostcon-
vincedthemwasthatreal schoolingariseshroughcomple interactionsandthattheir sim-

ulationslacked sufficient compleity (their section5). They cited two promisingworks:
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Reynolds’ (1992)evolution of coordinatedyroupmotionin prey animatspursuedy ahard-
wired predatoyandRucler’s (1993)ecosystenmodelin which Boid-like animatcontrollers
(or rathertheir parametersyvereevolved. Both of theseare movestowardsmoreintrinsic,

automaticevolution.

The useof coevolutionarymodelsis fastbecominga popularapproachn the adaptve be-
haviour field. Thisis essentiallya responseo the problemsencountereavhentrying to use
artificial selectionto evolve complex behaiours. However, artificial selectionhaskeptits
hold so far — most systemsstill usefitnessfunctions. Much of this work is basedon the
“Red Queen”or “Arms Race” phenomenorf{seeCliff and Miller 1995 and Dawkins and
Krebs1979),an early exampleof which is Hillis’ (1990) coevolution of sorting networks
andtheir testcasesHillis concludechis paperwith the statementIt is ironic, but perhaps
notsurprisingthatourattemptgo improve simulatedevolutionasanoptimisationprocedure

continueto take uscloserto realbiologicalsystems’{(p.233).

As with Hillis’ paperthereasorgivenfor imposingcoevolution is oftenthatit provides“a
usefulway of dealingwith the problemsassociatedvith staticfitnesslandscapes(Bullock
1995, sectionb). It appearshatfew of thoseworking with artificial selectionintentionally
usecoevolution as a steptowardsintrinsic evolution. Notably, Reynolds (1994) of Boids
fameworked towardsmoreautomaticevolution by coevolving simulatedmobile agentcon-
trollerswhich competedvith eachotherin gamesof Tag. This eliminatedthe needto design
a controllerin orderto evolve a controller asin his previous work (Reynolds 1992) men-

tionedabove.

4.2 (No) Emergencevia artificial selection

From the above discussionpne might imagineour argumentto be developingtoward the

extremestatementhat evolutionary emegenceis not possiblein a systemusingartificial
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selection. This is not quite so, althoughwe do argue that artificial selectionis not suffi-
cient. We now give an exampleof emegencefrom a geneticalgorithmwhich Ray (1996)
would classifyasusing“partial naturalselection”(section2.8), in thatthe interactionsbe-
tweenartificial entitiesplay arole commensurateith theartificial fitnessfunctionaspecof

selection.

Sannierand Goodman(1987) useda distributed GA to evolve genomeswithin a two-
dimensionatoroidalgrid containing‘food” whichis placedinto the environmentaccording
to somepattern. An individual’s “strength” (fitness),which is deductedrom its parents’
strengthsat birth, increase®n consumptiorof food and decreases eachtime step(and
uponreproduction). An individual is reproducedf its strengthis above a threshold,and
killed if its strengthdropsbelow a lower threshold. A genomeencodesuleswhich allow
it to movein eightdirections(N, NE, E,SE,. . .) with programbranchingconditionalon the
presencef foodin theeightneighbourindocations.Thus,theindividualscaninteract(only)

by moving aroundandconsumingood, so affectingeachothers programbranching.

In theexperimenteportedfood wasrestrictedo two farmareasspacedpartin thetoroidal
world. Thelevel of food introducednto the farmswasvariedperiodically Whenonefarm
washaving its summertheotherwould behaving its winter. A farm’s potentialwassetlower
the moreit waseitherover-consumedr ngylected(underconsumedyuring the previous

period.

Two classe®f individualemeged:farmeiswho stayedputin oneof thefarms theirpopula-
tionsrising andfalling with the seasonsandnomadswho circledtheworld, moving in such
a way that they passedhroughboth farmsduring their summers. The nomadpopulation
increaseasit wentthroughafarmanddecreasedsit movedthroughtheareawithoutfood.

Noticethe new descriptve catgyories:farmerandnomad.

Groupsof individualsfrom eachcategory wereextractedfrom thetotal populationrandtested
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in the absencef the othercateyory. While farmerscould survive without nomadsjt was

foundthatnomadseededarmerssothatthefarmswould not be neglectedbetweervisits.

Theimportantfeatureis the emegenceof thetwo classe®f individual. Never wasit speci-
fied thatthey shouldarise.Evolution producedhembecausehey performbetterthanother
genomeswithin the environment. The previous paragrapldemonstratethe needto update

our modelto includethe new descriptve cateories.

It would, of course befraudulenton our partto claim thatthis is an exampleof emegence
via artificial selection. In this partial naturalselectionsystem,the artificial componenbf
selections incidentalto theemepgencethe sourceof whichis the naturalcomponenbf se-
lectionarisingfrom interactionf thesystems parts. The statementhat“artificial selection
is not sufficient [for evolutionaryemegence]’(from the first paragraplof this subsection)
doesnotimply anecessityor (or evenbenefitof) artificial selection.In the context of evolu-

tionary emegence anyartificial selectionusedconstitutegust oneof the partsof a system.

In summaryartificial selectiorcanonly selector thatwhichis specified. Thereforeanything
thatemegesduringevolution (in theevolutionaryemegencesensejnustresultfrom another
aspecbf selectionwhichmustin turnarisefrom theinnatedynamicsof thesystem- natural

selection.

Artificial selectioncanresultin evolvedsolutionsthatan experimentehadnot anticipated.
For example,a highly fit solutionmight only usea fraction of the genotypethathadbeen
madeavailableandthoughtnecessaryr asolutionmightexploit propertiesof thephenotype
thathadpreviously beenunknovn. However, examplessuchastheformerdo notrequirean
extensionto the obserer’s model,andexamplessuchasthe latter requirean extensionthat
is the productnot of evolution, but of the obserer’s lack of knowledge.Neitherqualifiesas

evolutionaryemegenceby our definition.
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5 Natural selection

Naturalselectionretainsthefitter individuals(thosethat persist)without any explicit spec-
ification of whatis requiredto be fit, which changesasthe systemevolves. This feedback
in the selectionprocesss the vital factor missingfrom purely artificial selectionsystems

(figurel).

*** FIGURE 1 ABOUT HERE ***

As notedin section3, geneticcodingsof computerprograminstructionsresultin rugged
fitnesslandscapeandthis makesthemunsuitablefor incrementakvolution by artificial se-
lection. Onewould expectthisargumentto carrythroughto naturalselectiorsystemswhere
fitnessis anabstractoncepor externalmeasureHowever, theapproactof mostnaturalse-
lectionwork to datehasbeento evolve programcode following theinitial successf Tierra
(Ray1991)which demonstratedhcrementakvolution over millions of reproductiorcycles.
Despitealack of continuingemegencethis earlysuccessieedgo beexplainedagainsthe

argumentthatcomputemprogramsarenot suitablefor incrementakvolution.

5.1 Natural selectionof program code

Tierrais a systemof self-replicatingmachinecodeprograms.As an evolutionarybiologist,
Ray wasinterestedn comparingartificial evolution with thatin the realworld. To make
evolution possible a certainrateof randombit-flipping wasimposedon the memorywithin
which the populationof runningcoderesided. Eachprogramwasallowed to write to the
block of memoryit occupiedout not outsidethatblock. However, programscouldreadand

executeinstructionsrom ary partof memory

Thepopulationwasinitialisedasa singlemanually-designedelf-replicatingorogram.This
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programfirst examinedtself to determinats lengthin memory thenissuedaninstructionto
allocatefreememoryfor achild, copiedits codebyteby byteto thisfreememoryandfinally

issuedaninstructionto treatthe child asanindependenprocess.

A degreeof artificial selectionwasimposedoy thesystemitself deletingthe oldestprograms
to free memorywhenit was full beyond a certainthreshold,with an addedbias against
programghatgenerate@rrorconditions.As emphasisedttheendof sectiord, thisartificial

selectionconstitutegust one of the partsof the system. It doesnot (necessarilyprevent

naturalselection.

Tierrawasimplementedasa virtual computer allowing Ray to designa machinelanguage
with somepropertiesuitingit to evolution. Oneaspecbf thislanguagevasthatit contained
no numericconstants.This wasto reducethe brittlenessof the languageby decreasinghe
sizeof the “real” instructionset,in which add 1 andadd 2 are consideredo be distinct
instructions.Thus,directmemoryaddressingvasnot possible,n eitherarelative or abso-
lute form. Insteadthe manually-designegdrogrambeganandendedwith consecutie NORB
(No-OPerationsyvhich actedastemplateghat could be found by certainmachinecodein-
structionswhich searchmemorybackwardsor forwardsin asinglestep.This addressindpy
templatess how the programexamineditself to determinethe pointsat which to begin and

endcopying andsoalsoits length.

Computationakrrorswere introducedat random. For example,a left bit-shift instruction
wouldsometimeshift aregistersbitstwo positionssometimesotatall. A copy instruction
would occasionallycopy to a neighbourof the correctlocation. Sucherrorscould leadto

geneticchangedy affectingreplication.

When Tierra was run, variousclassesf programsevolved. “Parasites’had shedalmost
half of their code,allowing themto replicatealmosttwice asfast;they replicatedoy execut-

ing the copy loop from neighbouringorganismswhich could easily be found by template
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matchinginstructionsasbefore.Becauseheparasiteslependean their “hosts”, they could
not displacethemandthe hostandparasitepopulationsenterednto Lotka-\blterrapopula-
tion cycles,characteristiof predatorprey andparasite—hostystemgLotka 1925;Volterra
1926).Rayreportedhatcoerolution occurredasthe hostshecamemmuneto the parasites,
which overcamethesedefencesandsoon. “Hyper-parasite’hostsemeged containingin-
structionsthat causedh parasiteto copy the hostratherthanthe parasitethis could leadto
therapid eliminationof thelatter Ray alsoreportedcooperatior(symbiosis)in replication

followedby “cheaters’(socialparasitesyvhich took adwvantageof the cooperators.

The above areexamplesof ecologicaladaptationswhich involvedinteractiondetweerthe
programs Anotherclassof adaptationsoundwasoptimisationswhereindividual programs
replicatedrasterthantheir ancestorsfFor example,non-parasiticeplicatorsalmosta quarter
the lengthof theinitial replicatorwerefound, aswere programswith unrolledcopy loops
which copiedtwo or threebytesperloop, reducingthe overheacdf looping. By addingsplit
andjoin instructions,which allowed a programto split into a multi-threadedprocessand
join backinto asingleone,the evolution of efficient parallel-processingeplicatorswvaslater

achieved.

While the resultsof Tierraareimpressve, the systemis not truly open-endedTherehave
beenno new reportsof emegentphenomenaluring the lastfew yearsandit is generally
acceptedhatnotmuchmorewill occurunlessfurtheralterationsaremadeto thesystemas
with theadditionof thesplit andjoin instructions.Indeed Ray (1996)is currentlyestablish-
ing a“biodiversityresere for digital organisms’(section5.2) basedn a networkedversion
of Tierra,in anattemptto generatenorecomplex organisms His hopeis thattheincreased
scalewill holdanecologicakcommunityof mary specieswith the network modelproviding
initial selectveforcesresultingfrom its temporalandspatialcompleity. “Onceasignificant
impulsein thedirectionof compleity hasoccurredthe hopeis thatselectve forcesarising

from interactionsamongthedigital organismsanleadto anauto-catalytiagncreasen com-
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plexity” (section5.2.2). However, this systemhasnot yet producedary encouragingesults

—seeRay(1997).

Theevolvability of the codeseemgdo stemlargely from thetemplatematchingsystem.This
could accountfor all of the ecologicaladaptationseportedbut would be of little usefor
muchotherthanreplication.To seehow this couldbe,considethepseudocodef theinitial,

manually-designedlgorithm(1).

*** ALGORITHM 1 ABOUT HERE ***

This pseudocodés basedon the initial programaslistedin Ray (1992,appendixC). The
T???7?s on the left denotefour-bit templates(with the samebits as the real templates),
which canbethoughtof aslabels;thedifferences thatajump or call instructionwill search
outwardsin memoryto find the nearestmatchingtemplate.Now, asreportedoy Ray (1992,
section3.1.1), a parasitecan be obtainedby simply mutatingone bit of the T1100 tem-
plateto produceT1110; this would then be the sameasthe end template,reducingthe
lengthto be copied(c), andthecall T1100 statementvould searchoutwardsin mem-
ory until it found a hostcontainingthe copy procedure.Further a hostthatis immuneto
sucha parasitecan also be producedby a single-bittemplatemutationof the initial pro-
gram. To be more exact, a single-bitmutationin the template-comparisof©011 in the
if c¢=0 then jump to T1011 statemenbfthecopy procedureachiesesthis; by mu-
tatingit to 1111, the programwill re-evaluateits addressandlengthafterevery reproduc-
tion. Thus,shoulda parasitetry to usethis programs copy routine, it will be copiedjust
oncebut ever after that it will be copying the host; this hostis also a hyperparasiteas
definedabove. In just two templatebit-flips, we have reproducedhe mostimpressve eco-
logical resultsof Tierra! While the actualevolution might have taken a slightly different
route, to slightly differentprogramsthesephenomenalearly resultfrom the flexibility of

thetemplatematching.lt is alsoclearthatthe sameargumentappliesto the otherecological
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adaptationseported.

Althoughthis demonstratethe flexibility of templatematchingat the four-bit level, it also
shaws the ecologicalresultsto be someavhat lessdramaticthanfirst impressionssuggest.
Comple programswould necessarilycontainmary more templateglabels)and so these
templatesvould have to be significantlylonger Thus,we would passfar beyondthe simple
four-bit templateghatrandomsearchcanoperateon, to a stagewhereevolution is imprac-
tical. So, Tierra no longer constitutingevidenceto the contrary we hold to our previous
argumentthatprogramsarenot suitablefor (long-term)incrementakvolution. Notethatwe
arenotdismissingRay'swork astrivial or unimportantwe consideiTierrato beasignificant
milestonein the artificial evolution field — thefirst intentionalexampleof naturally arising

coevolutionin anartificial evolutionarysystem.

Thereis still theissueof the optimisationadaptationso addressIf programsaretoo brittle
for (long-term)incrementakvolution, thenhow wasit thattheseadaptationgvolved? Two
of the results,unrolled copy loops and efficient replicationby parallelprocessingcanbe
easilyexplained. All evolution neededo do wasinsert(probablyby the actionof theran-
domcomputationaerrors)repetitionsof neighbouringcode;thelocal functionality wasnot
changedandthe efficienciesarefrom more-of-the-sameolutions. Theseexamplesshould
notalterour perceptiorof the brittlenessn mutatingcodeor insertingdifferentinstructions.
Thefinal resultsto be explainedarethe non-parasiticeplicatorsalmosta quarterthe length
of the initial replicator Comparingthe shortestself-replicatingprogram(Ray 1992, ap-
pendixD) with the initial program(appendixC) shaws thatthe transitioncanbe madeby
simply deletinginstructiongmostlyNOR— cuttingouttheredundang in thetemplatesand
justsix mutationsthreeof whicharecompletelyunnecessansoapartfrom threemutations,

thisis aless-of-the-unnecessasglution,whichis insufficientto challengeour agument.

ComputerZoo (Skipper1992),inspiredby Ray, sharedmostof the featuresof Tierraand
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demonstratedery similar results. Skippernotedthat remoteexecutionis essentiato the
evolution of parasiteandhyperparasitesTherehave beenmary otherTierra-inspiredsys-
tems,suchasAvida (Adami and Brown 1994)and Cosmog(Taylor andHallam 1997), all
of which failed to producesignificantlymoreimpressve results. Thereare other possible
explanationdor this, includinganinability on our partto detectfurther evolutionaryemer
gence,and/ora deficieny in the languagethat lies not in its brittlenessbut in its lack of
expressve ability within the system.However, we believe thatthediscussiorpresentedhere

eclipsessuchpossibilitiesin thatit providesa sufficient explanation.

Onepieceof work oftencitedasanexampleof evolving programdy naturalselections that
of Koza(1993).Weomitafull discussiorherebecausealthoughnaturalselections possible
within the presentedramework, the improvementsreportedresultfrom artificial selection
involving evaluationat a task. The only exampleof emegencereportedwasthe existence
of 604 self-replicatingorogramsn a setof 12,500,000andomlygenerategrograms.There

wasno emegenceresultingfrom evolution.

5.2 The evolution of more suitable entities via natural selection

Although the approachof mostnaturalselectionwork to datehasbeento evolve program
code therearetwo notableexceptions.Bothinvolve theevolution of neuralnetworks,which
arewell suitedto incrementahrtificial evolution becausef their gracefuldegradation(high
degreeof neutrality). Thesecondchronologically)s thework describedn this paperwhich
wasconceved (Channonl996)independentlyf andinitially createdn ignoranceof both
Tierra(includingits derivatives)andthe first exception: PolyWorld (Yaeger 1993). Yaeger
statedthree motivationsfor his work, including the productionof emegentcomplec be-
haviours andthe explorationof artificial life asa routeto artificial intelligence. Theseare

(very) similar to the motivationsbehindthe work presentedhere. However, his othermoti-
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vationis whatsetsPolyWorld’s designapart;it was“to createartificial life thatis asclose
aspossibleto real life, by combiningas mary critical component®f real life aspossible
in anartificial system”(p.264). HencePolyWorld simulatesmary aspect®f therealworld

includingenegy conseration,food, movementona2D plane),vision, neuralnetworksand

learning.

PolyWorld organismshave seven pre-programmedehaiours: eating, mating, fighting,
moving, turning, focusingand lighting. Theseare expressedaccordingto the activation
levelsof pre-specifiecheurons An organisms chromosomeleterminests physiology(size,
strengthmaximumspeedgreencoloration,mutationrate,numberof cross@er pointsand
life span)andsomebasiccharacteristicsf its neuralnetwork. Thesecharacteristicsclude
thenumberof neurongdevotedto vision (in threegroups-red,greenandblue),the number
of internalneuronalgroups,a connectvity density (betweengroups)matrix and Hebbian

learningrates.Theneuralnetworksareconstructedgtochastically

PolyWorld is initially seededwith randomgenomesand run as a steady-staté&sA using
anad hocfitnessfunction until a populationis achiezed that maintainsits numberthrough
mating. This occurredin the seedpopulationof someruns,yet not atall in others. Yaeger
reporteda variety of emegentbehaiours, including sometrivial onesbut also “fleeing”,
“fighting back”,“grazing”, “foraging” and“following”. He alsoclaimedthatadrifting group
of organismsand“one exampleof a few organismgapparently]'chasing’ eachotherwere

even suggestie of simple ‘flocking’ behaiours” (p.285), althoughthis seemssomevhat

speculatie.

Onecriticismof PolyWorld, in thecontext of perpetuaévolutionaryemegencejs that(Heb-
bian) learningappeargo be overwhelminglyresponsibldor the results. Thereis little evi-
denceof significantgeneticevolution; the genomesadvery limited controlover the small

numberof neuralgroups.lt is concevablethatif comparisorPolyWorld experimentsvere
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run with birth networks specifiedby randomparametergor perhapsconstantparameters
which resultin large enoughneuralnetworks), thenthe sameresultsmight emege. New
organismswvould eitherlearnsuchthatthey becomeadaptedo the evolving ervironmentor
die, andsoevolution would occurwithout geneticchange Althoughthisis valid evolution-
ary emegencejt is not sufficientfor perpetuatingvolutionaryemegence.Unlesslearning
is madeevolvable,or whatis learnedcanbe passedn, a maximallevel will be reachedat

which organismsarenot capableof learningmorein their lifetimes.

Channors own experimentalsystem- detailedherein full, but seealsoChannon(1996),
Channonand Damper(1998a)and Channonand Damper(1998b)for the developmentof
theideasbehindit — sharesnary featureswith PolyWorld, despitehaving beenconceved
without knowledgeof Yaegger's work. However, becauseat doesnot attemptto simulateas-
pectsof therealworld, it is considerabl\simpler Mostimportant,thereis nolearningin the
neuralnetworks, purposelyto avoid the criticismabove. Further thereis no obviousimplicit
fitnessfunction, suchasthe“enegy” in PolyWorld, thatmight dominateselection.There-
sultsreportedherearecomparablevith (but do not exceed)thoseof PolyWorld, despitethis

removal of learning.

6 Developmentalrequirements

Naturalselections necessaryor evolutionaryemegencebut doesnot guarante¢he evolu-
tion of evermorenovel emegentphenomenal hequestiorfwhat classof objectscan/should
we evolve?”needdo beansweredvith thatin mind,alongwith thecentralaim: increasingly
comple advantageoudbehaiours. Neuralnetworks are the clear choicebecauseof their
gracefuldegradation(asnotedin section5.2) andsuitability for this aim. But how should

thenetwork structurebe specified?
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The evolutionaryemegenceof novel behaiours requiresnew neuralstructurespr “mod-
ules”. We canexpectmostto be descendeérom neuralstructuresvhich oncehaddifferent
functions(Mayr 1960). Thereare mary known examplesof neuralstructureghat sene a

purposdifferentfrom a previoususe,for exampleStork,JacksonandWalker (1991).

Theorytells usthatgenesareusedlik e arecipe,notablueprint. In ary onecell, atany one
stageof developmentonly atiny proportionof the geneswill bein use.Further the effect

thatagenehasdependsiponthecell’slocal ervironment-its neighbours

Theabove two paragrapharerelated.For atype of moduleto be usedfor a novel function
(andthento continueto evolve from there),withoutlossof currentfunction, eitheran extra
module must be createdor there mustbe one spare(to alter). Either way, a duplication
systemis required. This could be eitherby geneduplicationor aspart of a developmental

process.

Geneduplicationcanbe rejectedasa sole sourceof neuralstructureduplication,because
the capacityrequiredto storeall connectionsn a large network without a modularcoding
is geneticallyinfeasible. Therefore,for the effective evolutionary emegenceof comple
behaiours,amodulardevelopmentaprocesss calledfor. For the sale of researctvalidity

(regardinglong-termgoals),this shouldbeincludedfrom the outset.

Most artificial neuralnetworks (ANNSs) thathave beenmanuallydesignedarelayeredfeed-
forward networks. However, recurreninetworks canhave internalstatesustainecver time

anddemonstrateich intrinsic dynamics. This makesthemattractve for usein behaiour-

basedwvork. Evidencefrom neurosciencerovidesfurthersupport,asbiologicalneuralnet-
worksarefrequentlyrecurrent.AlthoughrecurrentANNs canbe very hardto study(Boers
and Kuiper 1992, p.40), artificial evolution shouldhave no problemusingthem. Indeed,
thereseemsto be little reasonto constrainthe evolution to feed-forward networks, espe-

cially whenaiming for organismsthat are to act as comple< dynamicalsystemsworking
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within atime frame.

6.1 Gruau’scellular encoding

Gruau(1996)usedgeneticprogrammingechniquegKozal1992)to evolve his cellular pro-
gramminglanguagecodeto develop modularartificial neuralnetworks. The programsused

aretreesof graph-revrite ruleswhosemain pointsarecell division anditeration.

Thecrucialshortcomings thatmodularitycanonly comefrom eithergeneduplication(see
objectionsabove) or iteration. But iterationis not a powerful enoughdevelopmentaback-
bone. Considey for example,the cerebralcorte<’s macro-module®f hundredsof mini-
columns.Thesearecomplicatedstructureghat cannotbe generatedvith a repeat one

hundred times: mini-column rule. Therearevariationsbetweermodules.

So,with GPtechniqueswe arereducedo geneduplicationfor all but simpleiterative struc-
tures.Whatis requireds arule of thesort follow  (rules  X) where(rules X) isa
marker for (pointerto) rulesencodectlsevhereon the genotype But this would be difficult

toincorporatento GP. A betterrouteis to usea systemcapableof suchrules.

6.2 Cellular automata

Many investigatordhiave usedcellularautomatqdCA) for theconstructiorof neuralnetworks,
for exampleGersand de Garis (1996) and Lee and Sim (1998). However, suchwork is
moreoftenat thelevel of neurongrowth thanthe developmentof whole operationalrather
thanjust large) networks. The working networks developedto datehave beenonly basic.
Although CA rules are suitedto the evolution of network developmentin principle, the

amountof work remainingmakesthis a majorresearcthurdle.
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6.3 Diffusion models

Althoughthereare examplesof work involving the evolution of neuralnetworkswhosede-
velopmentis determinedy diffusionalongconcentratiomgradientsfor exampleVaarioand
Shimoharg1997),the resultingnetwork structureshave (to date)beenonly basic. Soasto

concentrat®n theintendedareaof researchthesemodelshave alsobeenpassedaver.

6.4 Lindenmayer systems

As mentionedabove, developmentalbiology shawvs that genesprovide a recipe for each
cell to follow andthatthe actiation of relevantgeness determinedy a cell’simmediate

ervironment.All cellsusethesamesetof rules,derivedfrom thegenes.

LindenmayesystemgL-systems)weredevelopedto modelthe biologicalgrowth of plants
(Lindenmayerl968).They area classof fractalswhich applyproductionrulesin parallelto
thecellsof their subject.A specifiedaxiomsubject(typically oneor two cells) developsby
repeatede-applicatiorof theserules. Eachstepin a cell's developmenttanbe determined
by its immediateervironment,includingitself. In generalthe mostspecificproductionrule

thatmatchesa cell’'s situationis applied.

Kitano (1990)usedanL-systemwith contet-freerulesto evolve connectvity matrices.The
numberof rulesin the genotypewasvariable. After eachdevelopmentalstep,the matrix
would have doubledin bothwidth andheight.Kitano demonstratetetterresultsthandirect
encodingwhenevolving simple ANNs (suchas XOR andsimple encoders)singtraining

by errorback-propagatiore alsoshavedthatthe numberof rulescouldbe small.

BoersandKuiper (1992) usedan L-systemwith contet-sensitve rulesto evolve modular
feed-forvard network architecturesA fixed-lengthalphabetwasusedfor therules,restrict-

ing thepossiblenetwork architecturesut still producingsomegoodresults.Theevolution of
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productionrulesuseda corventionalgeneticalgorithm,with fixed-lengthgenomesnitially

randomisedA limit of six rewrite passesverthe network stringwasimposed.

Both theseworks usedback-propagatioto train the evolved networks. Also, the resulting
structureswverefully-connectedclustersof unconnectedodes(i.e. no links within clusters
andif onenodein clusterA is linkedto onenodein clusterB thenall nodesn A arelinkedto
all nodesin B). It maybethattheresultsachievedreflectthe workingsof back-propagation
morethanevolution. However, theseworksdemonstrat¢he suitability of L-systemgo non-

iterative modularnetwork development.

7 Experimental systemdefinition

A systembelievedto be bettersuitedto incrementahrtificial evolution by naturalselection
hasbeencreated,both to verify and extend the theory of evolutionary emegentsystems
generatiorpresentedhusfar. Geb (hamedafter the Egyptiangod of the Earth)is a two-
dimensionatoroidalvirtual world containingautonomou®rganismsgachcontrolledby a
neuralnetwork. Neuralnetworks werechosenwith the aim of achieving sufficient genetic
neutrality Insufficient geneticneutralityis a pitfall in the evolution of computerprogram
instructionswhereno new genegsubroutinesatthe pseudocode/descripé level) have yet
evolved. The networksareproducedrom bit-stringgenotypedy a developmentaprocess,
choserwith bothgeneticneutralityandthe developmentatrequirementsf the previoussec-
tionin mind. No lifetime learningis usedo ensurdhatall resultscanbeattributedto genetic
evolution (anassetmadeclearin sections.2and6.4). Evolution within Gebis strictly by
natural selection Thereareno globalsystenrulesthatdeleteorganismsthisis undertheir

own control.

*** FIGURE 2 ABOUT HERE ***
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Gebsworld (figure 2) is dividedinto a grid of squares20 x 20 of themin mostruns. No

two individuals can occupy the samesquareat ary onetime. This effectively givesthe
organismsasizewithin theworld andputsalimit ontheirnumber Individualsareotherwise
freeto move aroundtheworld, within andbetweersquaresAs well asa positionwithin the
world, eachorganismhasa forward (facing)direction,setrandomlyat birth. Organismsare

displayedasfilled arcs,the sharppointsof which indicatetheir direction.

Gebsmainalgorithmis detailedin algorithm2.

*** ALGORITHM 2 ABOUT HERE ***

7.1 Geb’sneural networks

The ANNs usedn Gebarerecurrennetworksof nodesasusedsuccessfullyy Cliff, Harvey
andHusbandsn their evolutionaryroboticswork (Cliff, Harvey, andHusbands1992;Har
vey, HusbandsandCliff 1992; HusbandsHarwey, andCliff 1993). The neuralmodel(fig-
ure 3) is basedon McCullochandPitts’ (1943)original proposalwhich includesa distinct
inhibitory mechanism(ratherthan the more prosaicpositive-ornegative synapticweights
astypically usedin paralleldistributed processingsystems).Cliff et al. evolved recurrent

networksof thesenodedor visualnavigationtasksin simpleervironments.

*** FIGURE 3 ABOUT HERE ***

The level of noisehere (0.6 — seefigure 3) is significantly higherthanthat usedby CIiff
et al. (0.1). This is becausenoiseis the only sourceof activationin Geb and, with the
developmentalmethodoutlined belaw, it is easyfor evolution to producegenertor units
(HusbandsHarwey, and Cliff 1993), which are sourcesof high output. A corresponding

(high) decisionthresholdfor organisms’binary (yes/no)actions,suchasreproduction,is
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used. Thus, full controlis available (via inhibition and generatomunits), early randombi-
nary actionsareat a sensibleevel andearly randommulti-valuedactions(suchasmaoving
forwardsby a distance)anbe at a reasonabhhigh level without having to be scaledsuch
that the maximumpossibleis unreasonablyigh. The neurons’veto threshold(0.5 — see
functionU in figure 3) is equalto the decisionthresholdfor organisms’binary actions.All
links have unitweight;nolifetime learningis used.Thisis to avoid the criticismthatlifetime

learningmay bethe mainfactor aslevelledat PolyWorld in section5.2.

Eachnodehasa bit-stringcharacter(label)attachedo it, usedto matchorganismsnetwork
inputs,outputsandactions andto determinghenodes developmenduringtheindividual’s
lifetime. Thesecharactersnaybeof any non-zerdength.A nodemaybeanetwork input,a

network output,or neither Thisis determinedy the developmentaprocess.

7.2 Organism—elvironmentinteractions

Therearefive built-in actionsavailableto eachorganism.Eachis associatedavith network

outputnodeswhosecharacterstartwith a particularbit-string:

1. 01... Try to reproducewith organismin front

2. 100... Fight: Kill organismin front (if thereis one)
3. 101... Turn anti-clokwise

4. 110... Turn clodkwise

5. 111... Moveforward (if nothingin theway)

For example,if a network outputnodehasthe character1 101001 , thenthe organismwill

turn clockwiseby anangleproportionako theexcitatoryoutputof thatnode.If anactionhas



28

morethanonematchingnetwork outputnode,thenthe relevant network outputis the sum
of thesenodes’excitatory outputs boundeddy unity aswithin any node.If anactionhasno
network outputnodewith a matchingcharacterthentherelevantnetwork outputis noise at

thesameevel asin the (other)nodes.

Both reproduceandfight arebinaryactions.They areappliedif therelevantnetwork output
exceedsa thresholdandhave no effectif the squaren front is empty Turning andmoving

forward aredonein proportionto excitatoryoutput.

Whenan organismreproducesvith anotherin front of it, the child is placedin the square
beyondthe otherindividual if thatsquareas empty If not, the child replacegheindividual
beingmatedwith. An organismcannotreproducewith anindividual thatis fighting if this

wouldinvolve replacingthefighting individual.

Reproductionnvolvescrosseerandmutation.Geb’s crosseer alwaysoffsetsthe cut point
in the secondndividual by onegene(bit position),with equalprobability eitherway. This
Is why the genotypelengthsvary. Also, crosseer is strict, alwaysusing genesfrom both
parentsthe cut point cannotbe at the very endof eithergenotype.This providessignificant
initial pressurdor lengthincreasauntil genotypesrelongenougho producedevelopmental
rules.Mutationatreproductions asinglegene-flip(bit-flip) onthechild genotype Figure4
givesa simpleillustrative exampleof the crosseer and mutationused(althoughnote that

genotypdengthsin thethousandsvould be morerepresentaie).

*** FIGURE 4 ABOUT HERE ***

An organisms network input nodeshave their excitatory inputs setto the weightedsum
of the excitatory outputsfrom matding network outputnodes’of otherindividualsin the
neighbourhoodlf thefirst bit of anetwork inputnodes characters 1 thenthenodetakesits

input from individualsto theright handside (includingforward- andback-right),otherwise
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from individualsto theleft. A network input nodematchesa network outputnodeif the
restof theinputnodes characters the sameasthe startof the characteof the outputnode.
For example,a network input nodewith characterl0011 matchegonly) network output
nodeswith characterstartingwith 0011 in the networks of individualsto theright. The
weightsareinverselyproportionako the Euclideardistance®etweenndividuals.Currently

theinputneighbourhoods a5 x 5 squareareacentredon therelevantorganism.

Noticethatthe network outputnodeswith character®, 1,10, 11 andall thosestartingwith
00 do not produceary action. However, their excitatory valuescanstill be input by other

individuals. Thus,thereis the potentialfor dataexchangenot directly relatedto the actions.

7.3 Developmentalsystem

A classof L-systemswith contet-free productionruleswasdesignedor the evolution of
networksof theneuronsutlinedabove. Specificattentionwaspaidto producingasystemn
which children’s networksresembleaspect®f their parents’ANNSs. A genotypealetermines
the L-systems productionruleswhich determinethe organisms neuraldevelopment.Thus,

the productionrulesevolve.

Every nodeis processednceduring eachdevelopmentalstep. The productionrule that
bestmatchesthe nodes characteris applied(if thereis one). A rule matchesa nodeif
its predecessars the startof the nodes character So an empty (zero-length)predecessor
matchesary nodes characterand a predecessocannotmatcha nodes characterthat is
shorterthanit. Thelongerthe matchingpredecessothe betterthe match;thebestmatching
rule (if ary) is applied.Thus,evermorespecificrulescanevolvefrom thosethathave already

beensuccessful.

Theproductionruleshave thefollowing form:
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P —> Sr s Sn ; b]_, b2, b37 b4a b57 b6

where:
P Predecessdmitial bits of nodes character)
S Successot: replacemenhodes character
Sh Successo?: new nodes character
bits: link details[0=no,1=yes]:

(b1, b2) reversetypes[inhibitory/excitatory] of
(input,output)inheritedlinks on Sy,
(bs, bg) (inhibitory, excitatory)link from &, to Sy,

(bs, be) (inhibitory, excitatory)link from Sy, to S;

The successa@ (1 and?2) arecharacterdor the node(s)thatreplacethe old node. If a suc-
cessohasno characte(0 length)thenthatnodeis not created.Thus,the predecessanode
may bereplacedoy 0, 1 or 2 nodes Necessaryimits on the numberof nodesandlinks are

imposed.

The replacemensuccessofsuccessol, if it hasa character)s just the old (predecessor)
node,with the samelinks but a differentcharacterThe new successofsuccessog, if it has
acharacter)nheritsa copy of theold nodesinputlinks unlesst hasalink from theold node
(bs or by). It inheritsa copy of the old nodes outputlinks unlesst hasalink to theold node

(b5 or be).

New input nodesare (only) producedfrom input nodesand nen outputnodesare (only)
producedrom outputnodes.Thecharacteibasednethodof matchingup inputsandoutputs
ensureshattheadditionor removal of ainput/outputnodeat a laterstageof developmentbr

evolutionwill notdamageherelationshipof previously adaptednputsandoutputs.
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The axiom network consistsof threenodeswith two excitatory links. The network output
nodes charactel01) matcheseproductionthe network input nodes characte(left input
01) matcheghis without matchingary of theotheractioncharactersandthe hiddennodes

characteneithermatcheshoris matchedoy the othernodes’or the actioncharacters:

network input001 —— 000 —— 01 network output

Developmenttakes placethroughoutthe individual’s life, althoughnecessaryimits on the
numberof nodesandlinks areimposed.Figure5 providesan exampleof the development

of avery simplenetwork.

*** FIGURE 5 ABOUT HERE ***

7.4 Geneticdecoding

The geneticdecodingof productionrulesis loosely similar to that of Boersand Kuiper
(1992).For every bit of thegenotypeanattemptis madeto reada rule thatstartson thatbit.

A valid ruleis onethatstartswith 11 andhasenoughbits afterit to completearule.

To readarule, the systemusesthe conceptof sggments A segmentis a bit string with its
odd-numberedbits (1st, 3rd, 5th,...) all 0. Thus,thereadingof a segmentis asfollows:
readthe currentbit; if it is a1 thenstop;elsereadthe next bit —thisis the next information
bit of thesegment;now startover, keepingtrackof theinformationbits of thesegment.Note

thata segmentcanbe empty(have noinformationbits).

Thefull procedurdo (attemptto) reada rule beginswith readinga segmentfor eachof the
predecessothe first successofreplacemenhode)andthe secondsuccessofnen node).
Then,if possiblethe six link-detailsbits areread. If this is achieved beforethe endof the

genotypehenaruleis created Figure6 shavs anexample.
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*** E|GURE 6 ABOUT HERE ***

After readingall possiblerulesfrom a new-born’s genotype Gebfilters therules. It starts
with ruleswhosepredecessoisestmatcha nodein the axiomnetwork, andthenrepeatedly
addsin the bestmatchingnew rulesif possibleandasrequired,matchingpredecessor®
the successorsf rulesalreadypicked. Rulesthat have not beenpicked whenthis process
stops(becauseno new rulescanbe addedunderthe criteria) have predecessorthat could
never matcha nodeduringdevelopmentat leastnot aswell asanotherule. In thisway the
redundantules, which constitutethe vastmajority of decodedulesfrom long genotypes,

arefiltered out, muchreducingmemoryrequiredby Geh

During this processafurthercriterionmustbe metfor arule to beadded:thegene-sgment
therulewasdecodedrom mustnot overlapwith agene-sgmentof ary rule alreadypicked.
This preventsthe otherwisecommonsituationof arule P — R, N; bits  producingsuc-
cessorR andN which canthenbe subjectto rulesR — N, B; CandN — B, C; D (and
soon) aswould be the casewheneer P endsin 1 or R endsin 1. So, without this crite-
rion, certainrules(suchasthosewhere P endsin 1) would not be possibleindependently;
they would automaticallyproducerules(suchas R — N, B; C) which interferewith their

SUCCEeSSOrs.

8 Results

Thesystemhasconsistentlyproducedsomeimportantmacro-lerel behaiours,althoughob-
viouslythedetailsof its evolution aredifferentevery time. Thismakesit difficult to describe

thebehaiour exceptby focusingon sometypical andinterestingobsenations.
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8.1 Kin similarity and corvergence

Whentwo Geborganismg(with networks developedfrom morethanjust a coupleof pro-
ductionruleseach)eproducethechild’s network almostalwaysresembles.combinatiorof
thetwo parents’networks. Examinationof alargernumberof networksfrom Geb's popula-
tion, atary time, shows similaritiesbetweermary of the networks. The populationremains
nearly-conerged,in small numbersof speciesthroughoutthe evolution. The criterion of
asufiiciently correlatedimplicit) fithesslandscapéasbeenmetby the developmentabys-
tem, makingit suitablefor long-termevolution. The remainingresultsarethe proof of this
suitability andso justify the claim thatthe useof neuralnetworks canresultin sufficiently
correlatedandscapeandfurtherthat Gebachievesthis within a modulardevelopmentsys-

tem.

8.2 Emergentcollective behaviour

Once Geb has started,thereis a short period while genotypelengthsincreaseuntil ca-
pable of containinga productionrule. For the next ten to twenty thousandtime steps
(in typical runs), networks resultingin very simple stratgies suchas do everythingand
alwaysgo forwardsandkill dominatethe population. Somenetworks do betterthanothers

but not sufficiently well for themto displaya dominatingeffect on Geb’s world window.
*** FIGURE 7 ABOUT HERE ***

In everyrunto date,thefirst dominantspeciegshatemegeshasbeenonewhoseindividuals
turn in onedirectionwhile trying to fight andreproduceat the sametime. Figure7 shavs
an exampleof suchan individual. Network outputsare prefixed with o, inputs with i .
Input charactersre shovn with their first bit translatedrom 0,1 to L,R (left,right). Note

the network outputsol101, 001 [x2] ando100 (turnanti-clockwise reproduceandfight).
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Note alsothe large numberof links necessaryo passfrom network inputsto outputs,and
thenetwork input charactersvhich matchnon-actionoutputcharacter®f the samenetwork
(0000 [x2], 000). Individualsof this speciesisenearbymemberof thesamespeciesywho

arealsoturningin circles,assource®f activation(sokeepingeachothergoing).

Although a very simple stratgy, watchingit in action makesit clearwhy this is so ad-
vantageousTheindividualskeepeachothermoving quickly, in tight circles. Any attacking
organismwould haveto eithergetits timing exactly right or approachn afasterspiral—both
relatively advancedstratgjies. Thesedominantindividualsalsomatejustbeforekilling. The

offspring (normally) appeabeyondtheindividual beingkilled, away from thekiller’ s path.

*** FIGURE 8 ABOUT HERE ***

8.3 Naturally arising coevolution

Becaus®f thesucces®sf thisfirst dominantspeciegespeciallytheir successtkilling other
organisms) the world always hasenoughspacefor otherorganismsto exist. Suchother
organismgendnotto lastlong; almostany movementwill bring theminto contactwith one
of the dominantorganismshelpingthatspeciesdn its reproductiorasmuchasthemseles.
However, they can make someprogress. Individuals have emeged that are successfuht
turningto facemembersf the dominantspeciesandholdingtheir directionwhile trying to
kill andreproduce An exampleof sucha “rebel” (from the samerun asfigure 7) is shovn
in figure 8. Note that mostrebelshare mary more nodesandlinks; this onewas picked
for its clarity. The main pointsto notefrom this figure arethe network inputsiLO00 (left
000) andiR0O0 (right 00) whichmatchthevery non-actioroutputcharactershatmembers
of the dominantspeciesuseto supporteachothers activations (0000 [x2], 000). The
network outputsareo100 (fight), 001 (reproducepndol10 (turnclockwise).By turning

clockwise,a rebelwill turntowardsits enemyfastesivhenthe enemyis to its right, which
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Is wheremostof the rebelsinputis takenfrom (via theinput iR ), andhencethe sideit is
bestatrespondingo. Mostrebelshave morecomplicatechetworks,which arevery difficult
to comprehend.Indeed,mary of thesehave proved unassailablydifficult to understandn

detail.

8.4 Ongoingcoevolution

Figures9 and10shav runningaveragesof thenumberof organismseproducingandkilling,
from two typical experimentalruns. Eachpoint is the averageof the raw data(numberof
appropriateorganisms)over a window moving alongthe time axis. This filters out Lotka-
Volterra populationcycles and short term randomvariations, revealing long term shifts.
Thesefiguressuggesthat further speciesemege, indicating ongoingevolutionary emer
gence.However, organismshave proved difficult to analysebeyondthe above, even at the
behaiourallevel. All thatcancurrentlybe saidis thatthey sharecharacteristicef the pre-

viousspeciesut aredifferent.
*** FIGURE 9 ABOUT HERE ***
*** FIGURE 10 ABOUT HERE ***

While it wasexpectedthatinhibitory links would play animportantrole, evolution in Geb
hassofar resultedn individualswith very few. Thisis despitethe apparentlyhigh potential

for inhibitory links in the developmentakystem.

9 Conclusions

The emegenceof increasinglycomple advantageousehaioursrequiresthe perpetuation

of evolutionaryemegence While computationaémepgencecanarisevia artificial selection,
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evolutionaryemepgencerequiresnaturalselection(by our definitions). Thelogical progres-
sionor aimis the perpetuatiorof evolutionaryemegencevia naturallyarisingcoevolution.
However, this requireslong-termincrementalevolution and so what we evolve and how
we evolve it mustbechoseraccordingly Theinitial groundwork on“how” hasalreadybeen
coveredby SAGA theory- by usinglow enoughmutationratesthatthepopulationevolvesas
nearly-conergedspecieswith cross@er assimilatingoeneficialimutationsinto the species.
As for what classof entitiesto (attemptto) evolve, computerprograminstructionsaretoo
brittle. Eventhe useof templatematchingcannotovercomethatfact. Neuralnetworksarea

clearchoicebecaus®f their gracefuldegradation.

Naturalselectionresearchshouldbe leadingthe way, throughthe evolution of neuralcon-
trollerswithin virtual environmentstowardsthe emegenceof increasinglycomple< adwvan-
tageoudbehaiours. Thework presenteadh this paperhasstarteddown thatroute,with some
success.In work involving pure naturalselection,the organisms’developmentaland in-
teractionsystemsare analogougo thefitnessfunctionsof corventionalgeneticalgorithms.
While the generalaim involves moving away from suchcomparisonsthe analogyis use-
ful for recognisincdhow the epistasiglack of correlation)of fitnesslandscapéssuetransfers
across Certainontogeneti¢developmentaliandinteractionsystemsanresultin individuals
with similar genotypedut very differentphenotypesGeborganismssatisfythis criterion,
becaus®ffspringresembldheir parentgbut arenotidentical). Geb’s resultsprove it to be
suitedto long-termincrementalartificial evolution. This aloneis a significantresultfor a
modulardevelopmentakystem. The behaioursidentified are encouragingoo, for thein-
creasesn complity wereclearly advantageousndin waysnot specifiedby the design—

evolutionaryemepgence.

Gebprovidessomeusefullessondor the developmentof thefield towardsthe perpetuation
of suchemegence.Firstthetransparencof behaiours hassurfacedasanimportantissue.

Neural networks and other such highly distributed controllerscan be suitedto long-term
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evolution, but analysisof evolved networks soonbecomesnfeasibleas their complexity
increases.This wasa lesssignificantproblemin the evolution of programcode. The rec-
ommendations, therefore that future systemsshouldbe developedsuchthat behaioural
descriptionsareaseasyto generatespossible probablyby constructinghe systemssuch

thatbehaiourswill betransparento humanobsenrers.

Anotherlessonlearnedconcernghe specificationof lowest-level actions. Geb generated
theimportantnew resultof evolutionaryemegentadwantageouvehaioursfrom a system
suitedto long-termincrementalevolution. However, alternatvesin which the evolvable
embodimenbf an organismgivesrise to its actionswill be necessaryor the open-ended
evolution of availableactions. This could provide for a far greaterangeof behaiours, no

longerrestrictedto sequencesf predefinedactions.

Futurework on the currentsystemincludestestingthe sensitvity of resultsto variationsin
parametersuchasgrid size,maximumpopulationsize (numberof grid squares)mutation
rateandlevel of noisein thenetworks. However, althoughmprovementsnaybe possibleby

tuningparametergyreateadvancewill probablybeproducedy heedingheabovelessons.

This work holdsinterestnot just for thosewithin the artificial evolution field, but for arny-
one interestedin the generationof systemswhich outperformtheir designspecifications
(cf. DescartesDictum). For thereis probablyno procesotherthannaturalselectionthatis

capableof producingthe open-ende@megenceof increasinglycomplex systems.
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GAs for function
optimisation

Natural Evolution

NOT GOOD

FOR EMERGENCE

Example: if oredf two spedeswhich share resourcesimproves
aufficiently, the ather ether improves or becmes extinct

proportion
of populatior

time

GOOD FOR EMERGENCE
(DO NOT HAVE TO SPECIFY WHAT IS GOOP

Figurel: Thedifferencebetweenrartificial andnaturalselection.
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Parent 1 genotype: 100001000001 02001211
A - cut point in parent 1
Parent 2 genotype: 1011001111 00020001
A - cut point in parent 2
Child  genotype: 110001111200010001
A -- mutation  point

Figure4: Exampleof cross@er andmutation.
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Rul el: <0>->011*1101*010001 .

Rul e2° <00>->101**011100 Rul'e format:

Rul e3: <011>->*0110%*001100 P>- >5* S by b,byb,behg
Rul e4: <1101>->110*1010*011001

age=0 age=1 age =2

(axiom network)

( output: ( output: (output: turn ( output: (output: turn output: turn
r . r r

eproduce, ‘ eproduce, clockwise ‘ eproduce, clockwise anti-clockwise,
o001 : o011 o01l1101 : 00110 o110 01010
I f I I f I I I
01 Rule1 011—<1101 Rules34 01101102 >1010
000  Rule2 101 101
* * (i
_indicates an
inhibitory link
001  Rule2 101 101
I 1 I f I
iLO1 i iRO1 ; iRO1
(Porocuction” : ("Peproducion” : ("Peprodusian”

Figure5: Exampleneuralnetwork development.




Genotype:
Rules: i)

i)

Format:

11101100101110
<>-> ] K 0*01110
< 1>> 0 * 1*10

<P >> Sr * Sn* link bits

Figure6: Examplerule generation.
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GEE: Ann Window

Genotype length: 1593 F=luki
Walid Rules f{after filteringlk:

Fule: <001>->0=01=000000

Fule: <O>—>01=000=010001

Fule: <000>—->101=00=000000

Fule: <>—>10=000=101111

Fule: <101>->100==010011

Figure7: A dominantorganisms neuralnetwork.
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r'ﬂ GEE: Ann Window

Genotype length: 1587

Walid Rules {(after filteringl:
Fule: <001>->000=1=000000
Fule; <000>—>1=0000=000000

Lo01

Fule: <1>->100==001101 L 0 E
Fule: <013>—>01=110=010001
Rule: <00>—>0=1=001001
Fule: <10>—>=%111000

iL000iRO0 iR

Figure8: A rebelorganisms neuralnetwork.
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T1111 a=address(T111 0)+1 ; b=address(T1111 ) ; c=a-b

T1101 allocate memory for child, length ¢ =>a=start
call T1100 ; divide from child ;jump to T1101

T1100 push a,b,c onto stack

T1010 memory(a)=memor y( b)
c- ; if c¢=0 then jump to T1011 copy loop
at+ ; b++ ; jump to T1010

T1011 pop c,b,a off stack ; return

T1110

Algorithm 1: Pseudocodéor Tierra'sinitial, manually-designegrogram.
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Initialisation

Every squardn theworld hasanindividual with a single-bitgenotyped borninto it.

Main Loop

In eachtime step(loop), every individual alive at the startof the cycle is processeance. The
orderin whichtheindividualsareprocessedk otherwiserandom.

Thestepsinvolvedfor eachindividual are:

Network inputsareupdated Seesection?.2.
Development- aniterationof the ontogenesisnechanismSeesection7.3.

All neuralactivations,includingnetwork outputsareupdated Seesection7.1.

AwoN e

. Actionsassociateavith certainnetwork outputsarecarriedout accordingo thoseoutputs
Theseactionsarereproducefight, turn anti-clockwiseturn clockwise,andmave forward.
Seesection7.2.

Algorithm 2: Gebs mainalgorithm.



