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Abstract

This chapteraddressesthenatureof open-endedevolutionaryprocesses,andtherelated,but moresubtle,issueof how
fundamentalnovelty (i.e. creativity) canarisein suchprocesses.A numberof existing artificial evolutionarysystems,
suchasTierra(Ray,1991),areanalysedin this context, but it is foundthat thetheoreticalgroundinguponwhich they
arebaseddoesnot usuallyconsiderall of therelevant issuesfor creative evolution. Theimportanceof consideringthe
designof theenvironment,andof interactionsbetweenindividuals,aswell asthedesignof theindividualsthemselves,
is emphasised.Thepropertiesof ahypothetical‘proto-DNA’ structure—asuitableseedfor anopen-ended,andcreative,
evolutionaryprocess—arediscussed.A numberof openquestionsrelatingto theseissuesarehighlightedasusefulareas
of futureresearch.Finally, a paradigmfor anevolutionaryprocessdescribedby Waddington(1969)is described.It is
suggestedthatthismight representasuitablestartingplacefor amoreunifiedandproductiveexplorationof theseissues
usingsynthetic(artificial life) modellingtechniques.

1 Intr oduction

This chapteraddressesthe question:What arethe basic
designconsiderationsfor creatinganartificial evolution-
ary systemthat displaysthe sort of creativity observed
in biological evolution? I am thereforespecificallycon-
sideringevolutionarysystemswhich possessan inherent
ability to becreative,ratherthanthosein whichcreativity
is achievedby interactionswith a humanobserver. I start
by discussingwhat I meanby creativity in this context,
andhow it relatesto open-endedevolution. I thendiscuss
variousissuesconcerningthe designof artificial evolu-
tionarysystemsandtheir capacityfor creative evolution.
Thediscussionemphasisesthatit is necessaryto consider
not just thedesignof individuals,but alsothesortof en-
vironmentsin which they live, andhow individualscan
interactwith eachotherandwith the physical(i.e. abi-
otic) environment. Much of this discussionis presented
in relationto a hypotheticalstructure(which I refer to as
‘proto-DNA’) that would be suitablefor acting as a ro-
bust initial seedfor anopen-ended,creative evolutionary
process.I goon to discusshow theseissuesshouldbein-
tegratedinto a unifying framework in which thestudyof
creativeartificial evolutionarysystemscanbedeveloped.

2 Creativity and Open-EndedEvol-
ution

Most formsof artificial evolutionarysystemaredesigned
to be usedasoptimisationtools; thecourseof evolution

is guidedby anextrinsically definedfitnessfunctionthat
preferentiallyselectsindividuals that are deemedto be
‘fit’ accordingto somespecificcriterion. Examplesin-
clude geneticalgorithms(Holland, 1975), geneticpro-
gramming(Koza,1992),andsimilar techniques.In this
typeof system,theevolving individualsmove towardsa
predefined,andusuallystatic,fitnesspeak,andwhenthis
peakhasbeenreached,they generallystaythere.

In contrast,someotherevolutionarysystemshave a
lessdeterminatefeel. Theseincludemodelsof co-evol-
utionaryprocessesof oneform or another, wherethesuc-
cessof organismsin one populationdependsupon the
successof organismsin another, coevolving population.
Examplesof this typeof work includesystemsdescribed
by Hillis (1990), Sims (1994), Miller and Cliff (1994),
andFloreanoetal. (1998).Hillis, for example,coevolved
a populationof algorithmsfor sorting lists of numbers,
togetherwith apopulationof listswhichwereusedto test
thealgorithms.Theideawasthatthealgorithmswerere-
wardedfor correctlysortingthetestlists,whereasthetest
listswererewardedfor baffling thealgorithms.Therefore
asthealgorithmsevolvedtobetterdealwith thetestcases,
so the testcasesevolved to presentharderchallengesto
the algorithms. Onepopulationspurredon the other to
higherfitness,andthealgorithmsobtainedby thismethod
wereindeedconsistentlybetterandfasterthanthoseob-
tainedusingafixedsetof testcases.

However, thesecoevolutionarystudiesaregearedto-
wardsproducingorganismswhich aregoodat perform-
ing a particulartask. To this end,the coevolving organ-
ismsarestill generallycompetingin somepre-specified



(extrinsically defined)game,and they arenot given the
potentialfor developingentirelynew gamesto play.

Anothergroupof modelshasmovedevenfurtherfrom
theideaof extrinsicallydefinedfitnessfunctions,dispens-
ing altogetherwith thenotionof modellingevolution to-
wardsany sortof high-levelgoal.Examplesincludemod-
elsby Barricelli (1957),ConradandPattee(1970),Pack-
ard (1988), Ray (1991), Adami and Brown (1994) and
Holland(1995).In thesesystems,individualsarecompet-
ing for oneor morelimited resourceswhich they require
in orderto survive andpropagate(e.g.memoryor CPU-
time). The fact that theseresourcesare limited induces
natural(intrinsic) selectionfor thoseindividualsthatout-
competetheirneighbours.Thesesystemshavemoreof an
open-endednature,becausetheindividualsarenotevolving
towardsany predefinedhigh-levelgoal;they arebeingse-
lectedfor their ability to win the limited resources,but
this ability is measuredrelative to (someor all of) the
otherindividualsin thepopulation. Hence,anindividual’s
‘fitness’changesasnew individualsarebornandexisting
onesdie. As thebiotic environmentof anindividual (i.e.
the otherindividualsin thepopulation)changes,that in-
dividual (or its offspring)mustadaptin orderto survive.
This adaptation,in turn, causesthe environmentexperi-
encedby otherorganismsto change,sothepopulationis
in a constantstateof flux. This scenariois equivalentto
Van Valen(1973)’s RedQueenhypothesisfor indefinite
evolutionarychangein biologicalecosystems.

For promotingopen-endedevolution, the importance
of individualsbeingpartof theenvironmentexperienced
by other individualshasalsobeenemphasisedby some
membersof theartificial life community, e.g.Ray(1991),
Arthur (1994)andBedau(1998). However, the theoret-
ical considerationsdriving the designof the above sys-
temshave focussedalmostexclusively on propertiesof
individuals(e.g.the self-reproductionprocess).Little is
said,from a theoreticalpoint of view, of how the envir-
onmentshouldbe constructed(including how individu-
alsform partof theenvironmentfor otherindividuals),or
how individualsshouldbeallowedto interact.

Someof theselattersystemscanberegardedasmod-
elling ‘open-endedevolution’, in the sensethat new, ad-
aptively successfulindividualscontinuouslyappearin the
populations—evolutionary activity doesnot peter out.1

However, the kindsof evolutionaryinnovation observed
in thesesystemsaregenerallyfairly restricted. For ex-
ample,the evolutionary innovationsobserved in experi-
mentswith TomRay’sTierraplatform(describedin more
detail in Section3.2)fall into two broadcategories:‘eco-
logicalsolutions’and‘optimisations’(Ray,1997),but the
limited interactionsbetweenindividualsin Tierrarestricts
the rangeof possibleinnovationseven within thesecat-
egories. Much hasbeensaid of the evolution of para-
sites2 and relatedecologicalphenomenain Tierra (e.g.

1Althoughevenin thesesystemsit is debatablewhetherthiscancon-
tinueindefinitely.

2That is, short programswhich are unableto reproduceby them-

Ray,1991),but the fact that they appearis dueto some
fairly specificaspectsof the system’s designandof the
particularwayin whichtheancestralself-reproducingpro-
gramswerewritten; thesephenomenaemergedonly be-
causeit wasveryeasyfor evolutionto discoverthem(see,
e.g.,Taylor,1999).In short,it ishardtoescapethefeeling
thatmostof thesesystemsareonly capableof producing
innovationsof the ‘more-of-the-same’variety (e.g.more
optimisedcode),ratherthananythingfundamentallynew.

It is hardto be preciseaboutwhat countsas‘funda-
mentallynew’, but I am referring to the ability of indi-
viduals to interactwith their (biotic and abiotic) envir-
onmentwith few restrictions,andto evolve mechanisms
for sensingnew aspectsof thisenvironmentandfor inter-
actingwith it in new ways. This includesthe ability of
individualsto utilisenew physicalmodalities(e.g.sound,
light, electricalconductance)which they previously did
notuse,to developnew functionalrelationshipswith their
environment(e.g.theability to fly) andalsofor thevery
notion of individuality to changein radical ways (e.g.
theevolution of multicellularorganismsfrom unicellular
ones).It is thesesortsof evolutionaryinnovationswhich
I am labelling ‘creative’. Creativity is thereforedistinct
from open-endedness;a systemcapableof open-ended
evolution is not necessarilycreative. Biological evolu-
tion hasmanagedall of thesefeats,sothequestionis how
to instill similarcapacitiesinto artificial evolutionarysys-
tems.

In the following sectionsI analysethe designof ar-
tificial evolutionarysystems(specifically, thosewith in-
trinsic selection)with respectto open-endedevolution. I
alsoconsiderhow thecapacityfor creativeevolution can
besecured.Theanalysisemphasisestheneedfor theex-
plicit considerationof environmentsandof interactionsas
well asof individuals.

3 DesignIssues

I begin this sectionby introducingvon Neumann’s work
on the logic of self-reproduction.Next I discussRay’s
Tierra model in a bit more detail. I then analyseself-
reproductionin a numberof artificial evolutionary sys-
temsin termsof von Neumann’s proposedarchitecture.
Finally, in Sections3.4 to 3.6, I discussissuesrelatingto
phenotypicproperties,andtherelationshipbetweenindi-
vidualsandtheenvironmentin artificial systems.

3.1 Von Neumann’s Ar chitecture for Self-
Reproduction

In the late 1940sand early 1950s,Johnvon Neumann
devotedconsiderabletime to the questionof how com-
plicatedmachinescould evolve from simplemachines.3

selves,but dosoby readingcodefrom neighbouringprograms.
3Von Neumannhaddifficulties in definingpreciselywhat the term

‘complicated’meant.Hesaid“I amnotthinkingabouthow involvedthe



Specifically, he wishedto develop a formal description
of a systemthatcouldsupportself-reproducingmachines
which wererobust in thesensethat they couldwithstand
sometypesof mutationand passthesemutationson to
their offspring. Suchmachinescould thereforeparticip-
atein a processof evolution.

Inspiredby Turing (1936)’searlierwork on universal
computingmachines,von Neumanndevisedanarchitec-
turewhich could fulfil theserequirements.Themachine
heenvisagedwascomposedof threesubcomponents(von
Neumann,1966):

1. A generalconstructivemachine,
�

, which could
reada description ��� ��� of anothermachine, � ,
andbuild aninstanceof � from thisdescription:

��� �	� ���	
�� (1)

(where
�

indicatesa singlemachinecomposedof
the componentsto the left and right suitably ar-
ranged,and
 indicatesaprocessof construction.)

2. A generalcopyingautomaton,� , whichcouldcopy
theinstructiontape:

� � ��� ���	
��	� ��� (2)

3. A control automaton,
 , which, when combined
with

�
and � , wouldfirst activate � , then

�
, then

link � to �	� ��� andcut themloosefrom � ��� � �

�� :

��� � � 
 � �	� ���	
�� � ��� ��� (3)

Now, if we choose� to be � ��� � � 
�� , then the
endresultis:

��� � � 
 � �	� ��� � � 
���
��� � � 
 � �	� ��� � � 
�� (4)

This complete machine plus tape, � ��� � � 
 �
��� ��� � � 
�� � , is thereforeself-reproducing.Fromthe
point of view of the evolvability of this architecture,the
crucial featureis that we can add the descriptionof an
arbitraryadditionalautomaton� to the input tape. This
givesus:

��� � � 
 � ��� ��� � � 
 � ���	
��� � � 
 � � � �	� ��� � � 
 � ��� (5)

Furthermore,noticethat if the input tape �	� ��� � �

 � ��� is mutatedin sucha way that thedescriptionof
automaton� is changed,but that of

�
, � and 
 are

unaffected—thatis, themutatedtapeis �	� ��� � � 
 �
��� � —thentheresultof theconstructionwill be:

��� � � 
 � � � ��� ��� � � 
 � �����	� � � � � � �
��� � � 
 � � � � �	� ��� � � 
 � � � � (6)

object is, but how involved its purposive operationsare. In this sense,
anobjectis of thehighestdegreeof complexity if it candoverydifficult
andinvolvedthings.” vonNeumann(1966).

Thereproductivecapabilityof thearchitectureis there-
fore robust to somemutations(specifically, thosemuta-
tionswhich only affect thedescriptionof � ), so thema-
chinesareableto evolve. Von Neumannpointedout that
theactionof thegeneralcopying automaton,� , wasthe
decisive stepwhich gave his architecturethecapacityfor
evolving machinesof increasedcomplexity, because� is
able to copy the descriptionof any machine,no matter
how complicated(vonNeumann,1966,p.121).Thisabil-
ity is clearlydemonstratedin Reaction5 above.

The original implementationenvisagedby von Neu-
mann was a constructive system,which Burks has re-
ferredto bothasthe‘robot model’ andasthe‘kinematic
model’ (AsprayandBurks,1987,p.374). However, von
Neumanndecidedthatthesystemwastoocomplicatedto
capturein asetof rulesthatwerebothsimpleandenlight-
ening,sohe turnedhis attentionto developingthecellu-
lar automata(CA) framework with Stanislaw Ulam. Von
Neumanndescribedthe detaileddesignof a self-repro-
ducingmachinein a cellular automataspace,according
to the architecturedescribedabove.4 In this CA model,
eachof the basiccomponentsof von Neumann’s archi-
tecture,

��� � � 
 and � , were representedas particular
configurationsof cell stateswithin atwo-dimensionallat-
tice of cells, andthe actionof the cells wasdefined(as
in all CA models)by the particulartransitionfunctions
usedto determinehow a cell’s statechangedover time.
Recently, a slightly modified and simplified versionof
this designwassuccessfullyimplementedon a computer
(Pesavento, 1995). One of the major achievementsof
von Neumann’s work wasto clarify the logical relation-
ship betweendescription(the instructiontape,or geno-
type),andconstruction(theexecutionof the instructions
to eventually build a new individual, or phenotype)in
self-replicatingsystems.However, asalreadymentioned
andasemphasisedrecentlybyMcMullin (1992),hiswork
wasalwayswithin thecontext of self-replicatingsystems
whichwouldalsopossessgreatevolutionarypotential.

3.2 Tierra

An artificial evolutionarysystemof a somewhatdifferent
designto von Neumann’s that hasreceived a greatdeal
of attentionin thelastdecadeis Tom Ray’s Tierramodel
(Ray, 1991)—mentionedin Section2. Tierra is an im-
plementationof a virtual parallelcomputerthatcansim-
ulatetheconcurrentexecutionof many hundredsof pro-
grams.Theprogramsarewritten in a speciallydesigned
languagethatis bothrobustandsimple.Programswritten

4Thegeneralconstructive machine of thisdesignis oftenreferred
to asa ‘universalconstructor’.However, this termshouldbeusedwith
caution;from theabove descriptionof thearchitectureit is clearthat  
canbuild any machine! thatcanbedescribedupona tape " # !%$ . For
cellularautomatonmodelsit canbeproved that therearesomeconfig-
urationsthat the universalconstructorcannotbuild (e.g.Moore,1962;
Myhill, 1963).Thesearereferredto as‘Gardenof Eden’configurations,
astheonly waythey mayexist is if they areprogrammedin astheinitial
stateof thespaceat timezero.



in this languagecanbemutated(i.e. randomchangescan
bemadeto them)withoutcausingthecomputerto crash.

An evolutionaryruncommenceswith theintroduction
of anancestorprograminto theotherwiseemptymemory.
Theancestoris a hand-writtenself-replicatorwhich pro-
ducesanothercopy of itself in the computer’s memory
whenit is run. At eachiterationof thesystem,eachpro-
gramin the computer’s memoryis allowed to executea
certainnumberof instructions.A smallelementof stochastic
behaviour is associatedwith theexecutionof themachine
instructions,e.g.anadd instructionwhich usuallyadds
oneto its operandmayoccasionallyaddzeroor two in-
stead,oracopy instructionmaysometimesmutateabyte
of thedatait is copying. Theprogramsarealsosubjectto
point randommutationsat a given low rate. In eitherof
theseways,asa run proceedsvariationsof the ancestor
programbegin to appear. If a variationretainstheability
to producea copy of itself, then it too may be retained
in the populationof programsover a numberof genera-
tions. As the availablememorybegins to fill, a ‘reaper’
operationis performedto kill off a numberof the pro-
grams.Programswhich performoperationswhich cause
their flag to beset5 arekilled off quicker thanothers(by
beingadvancedup the‘reaperqueue’),but otherwisethe
orderin which programsarekilled off is largely determ-
inedby theirage.

As mentionedin Section2, a numberof interesting
resultshave beenobtainedfrom suchevolutionaryruns.
For example,‘parasites’have appeared—shortpiecesof
codewhich run anotherprogram’s copying procedurein
order to copy themselves. Hyper-parasites(parasitesof
parasites)have alsobeenobserved,alongwith a number
of otherinterestingecologicalphenomena(Ray,1991).

AlthoughTierrawasdesignedto studyevolution,and
in particular(originally, at least)the evolution of multi-
cellularorganismsfrom unicellularones,it wasnot built
aroundany particulartheoryof what the importantfea-
turesof this transitionmight have been.Therearethere-
fore no coherenttheoreticalreasonsfor decidingwhich
featuresshouldbe modelled,and which shouldbe left
out. This weaknessis not specificto Tierra,but is shared
by most,if not all, of theotherTierra-likesystemswhich
haveemergedoverthelastdecade(e.g.AdamiandBrown,
1994;Taylor,1997).

In describingthephilosophybehindtheTierrasystem,
Rayexplainsthat:

“. . . ratherthanattemptingtocreatepreb-
iotic conditionsfrom whichlife mayemerge,
this approachinvolvesengineeringover the
earlyhistoryof life todesigncomplex evolvable
organisms,andthenattemptingtocreatecon-
ditions that will setoff a spontaneousevol-
utionaryprocessof increasingdiversity and
complexity of organisms”(Ray,1991,p.373).

5Examplesincludeissuingajmp instructionwith a templatepattern
for which no matchcanbefound,andattemptingto write to a memory
addressfor which theprogramdoesnothave write access.

However, in orderto ‘engineerover’ severalbillion years
of evolution,we would needto have a very goodideaof
thedesignandbehaviour of theresultingorganisms,and
anunderstandingof why they hadevolvedin sucha way
(in orderto know whichaspectsof theirdesignandbeha-
viour werethemostimportantfor us to model).6 Unfor-
tunatelywe do not possesssuchdetailsof theorganisms
whichexistedat thisstageof evolutiononEarth.

I amcertainlynot thefirst personto criticiseartificial
life modelson thesegrounds.For example,HowardPat-
teewarnsthat “simulationsthataredependenton adhoc
andspecial-purposerulesandconstraintsfor their mim-
icry cannotbe usedto supporttheoriesof life” (Pattee,
1988,p.68).

To be fair, Ray doesoffer a definition of life in his
work with Tierra. He says“I would considera system
to be living if it is self-replicating,andcapableof open-
endedevolution” (Ray,1991,p.372). However, determ-
ining necessaryandsufficient conditionsfor a systemto
be capableof open-endedevolution is half of the prob-
lem, andRay’s definition tells us nothingabouthow we
shouldgo aboutbuilding sucha system.This beingthe
case,thedefinitiondoesnot provideanadequatetheoret-
ical groundingfor Tierraandsimilarmodels.

A weaknessof Ray’s definitionof life for ourpresent
purposesis that it doesnot definewhatsortsof environ-
mentsmight supportlife, or thesortsof ecologicalinter-
actionswhich shouldbe available. Now, it is often ar-
guedthatecologicalprocessesmayplayaprimaryrole in
promotingevolutionaryactivity andthe evolutionaryin-
creaseof complexity of someorganisms;for anoverview,
see(Taylor, 1999,Section2.3.1). Furthermore,someof
themostspectacularexamplesof artificial evolution rely
uponcoevolutionary interactionsbetweenorganisms,as
mentionedin Section2. This suggeststhat we should
think morecarefullyaboutsuchissues,ratherthantreat-
ing themin theratheradhocwaythathasoftenbeenused
in thepast.Thispointhasbeenmadeby Pattee,whosays:

“. . . life musthave arisenandevolvedin
anonlivingmilieu. In reallife wecall thisthe
realphysicalworld. If artificial life exists in
a computer, thecomputermilieu mustdefine
an artificial physics. . . What is an artificial
physicsor physics-as-it-could-be?Without
principledrestrictionsthis questionwill not
inform philosophyor physics,andwill only
leadto disputesovernothingmorethanmat-
ters of tastein computationalarchitectures
andsciencefiction.” (Pattee,1995a,p.29).

Theadhocfeel of Tierra-likesystemsis a directcon-
sequenceof this lack of theoreticalgrounding. The un-
manageableparameterspaceof many of themcanalsobe
attributed to this lack of direction. As a resultof these
weaknesses,even if interestingbehaviours areobserved

6Rayhimselfrecognisesthesedifficulties,but is moreoptimisticthat
they canbeovercome(Ray,1991,p.399).



in thesesystems,weareunlikely to beableto adequately
explain them in any generalsensewithout further sub-
stantialtheorizingandexperimentation.It maybe thata
modelof self-replicationandopen-endedevolution is ne-
cessarilysomewhat complex, but, even if this is so, the
theoreticalframework uponwhich it is built shouldpre-
scribetheimplementationaldetailsasmuchasis practic-
ally possible.

3.3 Implicit versusExplicit Encoding

Tierra, aswell asmany of the otherartificial evolution-
ary systemsmentionedin Section2, canbe analysedin
terms of von Neumann’s work. In this sectionI ana-
lyseTierrain termsof thevariouscomponents(e.g. &�' ( )
of his architecture.Specifically, I considerthe extent to
which thesecomponentsare explicitly encodedon the
evolving individualsthemselves,ratherthanbeingimpli-
citly encodedin the‘laws of physics’of theenvironment
in which they exist (i.e. theoperatingsystemof theplat-
form). Now, aswe areinterestedin the evolution of the
self-reproducingindividualsin thesesystems,andasthe
inheritableinformation of eachindividual (i.e. the part
which getspassedon from parentto offspring) is con-
tained on the tape ( in von Neumann’s architecture,I
will assumethat the tapemustbe explicitly represented
in somefashion,otherwisetherewouldbenothingwhich
could evolve. We cannow askwhich parts of the ) &�*+ *-,.*0/21 architectureare explicitly encodedon the
tape( . Of course,eventhebehaviourof thosepartswhich
arerepresentedonthetapewill still to someextentbeen-
codedin the ‘laws of physics’of the environment,but I
think theanalysisis neverthelessworthwhile.

In thecaseof vonNeumann’senvisagedimplementa-
tion of self-reproducingcellularautomata,it is clearthat
all four subcomponents(i.e. & ,

+
, , and / ) arevery

explicitly encodedon the tape (�3 &�* + *-,.*0/�4 ; the
environmentin which theautomatonexistsimplicitly en-
codesonly very low-level actionsin theform of thelocal
transitionrulesof individualcells.

I wouldsuggestthatthereproducingprogramsin Tierra
andsimilarsystemscanalsosensiblybeanalysedin terms
of von Neumann’s architecture.BeforeI begin, I would
like to makeacoupleof generalpoints,whichmighthelp
to reorient the readerto my perspective. Firstly, I be-
lieve that the notion of a phenotypefundamentallyin-
volves interactionwith the environment(andthat this is
theessentialdistinctionbetweenthenotionsof phenotype
andgenotype—thelatterbeinganinformationalconcept).
WhenI talk aboutphenotypesin thefollowing, therefore,
andspecificallywhenI talk abouttheautomata& ,

+
, ,

and / , I aminterestedin therole thesephenotypicstruc-
turesplay—theirfunction—ratherthanthedetailsof im-
plementationorof how thatfunctionisachieved.Secondly,
notethattheterminologycommonlyusedto describere-
producersin Tierra-like systemsis somewhatdifferentto
thatusedfor vonNeumann’swork. Becauseof thesimil-

arity betweenTierra-like operatingsystemsandthoseof
standarddigital computers,the actionsof Tierranrepro-
ducersareoften referredto ascomputationsratherthan
constructions,evenwhenareproduceris in theprocessof
building a new copy of itself. However, this processof
reproductionis, of course,centralto theTierraapproach,
andI believe that this procedureof building a copy of a
programin a differentpart of memoryis, in all the rel-
evant details,a processof constructionin just the same
way asconstructionprocessesin von Neumann’s cellu-
lar automatamodel.In thefollowing, alsorememberthat
von Neumann’s generalconstructingautomaton& is the
machinerywhich interpretsthetapeto produceanew ma-
chine(phenotype),andthegeneralcopying automaton

+
copiesthetapeuninterpreted.

At first sight it might seemthat thereis no separate
geneticdescriptionof the programin a Tierra-like sys-
tem. Thepictureis complicatedby the fact that thema-
chinerywhich interpretstheprogram(i.e. automaton& )
doesnot residein thesamepartof thecomputerin which
theprogramitself is stored.Thestateinformationfor this
machinery—aprogram’s ‘virtual CPU’ (i.e. the instruc-
tion pointer, stacks,registers,etc.)—isgenerallyrepres-
entedin anindependentareaof memoryto theprogram’s
instructions. Furthermore,the actual ‘interpreting ma-
chinery’of thevirtual CPUis encodedin theglobaloper-
atingsystemprovidedby theplatform,andis in thissense
implicit in theprogram’s environment. Additionally, the
control automaton, , which controlswhen the instruc-
tions in the programget executed,is alsoimplicit in the
part of the operatingsystemwhich governsmechanisms
suchas how a program’s instructionpointer is updated
after theexecutionof eachinstruction. All that is left to
be explicitly encodedby the program,therefore,is the
copying automaton

+
, andpotentiallyany otherarbitrary

automaton/ .
Now, theinstructionswhichmakeuptheprogramex-

ist in an unreactive statein the system’s random-access
memory. It is only whenthecontrolautomaton, trans-
fersinstructionsto theinterpretingautomaton& thatthey
become‘active’. Lookedat in thisway, wecanseethatit
is thebehaviourof theprogram(includinglooping,jump-
ing, etc.) that is the result of automaton& interpret-
ing theunreactive geneticdescription.This behaviour is
thereforetheequivalentto the constructedmachine(and
theactionsit performs—i.e.,thephenotype)in von Neu-
mann’s design,andthe string of instructionsresidingin
therandom-accessmemory(whichis normallyreferredto
asthe program)is the tapeor geneticdescriptionof this
phenotype. It is perhapseasierto seethe distinction if
oneconsidersaparallelprogram,with multipleprocesses
(with differentstateinformation)usingthesameprogram
listing.

I thereforesuggestthata self-reproducingprogramin
aTierra-likesystemis consistentwith vonNeumann’sar-
chitecture. However, as automata& and , are largely
implicit in theenvironmentin which theprogramsreside



(the only explicit representationbeing the stateinform-
ation in a program’s virtual CPU),andarecertainlynot
encodedby the individual programs,we can seethat a
‘program’, in the senseof a string of instructionsin the
system’s random-accessmemory, correspondsto thetape5�6 7980:�;

in vonNeumann’sscheme.
It is interestingto speculateon what informationwe

mightdesireto beexplicitly encodedonastructurewhich
wouldbesuitablefor actingasa robustinitial seedfor an
open-ended,andpossiblycreative, evolutionaryprocess.
I will refer to sucha structureas‘proto-DNA’. Now, we
would like our proto-DNA to bean indefinitehereditary
replicatorif it is to be sucha seed(MaynardSmith and
Szathḿary,1995).In otherwords,it shouldbeableto ex-
ist in anunlimitednumberof configurationswhich retain
theability to reproduce.If thecopying processis encoded
onthetapeitself, thenmutationshavethepotentialto dis-
rupt its ability to bereproduced.It would thereforeseem
desirablethatthecopyingautomaton

7
of ourproto-DNA

be largely implicitly encodedin the environment. Note
that this would not necessarilyprevent a morecomplic-
ated,andpossiblymorereliable,explicit copying process7�<

laterevolving from (but still basedupon)thesimpler
implicit process,asindeedseemsto have happeneddur-
ing biologicalevolution.

If thecopying procedurefor our proto-DNA is impli-
citly encodedin theenvironment,however, any configur-
ation of proto-DNA would, all elsebeingequal,be able
to reproduceaswell asany other. In otherwords,there
would beno basisfor preferentiallyselectingsomecon-
figurationsoverothers,andthereforenobasisfor anevol-
utionaryprocess.Specificconfigurationsof proto-DNA
mustthereforehave somespecificpropertiesthatarese-
lectively significant. Models of the origin of life com-
monly presumethat thesesimple phenotypicproperties
were thingssuchas increasedstability of the molecule,
simplecontrolof thelocalenvironment,catalyticactivity,
etc. (e.g.EigenandSchuster,1977;Cairns-Smith,1985;
SzathḿaryandDemeter, 1987).

At the initial stagesof anevolutionaryprocess,how-
ever, we would not expect there to be mechanismsfor
explicitly decodingthe proto-DNA; in other words, the
interpretationmachinery= is implicit.7 This meansthat
particularconfigurationsof proto-DNA shouldhavesome
specificphenotypicproperties(suchasthe ability to act
ascatalysts)which canbedetermineddirectly from their
structureratherthanhaving to beexplicitly decodedfrom
thegenotype.We could thereforeregardtheproto-DNA
as merely

5�6 :�;
, meaningthat particularconfigurations

have particularphenotypesassociatedwith them,which
are(a) not relatedto theprocessof self-reproductionper
se, and (b) do not require to be decodedby an expli-
cit interpretationautomaton= . Regardingthe kinds of

7We could,of course,‘hard-wire’ explicit interpretationmachinery
into the system(as in the programminglanguageprovided in Tierra),
but to do so would inevitably imposerestrictionson the evolutionary
possibilitiesavailable.

simplephenotypesthatwe might wish to beavailableto
our proto-DNA, somepossibilitiesaresuggestedby the
origin-of-life modelsmentionedpreviously, but in gen-
eral theoptionsseemendless.GrahamCairns-Smithob-
serves:

“It is almosttooeasyto imaginepossible
usesfor phenotypestructures—becausethe
specificationfor aneffectivephenotypeis so
sloppy. A phenotypehasto make life easier
or lessdangerousfor thegenesthat(in part)
broughtit into existence.Thereareno rules
laid down as to how this shouldbe done.”
(Cairns-Smith,1985,p.106).

Proto-DNA with inherentphenotypicpropertiescanthere-
fore serve asa suitablestartingpoint for an open-ended
evolutionaryprocess.To digressa little, with regardto
theissueof how symbolicinformationarisesin evolution
(discussed,for example,by Pattee,1995b),this require-
mentensuresthatthematter-symbolrelationshipis inher-
ent in thesystemfrom thebeginning. Thematerialis se-
lectedfor its phenotypicproperties,but it is its geneticin-
formationwhich is passedonto its offspring.In thissitu-
ation,it is necessaryto assumethatby inheritingthisgen-
otype,theoffspringwill alsosharethephenotypicprop-
erties. For example,in a simpleRNA-world scenario,8

we could imaginethat moleculeswhich inherit a partic-
ular sequenceof baseswould adopta particular three-
dimensionalstructure,which might, say, conferspecific
catalyticproperties(asdemonstratedby ZaugandCech,
1986). We could thereforeregard the geneticinforma-
tion (the sequenceof baseson the RNA molecule)asa
symbolicrepresentationof its phenotypicproperties(its
catalyticactionin thisexample).

However, therewould presumablybe a limit on the
numberof differentinherentphenotypicpropertiesthese
proto-DNA structuresmight possess.Furthermore,if the
proto-DNA is to reliably reproduceit shouldbe a fairly
stablemolecule,andthis requirementfurtherrestrictsthe
rangeof effectivephenotypicpropertiesthatit mighthave.
If morecomplicatedphenotypesare to ariselater on in
the evolutionaryprocess,therefore,it appearsnecessary
that a strongerdistinction is introducedbetweengeno-
typesand phenotypes.The biologist C.H. Waddington
remarkedthat:

“. . . in practice—andperhapsbecauseof
aprofoundlaw of action-reaction—itis diffi-
cult (impossible?)to find a[molecule]which
is stableenoughto be an efficient storeand
at thesametime reactiveenoughto beanef-
ficientoperator”(Waddington,1969,p.115).

Theadvantagesof agenotype–phenotypedistinctionover
otherformsof reproductionhavebeendiscussedby many
people; for a review, see(Taylor, 1999,Section7.2.3).

8For referencesto work on RNA worlds,seeNuño et al. (1995)and
Lazcano(1995).



For suchadistinctiontoarisewith proto-DNA, werequire
that it at leasthasthepotentialfor explicit interpretation
machinery>�? andcontrolmachinery@�? to becomeasso-
ciatedwith it. This would involve someform of specific
reactionto subsectionsof informationin theproto-DNA,
but morework is neededto fully identify how thispoten-
tial for explicit interpretationmightbeassured.

3.4 Ability to perform other tasks

In theprevioussectionit wassuggestedthatproto-DNA
in its primitive form shouldnot involve muchinterpreta-
tion or control machinery. However, it is importantthat
somespecificphenotypicpropertiesare implicitly asso-
ciated with specificstructures(i.e. thesepropertiesare
apparentwithout the needfor explicit interpretationma-
chinery). Without the ability of individual replicatorsto
have other propertiesas well as self-reproduction,the
evolvingsystemwill notbeveryinteresting.IndeedMuller,
who, in theearlypartof this centurywasthefirst person
to explicitly proposean exclusively evolutionarydefini-
tion of life, emphasisedthe importanceof this material
“affectingothermaterialsand,therewith, its own success
in geneticsurvival” (Muller, 1966,p.512).Thispictureof
individual reproducersaffecting othermaterialsreminds
us thatbiologicalevolution hasinvolvedthecoevolution
of interactingorganisationsratherthanof single,isolated
reproducers.As mentionedin Section3.2,many existing
artificial evolutionarysystemshave concentratedalmost
exclusively on modelling individuals, with little regard
for the principledmodellingof interactionsbetweenin-
dividuals.

Nils Barricelli waswell awareof theneedfor repro-
ducersto performothertaskswhenhedesignedhis arti-
ficial life platform in the early 1950s. He says“It may
appearthat the propertiesonewould have to assignto a
populationof self-reproducingelementsin order to ob-
tain Darwinianevolution areof a spectacularsimplicity.
Theelementswouldonlyhaveto: (1) Beself-reproducing
and(2) Undergo hereditarychanges(mutations)in order
to permitevolution by a processbasedon thesurvival of
the fittest” (Barricelli, 1962,pp.70–71). He goeson to
describea simplediscreteone-dimensionalmodelwhere
eachcell is eitheremptyor containsan integer number.
The numbersreproduceaccordingto the implicit rules
of thesystem,andmutationsariseundercertaincircum-
stances.This simple model thereforefulfils the funda-
mentalrequirementsfor an evolutionaryprocess.How-
ever, asBarricelli notes,this modelof evolution “clearly
shows that somethingmore is neededto understandthe
formationof organsandpropertieswith acomplexity com-
parableto thoseof livingorganisms.Nomatterhow many
mutationsoccur, thenumbers. . . will neverbecomeany-
thing more complex than plain numbers”(ibid. p.73).
Barricelli thereforeconcentratedonlookingfor the‘miss-
ing ingredient’.9 It shouldbe notedthat von Neumann,

9His solutionwasto requirethat elementscould only reproducein

also,wasnotsomuchinterestedin machineswhichcould
only self-reproduce,but ratherin machineswhich could
performother tasksaswell (von Neumann(1966)p.92;
seealsoMcMullin (1992)pp.174–175).

Theprecedingargumentsareleadingus in thedirec-
tion of requiringa form of proto-DNA which reproduces
due to the implicit laws of the environmentin which it
exists,but whichalsoexplicitly specifiessomeproperties
which can be selectedfor or againstin an evolutionary
process.At this point we might notethatartificial evolu-
tionarysystemswhich have just thesepropertiesalready
exist,andindeedtheiruseis widespread;thesearetheop-
timisationtools mentionedin Section2, suchasgenetic
algorithms(e.g. Holland (1975), Goldberg (1989)), ge-
netic programming(e.g.Koza(1992))andsimilar tech-
niques. The differenceis that we requirea systemwith
thepotentialfor a largedegreeof intrinsic adaptationfor
open-endedevolution, ratherthana systemwherethese-
lection of individuals is determinedby an externally-
definedfitnessfunction (seeSection2). Intrinsic adapt-
ationis introducedwhenthedomainof interactionof the
individualsiswithin theevolvingsystemitself,andthein-
dividualsarecompetingfor limited resources.This is in
contrastto systemswith anexplicitly definedfitnessfunc-
tion, wherethe replicatorsdo not directly interactwith
otherreplicators.Rayrecognisedthispointhimselfwhen
discussingthedesignof artificial life platforms:

“What all of this discussionpoints to is
the importanceof imbeddingevolving syn-
theticorganismsinto acontext in which they
may interactwith otherevolving organisms.
A counterexampleis thestandardimplement-
ations of genetic algorithms in which the
evolvingentitiesinteractonly with thefitness
function, and never ‘see’ the other entities
in the population. Many interestingbehavi-
oral,ecologicalandevolutionaryphenomena
canonly emergefrom interactionsamongthe
evolving entities.” (Ray,1994,Section11.1).

Similarargumentsfor proto-DNA with theproperties
of implicit reproductionandthe potentialfor explicitly-
encodedattributeswith selective significancehave been
put forwardby Barry McMullin, who pointsout thecon-
nectionwith Cairns-Smith(1985)’sgeneralmodelfor the
original of terrestriallife baseduponinorganicinforma-
tion carriers(McMullin, 1992,p.267).

3.5 Embeddednessin the Ar enaof Compet-
ition and Richnessof Interactions

In the precedingsectionsI have emphasisedthe import-
anceof thedistinctionbetweenintrinsicandextrinsic se-

symbioticassociationwith otherelements.While this may indeedbe
animportantaspectof the‘missingingredient’,it is extremelydoubtful
thatit is theonly importantaspect.



lection. I will now discusssomeissuesinvolved in this
distinctionin moredetail.

An essentialrequirementfor anevolutionaryprocess
is thatsomeform of selectionmechanismexists,so that
somevariationsof the reproducingentitiesarefavoured
over others. The selectionmechanismthereforeintro-
ducesaformof competitionbetweentheindividualrepro-
ducers;they becomeengagedin a strugglefor existence.
Thepresenceof sucha mechanismimpliesthat, in some
form, theindividualscoexist in anarenaof limited capa-
city, and that they are competingwith their neighbours
(eithergloballyor locally) for theright to bethere.

An evolutionarysystemmustthereforehave anarena
of competitionof somedescription,althoughthereare
few restrictionson theparticularform it shouldtake. All
that is requiredis that it introducesthe conceptof a re-
sourcethat is: (a) a vital commodityto individualsin the
population;(b) of limited availability; and(c) that indi-
vidualscancompetefor (ateithera globalor local level).
This resourcecanusuallybeinterpretedasenergy, space,
matter, or acombinationof these.

An issuethatariseswhenconsideringdifferentevolu-
tionarysystemsis theextentto which individualsareem-
beddedin this arenaof competition. In von Neumann’s
cellularautomatadesign,individualsarefully embedded—
there is no ‘hidden’ stateinformation (i.e. information
which is not embeddedin the cellularspaceitself). The
samecanbe saidof the biosphere,at leastaccordingto
materialism.At theotherextreme,individualsin agenetic
algorithm(GA) have minimal embeddedness—thearena
of competitionmerelycontainsplaceholdersfor thechro-
mosomes,andthe restrictionis generallyon thenumber
of individuals,regardlessof theirsize(althoughmostGAs
haveconstant-sizechromosomesanyway). Thesetwo ex-
tremes,togetherwith intermediatesituationsarising in
TierraandAvida,10 aredepictedin Figure1. Notethatin-
dividualsin Avidaarenotreallyembeddedin thearenaof
competitionatall; thetwo-dimensionalenvironmentonly
holdspointersto thecells, in muchthesameway asin a
GA.11 In Tierra, a program’s instructionsareembedded
in thearena,althougheachprogramstill hassomeaddi-
tionalstateinformation(its ‘virtual CPU’ state).In Avida
thefundamentalspacelimitation appliesto thenumberof
programsthatcanfit in thearenaof competition,whereas
in Tierrait appliesto thetotalnumberof instructionscon-
tainedin all of theprogramsin thepopulation.

It shouldbeemphasisedthatthisnotionof embedded-
nessis unrelatedto the distinctionbetweenimplicit and

10Avida is an artificial life platform developedby Chris Adami and
colleagues(seehttp://www.krl.caltech.edu/avida/). It is
baseduponTierra,but therearesomesignificantdifferences,especially
in themodellingof theenvironment.For example,individual programs
occupy positionsin a two-dimensionalarenaandareonly in directcom-
petitionfor spacewith theirneighbours.

11That is, the two-dimensionalenvironmentin which all of the pro-
gramscoexist is distinct from the one-dimensionalmemoryin which
eachindividual programis stored.Furthermore,in the default settings
of Avida,programscannotreadinstructionsof neighbouringprograms,
sonoparasitismof thisnaturecanemerge.
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Figure1: Embeddednessof IndividualsandRichnessof
Interactionsin VariousArtificial EvolutionaryPlatforms.

explicit encoding,which concernsthedegreeto which a
processis governedby the environmentasopposedto a
specificobjectsituatedwithin that environment. The is-
sueof embeddednessconcernstherepresentationof indi-
vidualsonly; it doesnot (directly) concerntherepresent-
ationof theabioticenvironment.

Relatedto theissueof physicalembeddednessis that
of how restrictedis the rangeof interactionsthat areal-
lowed betweenobjectswithin the arena. In a standard
GA, no direct interactionsareallowedbetweenchromo-
somesat all; the continuedexistenceof an individual is
decidedby theextrinsically-definedselectionmechanism.
Asalreadymentioned,in thedefaultconfigurationof Avida
programscannotreadtheinstructionsof theirneighbours.
However, someextra instructionscan be enabledto al-



low thesesortsof interactionsto occur.12 Althoughpro-
gramsin Tierra areembeddedin the arenaof competi-
tion to a muchgreaterextent thanthey arein Avida, the
rangeof interactionsallowedwith neighbouringprograms
is still fairly restricted;programscan readthe codeof
their neighbours,but they cannotdirectly write to neigh-
bouringmemoryaddresses.

In contrast,von Neumann’s cellularautomataimple-
mentationis far lessrestrictive; thetransitionrulesof the
cellularautomatadefineneighbourhoodinteractionswhich
occurat the level of individual cellsandwhich therefore
do not respectboundariesbetweenindividual organisms.
This is of coursesimilar to thesituationof biologicalor-
ganisms,whichhavethefreedomto interactwith theiren-
vironmentin avarietyof waysonly limited by thelawsof
physics(althoughorganismsthemselvesgenerallyevolve
mechanismsto restrictsuchfreeinteraction).

Fromthepointof view of theevolvability of individu-
als, the moreembeddedthey are,andthe lessrestricted
theinteractionsare,thenthemorepotentialthereis for the
verystructureof theindividualtobemodified.Recallthat
this is oneaspectof my definitionof creativeevolution.
Sectionsof theindividualwhich arenot embeddedin the
arenaof competitionare‘hard-wired’andlikely to remain
unchangedunlessspecificmechanismsareincludedto al-
low themto change(andthevery factthatspecificmech-
anismsarerequiredsuggeststhatthey wouldstill only be
ableto changein certainrestrictedways).

Additionally, from an epistemologicalpoint of view,
Pattee(1995b)pointsout thatsymbolicinformation(such
asthatcontainedin anorganism’sgenes)has“no intrinsic
meaningoutsidethecontext of anentiresymbolsystemas
well asthe materialorganizationthat constructs(writes)
andinterprets(reads)thesymbolfor a specificfunction,
sucha classification,control, construction,communica-
tion . . . ”. He arguesthat a necessarycondition for an
organismto becapableof creative open-endedevolution
is that it encapsulatesthis entire self-referentorganisa-
tion (Patteerefersto this conditionassemanticclosure).
From this it follows that organismsshouldbe construc-
ted “with the partsandthe laws of an artificial physical
world” Pattee(1995a)(p.36).13 In otherwords,theinter-
pretation(phenotype)of thesymbolicinformation(geno-
type)of anartificial organismshouldbeconstructedand
act within the artificial physicalenvironmentof the sys-
tem. Additionally, if thesystemis to modeltheorigin of
geneticinformation,thenthegenotypeitself mustalsobe
embeddedwithin the environment;that is, the complete
semantically-closedorganisation—theentire organism—
mustbecompletelyembeddedwithin thephysicalenvir-
onment.Pattee’sargumentsalsosuggesttheneedfor ma-
terial, ratherthanpurely formal, models—anissueto be
discussedin Section3.6.

12Thesearethejump-p andinject instructions.
13Althoughhealsostressesthat“someepistemicprinciplesmustre-

strictphysics-as-it-could-beif it is to beany morethancomputergames”
(Pattee,1995a).

To endthissection,I briefly mentionHolland(1995)’s
work with the‘Echo’ modelof complex adaptivesystems.
Echopossessesmany of the featuresthat I have just ar-
guedaredesirablefor a modelof open-endedevolution.
For example:selectionin determinedintrinsically by in-
teractionsbetweenEchoorganisms(or to useHolland’s
terminology, agents),ratherthanby anexternally-defined
fitnessfunction; the processby which agentsreproduce
is implicitly definedin theEchooperatingsystemrather
thanbeingexplicitly encodedby individual agents;and
theagentsareableto performavarietyof phenotypicbe-
haviours;Echois alsodesigneduponmoreexplicit design
considerationsthanweremostearlierartificial life mod-
els; the considerationsfor Echo are basedupon a core
setof principleswhich Hollandbelievesarecommonto
all complex adaptive systems. For all thesereasons,I
believe Echorepresentsa significantadvance.However,
thestructureof theindividualagents—thenotionof what
it is to be an agent—isstill predefined,and the repres-
entationof agentsis not fully embeddedin the arenaof
competition. Additionally, the interpretationof agent’s
chromosomesis handledimplicitly by theoperatingsys-
tem. Now, thesystemwasdesignedin this way because
it is primarily intendedas a generalmodel of complex
adaptive systems,ratherthana specificmodelof biolo-
gical evolution. Indeed,the varioussuccessfulapplica-
tionsof Echo(e.g.SchmitzandBooth,1996;Hraberand
Milne, 1997)testify to thevalueof theparticularway in
which theorganismandenvironmentstructurehave been
predefined;if no higher-level structurewereimposed,it
would be difficult to modelmostcomplex adaptive sys-
temsof interest(e.g.ecologies,economies,etc.).

In thecontext of open-endedevolution, however, the
designstill has someshortcomings. The fact that the
Echo operatingsystemimplicitly interpretsthe agents’
chromosomesmeansthat they cannever cometo encode
anything more than the fixed rangeof actions(e.g. of-
fence,defence,conditionalexchangeof resources)pre-
definedby the designer. In HiddenOrder, Holland dis-
cusseshow new meaningcanarisein a system,but ac-
knowledgesthatEchois deficientin thisrespect(Holland,
1995,p.138).As Patteehassuggested,it is only whenan
organism’s genotype,phenotype,and the interpretation
machinerythat producesthe latter from the former (in-
cluding thewholedevelopmentalprocessthroughwhich
an adult phenotypeis produced)—thatis, the whole se-
mantically closedorganisation—isall embeddedin the
arenaof competitionthatfundamentallynew symbolicin-
formation can arisein the genome(i.e. the generation
of geneticinformationrepresentingnew functionalrela-
tionshipsbetweentheorganismandits environment). In
thediscussionof thedesirablepropertiesof proto-DNA in
Section3.3, it wassuggestedthat this too would initially
be interpretedimplicitly. It was, however, stressedthat
the potentialshouldexist for explicit interpretationma-
chineryto evolve, therebycreatinganexplicit represent-
ation of the whole semanticallyclosedorganisationand



allowing thepossibility for new symbolicinformationto
arise.

3.6 Materiality

The argumentsin the previous sectionsare bringing us
to thefundamentalquestionof how matteris represented
in thesemodels.If thereis a representationaldistinction
betweenorganismsandtheenvironmentin whichthey ex-
ist (which comesaboutby having a hard-wiredorganism
structureandby restrictingecologicalinteractions),some
of the fundamentalconceptsassociatedwith living be-
ings,suchascompetitionfor resources,self-maintenance
and so on, becomeill-defined. As mentionedin Sec-
tion 3.2,thesekindsof ecologicalrelationshipsmayplay
a very importantrole in promotingopen-ended(andpos-
sibly creative)evolution. It is thereforevital thatwecon-
siderthe issuesinvolvedin modellingsuchrelationships
if wehopeto designartificial systemswhichhave theca-
pacityfor open-endedandcreativeevolution.

Oneof the tenetsof Darwinismis thatorganismsare
engagedin astrugglefor existence.However, it isdifficult
to identify the precisenatureof this struggle,asDarwin
himselfobserved.In TheOrigin of Species, hewrote:

“Whatchecksthenaturaltendency of each
speciesto increasein numberis mostobscure
. . . The amountof food for eachspeciesof
coursegivestheextremelimit to whicheach
canincrease;but very frequentlyit is not the
obtainingfood,but theservingasprey toother
animals,whichdeterminestheaveragenum-
bers of a species”(Darwin, 1859, pp.119–
120).

Thus,animportantaspectof thestrugglefor existenceis
the obtainingof food not from passive, abiotic sources,
but throughpredator-prey relationships.In thebiological
realm,thestrugglefor existenceinvolvesorganismskilling
otherorganisms,becausethe very stuff from which they
are constructedis a valuableresourceof matteranden-
ergy. Thiscompetitionis thereforeverymuchamatterof
life or death.

It maybedifficult to identify theprecisenatureof the
strugglefor existence,but it seemslikely thatthenumer-
ousformsof competitioncanbecategorisedin termsof a
smallnumberof fundamentalresources(asmentionedin
Section3.5). In the biosphere,a (speculative) list might
be: matter, energy, spaceandinformation.14

Tierra-like systemsgenerallydo not have any notion
of competitionfor matter. Indeed,they cannotreally be
saidto have a notion of matterat all, in termsof funda-
mentalunitsfromwhichall structuresarebuilt, andwhich
areconservedduringreactions.Instead,whena program

14For example,a virus requiresinformation containedin its host’s
genomein orderto reproduce.This informationis morethanthemat-
ter from which the host’s DNA is constructed;it involvesa particular
orderingof matter.

is writing a copy of itself, it canproducethe copiedin-
structionsspontaneouslyratherthan first having to col-
lect a copy of the individual instructionfrom somewhere
elsein memory. In otherwords, the individual instruc-
tions are representedasstatesof specificmemoryloca-
tions, ratherthan as units of matter, as is also the case
in von Neumann’s cellular automatamodel; thesesys-
temsareformalmodelsratherthanmaterialmodels.The
only fundamentalcompetitionthat exists in Tierra is for
space(memory)into which to divide. This is allocatedat
a global level by theTierranoperatingsystem’s memory
allocationservices.

In Tierra,programsarenot evenreally competingfor
energy (CPU-time),becauseany numberof programsare
allowedto executeinstructionsateachtimeslice;thelim-
iting factoris how many programscanfit into the avail-
able memory. In Avida the situation is somewhat dif-
ferent,asprogramscanwin moreCPU-timeby success-
fully performingcertainarithmeticchallengespresented
to themby theenvironment(AdamiandBrown, 1994).

Programsin Tierracanactasresourcesfor otherpro-
gramsin anotherway, by actingas‘library code’ which
canbereadby their neighbours(ashappensin theevolu-
tion of parasites).In otherwords,they canactasinform-
ationresources.However, this is not asstronganecolo-
gical interactionaswhenoneorganismactsasa resource
of matteror energy, in thesensethatactingasaninform-
ationresourceis notadirectmatterof life or deathfor the
host.

The issueof how energy is representedin thesesys-
temsis perhapsmorecontroversial. Somewould claim
thatit is essentialto modelcertainfundamentalenergetic
considerations(e.g.Moránetal.,1997;Ruiz-Mirazoetal.,
1998).An importantpoint to noteis thatall artificial life
platformshave to modelenergy at the basiclevel of de-
terminingwhena componentcanperformanaction(e.g.
whenaprogramcanexecuteaninstruction,asdetermined
by thesystem’s CPU-timeallocationscheme).Without a
theoreticalgrounding,any schemeis just asarbitraryas
any other(e.g. theschemesin TierraandAvida). Ideally,
thesystem’sdesignshouldbebaseduponexplicit consid-
erationsof how energy shouldbemodelled.

Only whenoneorganismcanactasa resourceof en-
ergy andmatterfor otherorganismsdo ecologicalcon-
ceptssuchas food websand trophic levels (which can
actasimportantdrivesfor open-endedevolution)become
relevant.

Otheradvantagesof materialevolutionarysystemsover
purelyformalsystemshavebeensuggestedbyLuisRocha:

“Material sign systemsarenot universal
andcannotrepresentanythingwhatsoever, but
this turnsout to be their greatestadvantage.
Thepricetopayfor theuniversalityof formal
symbolsystemsis completespecificity, that
is, full descriptionof its componentsandbe-
haviour. Conversely, materialsign systems
arebuilt over certainbuilding blockswhich



donotneedadescription.For instance,DNA
doesnotneedtoencodeanythingbutaminoacid
chains,thereis no needto includein genetic
descriptionsinformationregardingthechem-
ical constituentsof aminoacidsnot instruc-
tions on how to fold an aminoacidchain—
folding comesnaturallyfrom the dynamical
self-organizationof aminoacidchains.” (Rocha,
1998).

In otherwords,the genomedoesnot have to encodein-
formation aboutevery aspectof the organism’s pheno-
type, becausesomefeatureswill just fall into place‘for
free’, dueto theself-organizationalpropertiesof thecon-
stituentmatter. This may significantlyeasethe problem
of evolving complex phenotypes.

4 A Full Specificationfor an Open-
EndededEvolutionary Process

Perhapsthemostimportantpointtoarisefromthepreced-
ing discussionis thatprocessessuchasself-reproduction
operatewithin an environmentrather than in isolation.
Thepropertiesof thisenvironment,andthewaysin which
evolvingentitiesmayinteractwith it (andwith eachother),
fundamentallyinfluencetheevolutionaryprocess.

Reflectinguponthesignificanceof his work on evol-
ution, andin particularon his demonstrationof the pos-
sibility of machineswhichcouldbuild modifiedcopiesof
themselves,von Neumannsaid “It is clear that this is a
stepin the right direction,but it is alsoclear that it re-
quiresconsiderableadditionalanalysesandelaborations
to becomereally relevant” (vonNeumann,1966,p.131).

It has long beenrecognisedthat chief amongthese
additionalanalysesandelaborationsis the incorporation
of theevolutionaryprocessinto abroaderframework that
alsoconsidersthepropertiesof theenvironment.Holland
hasemphasisedthatthestudyof adaptation“involvesthe
studyof boththeadaptivesystemsandits environment.In
generalterms,it is a studyof how systemscangenerate
proceduresenablingthemto adjustefficiently to theiren-
vironments”(Holland,1962,p.299). Moreover, Conrad
(1988)stressesthat “the characterizationof thesubstrate
is of suchimmenseimportancefor the effectivenessof
evolution” (p.304).

Studiesof evolution in vitro, suchasOrgel (1979)’s
experimentswith evolvingRNA sequencesusingtheviral
enzymeQA replicase,have also demonstratedthe need
for a better theoreticalunderstandingof theseissues.
MaynardSmithexplains:

“More or lessindependentlyof thestart-
ing point . . . the endpoint is a rathersmall
molecule,some200 baseslong, with a par-
ticular sequenceandstructurethat enableit
to be replicatedparticularlyrapidly. In this

simpleandwell-definedsystem,naturalse-
lection doesnot lead to continuingchange,
still lessto anythingthatcouldberecognized
as an increasein complexity: it leadsto a
stableandrathersimpleendpoint. Thisraises
thefollowingsimple,andI thinkunanswered,
question:Whatfeaturesmustbepresentin a
systemif it is to leadto indefinitelycontinu-
ing evolutionarychange?”(MaynardSmith,
1988,p.221).

Thequestionraisedby MaynardSmith is exactly the
oneof interestin thispaper:Whatsortof system(in terms
of individuals, interactionsand environments)will give
riseto anopen-ended,andpossiblycreative,evolutionary
process?

4.1 Waddington’s Paradigm for an Evolu-
tionary Process

A characterisationof aprocesswhichmightbecapableof
supportingopen-endedevolution wasproposedby C.H.
Waddington30 yearsago(Waddington,1969). He went
asfar asto call this characterisationa new paradigmun-
der which biological evolution shouldbe studied. This
paradigmis of particular interestbecauseit provides a
generalcharacterisationof the individuals involved, of
how they interact,andof thekindof environmentin which
they reside. To my knowledge,little work hasbeende-
votedto exploring Waddington’s proposal,probablybe-
causeof thedifficulties in capturingit fully with anana-
lytical model(thetraditionalapproachof theoreticalbio-
logy). However, it is formulatedin a way which makesit
particularlyamenableto synthetic(artificial life) model-
ling, andis thereforeanidealstartingplacefor developing
a bettertheoreticalunderstandingof open-endedevolu-
tion within anartificial life framework.

Waddingtondescribesareplicatoras“a materialstruc-
ture B with acharacteristicC suchthatthepresenceof B
with C producesC in a rangeof materialsBED undercir-
cumstancesF G ” (ibid. p.115). In otherwords, C is the
characteristicof a structureB which is inheritedwhen
B is replicated—C is thegeneticcomponentof B . The
overallscenariois summarisedasfollows:

“The completeparadigmmust therefore
includethe following items: A geneticsys-
tem whoseitems( C s) arenot mereinform-
ation,but arealgorithmsor programswhich
producephenotypes( CIH s). Theremustbea
mechanismfor producingan indefinitevari-
ety of new C%J H s, someof which mustact in
a radicalway which canbedescribedas‘re-
writing theprogram’.Theremustalsobean
indefinitenumberof environments,andthis
is assuredby thefactthattheevolving phen-
otypesarecomponentsof environmentsfor
their own or otherspecies.Further, someat



leastof thespeciesin theevolving biosystem
musthavemeansof dispersal,passiveor act-
ive, which will bring theminto contactwith
the new environments(underthesecircum-
stances,otherspeciesmayhave thenew en-
vironmentsbroughtto them).Theseenviron-
mentswill not only exert selective pressure
on thephenotypes,but will alsoactasitems
in programs,modifying the epigeneticpro-
cesseswith whichthe K sbecomeworkedout
into [ KIL s].” (Waddington,1969,p.120).15

This generalcharacterisationraisessomeimportant
issues.For example,therequirementthat K sactnotonly
asinformationbut alsoasalgorithms—thatthey mustact
as operatorsas well as operands—locatesthe relation-
ship betweengenotypeandphenotypeat the very heart
of the paradigm. (The samerequirementwas sugges-
ted for proto-DNA, in Section3.4.) Waddingtonpoints
out that theopen-endednatureof his modelrelieson the
fulfillment of two conditions: (1) that M N is an infinite-
numberedset; and (2) that there are sufficient K s to
provide KIL ssuitablefor aninfinite sub-setof M N s.

The first condition is satisfiedby the fact that KIL s
are componentsof M N s. A vital direction for future re-
searchis theinvestigationof thedifferentsortsof waysin
which KIL s couldbecomponentsof M N s (i.e. how organ-
ismsform part of the environmentexperiencedby other
organisms),and the evolutionary consequencesof such
choices.

Of the other condition, Waddingtonsays that “the
secondrequirement,thattheavailablegenotypesmustbe
capableof producingphenotypeswhich can exploit the
new environments,requiressomespecialprovision of a
meansof creatinggeneticvariation. . . It is importantto
emphasizethat the new geneticvariationmustnot only
be novel, but must include variationswhich make pos-
sible the explorationof environmentswhich the popula-
tion previouslydid notutilize . . . It is notsufficienttopro-
ducenew mutationswhich merelyinsertnew parameters
into existing programmes;they mustactuallybe ableto
rewrite theprogramme”(ibid. pp.116–118).Thedistinc-
tion Waddingtonis makinghereis closelyrelatedto my
distinctionbetweencreativeevolutionand(merely)open-
endedevolution. Another importantdirectionfor future
researchis to explore how this secondconditioncanbe
satisfied.

It is worthmentioningthatsomeexistingartificialevol-
utionarysystems,suchasBarricelli (1963)’sstudieswith
evolving game strategies, Conrad and Pattee (1970)’s
model, and Holland’s O -Universes(Holland, 1976), do
havethenotionof emergentoperators(phenotypes).How-
ever, thesephenotypesgenerallyhave a limited rangeof
action,therebypreventingthesystemsfrom engagingin
truly open-endedevolutionaryprocesses.

15In the original paper, the final word of this paragraphappearsasP	Q
s ratherthen

PSR
s. This is fairly clearlya typographicalerror.

Now, the requirementin systemscapableof open-
endedevolution that individual reproducershave select-
ively significantphenotypicproperties,on topof theabil-
ity to reproduce,has alreadybeendiscussed(seeSec-
tion 3.4). However, it may turn out that the fulfillment
of Waddington’ssecondconditionwouldrequirereprodu-
cingstructurestopossessnotjustone,butmultiplepheno-
typic properties,possiblyof differentfunctionalmodalit-
ies (e.g. catalysis, light sensitivity, motility, etc.).
MaynardSmithhasobservedthat“it seemstobeageneral
featureof evolution thatnew functionsareperformedby
organswhich arise,not denovo, but asmodificationsof
pre-existing organs”(MaynardSmith,1986,p.46). This
principle could potentially solve the problemraisedby
WaddingtonandPattee,of how new measuringdevices
ariseduring evolution (anotheraspectof my definition
of creativeevolution): a structurewith multiple proper-
tiesmight originally beselectedfor oneof theseproper-
ties, but it might later turn out (quite accidentally)that
someof its otherpropertiesalsoconfer(unrelated)adapt-
ive advantagesuponthebearerof thatstructure.In such
a scenario,an organismwhich duplicatedthis structure
mighthaveanadaptiveadvantageoverthosepossessinga
singlecopy, becauseeachstructurecouldbeoptimisedfor
a singleproperty. In this way, the organismcanacquire
fundamentallynew phenotypicproperties.Regardingthe
issuesdiscussedin Section3.6,notethattheseconsidera-
tionswouldseemto requirea notionof materialityrather
thana purelyformalmodel.

This perspective may bring somelight to bearupon
creative evolution, but it also opensup a whole range
of new problemsrelating to the modelling of multiple,
andmostly(initially at least)irrelevant,propertiesof ob-
jects. Suchquestionsrequiremuch more investigation,
but existing work reportedin the biological literatureon
multifunctionalenzymesmaybehelpful (e.g.Kacserand
Beeby,1984).

5 Summary

In thischapterI havediscussedtheconceptof open-ended
evolution, and the introductionof fundamentalnovelty
during evolution (i.e. creative evolution). Creativity is
moresubtlethanopen-endedevolution, andinvolvesis-
suessuchastheemergenceof symbolicinformation,and
theevolution of new measuringinstruments.I have ana-
lysed someexisting artificial evolutionary platforms in
termsof their ability to supportopen-endedand creat-
ive evolutionary processes.The discussionemphasises
that existing modelshave generallyconcentratedon the
representationof individuals,andthatexplicit theoretical
considerationsconcerningthedesignof theenvironment
(including the issueof how individualsform part of the
environmentexperiencedby others,the degreeof impli-
cit versusexplicit encodingof processes,and the issue
of materialversusformal models),andof thesortsof in-



teractionsallowedbetweenindividualsandtheirenviron-
ment,have oftenbeenlacking. I have alsodiscussedthe
desirablepropertiesof proto-DNA—a hypotheticalstruc-
turewhich mightbesuitableto actasa seedfor anopen-
ended,and creative, evolutionary process. I suggested
that the capacityof this proto-DNA to reproduceshould
not be easilydisruptedby mutations,andthereforethat
thereproductionprocessshouldbeimplicitly encodedin
the environmentratherthan explicitly encodedon indi-
viduals.Thisledto adiscussionof thesortsof phenotypic
propertiesthat shouldbe associatedwith specificproto-
DNA structures,on top of their ability to reproduce.In
addition,theenvironmentin which theproto-DNA exists
shouldallow unrestrictedinteractionsbetweenindividu-
als,andthe representationof individualsshouldbe fully
embeddedwithin thearenaof competitionof thesystem,
so as not to limit the structure’s evolutionary potential.
I have suggestedthat the developmentof materialmod-
els, as opposedto purely formal ones,may be a useful
avenueto explore; in particular, themodellingof matter
with phenotypicpropertiesin a numberof differentmod-
alities. Throughoutthe paperI have highlightedvarious
openquestionsrelatingto theseissueswhich needto be
addressedby future research.In Section4 I describeda
paradigmsuggestedby Waddington,whichmight repres-
ent a suitablestartingplacefor a moreunified andpro-
ductiveexplorationof theseissuesusingsynthetic(artifi-
cial life) modellingtechniques.
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