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Abstract

The generationof complex entitieswith advantageousbehaviours beyond our manual

designcapabilityrequireslong-termincrementalevolution with continuingemergence.

In this paper, we arguethatartificial selectionmodels,suchastraditionalgeneticalgo-

rithms,arefundamentallyinadequatefor this goal. Existingnaturalselectionsystems

areevaluated,revealingbothsignificantachievementsandpitfalls. Thus,somerequire-

mentsfor theperpetuationof evolutionaryemergenceareestablished.An (artificial) en-

vironmentcontainingsimplevirtual autonomousorganismswith neuralcontrollershas

beencreatedto satisfytheserequirementsandto aid in thedevelopmentof anaccom-

panying theoryof evolutionaryemergence.Resultingbehavioursarereportedalongside

their neuralcorrelates.In a particularexample,thecollective behaviour of onespecies

provides a selective force which is overcomeby anotherspecies,demonstratingthe

incrementalevolutionaryemergenceof advantageousbehaviours via naturally-arising

coevolution. While theresultsfall shortof theultimategoal,experiencewith thesystem

hasprovided someuseful lessonsfor the perpetuationof emergencetowardsincreas-

ingly complex advantageousbehaviours.

Keywords: advantageousbehaviour, complexity, emergence,evolution,naturalselection
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1 Intr oduction

This work aimstowardsthe generationof systemswithin which increasinglycomplex ad-

vantageousbehaviourscanemerge. Theadjectiveadvantageousis usedratherthanadapted

becausethe concernis the emergenceof increasinglycomplex behaviours which mould a

dynamicalsystemof artificial entities,ratherthanjust fit into anenvironment.Thispresents

a dilemma:we do not understandsuchbehaviourswell enoughto programtheminto a ma-

chine.Sowe musteitherincreaseour understandinguntil we can,or createa systemwhich

outperformsthespecificationswegive it.

The first possibility includesthe traditional top-down methodology, which appearsas in-

appropriatehereasit hasso far proved to be for (symbolic)artificial intelligence. It also

includesmost manualincremental(bottom-up)constructionof autonomoussystemswith

theaimof increasingour understandingandability to modelcomplex behaviours. Thegoal

hereis to build increasinglyimpressivesystems,retainingfunctionalvalidity by testingthem

within their destinationenvironments(e.g.Wilson 1991). However, by the very natureof

complexity, it is unlikely thathumandesignerswill becapableof manuallyproducingcom-

plex advantageousbehavioursbeyonda rudimentarylevel.

Thesecondoptionis to createsystemswhich somehow outperformthespecificationsgiven

themandwhichareopento producingincreasinglycomplex advantageousbehaviours.Evo-

lution in naturehasno (explicit) evaluationfunction. Throughorganism-environmentin-

teractions,including interactionsbetweensimilarly-capableorganisms,certainbehaviours

persistwhile othersdieoff. This is how thenon-randomcumulativeselectionoperateswith-

out any long-termgoal; it is why novel structuresandbehaviours emerge. Whereaswork

on adaptedbehaviour focuseson fitnessin thepresent,researchon advantageousbehaviour

shifts the focusto the future, wherewhat it is to be fit may have changedbecauseof the

mouldingof the environment. However, this doesnot prevent us from evolving advanta-
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geousbehavioursanddiscoveringwhich onesarefit with respectto the resultingevolving

environment– that is, which onespersist. Further, onecanexpectmany behaviours that

evolveandpersistto have donesobecausethey are(or at leasthave been)advantageous,in

that the behaviourscontribute to the persistenceof their hostsystem(organism,speciesor

such).

This paperpresentsa detailedargumentfor theuseof naturalselectionsystemsasa means

of generatingevolutionaryemergence,beforedescribingexperimentalresultswhich further

develop a methodologyfor constructingsuchsystems.Accordingly, the remainderof the

paperis structuredasfollows. Section2 specifieswhatevolutionaryemergenceis, andhow

it differsfrom othertypesof emergence.Section3 summarisesincrementalartificial evolu-

tion theory, necessaryfor long-termevolutionaryemergence.Section4 makesthecasethat

artificial selectioncannotgenerateevolutionaryemergence(by our definitions),which must

thereforebe theproductof naturalselection.Section5 evaluatesexisting naturalselection

systems.Thissectionis morethanatutorial: it offersimportantandnovel insightsinto these

systems,revealingnot only their significantachievementsbut alsocrucialpitfalls. Thus,it

providesthefirst majorcontribution of this paper. Section6 addressesthe issueof what to

evolve,thefocusbeingonprinciplesof neutralityandneuraldevelopmentalmodularitythat

enablethe incrementalevolution of complex behaviours. Theexperimentalsystem,which

satisfiesthe requirementsidentifiedthusfar, but which alsorevealsfurther crucial pitfalls,

is describedin section7. Thepurposesof this systemareto verify andextendthetheoryof

evolutionaryemergentsystemgeneration.Section8 presentstheresultsandsection9 con-

cludes,summingupwhathasbeenlearnedfrom thesystem– thesecondmajorcontribution

of thispaper.
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2 Evolutionary emergence

Accordingto Stephan(1998,p.639): “In differentdisciplinessuchasphilosophyof mind,

dynamicalsystemstheory, andconnectionismtheterm‘emergence’hasdifferentjobsto per-

form.” For thepurposesof thispaper, wetakeemergenceto berelatedto qualitatively novel

structuresandbehaviourswhicharenot reducibleto thosehierarchicallybelow them.Thus,

it offersanattractivemethodologyfor tacklingDescartes’Dictum: “how canadesignerbuild

adevicewhichoutperformsthedesigner’sspecifications?”(Cariani1991,p.776).Most im-

portant,it is necessaryfor the generationof complex entitieswith behaviours beyond our

manualdesigncapability.

Cariani identifiedthe threecurrenttractsof thoughton emergence,calling them“compu-

tational”, “thermodynamic”and“relative to a model”. Computationalemergenceis related

to themanifestationof new global forms,suchasflocking behaviour andchaos,from local

interactions.Thermodynamicemergenceis concernedwith issuessuchastheoriginsof life,

whereorderemergesfrom noise.Theemergencerelative-to-a-modelconceptdealswith sit-

uationswhereobserversneedto changetheir modelto keepup with a system’s behaviour.

This is closeto Steels’(1994) conceptof emergence,which refersto ongoingprocesses

which produceresultsinvokingvocabulary not previously involvedin thedescriptionof the

system’s innercomponents– “new descriptivecategories”(section4.1).

Evolutionaryemergencefalls into theemergencerelative-to-a-modelcategory. An example

will clarify the divisions. Considera virtual world containingorganismsthat can move

andtry to reproduceor kill accordingto ruleswhich aresensitive to the presenceof other

organismsandwhich evolve undernaturalselection.Shouldflocking manifestitself in this

system,wecouldclassifyit asemergentin two senses:first in thecomputationalsensefrom

theinteractionof localrules,flockingbeingacollectivebehaviour, andsecondin therelative-

to-a-modelsensethroughtheevolution, thebehaviour beingnovel to thesystem.Although



6

thefirst senseis alsorelevantto ourgoal,in thatcomplex advantageoussystemswill involve

suchemergence,thesecondis thekey to understandingevolutionaryemergence.

Langton(1989)gave a simple,compatiblemethodof ascribingemergence:“The essential

featuresof computer-basedArtificial Life modelsare:. . . Thereareno rulesin thesystem

that dictateglobal behavior. Any behavior at levels higher than the individual programs

is thereforeemergent” (pp.3–4). Note that this can be usedfor both the computational

and relative-to-a-modelsensesof emergence. He also stressed(p.41) the importanceof

nonlinearsystems– thosewhich do not obey thesuperpositionprinciple(i.e. which cannot

beunderstoodin termsof independentconstituentparts)whereit is necessaryto understand

theinteractionsbetweentheparts.Thus,new descriptivecategoriescannotbeinvokedfrom

asystemwhichobeys thesuperpositionprinciple.

Having specifiedwhat is meantby evolutionaryemergence,we will now summariseincre-

mentalartificial evolution theoryandthenexplore the two typesof selectionwhich might

beusedto bringaboutsuchemergence.Packard(1989)referredto theseas“extrinsicadap-

tation,whereevolution is governedby a specifiedfitnessfunction,andintrinsic adaptation,

whereevolution occurs‘automatically’ asa resultof the dynamicsof a systemcausedby

theevolution of many interactingsubsystems”(p.141). We will usethetermsartificial and

naturalselectionrespectively, becausethefirst involvestheimpositionof anartificecrafted

for somecauseexternalto a systembeneathit, while thesecondreliessolelyon the innate

dynamicsof asystem.Ray(1996,section2.1)is oneof thebetterknown personalitiestrying

to bring anawarenessof thedifferencebetweenartificial andnaturalselectionto themany

practitionersin the artificial evolution field who claim to be usingnaturalselectionwhen

they arein factusingartificial selection.
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3 Incr ementalartificial evolution

Geneticalgorithms(GAs) are biologically inspiredsearchproceduresinitially developed

by Holland (1962,1975,1992) in the early 1960s– althoughseealsoFraser(1957),Fo-

gel (1962)andFogel, Owens,andWalsh(1966) for otherevolutionaryalgorithms’roots.

GAs evolve an initial randompopulationof genomes(codingsfor solutionsto theproblem

in hand)by selectingwhich individualsarereproducedandwhicharereplaced.This is done

by evaluatingeachsolution’sfitnessvia somefunctionrelevantto theproblemandfavouring

thefitter solutions.Reproductiontypically involvesbothcrossover, wherebyparentgenomes

aresplit into sectionsatcommon(randomlychosen)cutpointsandthenew genomeinherits

correspondingsectionsfrom oneparentor theother, andmutation,whichinvolvesrandomly

alteringa smallproportionof thenew genome.Mutation increasesdiversityandcrossover

combinesbeneficialdiscoveries. Thereare many variationson the typical GA, but most

sharethisbasedescription.

Although mostGAs work on populationsof solutionswith a fixed sizeandstructure,the

evolution of increasinglycomplex entitiesrequiresus to evolve variable-sizedgenotypes

over many generations.Harvey’s (1993b)SpeciesAdaptationGeneticAlgorithm (SAGA)

theoryprovidesa framework for incrementalartificial evolution. In this paradigm,a popu-

lation (with possiblyjust a few tensof members)evolvesasnearly-convergedspecies,for

thousandsor millions of generations.

The increasesin complexity mustthereforeresultfrom theevolution itself. This is in con-

trastto thecommonuseof thegeneticprogramming(GP)paradigm(Koza1990,1992),for

example,whereapopulationof millions maybeevolvedfor lessthanahundredgenerations

(Harvey 1997,section5). In theGPcase,recombinationeffectively mixestherandominitial

population,exhaustingvariationin few generations.Becausegeneticcodingsof computer

programinstructionsresultin rugged(uncorrelated)fitnesslandscapes(i.e.mutatingabit in
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thegenotypeof a fit programwill almostcertainlyproducea very unfit program),therecan

belittle furtherevolutionof thisconvergedpopulation.Hereweseeoneof therequirements

of SAGA: a sufficiently correlatedfitnesslandscape(actualor implicit). Mutationmustbe

possible,at a low rate,without dispersingthe speciesin genotypespaceor hinderingthe

assimilationby crossoverof beneficialmutationsinto thespecies.

The open-endedevolution of increasingcomplexity cannot,of course,be achieved with

fixed-lengthgenotypes.Harvey (1992)statesthecasefor gradualchangesin genotypelength

(sections2–6).First,hereportssometheorydueto KauffmanandLevin (1987).In anadap-

tive walk on a completelyuncorrelatedlandscape,with “fitness achieved” definedas the

highestencountered,eachstepup the fitnessrank will (be expectedto) take twice aslong

asthepreviousstep,therebeingonly half the(expected)numberof fitter neighbours.This

resultstill holdsif in eachtime stepa largepopulation(of fixednumber)samplesdifferent

mutants,with thepopulationmoving asawholeto thefittest.Harvey (1992)makesthepoint

that theresultholdson correlatedlandscapesfor a “long jump . . . definedto betheequiva-

lent of severalsimultaneousmutations,long enoughto jump beyondthecorrelationlengths

in the landscape”(section5). Thus,theargumentproceeds,suchlong jumpswill play less

andlessof a beneficialrole asevolution progresses.After an initial periodof fluctuation,

only small jumps(suchasindividualmutations)will bebeneficial.Harvey notesthatthis is

not connectedto thepunctuatedequilibriacontroversy;only a singlelargestepis ruledout,

notacascadeof smallstepsthatcouldberapidin geologicaltime.

Harvey (1993a,section6.7) providesanaccuratetail of this argument.A changein geno-

type lengthwhich causesthe informationcontentof the genotypeexpressedin the pheno-

type(GIP)to changecanalsobeconsideredasamutationin theaboveargument.Therefore,

suchchangeswouldonly bebeneficialif madein smalljumps.Becausedetrimentalmutation

mustnot besohigh asto dispersemembersaway from existing fit genotypes,theargument

is now completefor alow rateof changein theinformationcontentof theGIP, bothby direct
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geneticmutationandindirectly throughchangesin genotypelength.

If this rule – of a low rateof directgeneticmutationanda low rateof changein genotype

lengthwith respectto effect on informationcontentof GIP – is followed,thenthepopula-

tion will evolveasnearly-convergedspecies,convergencebeingin termsof GIP information

content.If, in addition,a directgeneticcoding(i.e. a bijectionbetweengenotypeandphe-

notype)is used,thenthepopulation’smemberswill haveanalmostuniformgenotypelength

thatincreasesin smallsteps.Evenif this is not thecase,theinformationcontentof theGIP

will increase(atmost)gradually.

As madeexplicit by Harvey (1992,figure3), theconvergenceof thepopulationneednot be

arounda singlespecies.Variationin numberof speciesis not engineeredin, but ratheris a

resultof this theory. A new speciesarises(emerges)whena progenitorialspeciessplitsinto

separateones.A speciesbecomesextinct onceall its membershave died.Notealsothatthe

“problemof prematureconvergence”from traditionalGA theoryis now irrelevant.

Onefurtherissueworthclarifying is thatof functionalvalidity with respectto thedestination

environment,or “situationwithin a world”. Brooks(1991a,1991b)arguesthat incremental

development(includingevolution) musttake placewithin theenvironmentthat theobjects

inhabit. This is to avoid problems(commonin traditionalartificial intelligence)causedby

a dividebetweena systemandtherealworld. So,for example,someresearchers(e.g.Har-

nad1993)arguethat robotsintendedto inhabit the real world mustbe evolved(or at least

frequentlyevaluated)in it. However, if organismsareonly ever to inhabitan‘artificial’ en-

vironmentthenthereshouldbeno concernaboutthembeingevolved in that environment.

Their ‘world’ is not a simulationandsotheapproachsuffersnoneof theproblemsthatoc-

cur whentrying to usea simulationto evolve robotsfor therealworld. Wheretheartificial

environmentdiffersfrom our world (however greatly),thereis no problematicerror. There

is simplya difference.
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4 Artificial selection

Holland did not originally envisageGAs as functionaloptimisers,but ratherasprocesses

similar to naturaladaptive systems. In the naturalworld, organismsinteractin complex

waysandso coevolve with their environment,which includesotherorganisms.However,

GAs provedsuitablefor a rangeof optimisationtasksandthis hasgrown to be their most

widespreadapplication(Goldberg 1989).

4.1 The stateof artificial selectionwork

Within theartificial evolutionfield, variantsof theoptimisationparadigmhaveprovenfruit-

ful. Evenwheretheconceptsof SAGA theory(section3) aredominant,practicestill holds

to theuseof fitnessfunctions.But asthecomplexity of behavioursunderconsiderationin-

creases,flaws in the artificial selectionapproachareappearing.Zaera,Clif f, andBruten’s

(1996)failedattemptsat evolving schoolingbehaviour in artificial fish provide anaccount

of thedifficultiesfaced:

“The problemappearsto be dueto the difficulty of formulatingan evaluation

function which captureswhat schoolingis. We argue that formulatingan ef-

fective fitnessevaluationfunctionfor usein evolving controllerscanbeat least

asdifficult ashand-craftinganeffective controllerdesign.Althoughour paper

concentratesonschooling,webelievethatthisis likely to beageneralissue,and

is a seriousproblemwhich canbeexpectedto beexperiencedover a varietyof

problemdomains.”

Zaeraet al. consideredpossiblereasonsfor their failure. The argumentwhich mostcon-

vincedthemwasthatrealschoolingarisesthroughcomplex interactions,andthattheir sim-

ulationslacked sufficient complexity (their section5). They cited two promisingworks:
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Reynolds’ (1992)evolutionof coordinatedgroupmotionin prey animatspursuedby ahard-

wiredpredator, andRucker’s (1993)ecosystemmodelin whichBoid-likeanimatcontrollers

(or rathertheir parameters)wereevolved. Both of thesearemovestowardsmoreintrinsic,

automaticevolution.

Theuseof coevolutionarymodelsis fastbecominga popularapproachin the adaptive be-

haviour field. This is essentiallya responseto theproblemsencounteredwhentrying to use

artificial selectionto evolve complex behaviours. However, artificial selectionhaskept its

hold so far – mostsystemsstill usefitnessfunctions. Much of this work is basedon the

“Red Queen”or “Arms Race”phenomenon(seeCliff andMiller 1995andDawkins and

Krebs1979),an early exampleof which is Hillis’ (1990)coevolution of sortingnetworks

andtheir testcases.Hillis concludedhis paperwith thestatement:“It is ironic, but perhaps

notsurprising,thatourattemptsto improvesimulatedevolutionasanoptimisationprocedure

continueto takeuscloserto realbiologicalsystems”(p.233).

As with Hillis’ paper, thereasongivenfor imposingcoevolution is oftenthat it provides“a

usefulway of dealingwith theproblemsassociatedwith staticfitnesslandscapes”(Bullock

1995,section5). It appearsthat few of thoseworking with artificial selectionintentionally

usecoevolution asa steptowardsintrinsic evolution. Notably, Reynolds(1994)of Boids

fameworkedtowardsmoreautomaticevolution by coevolving simulatedmobileagentcon-

trollerswhichcompetedwith eachotherin gamesof Tag.Thiseliminatedtheneedto design

a controllerin orderto evolve a controller, asin his previouswork (Reynolds1992)men-

tionedabove.

4.2 (No) Emergencevia artificial selection

From the above discussion,onemight imagineour argumentto be developingtoward the

extremestatementthat evolutionaryemergenceis 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 anexampleof emergencefrom a geneticalgorithmwhich Ray (1996)

would classifyasusing“partial naturalselection”(section2.8), in that the interactionsbe-

tweenartificial entitiesplayarolecommensuratewith theartificial fitnessfunctionaspectof

selection.

Sannierand Goodman(1987) useda distributed GA to evolve genomeswithin a two-

dimensionaltoroidalgrid containing“food” which is placedinto theenvironmentaccording

to somepattern. An individual’s “strength” (fitness),which is deductedfrom its parents’

strengthsat birth, increaseson consumptionof food anddecreasesin eachtime step(and

uponreproduction). An individual is reproducedif its strengthis above a threshold,and

killed if its strengthdropsbelow a lower threshold.A genomeencodesruleswhich allow

it to move in eightdirections(N,NE,E,SE,. . . ) with programbranchingconditionalon the

presenceof foodin theeightneighbouringlocations.Thus,theindividualscaninteract(only)

by moving aroundandconsumingfood,soaffectingeachother’sprogrambranching.

In theexperimentreported,foodwasrestrictedto two farmareas,spacedapartin thetoroidal

world. Thelevel of food introducedinto thefarmswasvariedperiodically. Whenonefarm

washaving its summer, theotherwouldbehaving its winter. A farm’spotentialwassetlower

the more it waseitherover-consumedor neglected(under-consumed)during the previous

period.

Two classesof individualemerged:farmerswhostayedput in oneof thefarms,theirpopula-

tionsrisingandfalling with theseasons,andnomadswhocircledtheworld, moving in such

a way that they passedthroughboth farmsduring their summers.The nomadpopulation

increasedasit wentthroughafarmanddecreasedasit movedthroughtheareawithoutfood.

Noticethenew descriptivecategories:farmerandnomad.

Groupsof individualsfrom eachcategorywereextractedfrom thetotalpopulationandtested



13

in the absenceof the othercategory. While farmerscould survive without nomads,it was

foundthatnomadsneededfarmerssothatthefarmswouldnotbeneglectedbetweenvisits.

Theimportantfeatureis theemergenceof thetwo classesof individual. Neverwasit speci-

fied thatthey shouldarise.Evolutionproducedthembecausethey performbetterthanother

genomeswithin theenvironment.Thepreviousparagraphdemonstratestheneedto update

ourmodelto includethenew descriptivecategories.

It would,of course,befraudulenton our part to claim that this is anexampleof emergence

via artificial selection. In this partial naturalselectionsystem,the artificial componentof

selectionis incidentalto theemergence,thesourceof which is thenaturalcomponentof se-

lectionarisingfrom interactionsof thesystem’sparts.Thestatementthat“artificial selection

is not sufficient [for evolutionaryemergence]”(from thefirst paragraphof this subsection)

doesnot imply anecessityfor (or evenbenefitof) artificial selection.In thecontext of evolu-

tionaryemergence, anyartificial selectionusedconstitutesjustoneof thepartsof a system.

In summary, artificial selectioncanonlyselectfor thatwhichisspecified.Thereforeanything

thatemergesduringevolution(in theevolutionaryemergencesense)mustresultfrom another

aspectof selection,whichmustin turnarisefrom theinnatedynamicsof thesystem– natural

selection.

Artificial selectioncanresultin evolvedsolutionsthatanexperimenterhadnot anticipated.

For example,a highly fit solutionmight only usea fractionof the genotypethat hadbeen

madeavailableandthoughtnecessary, or asolutionmightexploit propertiesof thephenotype

thathadpreviouslybeenunknown. However, examplessuchastheformerdonot requirean

extensionto theobserver’s model,andexamplessuchasthelatterrequireanextensionthat

is theproductnot of evolution,but of theobserver’s lack of knowledge.Neitherqualifiesas

evolutionaryemergenceby ourdefinition.
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5 Natural selection

Naturalselectionretainsthefitter individuals(thosethatpersist)without any explicit spec-

ification of what is requiredto befit, which changesasthesystemevolves. This feedback

in the selectionprocessis the vital factormissingfrom purely artificial selectionsystems

(figure1).

* * * FIGURE 1 ABOUT HERE * * *

As notedin section3, geneticcodingsof computerprograminstructionsresult in rugged

fitnesslandscapesandthis makesthemunsuitablefor incrementalevolutionby artificial se-

lection.Onewouldexpectthisargumentto carrythroughto naturalselectionsystems,where

fitnessis anabstractconceptor externalmeasure.However, theapproachof mostnaturalse-

lectionwork to datehasbeento evolveprogramcode,following theinitial successof Tierra

(Ray1991)whichdemonstratedincrementalevolutionovermillions of reproductioncycles.

Despitea lackof continuingemergence,thisearlysuccessneedsto beexplainedagainstthe

argumentthatcomputerprogramsarenotsuitablefor incrementalevolution.

5.1 Natural selectionof program code

Tierrais a systemof self-replicatingmachinecodeprograms.As anevolutionarybiologist,

Ray wasinterestedin comparingartificial evolution with that in the real world. To make

evolutionpossible,a certainrateof randombit-flipping wasimposedon thememorywithin

which the populationof runningcoderesided.Eachprogramwasallowed to write to the

block of memoryit occupiedbut not outsidethatblock. However, programscouldreadand

executeinstructionsfrom any partof memory.

Thepopulationwasinitialisedasasinglemanually-designed,self-replicatingprogram.This
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programfirst examineditself to determineits lengthin memory, thenissuedaninstructionto

allocatefreememoryfor achild, copiedits codebyteby byteto thisfreememoryandfinally

issuedaninstructionto treatthechild asanindependentprocess.

A degreeof artificial selectionwasimposedby thesystemitself deletingtheoldestprograms

to free memorywhen it was full beyond a certainthreshold,with an addedbias against

programsthatgeneratederrorconditions.As emphasisedattheendof section4, thisartificial

selectionconstitutesjust oneof the partsof the system. It doesnot (necessarily)prevent

naturalselection.

Tierrawasimplementedasa virtual computer, allowing Rayto designa machinelanguage

with somepropertiessuitingit to evolution. Oneaspectof this languagewasthatit contained

no numericconstants.This wasto reducethebrittlenessof the languageby decreasingthe

sizeof the “real” instructionset, in which add 1 andadd 2 areconsideredto be distinct

instructions.Thus,directmemoryaddressingwasnot possible,in eithera relative or abso-

lute form. Instead,themanually-designedprogrambeganandendedwith consecutiveNOPs

(No-OPerations)which actedastemplatesthatcouldbefoundby certainmachinecodein-

structionswhichsearchmemorybackwardsor forwardsin asinglestep.Thisaddressingby

templatesis how theprogramexamineditself to determinethepointsat which to begin and

endcopying andsoalsoits length.

Computationalerrorswere introducedat random. For example,a left bit-shift instruction

wouldsometimesshift aregister’sbitstwopositions,sometimesnotatall. A copy instruction

would occasionallycopy to a neighbourof the correctlocation. Sucherrorscould leadto

geneticchangesby affectingreplication.

WhenTierra was run, variousclassesof programsevolved. “Parasites”had shedalmost

half of theircode,allowing themto replicatealmosttwiceasfast;they replicatedby execut-

ing the copy loop from neighbouringorganisms,which could easilybe foundby template
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matchinginstructionsasbefore.Becausetheparasitesdependedontheir “hosts”,they could

not displacethemandthehostandparasitepopulationsenteredinto Lotka-Volterrapopula-

tion cycles,characteristicof predator–prey andparasite–hostsystems(Lotka 1925;Volterra

1926).Rayreportedthatcoevolutionoccurredasthehostsbecameimmuneto theparasites,

which overcamethesedefences,andsoon. “Hyper-parasite”hostsemergedcontainingin-

structionsthatcauseda parasiteto copy thehostratherthantheparasite;this could leadto

therapideliminationof the latter. Rayalsoreportedcooperation(symbiosis)in replication

followedby “cheaters”(socialparasites)which tookadvantageof thecooperators.

Theabove areexamplesof ecologicaladaptations,which involvedinteractionsbetweenthe

programs.Anotherclassof adaptationsfoundwasoptimisations,whereindividualprograms

replicatedfasterthantheirancestors.For example,non-parasiticreplicatorsalmostaquarter

the lengthof the initial replicatorwerefound, aswereprogramswith unrolledcopy loops

whichcopiedtwo or threebytesperloop,reducingtheoverheadof looping.By addingsplit

and join instructions,which allowed a programto split into a multi-threadedprocessand

join backinto asingleone,theevolutionof efficientparallel-processingreplicatorswaslater

achieved.

While the resultsof Tierraareimpressive, the systemis not truly open-ended.Therehave

beenno new reportsof emergentphenomenaduring the last few yearsandit is generally

acceptedthatnot muchmorewill occurunlessfurtheralterationsaremadeto thesystem,as

with theadditionof thesplit andjoin instructions.Indeed,Ray(1996)is currentlyestablish-

ing a“biodiversityreserve for digital organisms”(section5.2)basedonanetworkedversion

of Tierra,in anattemptto generatemorecomplex organisms.His hopeis thattheincreased

scalewill holdanecologicalcommunityof many species,with thenetwork modelproviding

initial selectiveforcesresultingfrom its temporalandspatialcomplexity. “Onceasignificant

impulsein thedirectionof complexity hasoccurred,thehopeis thatselective forcesarising

from interactionsamongthedigital organismscanleadto anauto-catalyticincreasein com-
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plexity” (section5.2.2).However, this systemhasnot yetproducedany encouragingresults

– seeRay(1997).

Theevolvability of thecodeseemsto stemlargely from thetemplatematchingsystem.This

could accountfor all of the ecologicaladaptationsreportedbut would be of little usefor

muchotherthanreplication.To seehow thiscouldbe,considerthepseudocodeof theinitial,

manually-designedalgorithm(1).

* * * ALGORITHM 1 ABOUT HERE * * *

This pseudocodeis basedon the initial programaslisted in Ray (1992,appendixC). The

T????s on the left denotefour-bit templates(with the samebits as the real templates),

whichcanbethoughtof aslabels;thedifferenceis thata jumpor call instructionwill search

outwardsin memoryto find thenearestmatchingtemplate.Now, asreportedby Ray(1992,

section3.1.1),a parasitecanbe obtainedby simply mutatingonebit of the T1100 tem-

plate to produceT1110 ; this would then be the sameas the end template,reducingthe

lengthto becopied(c ), andthe call T1100 statementwould searchoutwardsin mem-

ory until it found a hostcontainingthe copy procedure.Further, a hostthat is immuneto

sucha parasitecanalsobe producedby a single-bit templatemutationof the initial pro-

gram. To be more exact, a single-bit mutationin the template-comparison1011 in the

if c=0 then jump to T1011 statementof thecopy procedureachievesthis;by mu-

tating it to 1111 , theprogramwill re-evaluateits addressandlengthafterevery reproduc-

tion. Thus,shoulda parasitetry to usethis program’s copy routine,it will be copiedjust

oncebut ever after that it will be copying the host; this host is also a hyper-parasiteas

definedabove. In just two templatebit-flips, we have reproducedthemostimpressive eco-

logical resultsof Tierra! While the actualevolution might have taken a slightly different

route,to slightly differentprograms,thesephenomenaclearly resultfrom theflexibility of

thetemplatematching.It is alsoclearthatthesameargumentappliesto theotherecological
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adaptationsreported.

Althoughthis demonstratestheflexibility of templatematchingat the four-bit level, it also

shows the ecologicalresultsto be somewhat lessdramaticthanfirst impressionssuggest.

Complex programswould necessarilycontainmany more templates(labels)andso these

templateswouldhave to besignificantlylonger. Thus,we wouldpassfar beyondthesimple

four-bit templatesthat randomsearchcanoperateon, to a stagewhereevolution is imprac-

tical. So, Tierra no longerconstitutingevidenceto the contrary, we hold to our previous

argumentthatprogramsarenotsuitablefor (long-term)incrementalevolution. Notethatwe

arenotdismissingRay’swork astrivial or unimportant;weconsiderTierrato beasignificant

milestonein theartificial evolution field – thefirst intentionalexampleof naturally arising

coevolution in anartificial evolutionarysystem.

Thereis still theissueof theoptimisationadaptationsto address.If programsaretoo brittle

for (long-term)incrementalevolution, thenhow wasit that theseadaptationsevolved?Two

of the results,unrolledcopy loopsandefficient replicationby parallelprocessing,canbe

easilyexplained.All evolution neededto do wasinsert(probablyby theactionof the ran-

domcomputationalerrors)repetitionsof neighbouringcode;thelocal functionalitywasnot

changedandthe efficienciesarefrom more-of-the-samesolutions.Theseexamplesshould

notalterourperceptionof thebrittlenessin mutatingcodeor insertingdifferentinstructions.

Thefinal resultsto beexplainedarethenon-parasiticreplicatorsalmosta quarterthelength

of the initial replicator. Comparingthe shortestself-replicatingprogram(Ray 1992, ap-

pendixD) with the initial program(appendixC) shows that the transitioncanbe madeby

simplydeletinginstructions(mostlyNOPs– cuttingout theredundancy in thetemplates)and

justsix mutations,threeof whicharecompletelyunnecessary. Soapartfrom threemutations,

this is a less-of-the-unnecessarysolution,which is insufficient to challengeourargument.

ComputerZoo (Skipper1992),inspiredby Ray, sharedmostof the featuresof Tierra and
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demonstratedvery similar results. Skippernotedthat remoteexecutionis essentialto the

evolutionof parasitesandhyper-parasites.Therehave beenmany otherTierra-inspiredsys-

tems,suchasAvida (Adami andBrown 1994)andCosmos(Taylor andHallam1997),all

of which failed to producesignificantlymoreimpressive results. Thereareotherpossible

explanationsfor this, includingan inability on our part to detectfurtherevolutionaryemer-

gence,and/ora deficiency in the languagethat lies not in its brittlenessbut in its lack of

expressiveability within thesystem.However, webelievethatthediscussionpresentedhere

eclipsessuchpossibilities,in thatit providesasufficientexplanation.

Onepieceof work oftencitedasanexampleof evolvingprogramsby naturalselectionis that

of Koza(1993).Weomitafull discussionherebecause,althoughnaturalselectionispossible

within the presentedframework, the improvementsreportedresultfrom artificial selection

involving evaluationat a task. Theonly exampleof emergencereportedwastheexistence

of 604self-replicatingprogramsin asetof 12,500,000randomlygeneratedprograms.There

wasnoemergenceresultingfrom evolution.

5.2 The evolution of moresuitableentitiesvia natural selection

Although the approachof mostnaturalselectionwork to datehasbeento evolve program

code,therearetwo notableexceptions.Bothinvolvetheevolutionof neuralnetworks,which

arewell suitedto incrementalartificial evolutionbecauseof theirgracefuldegradation(high

degreeof neutrality).Thesecond(chronologically)is theworkdescribedin thispaper, which

wasconceived(Channon1996)independentlyof andinitially createdin ignoranceof both

Tierra(including its derivatives)andthefirst exception:PolyWorld (Yaeger1993). Yaeger

statedthreemotivationsfor his work, including the productionof emergent complex be-

haviours andthe explorationof artificial life asa routeto artificial intelligence.Theseare

(very) similar to themotivationsbehindthework presentedhere.However, his othermoti-
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vation is whatsetsPolyWorld’s designapart;it was“to createartificial life that is asclose

aspossibleto real life, by combiningasmany critical componentsof real life aspossible

in anartificial system”(p.264).HencePolyWorld simulatesmany aspectsof therealworld

includingenergy conservation,food,movement(ona2D plane),vision,neuralnetworksand

learning.

PolyWorld organismshave seven pre-programmedbehaviours: eating, mating, fighting,

moving, turning, focusingand lighting. Theseare expressedaccordingto the activation

levelsof pre-specifiedneurons.An organism’schromosomedeterminesits physiology(size,

strength,maximumspeed,greencoloration,mutationrate,numberof crossover pointsand

life span)andsomebasiccharacteristicsof its neuralnetwork. Thesecharacteristicsinclude

thenumberof neuronsdevotedto vision (in threegroups– red,greenandblue),thenumber

of internalneuronalgroups,a connectivity density(betweengroups)matrix andHebbian

learningrates.Theneuralnetworksareconstructedstochastically.

PolyWorld is initially seededwith randomgenomesand run as a steady-stateGA using

anad hocfitnessfunctionuntil a populationis achievedthatmaintainsits numberthrough

mating. This occurredin theseedpopulationof someruns,yet not at all in others.Yaeger

reporteda variety of emergentbehaviours, including sometrivial onesbut also “fleeing”,

“fighting back”,“grazing”, “foraging” and“follo wing”. Healsoclaimedthatadrifting group

of organismsand“one exampleof a few organisms[apparently]‘chasing’eachotherwere

even suggestive of simple ‘flocking’ behaviours” (p.285), althoughthis seemssomewhat

speculative.

Onecriticismof PolyWorld, in thecontext of perpetualevolutionaryemergence,is that(Heb-

bian) learningappearsto beoverwhelminglyresponsiblefor theresults.Thereis little evi-

denceof significantgeneticevolution; thegenomeshadvery limited controlover thesmall

numberof neuralgroups.It is conceivablethat if comparisonPolyWorld experimentswere
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run with birth networks specifiedby randomparameters(or perhapsconstantparameters

which result in large enoughneuralnetworks), thenthe sameresultsmight emerge. New

organismswouldeitherlearnsuchthatthey becomeadaptedto theevolving environmentor

die,andsoevolutionwould occurwithout geneticchange.Althoughthis is valid evolution-

ary emergence,it is not sufficient for perpetuatingevolutionaryemergence.Unlesslearning

is madeevolvable,or what is learnedcanbepassedon, a maximallevel will bereachedat

whichorganismsarenotcapableof learningmorein their lifetimes.

Channon’s own experimentalsystem– detailedherein full, but seealsoChannon(1996),

ChannonandDamper(1998a)andChannonandDamper(1998b)for the developmentof

the ideasbehindit – sharesmany featureswith PolyWorld, despitehaving beenconceived

without knowledgeof Yaeger’s work. However, becauseit doesnot attemptto simulateas-

pectsof therealworld, it is considerablysimpler. Most important,thereis no learningin the

neuralnetworks,purposelyto avoid thecriticismabove. Further, thereis noobviousimplicit

fitnessfunction,suchasthe“energy” in PolyWorld, thatmight dominateselection.There-

sultsreportedherearecomparablewith (but donotexceed)thoseof PolyWorld, despitethis

removal of learning.

6 Developmentalrequirements

Naturalselectionis necessaryfor evolutionaryemergencebut doesnot guaranteetheevolu-

tion of evermorenovelemergentphenomena.Thequestion“what classof objectscan/should

weevolve?”needsto beansweredwith thatin mind,alongwith thecentralaim: increasingly

complex advantageousbehaviours. Neuralnetworks are the clearchoicebecauseof their

gracefuldegradation(asnotedin section5.2) andsuitability for this aim. But how should

thenetwork structurebespecified?



22

The evolutionaryemergenceof novel behaviours requiresnew neuralstructures,or “mod-

ules”. We canexpectmostto bedescendedfrom neuralstructureswhich oncehaddifferent

functions(Mayr 1960). Therearemany known examplesof neuralstructuresthat serve a

purposedifferentfrom aprevioususe,for exampleStork,Jackson,andWalker (1991).

Theorytells usthatgenesareusedlike a recipe,not a blueprint. In any onecell, at any one

stageof development,only a tiny proportionof thegeneswill be in use.Further, theeffect

thatagenehasdependsuponthecell’s localenvironment– its neighbours.

Theabove two paragraphsarerelated.For a typeof moduleto beusedfor a novel function

(andthento continueto evolve from there),without lossof currentfunction,eitheranextra

modulemust be createdor theremust be one spare(to alter). Either way, a duplication

systemis required.This couldbeeitherby geneduplicationor aspartof a developmental

process.

Geneduplicationcanbe rejectedasa solesourceof neuralstructureduplication,because

the capacityrequiredto storeall connectionsin a largenetwork without a modularcoding

is geneticallyinfeasible. Therefore,for the effective evolutionaryemergenceof complex

behaviours,a modulardevelopmentalprocessis calledfor. For thesake of researchvalidity

(regardinglong-termgoals),thisshouldbeincludedfrom theoutset.

Most artificial neuralnetworks(ANNs) thathave beenmanuallydesignedarelayeredfeed-

forwardnetworks. However, recurrentnetworkscanhave internalstatesustainedover time

anddemonstraterich intrinsic dynamics.This makesthemattractive for usein behaviour-

basedwork. Evidencefrom neuroscienceprovidesfurthersupport,asbiologicalneuralnet-

worksarefrequentlyrecurrent.AlthoughrecurrentANNs canbevery hardto study(Boers

andKuiper 1992,p.40), artificial evolution shouldhave no problemusing them. Indeed,

thereseemsto be little reasonto constrainthe evolution to feed-forward networks, espe-

cially whenaiming for organismsthat are to act ascomplex dynamicalsystemsworking
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within a time frame.

6.1 Gruau’scellular encoding

Gruau(1996)usedgeneticprogrammingtechniques(Koza1992)to evolvehis cellularpro-

gramminglanguagecodeto developmodularartificial neuralnetworks. Theprogramsused

aretreesof graph-rewrite ruleswhosemainpointsarecell divisionanditeration.

Thecrucialshortcomingis thatmodularitycanonly comefrom eithergeneduplication(see

objectionsabove) or iteration. But iterationis not a powerful enoughdevelopmentalback-

bone. Consider, for example,the cerebralcortex’s macro-modulesof hundredsof mini-

columns.Thesearecomplicatedstructuresthatcannotbegeneratedwith a repeat one

hundred times: mini-column rule. Therearevariationsbetweenmodules.

So,with GPtechniques,wearereducedto geneduplicationfor all but simpleiterativestruc-

tures.Whatis requiredis aruleof thesort follow (rules X) where(rules X) is a

marker for (pointerto) rulesencodedelsewhereon thegenotype.But thiswould bedifficult

to incorporateinto GP.A betterrouteis to useasystemcapableof suchrules.

6.2 Cellular automata

Many investigatorshaveusedcellularautomata(CA) for theconstructionof neuralnetworks,

for exampleGersandde Garis (1996) andLee and Sim (1998). However, suchwork is

moreoftenat thelevel of neurongrowth thanthedevelopmentof wholeoperational(rather

thanjust large) networks. The working networks developedto datehave beenonly basic.

Although CA rules are suitedto the evolution of network developmentin principle, the

amountof work remainingmakesthisa majorresearchhurdle.
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6.3 Diffusion models

Althoughthereareexamplesof work involving theevolution of neuralnetworkswhosede-

velopmentis determinedby diffusionalongconcentrationgradients,for exampleVaarioand

Shimohara(1997),theresultingnetwork structureshave (to date)beenonly basic.Soasto

concentrateon theintendedareaof research,thesemodelshavealsobeenpassedover.

6.4 Lindenmayer systems

As mentionedabove, developmentalbiology shows that genesprovide a recipefor each

cell to follow andthat the activationof relevantgenesis determinedby a cell’s immediate

environment.All cellsusethesamesetof rules,derivedfrom thegenes.

Lindenmayersystems(L-systems)weredevelopedto modelthebiologicalgrowth of plants

(Lindenmayer1968).They areaclassof fractalswhichapplyproductionrulesin parallelto

thecellsof their subject.A specifiedaxiomsubject(typically oneor two cells)developsby

repeatedre-applicationof theserules. Eachstepin a cell’s developmentcanbedetermined

by its immediateenvironment,includingitself. In general,themostspecificproductionrule

thatmatchesacell’ssituationis applied.

Kitano(1990)usedanL-systemwith context-freerulesto evolveconnectivity matrices.The

numberof rules in the genotypewasvariable. After eachdevelopmentalstep,the matrix

wouldhavedoubledin bothwidth andheight.Kitanodemonstratedbetterresultsthandirect

encodingwhenevolving simpleANNs (suchasXOR andsimpleencoders)usingtraining

by errorback-propagation.Healsoshowedthatthenumberof rulescouldbesmall.

BoersandKuiper (1992)usedan L-systemwith context-sensitive rulesto evolve modular

feed-forwardnetwork architectures.A fixed-lengthalphabetwasusedfor therules,restrict-

ing thepossiblenetwork architecturesbut still producingsomegoodresults.Theevolutionof
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productionrulesuseda conventionalgeneticalgorithm,with fixed-lengthgenomesinitially

randomised.A limit of six rewrite passesover thenetwork stringwasimposed.

Both theseworksusedback-propagationto train theevolvednetworks. Also, the resulting

structureswerefully-connectedclustersof unconnectednodes(i.e. no links within clusters

andif onenodein clusterA is linkedto onenodein clusterB thenall nodesin A arelinkedto

all nodesin B). It maybethattheresultsachievedreflecttheworkingsof back-propagation

morethanevolution. However, theseworksdemonstratethesuitabilityof L-systemsto non-

iterativemodularnetwork development.

7 Experimental systemdefinition

A systembelievedto bebettersuitedto incrementalartificial evolution by naturalselection

hasbeencreated,both to verify and extend the theoryof evolutionaryemergent systems

generationpresentedthusfar. Geb(namedafter the Egyptiangod of the Earth) is a two-

dimensionaltoroidalvirtual world containingautonomousorganisms,eachcontrolledby a

neuralnetwork. Neuralnetworkswerechosenwith the aim of achieving sufficient genetic

neutrality. Insufficient geneticneutrality is a pitfall in the evolution of computerprogram

instructions,wherenonew genes(subroutines,at thepseudocode/descriptivelevel) haveyet

evolved. Thenetworksareproducedfrom bit-stringgenotypesby a developmentalprocess,

chosenwith bothgeneticneutralityandthedevelopmentalrequirementsof theprevioussec-

tion in mind. No lifetime learningisused,toensurethatall resultscanbeattributedtogenetic

evolution (anassetmadeclearin sections5.2and6.4). Evolution within Gebis strictly by

natural selection. Thereareno globalsystemrulesthatdeleteorganisms;this is undertheir

own control.

* * * FIGURE 2 ABOUT HERE * * *
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Geb’s world (figure2) is dividedinto a grid of squares:20 � 20 of themin mostruns. No

two individualscan occupy the samesquareat any one time. This effectively gives the

organismsasizewithin theworld andputsa limit ontheirnumber. Individualsareotherwise

freeto movearoundtheworld, within andbetweensquares.As well asapositionwithin the

world, eachorganismhasa forward(facing)direction,setrandomlyat birth. Organismsare

displayedasfilled arcs,thesharppointsof which indicatetheirdirection.

Geb’smainalgorithmis detailedin algorithm2.

* * * ALGORITHM 2 ABOUT HERE * * *

7.1 Geb’sneural networks

TheANNsusedin Gebarerecurrentnetworksof nodesasusedsuccessfullyby Cliff, Harvey

andHusbandsin their evolutionaryroboticswork (Cliff, Harvey, andHusbands1992;Har-

vey, Husbands,andCliff 1992;Husbands,Harvey, andCliff 1993). Theneuralmodel(fig-

ure3) is basedon McCullochandPitts’ (1943)original proposal,which includesa distinct

inhibitory mechanism(ratherthan the more prosaicpositive-or-negative synapticweights

astypically usedin paralleldistributedprocessingsystems).Clif f et al. evolved recurrent

networksof thesenodesfor visualnavigationtasksin simpleenvironments.

* * * FIGURE 3 ABOUT HERE * * *

The level of noisehere(0.6 – seefigure 3) is significantlyhigher than that usedby Cliff

et al. (0.1). This is becausenoise is the only sourceof activation in Geb and, with the

developmentalmethodoutlinedbelow, it is easyfor evolution to producegenerator units

(Husbands,Harvey, andCliff 1993),which aresourcesof high output. A corresponding

(high) decisionthresholdfor organisms’binary (yes/no)actions,suchas reproduction,is
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used. Thus,full control is available(via inhibition andgeneratorunits), early randombi-

naryactionsareat a sensiblelevel andearly randommulti-valuedactions(suchasmoving

forwardsby a distance)canbeat a reasonablyhigh level without having to bescaledsuch

that the maximumpossibleis unreasonablyhigh. The neurons’veto threshold(0.5 – see

functionU in figure3) is equalto thedecisionthresholdfor organisms’binaryactions.All

links haveunit weight;nolifetime learningis used.Thisis to avoid thecriticismthatlifetime

learningmaybethemainfactor, aslevelledatPolyWorld in section5.2.

Eachnodehasabit-stringcharacter(label)attachedto it, usedto matchorganisms’network

inputs,outputsandactions,andto determinethenode’sdevelopmentduringtheindividual’s

lifetime. Thesecharactersmaybeof any non-zerolength.A nodemaybeanetwork input,a

network output,or neither. This is determinedby thedevelopmentalprocess.

7.2 Organism—envir onment interactions

Therearefive built-in actionsavailableto eachorganism.Eachis associatedwith network

outputnodeswhosecharactersstartwith a particularbit-string:

1. 01... Try to reproducewith organismin front

2. 100... Fight: Kill organismin front (if thereis one)

3. 101... Turn anti-clockwise

4. 110... Turn clockwise

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

For example,if a network outputnodehasthecharacter1101001 , thentheorganismwill

turnclockwiseby anangleproportionalto theexcitatoryoutputof thatnode.If anactionhas
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morethanonematchingnetwork outputnode,thenthe relevantnetwork outputis thesum

of thesenodes’excitatoryoutputs,boundedby unity aswithin any node.If anactionhasno

network outputnodewith amatchingcharacter, thentherelevantnetwork outputis noise,at

thesamelevel asin the(other)nodes.

Both reproduceandfight arebinaryactions.They areappliedif therelevantnetwork output

exceedsa thresholdandhave no effect if thesquarein front is empty. Turning andmoving

forward aredonein proportionto excitatoryoutput.

Whenan organismreproduceswith anotherin front of it, the child is placedin the square

beyondtheotherindividual if thatsquareis empty. If not, thechild replacesthe individual

beingmatedwith. An organismcannotreproducewith an individual that is fighting if this

would involvereplacingthefighting individual.

Reproductioninvolvescrossoverandmutation.Geb’s crossoveralwaysoffsetsthecutpoint

in thesecondindividual by onegene(bit position),with equalprobabilityeitherway. This

is why the genotypelengthsvary. Also, crossover is strict, alwaysusinggenesfrom both

parents;thecut point cannotbeat theveryendof eithergenotype.This providessignificant

initial pressurefor lengthincreaseuntil genotypesarelongenoughto producedevelopmental

rules.Mutationat reproductionis asinglegene-flip(bit-flip) onthechild genotype.Figure4

givesa simpleillustrative exampleof the crossover andmutationused(althoughnotethat

genotypelengthsin thethousandswouldbemorerepresentative).

* * * FIGURE 4 ABOUT HERE * * *

An organism’s network input nodeshave their excitatory inputs set to the weightedsum

of the excitatory outputsfrom matching network outputnodes’of otherindividualsin the

neighbourhood.If thefirst bit of anetwork inputnode’scharacteris 1 thenthenodetakesits

input from individualsto theright handside(includingforward-andback-right),otherwise
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from individualsto the left. A network input nodematchesa network outputnodeif the

restof theinput node’s characteris thesameasthestartof thecharacterof theoutputnode.

For example,a network input nodewith character10011 matches(only) network output

nodeswith charactersstartingwith 0011 in the networks of individualsto the right. The

weightsareinverselyproportionalto theEuclideandistancesbetweenindividuals.Currently

theinputneighbourhoodis a5 � 5 squareareacentredon therelevantorganism.

Noticethatthenetwork outputnodeswith characters0,1,10 , 11 andall thosestartingwith

00 do not produceany action. However, their excitatoryvaluescanstill be input by other

individuals.Thus,thereis thepotentialfor dataexchangenot directly relatedto theactions.

7.3 Developmentalsystem

A classof L-systemswith context-freeproductionruleswasdesignedfor the evolution of

networksof theneuronsoutlinedabove.Specificattentionwaspaidto producingasystemin

whichchildren’snetworksresembleaspectsof theirparents’ANNs. A genotypedetermines

theL-system’sproductionruleswhichdeterminetheorganism’sneuraldevelopment.Thus,

theproductionrulesevolve.

Every nodeis processedonceduring eachdevelopmentalstep. The productionrule that

bestmatchesthe node’s characteris applied(if thereis one). A rule matchesa nodeif

its predecessoris the startof the node’s character. So an empty(zero-length)predecessor

matchesany node’s characterand a predecessorcannotmatcha node’s characterthat is

shorterthanit. Thelongerthematchingpredecessor, thebetterthematch;thebestmatching

rule(if any) isapplied.Thus,evermorespecificrulescanevolvefrom thosethathavealready

beensuccessful.

Theproductionruleshave thefollowing form:
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��� �
r �
�

n ; b1 � b2 � b3 � b4 � b5 � b6

where:

�
Predecessor(initial bitsof node’scharacter)

�
r Successor1: replacementnode’scharacter
�

n Successor2: new node’scharacter

bits: link details[0=no,1=yes]:

(b1 � b2) reversetypes[inhibitory/excitatory]of

(input,output)inheritedlinks on
�

n

(b3 � b4) (inhibitory,excitatory)link from
�

r to
�

n

(b5 � b6) (inhibitory,excitatory)link from
�

n to
�

r

Thesuccessors (1 and2) arecharactersfor thenode(s)that replacetheold node. If a suc-

cessorhasno character(0 length)thenthatnodeis not created.Thus,thepredecessornode

maybereplacedby 0, 1 or 2 nodes. Necessarylimits on thenumberof nodesandlinks are

imposed.

The replacementsuccessor(successor1, if it hasa character)is just the old (predecessor)

node,with thesamelinks but adifferentcharacter. Thenew successor(successor2, if it has

acharacter)inheritsacopy of theold node’s input links unlessit hasa link from theold node

(b3 or b4). It inheritsacopy of theold node’soutputlinks unlessit hasa link to theold node

(b5 or b6).

New input nodesare (only) producedfrom input nodesandnew output nodesare (only)

producedfrom outputnodes.Thecharacter-basedmethodof matchingupinputsandoutputs

ensuresthattheadditionor removal of a input/outputnodeata laterstageof developmentor

evolutionwill notdamagetherelationshipsof previouslyadaptedinputsandoutputs.
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Theaxiomnetwork consistsof threenodeswith two excitatory links. Thenetwork output

node’s character(01) matchesreproduction,thenetwork input node’s character(left input

01) matchesthiswithoutmatchingany of theotheractioncharacters,andthehiddennode’s

characterneithermatchesnor is matchedby theothernodes’or theactioncharacters:

network input001 � � � 000 � � � 01 network output

Developmenttakesplacethroughoutthe individual’s life, althoughnecessarylimits on the

numberof nodesandlinks areimposed.Figure5 providesanexampleof thedevelopment

of averysimplenetwork.

* * * FIGURE 5 ABOUT HERE * * *

7.4 Geneticdecoding

The geneticdecodingof productionrules is loosely similar to that of Boersand Kuiper

(1992).For everybit of thegenotype,anattemptis madeto readarule thatstartsonthatbit.

A valid rule is onethatstartswith 11 andhasenoughbitsafterit to completea rule.

To reada rule, the systemusesthe conceptof segments. A segmentis a bit stringwith its

odd-numberedbits (1st,3rd, 5th, . . . ) all 0. Thus,the readingof a segmentis asfollows:

readthecurrentbit; if it is a 1 thenstop;elsereadthenext bit – this is thenext information

bit of thesegment;now startover, keepingtrackof theinformationbitsof thesegment.Note

thatasegmentcanbeempty(haveno informationbits).

Thefull procedureto (attemptto) reada rule beginswith readinga segmentfor eachof the

predecessor, the first successor(replacementnode)andthe secondsuccessor(new node).

Then,if possible,thesix link-detailsbits areread. If this is achievedbeforetheendof the

genotypethena rule is created.Figure6 showsanexample.
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* * * FIGURE 6 ABOUT HERE * * *

After readingall possiblerulesfrom a new-born’s genotype,Gebfilters the rules. It starts

with ruleswhosepredecessorsbestmatchanodein theaxiomnetwork, andthenrepeatedly

addsin the bestmatchingnew rulesif possibleandasrequired,matchingpredecessorsto

the successorsof rulesalreadypicked. Rulesthat have not beenpickedwhenthis process

stops(becauseno new rulescanbe addedunderthe criteria) have predecessorsthat could

nevermatcha nodeduringdevelopment,at leastnot aswell asanotherrule. In this way the

redundantrules,which constitutethe vastmajority of decodedrulesfrom long genotypes,

arefilteredout,muchreducingmemoryrequiredby Geb.

Duringthisprocess,a furthercriterionmustbemetfor a rule to beadded:thegene-segment

therulewasdecodedfrom mustnotoverlapwith agene-segmentof any rulealreadypicked.

This preventsthe otherwisecommonsituationof a rule P
�

R � N � bits producingsuc-

cessorsR andN which canthenbesubjectto rulesR
�

N � B � C andN
�

B � C � D (and

so on) aswould be the casewhenever P endsin 1 or R endsin 1. So, without this crite-

rion, certainrules(suchasthosewhereP endsin 1) would not bepossibleindependently;

they would automaticallyproducerules(suchas R
�

N � B � C) which interferewith their

successors.

8 Results

Thesystemhasconsistentlyproducedsomeimportantmacro-level behaviours,althoughob-

viouslythedetailsof its evolutionaredifferenteverytime. Thismakesit difficult to describe

thebehaviour exceptby focusingonsometypicalandinterestingobservations.
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8.1 Kin similarity and convergence

Whentwo Geborganisms(with networks developedfrom morethanjust a coupleof pro-

ductionruleseach)reproduce,thechild’snetwork almostalwaysresemblesacombinationof

thetwo parents’networks.Examinationof a largernumberof networksfrom Geb’s popula-

tion, atany time,showssimilaritiesbetweenmany of thenetworks.Thepopulationremains

nearly-converged,in small numbersof species,throughoutthe evolution. The criterion of

a sufficiently correlated(implicit) fitnesslandscapehasbeenmetby thedevelopmentalsys-

tem,makingit suitablefor long-termevolution. Theremainingresultsaretheproof of this

suitability andso justify theclaim that theuseof neuralnetworkscanresultin sufficiently

correlatedlandscapesandfurtherthatGebachievesthis within a modulardevelopmentsys-

tem.

8.2 Emergentcollectivebehaviour

OnceGeb hasstarted,there is a short period while genotypelengthsincreaseuntil ca-

pable of containinga productionrule. For the next ten to twenty thousandtime steps

(in typical runs), networks resulting in very simple strategies suchas doeverythingand

alwaysgo forwardsandkill dominatethepopulation.Somenetworksdo betterthanothers

but notsufficiently well for themto displayadominatingeffectonGeb’sworld window.

* * * FIGURE 7 ABOUT HERE * * *

In every run to date,thefirst dominantspeciesthatemergeshasbeenonewhoseindividuals

turn in onedirectionwhile trying to fight andreproduceat thesametime. Figure7 shows

an exampleof suchan individual. Network outputsare prefixed with o, inputs with i .

Input charactersareshown with their first bit translatedfrom 0,1 to L,R (left,right). Note

thenetwork outputso101 , o01 [x2] ando100 (turn anti-clockwise,reproduceandfight).
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Notealsothe large numberof links necessaryto passfrom network inputsto outputs,and

thenetwork inputcharacterswhichmatchnon-actionoutputcharactersof thesamenetwork

(o000 [x2], o00 ). Individualsof thisspeciesusenearbymembersof thesamespecies,who

arealsoturningin circles,assourcesof activation(sokeepingeachothergoing).

Although a very simple strategy, watchingit in action makes it clear why this is so ad-

vantageous.Theindividualskeepeachothermoving quickly, in tight circles.Any attacking

organismwouldhaveto eithergetits timing exactlyright or approachin afasterspiral– both

relatively advancedstrategies.Thesedominantindividualsalsomatejustbeforekilling. The

offspring(normally)appearbeyondtheindividualbeingkilled, away from thekiller’spath.

* * * FIGURE 8 ABOUT HERE * * *

8.3 Naturally arising coevolution

Becauseof thesuccessof thisfirst dominantspecies(especiallytheirsuccessatkilling other

organisms),the world alwayshasenoughspacefor otherorganismsto exist. Suchother

organismstendnot to lastlong;almostany movementwill bring theminto contactwith one

of thedominantorganisms,helpingthatspeciesin its reproductionasmuchasthemselves.

However, they canmake someprogress. Individualshave emerged that aresuccessfulat

turningto facemembersof thedominantspeciesandholdingtheir directionwhile trying to

kill andreproduce.An exampleof sucha “rebel” (from thesamerun asfigure7) is shown

in figure 8. Note that most rebelshave many morenodesand links; this onewaspicked

for its clarity. Themainpointsto notefrom this figurearethenetwork inputs iL000 (left

000 ) andiR00 (right 00) whichmatchtheverynon-actionoutputcharactersthatmembers

of the dominantspeciesuseto supporteachother’s activations(o000 [x2], o00 ). The

network outputsareo100 (fight), o01 (reproduce)ando110 (turn clockwise).By turning

clockwise,a rebelwill turn towardsits enemyfastestwhentheenemyis to its right, which
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is wheremostof the rebel’s input is taken from (via the input iR ), andhencethesideit is

bestat respondingto. Most rebelshavemorecomplicatednetworks,whichareverydifficult

to comprehend.Indeed,many of thesehave provedunassailablydifficult to understandin

detail.

8.4 Ongoingcoevolution

Figures9 and10show runningaveragesof thenumberof organismsreproducingandkilling,

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.

Thesefiguressuggestthat further speciesemerge, indicatingongoingevolutionaryemer-

gence.However, organismshave proveddifficult to analysebeyondtheabove, evenat the

behavioural level. All thatcancurrentlybesaidis thatthey sharecharacteristicsof thepre-

viousspeciesbut aredifferent.

* * * FIGURE 9 ABOUT HERE * * *

* * * FIGURE 10 ABOUT HERE * * *

While it wasexpectedthat inhibitory links would play an importantrole, evolution in Geb

hassofar resultedin individualswith very few. This is despitetheapparentlyhigh potential

for inhibitory links in thedevelopmentalsystem.

9 Conclusions

Theemergenceof increasinglycomplex advantageousbehavioursrequirestheperpetuation

of evolutionaryemergence.While computationalemergencecanarisevia artificial selection,
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evolutionaryemergencerequiresnaturalselection(by our definitions).Thelogical progres-

sionor aim is theperpetuationof evolutionaryemergencevia naturallyarisingcoevolution.

However, this requireslong-termincrementalevolution and so what we evolve and how

weevolveit mustbechosenaccordingly. Theinitial groundwork on“how” hasalreadybeen

coveredby SAGA theory– byusinglow enoughmutationratesthatthepopulationevolvesas

nearly-convergedspecies,with crossover assimilatingbeneficialmutationsinto thespecies.

As for what classof entitiesto (attemptto) evolve, computerprograminstructionsaretoo

brittle. Eventheuseof templatematchingcannotovercomethatfact.Neuralnetworksarea

clearchoicebecauseof theirgracefuldegradation.

Naturalselectionresearchshouldbe leadingthe way, throughthe evolution of neuralcon-

trollerswithin virtual environments,towardstheemergenceof increasinglycomplex advan-

tageousbehaviours.Thework presentedin thispaperhasstarteddown thatroute,with some

success.In work involving purenaturalselection,the organisms’developmentaland in-

teractionsystemsareanalogousto thefitnessfunctionsof conventionalgeneticalgorithms.

While the generalaim involvesmoving away from suchcomparisons,the analogyis use-

ful for recognisinghow theepistasis(lackof correlation)of fitnesslandscapeissuetransfers

across.Certainontogenetic(developmental)andinteractionsystemscanresultin individuals

with similar genotypesbut very differentphenotypes.Geborganismssatisfythis criterion,

becauseoffspringresembletheir parents(but arenot identical).Geb’s resultsprove it to be

suitedto long-termincrementalartificial evolution. This aloneis a significantresult for a

modulardevelopmentalsystem.The behaviours identifiedareencouragingtoo, for the in-

creasesin complexity wereclearlyadvantageousandin waysnot specifiedby thedesign–

evolutionaryemergence.

Gebprovidessomeusefullessonsfor thedevelopmentof thefield towardstheperpetuation

of suchemergence.First thetransparency of behaviourshassurfacedasanimportantissue.

Neuralnetworks and other suchhighly distributedcontrollerscan be suitedto long-term
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evolution, but analysisof evolved networks soonbecomesinfeasibleas their complexity

increases.This wasa lesssignificantproblemin the evolution of programcode. The rec-

ommendationis, therefore,that future systemsshouldbe developedsuchthat behavioural

descriptionsareaseasyto generateaspossible,probablyby constructingthesystemssuch

thatbehaviourswill betransparentto humanobservers.

Another lessonlearnedconcernsthe specificationof lowest-level actions. Gebgenerated

the importantnew resultof evolutionaryemergentadvantageousbehaviours from a system

suitedto long-termincrementalevolution. However, alternatives in which the evolvable

embodimentof an organismgivesrise to its actionswill be necessaryfor the open-ended

evolution of availableactions.This couldprovide for a far greaterrangeof behaviours,no

longerrestrictedto sequencesof predefinedactions.

Futurework on thecurrentsystemincludestestingthesensitivity of resultsto variationsin

parameterssuchasgrid size,maximumpopulationsize(numberof grid squares),mutation

rateandlevel of noisein thenetworks.However, althoughimprovementsmaybepossibleby

tuningparameters,greateradvanceswill probablybeproducedby heedingtheabovelessons.

This work holdsinterestnot just for thosewithin the artificial evolution field, but for any-

one interestedin the generationof systemswhich outperformtheir designspecifications

(cf. Descartes’Dictum). For thereis probablynoprocessotherthannaturalselectionthatis

capableof producingtheopen-endedemergenceof increasinglycomplex systems.
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GAs for function Natural Evolution
    optimisation

Example: if one of two species which share resources improves
sufficiently, the other either improves or becomes extinct

     fitness        proportion
   of population

   time time

      NOT GOOD    GOOD FOR EMERGENCE

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

Figure1: Thedifferencebetweenartificial andnaturalselection.
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Figure2: Theexperimentalworld (Geb).
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Parent 1 genotype: 1 0 0 0 0 1 0 0 0 0 0 1 0 1 0 0 1 1 1
^ -- cut point in parent 1

Parent 2 genotype: 1 0 1 1 0 0 1 1 1 1 0 0 0 1 0 0 0 1
^ -- cut point in parent 2

--------------- -- --- -- -- -- -- --- -- -- -- -- --- -- -- -- -- --- -- -- -- -
Child genotype: 1 1 0 0 0 1 1 1 1 0 0 0 1 0 0 0 1

^ -- mutation point

Figure4: Exampleof crossover andmutation.
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Rule1: <0>->011*1101*010001
Rule2: <00>->101**011100
Rule3: <011>->*0110*001100
Rule4: <1101>->110*1010*011001

S *Snr * 1b 2b 3b 4b b b65<P>->
Rule format:

reproduce)output:(

age = 0
(axiom network)

reproduction
input from left:( )
iL01

001

000

01

o01
reproduce)output:(

(input from right:
reproduction )

output: turn
clockwise( )
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iR01
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o1101o011
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Rule2

Rule2

Rules3,4

( )output: turn
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Figure5: Exampleneuralnetwork development.
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Genotype: 1 1 1 0 1 1 0 0 1 0 1 1 1 0 0 0 0 0
Rules: i) <>-> 1 * 0 * 0 1 1 1 0 0

ii) < 1>-> 0 * 1 * 1 0 0 0 0 0
Format: < P >-> Sr * Sn * link bits

Figure6: Examplerulegeneration.
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Figure7: A dominantorganism’s neuralnetwork.



53

Figure8: A rebelorganism’s neuralnetwork.
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T1111 a=address(T111 0) +1 ; b=address(T1111 ) ; c=a-b
T1101 allocate memory for child, length c =>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
a++ ; b++ ; jump to T1010

T1011 pop c,b,a off stack ; return

copy loop

T1110

Algorithm 1: Pseudocodefor Tierra’s initial, manually-designedprogram.
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Initialisation

Everysquarein theworld hasanindividual with asingle-bitgenotype0 borninto it.

Main Loop

In eachtime step(loop), every individual alive at the startof the cycle is processedonce. The
orderin which theindividualsareprocessedis otherwiserandom.

Thestepsinvolvedfor eachindividualare:

1. Network inputsareupdated.Seesection7.2.

2. Development– aniterationof theontogenesismechanism.Seesection7.3.

3. All neuralactivations,includingnetwork outputs,areupdated.Seesection7.1.

4. Actionsassociatedwith certainnetwork outputsarecarriedout accordingto thoseoutputs.
Theseactionsarereproduce,fight, turn anti-clockwise,turn clockwise,andmove forward.
Seesection7.2.

Algorithm 2: Geb’s mainalgorithm.


