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Abstract. We considetemporalaspect®f self-replicationandevolvability —in
particular the massiely asynchronougparallel and distributed natureof living
systems Formal views of self-reproductiorandtime are suneyed, and a gen-
eralasynchronizatiogonstructiorfor automatanetworksis presentedevolution
andevolvability aredistinguishedandthe evolvability characteristicof natural
andarti cial examplesareovervieved. Minimal implementedvolvablesystems
achiezing (1) asynchronouself-replicationand evolution, aswell as(2) proto-
culturaltransmissiorandevolution, are presentedndanalyzedor evolvability.
Developmentalgeneticregulatory networks (DGRNSs) are suggesteds a novel
paradigmfor massve asynchronousomputatiorandevolvability. An appendix
classi esmodesof life (with differentdegreesof alivenessfor naturalandarti -
cial living systemsandpossibletransitionsbetweerthem.

1 Modelsof Time: Logical vs.Physical Time

We considertime in discretedynamicalsystems.St. Augustine consideredime as
somethingintuitively graspableyet ineffable. Varshasky distinguishedwo kinds of
time: Time asa logical variablein a systemde®nedby eventsvs. time asanindepen-
dentphysicalvariable[96], andstudiedself-timingandasynchrog theoryfor comput-
ing devicesasthe problemof reconcilingthe two typesof time via designof system
timing for the appropriatgfunctioningasynchronouslevicesinteractingwith external
ervironments.

For asingleobsener or location,we canconsiderthreemainviews of the (logical)
time:
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1.1 Partial Orders asModels of Time

Aristotle consideredeventsin time via orderingrelatedto casuality(andmotion), and
time asde®nedby differencedbetweerstatesbeforeandafter (thuschanges required
for the passagef time).

1.2 Time asa Random Variable

Anotherview is to regardlogical events,suchasa discreteeventclock-tick,asembed-
dedin physicaltime but wherearandomvariabletakesvalueseventor no eventaccord-
ing to somedistributionatsuccessie discretenomentof physicaktime. (Insteadf just
onetype of eventmoregenerallydifferentparticulareventsmight be generated.Here
the passagef logicaltime, if usedto incrementa measuringcounteris monotonically
but not deterministicallyrelatedto the passag®ef physicaltime.

1.3 Algebrasof Time: SemigroupsasModels of Time

Following J.L. Rhodegwho refersto Aristotle), we candescribdime algebraicallyIf
, ,and areeachsequencesf eventsin time, andthe compositesequence then
is precededdy |, thisis exactly in the sameaswhen follows andafterboth

occurs.Thatis, theassociativdaw

()= 0)

is agrammaticaktatemenaboutsequencesf eventsin time. The studyof associatie
structuregsemigroupsjs thusthe studyof modelsof time.

As asimpleapplicationwe have algebraicallyclassi®edall modelsof time allowing
for only asinglerepeatedvent(or “clock-tick”).

Semigroupsareintimately connectedvith deterministicautomataassequencesf
inputsinduce mappingsof the setof statesof the automatorto itself; theseinduced
mappingghuscomprisea semigroupunderthe associatie operationof functioncom-
position)which senesasamodelof time in theautomaton.

To passto anondeterministior probabilisticautomatonthereareseseralmethods.
A verygenerabne,relatedto theconstructiorof minimalautomataappliesto themore
generalkaseof obsenationsor measurementsf ary phenomenoiat all. Obsenations
of agivenstochastiphenomenoranbetreatedvia Crutch®elds -madines from ob-
senationsof an,in generabktochasticproces®neconstructa deterministicautomaton
in which transitionsaresingleobsenationsandin which statesareequivalenceclasses
of pasthistoriesfor eachmemberof which the probability distribution over the future
historiesis identical.In otherwords,in a given statethe future is conditionallyinde-
pendentof the past[15]. The semigroupof the -machinethensenesasan algebraic
invariantandmodelof the temporaldynamicsof the givenphenomenon.

! The possiblesingleeventmodelsarecyclic groups the positive naturalnumbersunderaddi-
tion, andthresholdedyclic groups-in whichtheeventcanberepeatedsomenumberof times
whereuporoneentersa cyclic group[57].



2 Evolution and Evolvability

Evolution viewed as stochasticsynchronousor asynchronouslgorithm or temporal
processs describedere.Evolvability describeshe capacityto which a particularevo-
lutionary processs successfuin generatingadaptve individualsandwill bediscussed
in detail later. After de®ningDarwinianevolution, we suney non-biologicalexamples
and the other evolution-like phenomenaEvolvability is then discussedn detail for
theseexamples.

2.1 De nition of Darwinian Evolution

Evolution is any dynamical population procesg17, 16] with the following charac-
teristics,which onecanregard asthe semi-formaDarwin-W allaceaxioms

(1) Heritability : Individuals haveinherited information or material (genotype)from
parent(s)that malesthemsimilar to their parent(s)in sometraits.

(2) Variability : Offspring may differ from their parentsin their heritable material
(genotyperndin otherrespectgphenotype).

(3) Differ ential Reproductive Succesqgselection} dependingon phenotypewhich
mustdependat leastin part on inherited traits, someindividuals are more likely to
haveany (or more) offspringthanothers.

(4) Finite Resourcesand Turn-over of Generations Lifespansof individualsare -
nite and the existenceof only a limited numberof individualscan be supportedn the
populationat anymoment.

Theabove axiomsyield a creatve enginevia a“ struggle for existencé driving “ de-
scentwith modi cation”. Persistencandincreasen distribution of heritablesuccessful
traits follow by (1) and(3), andcreatvity arisesvia (2). Competitionfor existenceis
dueto (4). Notethata presuppositiomf theseaxiomsis thatthe populationconsistsof
well-de®nedindividuals.

2.2 Stochasticityof Evolution

Stochasticityimpingeson evolution usually (1) via the mechanisiof genotypicvari-
ability, wherebyinheritedinformationis perturbedbut also(2) in phenotypiovariability
wherebytheernvironmentor constrainedspect®f developmenteadto differencede-
tweenparentandprogety. Differentialreproductve succes$3) refersto the probability
of successt producingprogery dependingon inheritedinformationandis therefore
generallymodeledasstochastién nature?

Evolution canthusberegardedasa very generalklassof stochastialgorithmwith
mary instancesccurringin nature culture,andarti®cial systems.

2 Neverthelessgvolution is also possiblein completelydeterministicsystems ge.g. the syn-
chronousevoloop system[77] (seebelaw), or ary non-interactie geneticalgorithmrunning
with agiven seed'for generatingandomnumbers.



2.3 Instancesof Evolution in Silico

GeneticAlgorithms and Evolutionary Computation GeneticAlgorithms(GAs)and
allied methodsare populationprocesse$or arti®cial evolution in computersandhave
beenintroducein mary variants:geneticalgorithms[27], evolutionary strategies|[70,
80], evolutionary algorithms[24], and others.The “vanilla” geneticalgorithmin the
styleof Holland[27] is describechere:

0. Createa populationof ®xed®nite sizeof ®xed-lengthbit-stringsencodingcandidate
solutionsto anoptimizationproblem(initialized randomlyor with domainknowledge)
1. Evaluateeachagainstanobjective function (“®tnessfunction”)

2. Copy individualsthat do betterwith higherprobability into next generation(a new
populationwith samepopulationsize)[selection]

3. Apply variability operatorsmutationrandombit- ips, crosseer: recombinatiorbe-
tweentwo individualsby swappingthe substringsafter somerandomlyselectedpoint
alongthestrings,andothers.

4. Iteratel1-3 until satis®ed.

Genetic Programming: variant of GA GeneticProgramming(GP) is a variant of
GAsintroducedn the early 1990sby JohnKoza[30]. It hasthefollowing structure:
0. Do GA, hut on populationsof programs,not bit-strings (e.g. Lisp S-expressions,
or parsetreesin ary programmindanguage)lndividualsaresyntacticallycorrectpro-
gramsoversomechosersetof basicoperationsandterminalg(constantsindvariables).
1. Behaviour or outputof eachprogramin populationis evaluatedagainstan objective
function (“®tnessfunction”)
2. Copy individualsthat do betterwith higherprobability into next generation(a new
populationwith samepopulationsize)[selection]
3. Apply variability operatorgespectingyntax:mutationreplaces subtreeby random
one(of thesameype);crosseer: exchangesubtreegof thesametype)atrandomnodes
betweentwo individuals.New individualsare syntacticallycorrectsincethe operators
respechodetyping.

Latervariantsof GP alsointroducedexplicit supportfor modularity nhamedfunc-
tions(so-calledautomaticallyde®nedfunctions(ADFs)) thatcanbe calledby themain
resultproducingbranchof theprogram.

Digital Organisms Digital organismswereintroducedby tropical evolutionary biol-
ogist and computerscientistT. S. Ray around1989. Individualsin a ®nite computer
memoryareself-replicatingprogramsunningon a Darwinianoperatingsystemgone
in which mutationsin dataand aws in computationabperationsoccurwith certain
low probabilities).Thereis no objective function, so we have aninstanceof natural
selection The motivation is not optimizationbut arti®cial life asa generalizatiorof
biology. Several systemsfor the evolution of digital organismshave beendeveloped:
Tierra  [69], the ®rst one, givesrise to rich ecologies(parasitespbligatorily social
hyperparasitesetc.). Insightsthat make it evolvable (as comparedio randommuta-
tion of computercode)wereinspiredby biology andinclude (1) templaterecognition



and matching(recognitionbasedon “shape”); (2) all stringsare syntacticallycorrect
(in Tierra, assembletik e programs)and(3) smalllanguagesize - no numericalcon-
stantsare permittedin statementgbut mustbe constructedn an organisms digital
processoif needed)Spacein computermemoryand processocyclesarethe funda-
mentalresourcesor digital organismstheseandinteractionamongstligital organisms
determinegheir reproductve successn an emegentmanner NetTierra  is anin-
ternetwide versionwith multithreading(an analogueof multicellularity), sensingby
digital organismsof other sitesover the network, and migration betweencomputers.
TheAvida systemaddedCPU cycle rewardsfor somecomputationsandis currently
mostwidely used[2], especiallyasa modelfor bacterialevolution andan experimen-
tal test-bedfor populationgeneticstheory Physis [23] is new systemfor studying
evolvability of digital organismsn which organismscarry not only the codefor their
self-replication but also codespecifyingthe processothatwill runit and, moreover,
codespecifyingthelanguagehey will runonit: evolvableprocessorsThislattersystem
allows the studyof theevolvability of self-replicationjncludingphenomenanalogous
to evolution of the geneticcodefor proteinbiosynthesisvia translationto aminoacid
sequenceBom sequencesf codonsn verylong oligonucleotideDNA/RNA).

3 Not-Quite-Darwinian Evolution

Several casesf whatlooks like evolution (andis often called evolution) fail to meet
theDarwinianaxioms.Generallyin suchcasestherearedynamicakimilarities,but the

problemis thatonecannotidentify well-de®nedndividuals.An analoguef producing
progery in suchcasess persistenceg52], usually eventually with modi®cation(and
hencevariability).

3.1 Software Evolution

In Software Engineeringthe costsof so-called software maintenanceand software
evolution', i.e. costsof modifying and adaptingalreadyreleasedsoftware,amountto
billions of dollarsannually(50-95%o0f all software costs[83, 35]). Softwareis static,
fragile andin e xible (exceptwhereadaptatiomneedhasbeenforeseen)ut its con-
text and ervironmentsof usechangehencerequirementghange Software evolution
hasbeencharacterizeds managingchanget seethe work of Lehman,Goguen,and
Berners-Lede.g.[35,25,26,8]). Persistencandre-useof softwareis ananalogugo
heritability [52]. If softwarecodeis regardedasheritableinformation,the severeprob-
lem of requirementghangeshavstheneedfor softwarethatpossessgshenotypioer
satility androbustnesdgo perturbation bothof which arerelatedto evolvability.
Softwaregrowth hasbeenstudiedasa dynamicakystenmwith system-lgel, positive
and negative growth laws [103]. Thereare no clear individuals, no population.But
thereis persistencandgrowth, anddescentvith modi®cation.Are thereprinciplesin
commonwith thoseof biologicalevolvability? Theanswerseemso beyes,but they are
not well-understood/et. Any softwarecarrieswith it anunboundedumberof hidden
assumptionsyhich areprogressiely violatedastime passesandcontext of use+ and
henceequirements change$35]. A desigrprinciplesimilarto biologicalevolvability:



attemptto befuture-proof robustto lik ely source®f changegse€[8] onfuture-proo®ng
andworld wide web dataandmark-uplanguages$.

3.2 Cultural Evolution

Otherexamplesof evolution without readilyidenti®ableindividualsin populationsare
theevolution of artifacts,andthe evolution of behavior or cultural(memetic)evolution.

4 Evolvability

Theevolutionof life onearthhasundegoneseveralmajortransitions Major transitions
in evolution are studiedin [11,45]: FreeReplicatorsto replicatorsin compartments;
RNA asgene/enzyméo DNA and protein(geneticcode);prokaryotedo eukaryotes;
aseual clonesto sexual populations;protiststo differentiatedmulticellular life (esp.
[11,47]); solitaryindividualsto colonieswith non-reproductie casteg45].

All of theminvolve transitionsin the way informationis usedand mostof them
involve the adwent of new typesof individuality and thus new units of selectionin
populationsof thesenew individuals.

Nothinglike the compleity andcreative power of organicevolution hasbeenre-
alizedin arti®cially constructedvolutionarysystemsWhy is this the caseZTomputer
scientistsusing evolutionary computationtechniquesjuickly discoveredthatin some
casesevolution was betterableto ®nd solutionsthanin others.Sometimesevolution
completelyfailedasanoptimizationmethod othertimesit workedwell. Biologistshad
tacitly assumedhatevolution by itself wassuf®cientto generateopen-endecdaptv-
ity andcompleity of the kind they obsenedin nature(e.g. o wering plans,animals
with complex bodyplans,etc.).But thefrustrationof computerscientistsn somecases
shavedclearlythatsomesystemswereohviously moreevolvablethanothers.

4.1 Krohn-RhodesComplexity and Open-EndedEvolution
This leadsto a constructve challengeproblem.

Open Problem 1. (Open-EndedEvolution) Build a systemthat exhibits open-ended
evolution. Onein which compleity cangrow arbitrarily large andnew innovationand
comple traitscontinueto arise.

% The problemwith being?future-proof is that evolution by itself is a historical processhat
cannotpredictarnything aboutthe future. In biology, robustnesgo likely sourcesof change
appeargo beachievedvia lineage selectioni.e. lineagesobustto thekind of changehathas
historically occurredare morelikely to continuethanotherswhenchangef the sametype
reoccurin thefuture.In software,humandesignaswell assuchlineageselectiormayoperate.
Seealsothediscussiorin the sectionsof this paperon GP codebloatandon the evolution of
evolvability.



Krohn-Rhodesompleity in algebraicautomataheoryusingsemigroupsasmod-
elsof time (or, e.g.Kolmogoror compleity) canbeusedto formalizethe notionof un-
boundedcomplexity growth, andexplicit boundson compleity increasen the course
of smoothevolution canbe computed60]. Duplication-and-diergerceis onegeneric
methodof maximizingjumpsin complexity [62].

4.2 Origin vs. Fate of Variation

Most evolutionarytheory (e.g. nearly all of populationgenetics)hasbeenconcerned
with the fateratherthanorigin of variation[101]. Variability is the only sourceof cre-
ativity in the evolution axioms,andits generatiormustthereforebe oneof thekeys to
evolvability.

4.3 De nition of Evolvability
Evolvability hasbeencharacterizedéh variouswaysin theliterature:

— “the ability of a populationto producevariants®tter thanary yet existing” (Al-
tenbeg [5])

— “genomes ability to produceadaptie variantswhenactedon by the geneticsys-
tem” (Wagner& Altenbeig [101])

— “the capacityto generateheritable phenotypicvariation” (Kirschner & Gerhart
[29])

— characterizetby evolutionarywatershedspeningthe oodgatesof evolution,such
aswith the adwventof segmentatiorandbody plans(Dawkins [20])

A syntheticde®nitionis formulatedhere:

De nition. Evolvability is the capacityof a populationto genemate adaptiveheritable
genotypicand phenotypicvariation.

In this de®nition,“adaptive’ is understoods tter thanany currently existing?

4.4 GeneticAlgorithms and Evolutionary Computation: Evolvability Issues

Choiceof encodingis a crucialissuefor evolutionarycomputation:The Representa-
tion Problem”.Encodingdetermineshegenotypge.g.bit-string) to phenotypd®tness
evaluation)mapping(Genotype-Phenotypdap).

4 This notion of evolutionaryadaptvity is similar in its senseto thatusedin Altenbeg's de -
nition above [5], but is morespeci c in thatit replaces tter thanary yetexisting®by 2 tter
thanary currently existing®. Thereasorfor thisis that tness is a spatio-temporallyocal no-
tion depend®f the currentorganism-ewironmentinteractionsandnicheswhich areof course
subjectin generato temporalvariationover generations.

The productionof tter individualsmight rst proceedvia neutial evolution i.e. the pro-
ductionof new individualswith differentgenotypesandof equal tness to thoseexisting; this
is known to increasesvolvability in mary exampleg(cf. [28,93].)



Genotype-Phenotyperelation

“The genotype-phenotypmapis the commonthemeunderlyingsuchvar
ied biological phenomenas geneticcanalization developmentakonstraints,
biological versatility, developmentabissociability morphologicalintegration,
andmary more”- G. P. Wagner& L. Altenbeig [101]

Variability operatorgieterminghetopology(neighborhoodelationsof genotypes)
of the tness landscapgS. Wright 1932[107]), mappinggenotype(or genotypeand
phenotypevia ervironmentinteraction)}o probability of reproductve successSmooth-
nessof the objective function on this landscapedetermineshow well GAs can do
their stochastidill-climbing. If therearedeepbroadvalleys betweer®tnesspeak(lo-
cal optima)thatcan't be traversedquickly enough the systemis not evolvable.Con-
versely uphill pathsreachablédy asinglestepfrom local optimahelpmake alandscape
evolution-friendly.

To improve evolvability, the evolutionary stratgies of Rechenbeay and Schwefel
[70,80] introducetheheritability of locusspeci®cmutationparameterfor thevariance
of noiseappliedto numericalparametersinderoptimization).

Extradimensionabypasg[14] is the addingof dimensiongo the genetic’search’
spacge.g.by aninsertionmutationor by duplicationof agene),in higherdimensional
®tnesslandscapedpcal optimaoftenbecomesaddlepoints;thisis obsenedin protein
evolution, andis relatedto neutralnetworks androbustnesgvia mutationalbuffering).
Sometimest hasbeenusedin evolutionary computatione.g.via growth in genome
sizeor duplicationof all or partof the genometo achievze improvedevolutionaryper
formance.

4.5 GeneticProgramming and General Evolvability Issues

In GR an importantphenomenons codebloat: for robustnesso crosseer, size of
programsncreasesincontrollably They arefull of junkin orderto withstandcrosseer
with lower chanceof distribution. Making multiple cross@er occurrencesnorelikely
for largetreesaccordingo their sizeeliminatesthis trend[91].

This is a particularinstanceof a generalprincipalin the evolution of evolvability:
Evolutionfavors lineageswith robustnesgo disruptionfrom the variability operators
experiencedby the evolving population.See[66] for a relatedstudy on linkage and
crosswer, and[92] for theneutralevolution of mutationalrobustness.

Modularity: AutomaticallyDe®nedFunctions(ADFs) [31] arefunctionalmodules
thatcanbe calledfrom variouslocationsin a program.Usingthesecanmeasurablyn-
creaseavolvability [90]. Thisis relatedto analogougrinciplesin softwareengineering
for evolvability: codefactoring,appropriatenodularity andre-use(e.g.[65,52,83]).

4.6 Propertiesand Mechanismsof Evolvability

What makes an instanceof the stochasticalgorithm, evolution, evolvable?A list of
propertiesandmechanismshat seemcloselyrelatedto evolvability is presentedhere.



In mary casest is unclearwhetherwe are examininga prerequisitefor, or a conse-
quenceof, evolvability, or possiblyboth (via the circular casualityof the dynamical
evolutionaryprocess)or perhapsanincidentalproperty

1. DevelopmentaPlasticity:Universalresponsienesgo interactionwith theerviron-
ment,anincessantcontinualcouplingthroughoutife. (lifelong viability; multiple
celltypes;complex life cycles;multiple developmentapathways/behgiours/morphs;
continual self-creationand maintenancen interactionwith ernvironment/others).
This propertyis almostunknavn in arti®cial systemsstandargopulationgenetics
modelsthe new synthesis' unimodalevolutionarymodels;but seeWest-Eberhard
[104] andalsoVarela[94].

2. Flexibility/Rigidity of Genotype-Phenotydeelation.Rolustnesgto Heritableand
to DevelopmentalEnvironmentalPerturbations)

3. Duplication-Divergence:From one, mary! (cell types,castesgeneticregulatory
networks (GRNs),segmentationgenericcompleity increase)

4. Differentiation,Local AdaptationandControl

. Appropriate Modularity, CompartmentationPotentialto CombineLower Level

Units: onefrom mary!

. Symbiogenesis

. New Individuality (e.g.Multicellularity, Compartmentatiori;inkage)

. Useof Signaling,Switches SignalTransduction& FeedbaclControl

. Employmentof EvolutionaryDynamics(within individuals!)

10. Redundang

11. ExtradimensionaBypass

ol
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4.7 Duplication and Divergence.

Geneduplicationis remarkablyfrequentand importantin biological evolution [63],
and subjectto comple evolutionary dynamics[39]. The creationof a full or partial
extra copy of agene(or othercomponentfreesonecopy or both copiesto specialize
functionally, or onecopy to acquirea new function. Duplicationanddivergencein bi-
ologicalevolution[63] is thusa genericmechanisnfor the generatiorof variability, of
greatpotentialcreative power.

DuplicationanddivergencdFigurel) is alsoexempli®edby divisionof laboramong
cellsor tissuetypesin abody, or castesn asocialinsectcolory. In differentiatedmulti-
cellularity, growthvia cell divisiontogetherwith specializatiorinto cell types(e.g. into
somaandgermlines) providesan opportunityand medianismto exploit asyntronous
parallel processindyy closelyrelatedentitiesto achieve adaptationat a higherlevel of
individuality.

Complity increasevia duplicationand divergence e.g.increasen numberand
role of cell types[9], or acquiringgenomeg43] (which doesnot involve duplication
anddivergenceanapparentlyealizeknown, sharptheoreticaboundsontheevolution
of biologicalcompleity [60].
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Fig. 1. Duplication-Divergence:A GenericPath toward Complexity Increaseand Evolvability.
(afterd. MaynardSmith[44])

Differ entiation Differentiationof multiple copiesof thesameentity asin differentiated
multicellularinvolvesthefollowing properties:

— Multiple copiesof regulatorymechanismin similar units (e.g. geneticregulatory
networks, cells,individuals,etc.)

— Local state

— Stateinheritedby lineage(e.g.Cell types,growth andmorphogenesispigenetics
via methylation.etc.)

— Local adaptatiorio local conditions

— Long-andmedium-distanceanteractions

— Growth from singleunit to a differentiatedmary, with changingopology

— Division of labour

5 Self-Production and Reproduction

How is it possiblefor a mechanisticsystemto producesomethingascomplex or even
morecomple thanitself? This problemmotivatedvon Neumanrto studythe physical
andlogical basisof self-reproductiomusingautomatanodelsVon Neumanrconsidered
automatacapableof (1) examiningandcopying ary patternor specimergivento them,
or of (2) productionof ary objectstartingfrom alogical description® Either approach

5 Seeespeciallynotesof von Neumanrs fth lecture?Re-Ewaluationof the Problemsof Com-
plicatedAutomata- Problemsof HierarchyandEvolution®in Part| of [99] deliveredin De-
cemberl949 (and editedandreconstructedy A. W. Burks). In both caseshe word 2ary®



leadsto a solutionto von Neumanns problem:in the ®rst method presenthe automa-
tonwith anentity asor morecomplex thanitself; in the secondpresentit with alogical
descriptiorof one.Of coursefor thisto work, it is necessaryo construcsuchuniversal
constructingautomatawith thesecapabilitiesor to demonstratéheir existence®

Thesetwo approachekadto solutionsof the problemof self-reproductiorby self-
examinationvs. heritableencodednformationrespectiely. Onepresentshe universal
constructingautomatorwith itself (or a copy of itself), or with a logical description
of itself, respectiely. In the latter case,a copying componenbf the constructingau-
tomatoncan be usedto copy the logical description(regardedas part of the entity),
which thusbecomesheritablegeneticinformation.Von Neumanrshoved how to con-
structsuchanautomatorin a synchronougellularautomatanetwork usingthe second
method[99, Partll].

Mutationsor errorsin the constructionprocesscould leadto lethal or non-lethal
variantcopiesandhenceprovide the variability requiredfor evolution to act. Concev-
ably, this couldtherefordeadto the evolution of moreandmorecomplex automataAl-
thoughvon Neumanrconsideredhis possibility, sofar no onehasbeenableto shavn
in detailhow it couldberealized’

It is remarkablethat von Neumanns solution usedgenetic,inheritedinformation
in two roles: (1) blindly copiedand(2) executed beforethe structureof the heritable
geneticmaterialin life on earthwasuncoveredby Watsonand Crick's 1953 detailed
descriptionof the structureof DNA revealingits essentiallydigital naturewith similar
dualroles[102]. Thus,von Neumanns work on his automatanodelseven anticipated
the importanttranscription(“blind copying”) andtranslation(“executability”) proper
ties of geneticmaterialfound for DNA, with the former realizedby complementary
pairing of basesandthe latter via templatematchingandthe geneticcodesequentially
mappingcodons(triplets of “letters” of DNA) to the aminoacidsin proteins(along
with numerougegulatoryintricacies).

Fromthe beginningsof the studyof self-reproductiornin arti®cial systemsnitiated
by von Neumannalreadyin 1948, the primary formal model hasbeensynchronous
cellular automatan which con®gurationslevelop that eventuallymay includean un-
boundednumberof copiesof the original. The modelsconstructedy von Neumman
and his successorbave amply demonstratethat self-reproductions indeedpossible
in arti®cial systems.

Thedifferentpossibilitiesfor achieving self-reproductiorhave implicationsfor our
understandingf the origin of life, the natureof organiclife, andfor the possibilities
of life asit may exist elsavherein the universe.Szathnéry [84] offersa classi®cation
of replicatorsapplicableto naturaland arti®cial systemsalongthe dimensionsof the
replicationprocesgholistic vs. modular, andgenotypicvs. phenotypiqthelatteris de-
®nedby non-modulacopying of functionality))andof variability (limited vs. unlimited

mustbe taken ashaving scopeover a particularvery large classof boundedstructuresvhose
existencels possiblein theambientenvironment.

8 Portionsof this sectionarebasedn theauthors paper[55].

” To demonstrathis, asuitablerigorouscompleity measuravould of coursebeapre-requisite
(cf. [62]).



heredity, wherethe latter requiresthatthe numberof possiblevariantsbe muchlarger
thanthe numberof individualsin the population).

Self-reproductions of coursea prerequisitdfor ary independengévolutionarypro-
cessSendingnformation,instructionson how to build copiesof desiredstructuresis-
ing local materialsjnto anervironmentratherthansendingall necessaryaterialsinto
thatenvironmentrepresentsnore economicamethodsof spaceexplorationandcolo-
nization.Seethe NA SA reporteditedby FreitasandGilbreath(1980)for furtherpoten-
tial examplesandapplication®f self-reproductionio spacesciencee.g.self-replicating
andself-maintainindunarfactories.

5.1 Self-Replicationand Time

Nature aboundswith asyntirony: Cells in a multicellular organismor organellesor
moleculeswithin a cell apparentlyhave no accesgo a centralclock signal. Canvon
Neumanns problemstill be solved without synchrory? Might the restrictionto syn-
chronousupdatebe relaxed?In building anarti®cial self-reproducingentity is it really
necessaryo have a single global synchronizatiorsignal that reachesll partsof the
entity simultaneouslyor at leastwithin a well-de®nedtolerance)f local partsof the
con®gurationarereadyto changeheir state,is it realisticandpracticalto assumehat
they mustwait until all otherpartsof the cellular spaceare alsoreadyto updatetheir
states?

We canindeedfree all cellularautomatamodelsof self-reproductioraswell asall
cellular automatamodelsof evolution, universalcomputationanduniversalconstruc-
tion from the needfor synchronousipdate([55, 53], andbelaw). Thisis accomplished
by anelegantsimplemechanisnthatallows oneto constructanasynchronouautomata
network thatis capableof emulatingthebehavior of a givensynchronouswuutomatanet-
work. Stateupdatesin the asynchronousnodel may be producedby practically any
asynchronousipdatemechanismwvhatsoger® (e.g. updatesmay be sequentialpccur
randomly# locally distributedaccordinga probability distribution, be partially simul-
taneousetc.,or evensynchronous)Theresultfor cellularautomatas a specialcaseof
amoregenerakheoremfor automatanetworkswith inputsdueto the author(Theorem
1 belaw, [56]).

We describebelow the constructiorfor makingary automatanetwork's computa-
tion asynchronouslyealizable give exampleshatillustratehow theuseof “local time”
freescellularautomatanetworksfrom the needfor globalsynchronizationanddisplay
asynchronougxamplesof self-reproductiorandevolution in cellular automatan the
contet of discussingavolvability in naturalandarti®cial systems.

5.2 Models of Self-Reproduction

Von Neumannsoriginal constructve demonstratiofbegunin the 1940sandcompleted
by Burksin the 1960s)of self-reproductiorof a con®gurationof statesin the cellular

8 The only essentiarestrictionis that eachlocal automatoris updatedan unboundechumber
of times,anda given nodefrom the viewpoint of anothercannothave beenupdatedn nitely
oftenin the past.



automatanetwork hasthe propertieghatthe self-reproducingon®guratioris capable
of universalcomputation(in Turing's sense)and of universalconstructiont loosely
speaking the ability to ®Il ary compactareain the cellular spacewith ary desired
pattern.Thesepropertieswere includedin additionto the ability of the replicatorto
make a copy of itself, andcouldalsobe usedto supportthis ability. Namely universal
constructionastheability to ®Il ary compactegion of thecellularspacewith arbitrary
con®gurationspuaranteethata copy of theself (includingits “instructiontape'which
is presenin mary examples)anbe constructedHowever, von Neumanns designof a
self-reproducinginiversalcomputermandconstructomwasinfeasiblylargeandhasnever
beenfully implementedandexecutedthrougha reproductiorcycle on acomputational
device.

Langtons (1984)de®nitionof self-reproductiomequiresthata copy is constructed
but realizesneitheruniversalcomputatiomor universalconstructior[33]. Langtonim-
plementedand studiedthe ®rst example of feasibleself-reproductionin cellular au-
tomata,using an 8-statecellular automatorwith aninitial con®gurationof 86 cells,
that producesa ®rst offspring after 151 time stepsandthen proceedgo ®Il up avail-
ablespacewith copies.To avoid trivialities while avoiding the complexity of von Neu-
manns model,Langtons criterion [33, 34] was proposedasa necessargonditionon
self-reproductiorand requiresthat informationis treatedin the two ways identi®ed
above: asinstructionsthat are executed( translation’) and as datawhich are blindly
copied(‘transcription’). Thesepropertiesare also presentin and abstractedrom von
Neumanns and later Codd's examples[13], andwere by that time alsoknown to be
characteristiof biological self-reproductionEncodingof heritableinformationin the
shapeof a con®gurationor using self-inspectiorrepresentanotherfeasiblemode of
encodingheritablevariationin self-reproductior(cf. [32,69,50,54]). Subsequengx-
amplesof Byl [12] andReggiaetal. (e.g.,[71,38]) simpli®edthe self-replicatingoop
of Langtontoward minimality, with fewer statessimplertransitionrules,or lesscells
in the initial con®guration.In somecasesthe simpli®cationsare so severethatit is
debatablewhethernontrivial self-reproductiorhasbeenachiesed (e.g. accordingto
LangtonScriterion).

SubsequentlyariousresearcherkeptLangtonsrequirementsor self-reproduction,
but haveaddednoreandmorecomputationapowerto therelatively smallself-reproducing
cellular automatacon®gurations(in comparisonto von Neumanns solution). These
trendsaresuneyedby Lohn[37], who alsodescribesheevolution of cellularautomata
rules that supportself-reproduction(seealso [38]). An annotatedbibliographywith
somelinks to variousrelevanton-lineresourceganbe foundat MosheSippers Arti®-
cial Self-Replicatiorpage[82].

H. Sayamd76,77] hasconstructedrariantsof the self-reproducing.angtonloop
which exhibit self-dissolutioroncethey cannolongerreproducethusfreeingup space
for reuseby progety, and mostinterestingly anothersimilar variantcalled “evoloop”
which exhibits heritablevariability in loop sizeandis subjectto evolution via interac-
tion amongdescendantsf acommonancestoactingasa selectve force ([75,77], and
below). Heritability, variability, andturn-over of generationsvith differentialsurvival
in anernvironmentwith limited resourcegre presentin his evoloopwhenrunin ®nite



spacesThus evoloop appeardo be the ®rst corvincing exampleof an evolutionary
procesoccurringin cellularautomata.

5.3 Self-Reproduction, Individuality, and the Heritability of Fitness

Whatconstitutesself-reproduction?

The de®nitionis not uncontraversial. We have alreadymentionedthat von Neu-
mannincludeduniversalcomputationand universalconstructionin orderto exclude
trivialities, suchasthe simpleexampleof spreadingactivation. Langtonabstractedhe
propertiesof inheritedinformationbeingboth copiedandexecuted.

E. F. Moore [49] de®nesa con®gurationC to be capableof self-reproducingn
offspringby timet if startingfrom theinitial conditionsof the entire cellular spaceat
timet = 0 suchthatthe setof all non-quiescentells of the spaceis an arraywhose
con®gurationis a copy of C thereis atime © > t suchthatat time t° the setof all
non-quiescentellswill thenbe containedn anarraywhosecon®gurationncludesat
leastn copiesof C.

LohnandReggia[38] give thefollowing de®nition:

“A con®gurationC is self-replicatingif the following criteria are met. First,
C is a structurecomprisedof morethanone non-quiescentell andchanges
its shapeduringits self-replicationprocessSecondyeplicantsof C, possibly
translatecind/omrotated arecreatedn neighboradjacentellsby thestructure.
Third, theremustexistatimet suchthatC canproducd or morereplicantsfor

ary positiveintegeri, for in®nite cellularspacegMoore's criterion). Fourth, if

theself-replicatiorbeginsattimet, thereexistsatimet+ t (for®nite t > 1)

suchthatthe ®rst replicantbecomessolatedfrom the parentstructure.

The issueof exactnessof the copy is problematicsinceit is not desirableto ex-
cludethe possibility of variability. Variability amongoffspring is certainly presentn
biological systemsand, as Darwin shaved us, is necessaryor evolvability. Vitaryi
[97] introducedsexual reproductionin cellularautomateand Sayamd76], mentioned
above, hasdemonstratedariability and (deterministic)evolution occurringin cellular
automata.

A discussiorof thedif®cultiesin formulatingarigorousde®nitionof self-replicating
or self-reproductioris givenby Nehanv andDautenhahii58], who pointoutthateven
in accepteatellularautomatanodelsof self-reproductiontherearerarelytwo copiesof
theoriginal con®guratiorpresentt exactly atthe sametime whenreproductioris gen-
erally acceptedo have occurred(e.g.in the von Neumanror Langtonmodels),andit
is certainlynotthe casewhenthe ®rst offspringhasbeenproducedThevariouscopies
of thecon®guratiormaybe at differentstagesn their “lifecycles” andnothave exactly
the samecon®gurationof states.They suggestoosercriteria on identity of copiesto
allow “species'of non-exactcopiesto be acknavledgedas offspring, andalsoloosen
therestrictiononthepresencef copiesall atthesametime (e.g.,offspringthathave to
grow into adultsarestill regardedasoffspringeventhoughthey areneverin exactlythe
samestateof developmentasthe parent).Adequateformal de nitions of “member of
the samespecies”andof “individual” are still lackingin the science®f thearti cial,



including the studyof self-reproductionin arti cial systemsAlthoughtheseconcepts
are clearly fundamentato biological evolution, evenwithin biology thereis still on-
going controversyandcurrentresearctinto appropriatede®nitionsfor theseconcepts
[43].

Comingbackto Darwin'sideas,somedegreeof heritability of tnessis requiredfor
nontrivial evolution to occur With self-reproductionthe similarity of offspringto the
parentsaandthesimilaritiesof the ervironmentsn whichthereplicators®nd themseles
is oftenenoughto accounfor this. However, beyondthelevel of simplereplicatorsher
itability of ®tnessrequiresmoreexplanatione.g.in consideringnulticellularlifeforms
with differentiatectell types,subunitswhich arethemselesreplicatorscomprisepopu-
lationswithin the bodythatarethemselespotentiallysubjectto evolutionarypressures
[11,45,47,48]. For example cancelis anexamplein whichreproductiorandevolution
occur at the lower cellular level at the expenseof the higher organismalone. Multi-
cellularity canarise(in certainconditionson mutationsand costof defection)where
®tnesyreproductve successitthehigher whole organismlevel emepgesin atrade-of
againstshort-term®tnessat the lower, cellular level. Guaranteeingthat the offspring
are similar to the parentby suppeessionof freedomat the lower level in exchange for
bene tsis the r st functionalityrequired of any higherunit of tness sud asa multi-
cellular organism.The latter mustemploy mechanismso balancethe tendeny of the
lower level to defectby suf®cientbene®tsrom cooperatiorin the higherlevel unit, in
orderto persistover evolutionarytime [48,47].

In asyntironousself-reproductionthe very fact that the relative syndronizationof
theentire stateof the“or ganism”is uncertaincontributesto this problemof heritability
of tness.

5.4 Self-Repair: Biological Methods and Generalizations

Self-reproductiorandself-repair(or self-maintenancedre often closelyrelatedin bi-
ology, andan understandingf self-reproductiorcanthus contritute to our ability to
createself-repairing self-maintaininchardwareandsoftware.Von Neumanr{98] con-
siderssynthesif reliableorganismdrom unreliablecomponentshroughredundang
anddegeneray, but apparentlydid not extendthis during his lifetime to self-repairor
relateit directly to self-reproductionAutomatamodelsand circuitry capableof au-
tonomougault-detectiorandself-repairis anincreasinglyimportantareal40,89,41],
bothasanmeango understangbrinciplesof biological organizationandalsoin tech-
nologicalapplicationsincludingrobustcomputationandespeciallyfor missioncritical
systemsn spacesciencesThe capacityof a systemto generatgartsandcomponents
of its own structureandto establishtheir organizationmight obviously be usefulin
generatingndinstallingareplacemenpartsin maintainingitself.

5.5 Self-Maintaining and Self-Creating Systems:Autopoiesis

Sucha capacityfor productionof constituentcomponentsn the building and mainte-
nanceof themin anorganizedstructureanddynamicalprocessn thefaceof favorable
or unfavorableperturbationgsuchasdamageproductionof waste andentropicdecay)



is identi®ed, accordingto biologistsF. VarelaandH. Maturana,asthe key property
autopoiesig“self-production”),de®ningliving systemg95].

Neithervon Neumannswork on self-reproducingutomatanor the studiesfollow-
ing him have addressedia constructve modelsthis aspectof living systemslLang-
ton's work on self-reproducindoops(removing the universalconstructioranduniver-
sal computatiorncapacity)andits successorbave focusedon minimal modelsof self-
reproduction®rst by minimizing the size of replicators[12,71,37], andthenadding
variouscomputationabndotherabilities [86].

Autocatalysis, Compartmentation, Early Life An autocatalystby de®nition, pro-
motesits own formationfrom othermaterialsandthusis in somesenseself-replicating
[64]. Autocatalysismpliesdynamicakycles,potentiallycontinuingwithoutend.Com-
partmentatiorproceedwia isolationof an ervironmentinside a vesicleor membrane
(seeFigure 2) within which conditionsare conducve to the autocatalyticcycle and
the productionand maintenancef the membraneSelf-replicationin early life might
thushave arisenasa bifurcationin the dynamicsof a self-producingself-maintaining
systemresultingin responseo someperturbationan early self-maintainingvesicleis
brokeninto two partsalongits membranegachsurviving componentepairsitself com-
prisinga new self-producingprganization’ For example,dueto increasén sizeor due
to accidentadamageAny heritableaspecbf organizationthatincreasestability fol-
lowing suchaneventleadsto similar descendantgotentiallygrowing exponentiallyin
number

5.6 ChallengeProblems

Work in constructve biology and the theory of self-reproducingautomatadiscussed
above leavesseveralchallengesinanswered:

Open Problem 2. Realizeconstructionuniversalityin ary computationallyfeasible,
implementablenodels.

Open Problem 3. Constructan autopoieticself-reproducemwhethersynchronousor
asynchronou logical, kinematicor physicalrealization.

OpenProblem4. Solve openproblem3, addingheritablevariationto realizeevolution
in apopulationof autopoieticself-reproducers.

Genetic Acquisitions Sex in biology is, by de®nition,nothingmorethanthetransfer
or exchangeof geneticmaterial.lt occurs,e.g.,betweerhomologoushromosomem
meiosisorin theuptake of DNA from theervironmentby bacterialf preciousggenetic
informationis lost dueto damageto DNA, or if an organismis doing poorly dueto

? [cf. N. OnoandT. Ikegami, Arti cial Chemistry:ComputationalStudieson the Emegence
of Self-ReproducingJnits. In Advancesn Arti®cial Life (J. Kelemenand P. Sod\k (Eds.),
SpringerLectureNotesin Arti cial Intelligenceyvol. 2159,2001) pp. 186—-19%.



Fig. 2. CompartmentatioasProto-Self-Maintenance&Component®f an AutocatalyticCyclein
a ProtectecEnvironmentwith only Constituenfartnerspresentin suitableproportions(After J.
MaynardSmith[44])

heary ervironmentalstressrecourseo the geneticmaterialfrom othersmay save the
day by providing an undamagedourcet thoughquite possiblydifferentin contentt
of relevantgeneticinformation;see[46] for therole of sex in repait

A moreextremeacquisitionof geneticmaterialthanin sex is theacquisitionof en-
tire genomesn symbi@enesiqthe adventof a memgedentity, derived from replicators
from two evolving populationswhich becomeghe unit of selectionin anevolutionary
procesg seeAppendix),andresultingspeciatior{43]. Suchprocessewereinvolvedin
theacquisitionby eukaryote®f the bacterialancestor®f mitochondriaand,in plants,
of chloroplastg42].

Open Problem 5. Constructan evolutionarysystemin which differentpopulationsof
autopoieticself-reproduceriteract,andin which onespeciesacquiregshe genomeof
anotheyrealizingsymbiogenesis.

5.7 Evolution of Evolvability

Finally, how canevolvability itself evolve? Lineageselectionargumentssuggesthat
lineageswill survive thatarerobustto variationaloperatorsacting an evolving pop-
ulation [66,5,91]. The geneticcode and genotypephenotypemapping,and genetic
switcheshave all arisenin organicevolution of life on earth.



Open Problem 6. Constructan evolutionary systemin which the capacityof popula-
tionsto generatedaptve heritablegenotypicandphenotypicvariationincreasesvith-
outbound.

Evolution of developmentalgeneticregulatory networks in constructedarti®cial
systemdnteractingwith their environments(seesec.8) is suggestedsoneroadto-
wardachieving somesmallre ection of whatnaturehasachieved.

6 Local Time

We adoptheretheview of localtime asarandonvariableto approachiheasynchroniza-
tion problemfor automatanetworks. Thatis, givena synchronouslypdatingnetwork
of automatawe wantto constructanothernetwork of automatawith essentiallythe
samebehaiour, butin which ateachnodelogical timeis determinedby an (unknown)
local randomvariable.lt is at ®rst unclearwhetherthis is possibleat all, sincesimple
experimentswith commoncellular automatanetworks show that the behaviour of the
systenmgenerallychangesadicallyin aqualitative sensavhenabandoningynchronous
update.

An automata network consistsa collectionof automataA, associatedo the ver
ticesv 2 V of alocally ®nite directedgraph = (V; E), andaglobalinput alphabet
X andlocal transitionrules V. A stateof the network is a choiceof statefor each
componentutomatonGiven a global inputx 2 X anda stateof the automatathe
next stateof the networkat nodev is determinedy the stateof theautomatoratv, the
statesof the automatan the neighborhoodf v (i.e. at thosenodesw which have an
edge(w; V) 2 E tonodev), andx. Thusthenew stateof theautomatorat nodev may
bewrittenas

qu: V(qV; qN (V);X);
whereq’ andg™ (V) are respectiely, thecurrentstateatv andthestatesy” of all nodes
w in theneighborhoodf v.

An automatanetwork is syndironousif every nodeadvancedo its next statesimul-

taneouslyOtherwiseit is calledasyndironous®

 We assuméor asynchronousipdatethatthereare no delaysin stateinformationreachinga
nodein alocal transitionandthatlocal updatesnay be regardedasinstantaneoudiVe do not
requireary particularorderingof updatesof nodes,only that, after an updateof ary given
node,eachnodewill still beupdatedanunboundediumberof timesin its future.Simultaneity
of the updateof ary two nodesis permitted(but not required),and massive asynchronous
parallelismis thuspossible.

We may assumean ambientphysicaltime in which stochasticupdateeventsoccur i.e.
particularsubset®f the setsof nodesareupdatedat discretemomentsof physicaltime; every
nodeis updatecanunboundedumberof times;andno nodeis updatedanin nite numberof
timeswithin aboundedntenal of physicaltime.

In ourmodelof asynchronoueetworks,basedsolelyonafunctionof its localneighborhood
andstateinformation,a local automatormay chooseto reador delayreadingthe next letter
in globalinput sequenceReadingof the global input sequencés thusnot synchronizedut
happensndependentiateachnode.

See[56] or [21, Ch. 7] for moredetailsandproofsof theoremsstatedhere.



An automatanetwork is calleda cellular automatorif it hasonly oneglobalinput
letter(i.e. thealphabesatis®egX j = 1 andits uniquelettercanbeconsidered “clock
tick”), andthe local transitionfunctions,local automataand neighborhoodst each
nodeareisomorphic.Synchronougellularautomatanhave beenwell-studiedsincethey
wereintroducedby S. UlamandJ. von Neumanrin the middle of thelastcentury(e.g.
[99,13,10,88])

De nition (Emulation). Let A be an synchronousiutomatanetwork over a directed

graph = (V;E) with globalstatesetQ andA beanasynchronouautomatanetwork

with the sameinput alphabetX , a directedgraph © = (V; E9 with the samesetof

nodes,and global stateset@. Let (9 I Q be a function from global statesof

the asynchronousutomatanetwork to global statesof the synchronousne,suchthat
V(@ = ( (9)Y dependsonly on g for all ¢ 2 @ Thuswe candenote( ()Y by
(@").

Regardingphysicaltime asmodeledby non-nayative realnumbersandlogical time
in the synchronousutomatanetwork asmodeledby the naturalnumberswe thensay
thatthebehavior ¢ : R* ! o] of,@startingin statety, for updatepatterndeterminedy
local randomvariablesat eachnode(asaborve) andinputsequences; Xo; 11 (X; 2 X
fori 2 N) emulateghebehaior q: N ! Q of A startingin stategy with the same
input sequenceinderthe projection if thereexists a spatial-tempoal covering
R* V! N,i.e.thefollowing diagramcommutedor eachv 2 V:

\"J
R* q &V (asynchronous)
( ;v # #

A"
N q QY (synchronous)

Thatis, (&) = @', with gy = statein A of nodev attimen 2 N andg’ = state

in A of nodev attimet 2 R* .
Thusthebehaiour of A projectsontoandcompletelydetermineshe behaviour of A

Theorem1 (Emulation by AsynchronousAutomata Networks [56]). Let any syn-
chronousautomatanetwork A over a locally nite digraph = (V;E) with local
automataAY = (QY; XV; V) (v 2 V) andexternalinputalphabetX begiven.

We constructan asyn¢1ronousautomatanetwork/b (with the sameinput alphabet
X ) sudh that every possiblebehaviorof & with input sequencéx, g» o emulateshe
(only possiblebehaviorof A with inputsequencéx, gns o, whenA startsin aninitial
global state¢, dependingnly ontheinitial global stateq, of A.

Moreover, the following hold:

1. Theunderlyingdigraphfor Risthere exive-symmetriclosuee of the digraphfor
A.

2. For each vertex v, the local automatond at vertex v in & is “not muc more
complicated”thanthe local automatonAY atv in A. Indeed, & is a productof
AV, anidentity-resetautomatonanda modulothreecounterIn fact, AV hasstate
set@' = Q" Q' f0;12g



3. Theprojection : (9 I Qisgivenlocally by Y(g';b’;r) = ' for (g';b";r) 2
\Y

4. Thestartingstateofﬁ?is givenby &y = (qy;qy;0)forallv2 V.

5. Furthermoe, the spatial-tempoal coveringof theemulationsatis es

v @ 2
wheeed is thedistancemetricin thegraph b,

Notethatupdateof local statesn the constructedemulatingautomatorareessen-
tially arbitrary

We call (t; v) thelocal time of the synchronousutomatorA atvertex v for time
t in theemulatingasynchronouautomatanetwork A, Of course, dependsn general
on the updatepatternfor the particularbehavior of A. Thus (5.) above saysthatthe
differencein local time at two nodesin the emulatingasynchronouautomatanetwork
is boundedabore by approximatelyonethird of thedistancebetweerthem.

Brief Slketch of Proof and Construction:

Let N (v) denotethe setof neighborsof nodev, andlet I@(v) denotethe neighbors
of vin there exive-symmetriclosureof , whichgivesthetopologyof theemulating
asynchronouautomaton@. Thelocalupdategfunctionin Ais de®nedasfollows, where
"V andCV givetheactionat vertex v in A and A, respectiely, asa function of their
argumentsdependingonly onlocal statein the neighborhoodndglobalinput letter:

g ((a'; B r); BY(g)) =

3 (q;05rY) if % =r¥ 1 mod 3for somew 2 N (v)
(9;0;r¥+ 1mod 3) if r"6 r¥ 1mod 3forallw 2 I*P(v)
2 andr¥ 6 0

(9" 'VY(c;x);q";1)  otherwise
wherec beanarbitrarystateof A suchthatfor eachw 2 N (v),

0
1:

gV if rv

W —
CF i pw

Note eachr? mustlie in f0;1g in determiningc" of the third case,as necessarily
r¥ = 0in third caseandw 2 N (V) I‘@(v) impliesr¥ 6 2 mod 3.

Thus, in the emulatingautomatanetwork the neighboringnodescarry a copy of
“current state”and“old state”in casea neighborneedsto readeitherone. The third
componentof statecarriesa modulo 3 value. The neighborsof any nodev can be
shown inductively to receie the samenumberof incrementsnodulo3 asnodeyv, plus
or minusone.Thusneighboringnodeddiffer by atmost1l modulo3 in this component.
In computingits local update a nodecancheckwhethereachof its neighborss in the
past,future, or in syncwith it. If any neighboris in the past,no updateis performed
(andtheglobalinputletteris not read).Otherwise we incrementhe modulo3 counter
andon every third counterincrementcopy currentstateto old, andupdatethe current



stateaccordingto the updaterule of A andthe globalinput letter. In the latter case,
every neighbormustbein syncor in thefuture relative to the nodein question sothe
appropriatestateof the neighbomodein A canbe determinedrom the currentor past
statecomponenbdf thecorrespondingneighbornn A.

Using the fact that nodesdiffer by at mostonein the numberof incrementshey
receie in the third componentand usinglocal ®nitenessanotherlemmashaws free-
domfrom deadlo&s + a nodecanonly be waiting for onethat hasrecevved oneless
suchincrementandonly ®nitely mary canhave occurred soary chainof waiting ends
whentheautomataat its end(with fewestincrementsofar) recevesanupdatelnduc-
tion thenshaows that behavior of the synchronousiutomatanetwork canbe recovered
uniquely from ary behaiour of the asynchronousne by a spatial-tempoal section

(t; v) equalto the ceiling of the one-thirdof two plus the numberof counterincre-
mentsat nodev. (See[56] for full details.)

A specialcaseof essentiallythis constructionwas found independentlyand pre-
sentedby K. Nakamurd51], theauthor[55, 53], andT. Toffoli [87,88], with full rigor-
ousproof of its correctnesgivenin [56]:

Corollary 1 (AsynchronousEmulation of Cellular Automata Networks Theorem).
If A is a syndronouscellular automatorthenthere is an emulatingasynéronouscel-
lular automaton.

Open Problem 7. Prove an analogueof the AsynchronousEmulation Theoremfor
AutomataNetworks that may dynamicallychangetheir topologyandnumberof com-
ponentautomata(Or, moreweakly, prove suchananalogudor cellularautomatanet-
works.)

6.1 Temporal Waves,AsynchronousGameof Life and Universal Computation

Temporal Waves Fromwhatwe saw in the last section,it follows thatlocal time in
theasynchronousmulatingnetwork for nodesat distanced differsby at mostabouta
third of thedistancebetweerthem?? Sincethe valuesof the modulo3 synchronization
counterdiffersby atmost1 betweemeighbordn theasynchronousmulatingnetwork,
this spatialcontinuity of the modulo3 counterstateentailsthat updatesorresponding
to simultaneou®nesin the synchronousmetwork move astemporalwavesacrossthe
spaceof theasynchronousetwork.

AsynchronousGameof Life Thisphenomenoisillustratedherewith anasynchronous
versionof JohnConway's famoussynchronougellularautomatanetwork, “The Game
of Life”.

Let usapplytheconstructiorto Conway's (synchronousameof Life. A local au-
tomatonin synchronous.ife hastwo possiblestategquiescent0) or alive (1)) andthe

10 Disconnectedomponentsireof courseatin nite distanceandso the temporaldisparitybe-
tweenthemcanbearbitrarily large.



ASYNCHRONOUS GAME OF LIFE
Initial State:

E.-ESEEEEE..ESsEEsEcaN

e

Progres®f Glidersin Asynchronoud.ife. Notethattheuppereft handglideris notrecognizable
asonedueto smalllocal temporalvariationin its cells:

=y

-

-

Further Progress of Gliders in Asynchronous Life. All their parts are nearly in
the same spatial-temporal section; all three gliders are now recognizable again:

=l

=

=

Fig. 3. TemporalWavesand Progressiorof 3 Gliders,with Box, andBlinker in Asynchronous
Gameof Life. Contiguousregionsof the sameshadeare 2temporalwavefronts®that represent
the samemomentin a spatio-temporasectiongiving the global stateof the correspondingyn-

chronouscellularautomator{55]. Shadeis determinedy value of modulo3 counterata given

node.Neighbornodesdiffer by at mostonetime unit with respectcorrespondingiodesin the

synchronousnodel.



following transitionfunction:if a cell is quiescenandhasexactly 3 neighborghatare
alive,its next states alive. If acellis alive,andit haseither2 or 3live neighborgnotin-
cludingitself) thenit staysalive, otherwiseit becomegjuiescentlt is well-known that,
in principle, universalcomputationcan be implementedn a in®nite two-dimensional
(synchronousgellularautomatorrunningConway's rule (for anenjoyableyetdetailed
overview seechapterl of [81]).

Figure3 (top panel)shavs aninitial con®guratiorof somewell-known structuresn
Conway's Gameof Life asaninitial con®guratiorfor the correspondingsynchronous
cellularautomatonThreegliderswhichmove acrosshespaceastable2 2 box,and
ablinker (arow of 3 cells,thatbecomes columnof 3 cells,thenarow of 3 cells,and
soon).

Thenext panelshawvs the stateof theworld a few time stepdater, the shadingndi-
catesthe synchronizatiorstateof the cell in the spacewhile thedarker cellsof various
shadesarelive cellsin variousstagesof temporalsynchronizationContiguouscells
of the sameshadearein syncandre ect the sameinstantof time in the synchronous
cellularautomatonThethird paneldown shows the stateof the systemalittle later.

Asynchronous Universal Computation The possibility of implementationof Con-
way's Gameof Life in anasynchronousellular automatorasillustratedhereentails
thatuniversalcomputationis possiblein a two-dimensionabksynchronousellular au-
tomatarunningthe modi®edrules(see[81] for alively exposition).

Of coursea Turing machinecanbe regardedasa synchronoud -dimensionatel-
lular automatorwhereall statetransitionsaretrivial exceptin thevicinity of theread-
write head.Thus applying Corollary 1 to a universalTuring machinealsoyields the
result.

6.2 AsynchronousSelf-Replicators

Applying the constructionof the theoremto Langton’s self-reproducindoop, andnu-
merousself-reproducermcludingthoseof Byl, Reggiaetal., Sayamandothersmen-
tionedabove, we implementedhe ®rst asynchronouself-reproductiorin cellularau-
tomata[55]. Figure4 illustratesasynchronouseplicationof a structurallydissohable
loop capableof programmedtell death.

7 Minimal Evolvable Systems

To betterunderstandevolvability we consideredsomeopen-endedvolutionary sys-
tems.Now we examinetwo (more or less)minimal evolvable systemsto study how
evolvability, andin particularvariability, canarise.

7.1 Minimal Example1: AsynchronousEvoloop

This exampleis dueto Sayama-Nehawi[77,53] by combiningtheir techniquesHere
apopulationof self-replicatingoopsin ®nite spacds implementedasynchronousel-
lular automataphysics:changesaccordingto deterministicrules dependingon local
neighborhoodsasynchronousersionof Sayama-Langtoavoloop[53]).



4. F:@..

Fig. 4. AsynchronousVersion of Sayamas Structurally Dissohable Self-Reproducing.oop.
Spaceis liberatedby 2programmedtell death®and canbe reusedby descendentsf the origi-
nal loop (6 snapshotef a singlerun; toroidaltopology). Differencesn shading(shavn only in
the rst four panels)correspondo differencesn the synchronizatiorcomponenof local state
(cf. discussiorof temporalwaves).



Sayamg[76], extendingLangton’s construction,introducedapoptosis Apoptosis
(“programmedcell death”),locally started,is triggeredby local rulesin responseo
stagnantor unexpectedcon®gurationg(tendingto indicate non-viability) generating
a suicide signal, which propagatesver to contiguouslocal automatathat are non-
quiescen{76]. This resultsin resourcefreeing and makes possiblethe turn over of
generationsequiredby evolution.

A furthersynchronousariant,evoloop,allows evolutionin a cellularautomataet-
work to berealized 77]. By carefuldesignof theupdaterules,ancestraself-reproducing
loopsarerobustto someinteractiongcollisions)with othersin space They might ei-
therrecover from a collision with anotherloop, undego an apoptosischainreaction,
or survive in a changedform. The latter may or may not have the samecirculating
genomedeterminingthe constructionof its potentialoffspring. If a changedoop pro-
ducesviable, reproductve offspring,thenvariationis inherited,so variability hasbeen
introducedn evolution.

Applying the asynchronousmulationtheoremyields the ®rst implementedsxam-
ple of anasynchronousellularautomatanetwork with the capacityfor Darwinianevo-
lution (minimal evolvability), including heredity variability, differential reproductve
success®nite resourcegndturn-over of generation$s3].

Over evolutionarytime, loops of differentsizesarise;smallerloops canreplicate
more quickly and are lesslikely to collide thanlarge ones;the populationgenerally
evolves smallerand smallerloops until no further reductionin sizeis possible.See
Figure5.

Sourcesof Variability: Interaction. Interactionsduringlifetime arethe majorselec-
tive force but alsothe sourceof variation.Thereis only limited potentialfor variability
(rotationof geneticcore;loop andgenomesize).

7.2 Minimal Example2: Cultural Evolution in Alissandrakis' Imitating Robotic
Arms

Anotherinstanceof evolution occursin humanandnon-humarculturewith the trans-
missionof patternsof behaior (or memeg19]). Imitation broadly construedis the
transmissiommechanisnior memest!

Imitation, SocialLearning, and Cultural Evolution Learningbehaioursfrom oth-
ers,with culturalvariationshetweerpopulationghatarenot explainablesimply dueto

11 Thereis a unsettleddebateon whethera memeshouldbe regardedas an unobserable (at
leastuntil now) patternof informationin the brain or asan obsenable expressedhatternof
behaiour. The former seemamore@genotypic{asan informationalpattern,but it probably
is incapableof ever beingdirectly copiedfrom oneindividual to another)andthe latter more
a8phenotypicfasaneffect of suchapattern).

Moreover, it is unclearwhat constitutean individual memein the populationdynamicsof
memeticevolution, or whentwo memesare@thesameqeitherat the neuronalor behaioral
level).



Evolvability (First AsynchronousCellular AutomataNetwork Example)

Fig.5. Evolution in Asynchronous Cellular Automata: Asynchronous Version of Self-
Reproducing=voloop. (12 snapshotgnot all from the samerun); toroidaltopologies) Heritable
variability of characteristicsf individuals(e.g.loop size)entailsthatthis is anevolutionarysys-
tem.Evolutionleadsto small,fast-replicatindoopsthatarelesslik ely to collide thanlargerones.
Temporalwavesshadings shavn in the rst six snapshot§53].



differencesn local ecologicalcontext, hasbeenestablishedot only for humans put
alsoin someotheranimalspeciesincluding cetaceanp’2] andin chimpanzeefL05].

Culturalevolution is basedon transmittedpatternsof behavior, andis exhibited by
humansand someotheranimal speciesSociallearning,imitation, and/orinstruction
allow anorganismto learnfrom the experienceof otherswhich facilitatestheaccumu-
lation of culturalpracticeandobviate much,oftendangeroustrial-and-erroiindividual
learning.Sociallearningcanalsobe combinedwith individual learningto exploit cre-
ative variability. In severalrealms(behaiors, technologyartifacts,language)ultural
evolution canbe open-ended.

Cultural(memetic)evolutionis possibldn arti®cial societiesandin thefuturemight
®nd applicatione.g.in factoriegpopulatedoy autonomousobotsof varioustypeswho
acquireandtransmitskills andtask knowledgethroughsociallearning. Theserobots
couldacquireskills andcompetencieby observingothers(e.g.humandemonstrators,
or industrialrobotic armswith differentsizes,kinds and numbersof joints) and pass
themto newcomerrobotsof asyet unknovn typewhenthey join the population.

A simple robotic populationmodel illustratesthis potentiality [3,4]: Simulated
roboticarmsareused,with differing lengthsof segments differing numbersof joints,
but all with ®xed baseaboutwhich they canrotate(Figures6 & 7). Therobotarms

Fig. 6. An exampleroboticarmimitatingagentA two-joint roboticarm,with segmentsof length
"1 and’ 2, moving from stateS, (armcompletelyoutstretche@longthe horizontalaxis)to state
S to stateS° to stateS® asit sequentiallyperformsactionsA, A% and A% Effectsof these
actions(markedtrails) areshavn asthearrows thatjoin thetips of thearmasit moves.

carryout behaviors in a two-dimensionalvorkspaceandengagen sociallearningvia
imitation. Theagentembodimentanbedescribedby avectorL = [ 1; 2; 3 i nl
where’; is thelengthof theit" joint. Eachrobotbuilds a “correspondencébrary” to



Fig. 7. Solvingacorrespondengaroblemfor matchedehaiour betweerdifferentembodiments.
A demonstratobehaiour consistsof amodelfolding its 3 joints counterclockwise(left). Imita-
tion attemptgo matchthe positionof the endpoint areshavn for a 2-joint imitator (center)and
a6-joint imitator (right).

imitateanotherpossiblydissimilarone (usingvariousmetricsof similarity to reinforce
success)A robotarmobsenesanotherone (with possiblydifferentembodimentand
attemptgo matchits behaiour (accordingo somemetricsuchasposture gnd-efector
position,or anglechangestthejoints). In turn, athird robotarmobsenrestheimitator
and attemptsto imitate it (againusingits own possibly differentembodimentusing
somemetric), but doesnot obsere the ®rst robot, and so on. Behaviors canthus be
culturally transmittedhrougha chainof robots.

The exampleillustratedin Fig. 8 demonstratesuch(horizontal)transmissiorof a
behavioral patternvia sociallearningin achainof imitating agentsThe original model
with threejoints is shavn in (Fig. 8, left). It is imitated by a two-joint robotic arm
(Fig. 8, center),which in turn is imitated by anotherimitator (Fig. 8, right) with the
sameembodimentsthe original model,but which only percevesthe behaior of the
two-joint agent After transmissiorthroughtheintermediarythebehaioral patterrthat
hasbeenacquiredoy thesecondmitatorin (Fig. 8, right) is quitesimilarto the original
despitadifferencesn embodimenin thechainof transmissionThis exampleillustrates
transmissiorof a behaioral patternthrougha chain of robotic agents despitediffer-
encesin embodimenbf agentsinvolved. This simple examplesenesas proof of the
conceptthat by usingsociallearningandimitation, rudimentarycultural transmission
with variability is possibleamongrobots,evenheterogeneousnes.

Evolutionaryemegenceof sharedbehaior andrudimentary proto-culture'in pop-
ulationsof roboticarmsis discussedh [4]. Figure9 shavsimitators,with differentem-
bodimentsarrangedn acircle eachlearningby imitatingits neighborandtheresulting
emegenceof sharechehaior.

Synchronizatior{via resettingto a ®xed nitial posture)oeforeeachdemonstration
hasbeenshavn to generallyresultin muchfasterandmoreaccuratébehaioral trans-
mission[3].



Fig. 8. An exampleof socialtransmission. Trail left by end-efectortips duringbehaiors by 3
robotarmsarevisualized.The original modelmodel0 (L = [20; 20; 20]) is shavn to the left.
In the middle, a two-joint imitator0 (L = [30; 30)) actsalsoasa modelfor imitatorl
ontheright (L = [20; 20; 20])). Dueto thedifferentembodimenbdf the agentimitator0  , the
replicationof the modelpatternis similar, but not exact.imitatorl hasthe sameembodiment
astheoriginalmodelmodel0 and,althoughindirectly transmittedtheresultingpatternis closer
to thatof the original modelthanis the behaior of theintermediateagentimitatorO usedas
amodelby this secondmitator [3].

Sourcesof Variability: Embodiment Differ ences. The behaiors of the armsare
the selectableentity for a Darwinianevolutionaryprocessimitation is the replication
mechanisnior thesebehaiors. Resourceare®nite sincethereare®nitely mary arms
andeacharmcanonly performonebehaior atatime.

Variability arisesfrom several sources(1) Errorsin obsenation andnoisein pro-
ductionof abehavior canintroducevariability in abehaiour, whichanobservingobot
might match,learn and passon. (2) Embodimentdifferencesmay constrainwhat an
imitator cando. For instance a complex folding up by a six-segmentarmcould not be
matchedexactly angle-forangleby a three-sgmentarm. Corversely the six-sggment
arm imitating a two-segmentarm might vary the position of variousjoints in mary
waysandstill achieve a satishctoryimitative behavior; furtherdown the chainof trans-
missionan obsener of this six-sggmentrobot arm might acquiresomeaspectf its
behavior notpresenin the original behaior of thetwo-segmentrobot.

The ®rst sourceof variability is very closelyanalogoudo mutationat the level of
copying errorsandis notparticularlynovel. Thesecondsourceof variability, differences
in embodimentis unlike whatwe know from biological or evolutionary computation
examples.

Replicationin the robotarm exampleis basedon interaction (like in prions+ pro-
teinsthatcaninherit a conformationfrom interactionwith a variantproteinz but with
vastlymorevariability).?

12 Thisis in contrasto evolving populationof self-reproducindoopsin examplel. Thereinter-
actionprovidedthebasis notfor replication,but for variability.



Fig. 9. Emegenceof proto-cultureamongeight heterogeneouagents Arm robotshave alter
nating2 and4 joint embodimentgoverall arm lengthremainsconstant) Startingwith no initial
aseedmodel,andimitating eachother clock-wiseusinga metric on actions,the gure shavs
anexampleof two stablerepeatedsingle-actionvariantbehaiours emeping in the population:
theagentswith two joints move bothjoints anti-clockwise(by 10 degrees) while theagentswith
four joints freezetheir rst andthe third joint, moving only the secondandthird joint. The dif-
ferenteffect patternsshavn resultfrom thedifferentstateghe agentsarein whenstableimitative
behaiour is established.



8 DevelopmentalGeneticRegulatory Networks (DGRNS)

A particularparadigmfrom naturerealizesall of the above propertiesdiscussedor
differentiation duplicationanddivergencedevelopmentafeneticregulatorynetworks
(DGRNSs). The mostcomplex systemsknown to humankindare differentiatedmulti-
cellular organisms.They may consistof e.g.on the order of between10'® and 104
cellsin thehumanbody;in multicellularorganismgeneticallyidenticalcellsdifferen-
tiate,dependingpn the speciesinto betweertwo or tens,or hundredspf cell types[9]
with eachcell eachcapableof takingastronomicallymary statesThecomponentells
themselesare eachliving entitieseachin itself alreadymore complex thanarything
ever constructedy ahumanbeing.Theorganismmaintainscoherenceasanindividual
while growing from asinglecell into thishugenumberthroughasynchronoudivisions,
with adynamicallychangingopologyof interactvity betweerthis changinghumberof
cellsincludinglong, mediumandshortrangeinteractiongegulatingpatterning global
metabolismandthe essentiaprocessesf life (seee.g.[106,6]).

In naturegeneticregulatory networks with development/diferentiationare con-
stantlyengagedn interaction(within eachcell, with the local environmentof the cell,
or at organismalevel with the external,ecological,andpossiblysocialernvironment).
Thiskind of incessanactiity in thecontrolsystemswithin eachcell andtheir coherent
integratedactiity hasbeencalleduniversal responsivenedsy West-Eberhar@ndlies
at the basisof phenotypicanddevelopmentaplasticity [104]. Selectionfor robustness
in development(due,for example,to pressuregor ®tnessto be heritablefrom parent
to offspring) could have asa non-selectedby-productthe following propertieswhich
enhancevolvability:

(1) phenotypicvariationbecomedoleratedandpossible;

(2) particularphenotypicvariationsbecomederitable sincesimilar genesn a similar
ernvironmentyield similar developmentjatercanalizedand

(3) developmentaVersatilityleadsto increasegbhenotypiovariability (alongthe* right”
dimensionf variation)servingasfodderfor the next “rounds” of evolution.

Very little in Arti®cial Life hasbeenachiesedin the two modesof life involving
self-reproducingutopoieticentitiesor symbiogenesiéseeAppendix),but they canbe
approachean the foundationsof currentwork. Geneticregulatory networks (GRNs)
in cells are an essentiacomponenbof how natureis ableto grow developing,living
systemg18]. GRNsareuniversallyresponsie control systemswithin biologicalcells.
In multicellularorganismsGRNsareduplicatedanddivergein functionalityasorgan-
ismsgrow, in responseo local conditions,the ervironment,and via signaling. They
appeatto provide essentiapropertiesor evolvability [1], andthe continual,universal
responsienesandplasticity of living systemg104].

Operatingcontinuallyin closeconnectiorwith theirervironmentthroughsignaling
channelswhile actively maintaininginternaldynamicsarti®cial GRNseasilyallow for
heritabledigital geneticencodingandprovide amodelanalogouso thatof asinglecell
(althoughpresentlywithoutits replicationcapabilities) Unlike mostotherpresent-day
computationamodelsit is naturalto apply themin an continuallyactive andrespon-
sive mode[67]. Moreover, they exhibit very e xible evolvable, expressve dynamics
similar to key biological regulatoryphenomenasefulin achiering a variety of control
andcomputationatlynamicq7, 67]. The evolvability propertiesof GRNsandDGRNs



arebeinganalyzednathematicallyasdynamicalsystemsisingtechniquese.g.of [62,
61,60], in efforts to develop a predictive theory of their evolution and applicationin
novel computationaswell asArti®cial Life. The geneticregulatorynetwork in a de-
velopingorganismis duplicatedin eachcell, which carriesits own differing state(in
cytoplasm structuralandepigenetianarking).Eachcell hasthe samegeneticnetwork
andresponddo local conditions.Multicellular living organismauseDGRNSsto control
for growth and differentiation,aswell asfor incessanective control while growing
from a single zygote (or “seed”) to adult by cell division. The desirabledynamical
systemgpropertiesof GRNs might be combinedwith developmentto allow e xible,
responsie control, continually coupledto the environmentin organismsconsistingof
evenastronomicahumbersof differentcells. Massvely paralleldistributed,adaptve,
robust, fault-tolerant self-repairingcontrol and computationis a hallmarkof DGRNs
in living organismsbut very unlike whatwe ®nd in corventionalsoftwareengineering
andvon Neumanrcomputationput the potentialof DGRNsfor novel computatiorand
thesimulationandsynthesif life is only now beginningto beexplored.

Reaction-difusion, cellular signalingand positionalinformation could be setup
usingtoolsavailableandbeingdevelopedn evolving multicellularsystemsasanatural
methodfor computationamorphogenesiandnovel, developmentatomputation.

Developmenbf NETBUILDER, atest-bedor modelingthedynamicsof multicellu-
lar geneticregulatorynetworksfor biologists[78], is currentlysupportedyy a grantof
the WellcomeTrustto Maria Schilstraandthe author It turnsoutthatthis platformcan
also be usedto model arti®cial developmentalgeneticregulatory networks. Schilstra
and Nehanv [79] discussthe computationaimodelling of generegulationin genetic
regulatorynetworks,andcurrentwork is exploring the useof suchcomputationahet-
worksto reverseengineegeneticregulatorycontrolgivengeneexpressiordata.

Theevolutionaryapproactio understandin GRNsis the mostnaturalandwould
helpcharacterize@ndevaluateaspect®f their evolvability propertiesanddevelopmen-
tal plasticityin differentcontexts.

Studyof arti®cial versionsof developmentabeneticregulatorynetworks,compris-
ing multicellularindividuals,in evolving populationsof suchmulticellularindividuals
is also a naturalapproachto addressinghe essentialquestionsof de®ning possible
modesof life (seeAppendix).Suchevolving populationsof DGRNsembodiedn dif-
ferentervironmentsmayberich enoughto study(1) heritability of characterst higher
levels,and(2) regulationof con icts with theconstituentellularlevel (quidedby some
predictive theoryfrom [47]), (3) emepgenceof self-maintenancat variouslevels, as
well as(4) differentiationandmodi®cationof regulatorydynamicsandgenetic devel-
opmentalandphenotypimlasticity.

Coupledwith replicationcapability evolving thesearti®cial DGRNs (in software
or in arti®cial proto-cells)could leadto systemsshaving moreor all of the properties
of life in its variousmodes.It would alsobe interestingto study (5) the induction of
symbiogenesig suchsystemsperhapdeadingto arti®cial organellesandthe degen-
erationof propertiesof life if capacityfor independentnaintenancef patternintegrity
andreplicationis lost (mode 3). The geneticnetwork in eachcell of a differentiated
multicellular organismis duplicatedanddivergesfrom its progenitors Evolved differ-
entiatedmulticellular organismpossess dynamictopologyof interacting,developing



geneticregulatorynetworkswithin their cells. TheseDGRNshave the following prop-
ertiesthatcouldalsoberealizedin implementationsf arti®cial versions:

— Multiple copiesof the sameregulatory mechanismnin similar units, with lineage
structure

— Expressie androbustdynamicalsystemswith parametersunableby transcription
factor(TF) binding strengthsgoncentrations;o-factors etc.

— Layeringof combinatorialogic onactivation/inhibitionof transcription(“biologic”)

— Duplication-divergencevia sensitvity of dynamicgo epigenetianarking,develop-
ment,ervironment,timing, cell-type,externalsignals

Therearesomeopenquestionfor GRNsandDGRNSs:
(1) Whatis the degreeof smoothnessf their evolutionarydynamics?
(2) Whatis therelative importanceof variability operatorsyielding regulatorychanges
vs.operatorgielding geneproductchanges?
(3) Whatorganization®f developmentyield whatevolvability properties?
(4) Whatis therole of developmentandecologyin their evolvability (evo-deso-eco)?
(5) As biological DGRNSs are naturally asynchronouswith no global clock coordi-
natingtheir action,developmentalnd organismalime andtiming mustrely on local
mechanismso achieve coordination.The dynamictopologyandasynchronousature
of DGRNsthusmalke themapromisingtest-bedor studyingtheevolutionarydynamics
andemepgenceof asynchronoutemporalcoordination.

9 Conclusionand Major Challenges

Evolution hasbeenpresentedsa powerful andgeneraklassof stochasti@lgorithms.
Respons¢o interactvity (phenotypicplasticity) with ervironment/othersnay be fun-

damentato evolvability. Interactioncanplay a selectve and/orreproductverole in the
capacityto evolve (asshavn in two minimal examplesexhibiting evolvability). Inter-

actioncanmodulateduplication-dvergence Geneticregulatorynetworks, lifelong en-
gagementanddifferentiation/deelopmengappeato have importantevolvability prop-
ertiesandconsequencethat desere to be betterstudied.Interactionalsoplaysa im-

portantrole in the arisingof multicellularity. Culture arisesvia socialtransmissiorof

behaior, knowledgeandskills, andis possiblefor constructedagents(e.g.robotson
shop oor). In differentexampleminimal evolutionarysystemsinteractionrandembodi-
mentcansene asasource®f variability. DevelopmentaGeneticRegulatoryNetworks
(DGRNSs) are proposedas a paradigmfor novel computationand the study of evolv-

ability. Evolvability of autopoieticself-replicatorsppen-endedvolution, andfeasible
universalconstructionareopenproblems Asynchrory is presentn the mostcomplec

naturalsystemsuchasdifferentiatednulticellularlife, but synchronousutomatanet-
work modelscanbe madeasynchronousisinga uniform methodby which emulation
of behaviour of the synchronousystemis mathematicallyguaranteed.
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Appendix A: Are There Degreesof Life? £+ Converting Resources
into Persistenceand Progeny

The precedingconsideration®f evolutionary processess stochasticalgorithmsthat
may berealizedin mary substrategeadnaturallyto the questionof whentheindividu-
alsin anevolutionaryprocesshouldbe calledalive. We consideiin this appendixwhat
heritability, self-maintenancesymbiosisand responste dynamicsvia geneticregula-
tory networkscantell usaboutpossiblemodef life, in whaterer mediumit might®nd
realization.

A.1 Re-Thinking Life

Thelasttwo centurieshave yieldedprofoundscienti®cadwancesn our understanding
of the particularnatureof life on earth:the natureof the cell, the Darwinian theory
of evolution, its synthesiswith Mendeliangenetics,and later with biochemistry the
basisof hereditaryin the substancef long chainsof nucleotidesthe (nearly)universal
geneticcode thedetailsof proteinbiosynthesigseee.q.[73]), increasedinderstanding
of the dynamicsof developmentin animals[6] andplants[36], and of evolvability [1,
100],aswell asevermoredetailedunderstandingf genetiaegulatorysystemsndhow
they operatein the single-celledanddifferentiatedmulticellular organismge.g.[18]),
amongotheradvancesRecentdwancesn theconstructiorof “proto-cells'with various
propertiesof living systemsbring us closerto new andvery minimal instantiationsof
life £ of variouskinds (arti®cially constructedr parred-devn cells) [68, 85]. We may
possibly®nd otherexamplesof life elsavherein the solarsystemor universe but also
in mediaotherthanthoseof organicbiochemistry Researchers Arti®cial Life have
soughtto captureand reproducean underlyingan “logic of life” in software running
on electroniccomputerge.g.[69]), or in othermedia.Thesedevelopmentareleading
us to reconsidetthe notion of living organism:How arewe to know whetherwe are
looking at new kindsof life?

A.2 SomeSubtle Propertiesof Life Herewe collectfundamentaphenomen#ound
in organiclife on earththat have tendednot to receve emphasisWe formulatethem
with aview towardachiezing a moreuniversalunderstandingf whatlife is.

Replicators in Context. The heritablematerialin replicatorsdoesnot fully specify
the constraintsof the ervironmentin which they are capableof replication.Indeed,
thereis no way for evolution directly to distinguishbetweengenetic,ervironmental,
physical,geometric,enegetic constraintsor incidentalor universalpropertiesof an
evolving populations ervironment.Catalyzingthe ambientdynamics,no matterhow,



that promotetheir own replicationis enoughfor the mostprimitive replicators.Other
capabilitiescomelaterin the evolution of biological compleity [62].

Pattern Integrity Life is anorganizationapatternthat“holdsits shape” Althoughthe

particularmaterialthatmakesup anorganismin the courseof its life maybechanging,
theindividual persistsJustasa wave on the oceana dynamicaleventoccurringon a

substrateof watermoleculesanda slipknot,which may be passediown from a string

to aropeto anecktie,dependncon gurationandnot particularmaterialfor their exis-

tence similarly life relieson persistencef anorganizationapatternthatis structurally
stableenoughto perpetuatés existencen a medium(patternintegrity). (cf. discussion
in[22].)

Enoughstability mustbe presenin the structureof the dynamicsfor this to occur
for usto beableto speakaboutanindividual of any kind.

In replication,duringa transitionwhena parentis giving riseto its offspringin the
dynamicsof the medium,the parentis active in the establishmenbf the offspring's
patternintegrity, asis the new individual itself, in changingdegrees(self-pioduction.
Replicatorswhose dynamicsfavors conditionsthat happento tend to increasetheir
reproductve successhroughpromotingprocessesf homeostasisind self-repairwill
increasaunderthe actionof evolution. Beyondbasicpatternintegrity + whichis neces-
sarily presenialreadywith simplereplicators,or for thatmatterin ary persistentndi-
vidualsz life hasalsoachievedmoresophisticatedypesof patternintegrity in theforms
of self-maintenancéhomeostasisself-repair andregeneation within anindividual.
Robustness Plasticity and IncessantResponsivenessDespiteperturbatiorandvari-
ability atthe level of inheritance(suchasmutationsandsex), living organismsare of-
tenrobustandcangrow, develop, persistandthrive successfully{robustnesso genetic
variability [14]). Moreover, despitethelack of ary full “speci®cation’of organismsy
their geneticmaterialand despiteperturbationgo the ervironment,they areoftenre-
markably able to generateappropriateand adaptve forms and responseso various,
changingernvironmentalsituations(phenotypicand developmentalplasticity) [104].
This relieson the factthat organismscontinuallyengagewith their local ervironment,
shaving incessanadaptve actiity, internallyandexternally (univeisal responsiveness
[104)).

Evolvable Dynamical SystemsEvolvability (cf. [1]) is de®nedabove asthe particular
capacityof an evolving populationto generateadaptve heritablegenotypicand phe-
notypic variation.Evolvability dependon mary detailsof the geneticsystemandcan
be radically differentin differentinstancef evolution. To achiese self-maintenance,
plasticity, and continualresponsienessa suf®ciently evolvable substratds necessary
Suf®ciently powerful dynamicalsystemdasegsuchasthe physics,chemistryandge-
netic systemenjoyedby life on earth)arenecessaryo supportevolvability. Moreover,
theevolvability of a systemcanchangge.g.with theadwentof ageneticcode).
Achieving Heritability and Transitions in Individuality. Thingsfall apart(in the
physicaland mary arti®cial worlds). Quick reproductionbasedon digital templates
is oneof thewaysthatlife usesto helpit to triumphover entrogy. With a discreteba-
sis of heritability (suchasprovided by a limited alphabetof nucleotidesandcodons),
copiescan be perfect.Engineeringshows that retuilding is often more ef®cient than
repair



Simple replicatorsmight have no regenerationand repair capabilities(and these
might be quite complex to specifyin a heritablemanner).Without these replication
ratherthanrepairis eventuallythe only optionin thefaceof the tendeny of thingsto
crumble With increasedlegreesof self-repairandregenerationpersistenceatherthan
immediateproductionof offspringbecomesan option. Too muchpersistencéowever
would stopevolution, unlessvariability is somehav continuallygenerated.

The simplestreplicatorshave offspring like themselesin a similar ervironment.
Fitnessof theseis likely to be similar to that of the parents(until resourcesare ex-
haustedor conditionschange) Whenoffspringareproducedthey arelikely to be suc-
cessfulin the ervironmentof their parentif they are similar to it * thatis, if their
capabilitiesof promotingtheir own persistencandreproductve successn thatenvi-
ronmentaresimilar to thoseof their parentsHeritability of ®tnessis achiezed simply
for accurateeplicatorgn astableervironment:if thenew oneis to beviable,acopy of
theoriginalis likely to bea goodchoice.

Ensuringfaithfulnessof copiesis oneway to ensureheritability of ®tness.Digital
geneticsystemdelpachieve this.

New higherlevel, e.g. multicellular, replicatorswhosecomponentg&rethemseles
alive needto solwve the problemsof heritability of ®tnessanav, togethemwith thoseof
se&, andself-repair At higherlevels, for life to exist, a transitionto individuality must
reinventreplication,resultingin heritability of ®tnessat thatlevel; alsoreinventedare
self-maintenancéor the higherlevel individual, and sex (receving or exchangingof
heritablematerialfrom others)[47]. It is alsofacedwith new problems:suppression
of freedomat lower levelsandharnessindower level unitsinto cooperatiesthatcon-
tribute to the ®tnessof the higherlevel individual requiresa balanceof the tendeny
of replicatorsat lower levelsto pursuetheir own individual reproductve successtthe
expenseof thatof the higherlevel individual [11,47]. In differentiatednulticellularity,
constituentcells may pursuetheir own replicationat the higherlevel's expense(can-
cer);in socialinsectssomememberof non-reproductielaborcastesnay “defect'and
becomeeproductve, atthe expenseof the colony' sintegrity.

Higherlevel individualsdevelopfrom a single (or a smallnumberof) constituents
andharnesdglivision of laborandthe differentiationof their constituentge.g.cellsin a
body;insectcastes)Epigenetianheritancgvia stateandmarking)in the populationof
constituentgomprisingthemmakesthis possible.

A.3 Degreesand Modesof Being Alive

Biologistsasledto de®nelife have not agreedon a universallyacceptedie®nition,but
insteadtendto producdists of propertiesOnecandidatede®nition[59], applicableto
life-as-it-could-beaswell aslife-as-we-knav-it, is:

A living organismis anindividual entity that

1. transformgesourceto persistencépatternintegrity) andprogery (i.e.to achieve
reproduction),

2. resultsfrom reproduction(or is ableto reproduce),

3. resultsfrom anevolutionaryprocessn a population(involving heritablevariation,
differentialreproductve success®nite resources),



4. producesdtself in the context of its environment(self-productiongrownth andpos-
sibly development),

. engagesn self-maintenance,

. usessignalingandinteraction(internallyandexternally),and

. modi®esandis modi®edby its ervironment(embodimenandplasticity).

~N o O

Themoreof thesepropertiedrom suchlists asystemexhibits, the morejusti®edwe
feelin sayingthatit is alive. For example,virusesor "digital organisms'(suchasTier-
rans[69]) exhibit somebut notall the propertiesof life (seealsobelow). This suggests
thattheremaybe differentdegreeso which it makessensdo call somethingalive, i.e.
differentdegreesof life dependingon the degreeto which eachof requirementsn the
biologist'slist aresatis®ed59].

Modesof Life with Differ entDegreesof Alivenessin light of theadvancesn Biology
andArti®cial Life mentionedabove, it will bearguedherethattheevolution of life from
asingleancestoor ancestrapopulationmayinvolvedifferentmodesvhich accounfor
someof the differencesdn the degreeof alivenessOrganicevolution on earth(andin
somecasesn arti®cial systemsat the ®rst two levels) hasapparentlyproducedifferent
modesof life (which comprisea evolutionarycontinuum).Thesemodesshov marked
qualitatve differencedn dimensiongpresentamongthe requirementdor life, but are
relatedto eachotherby evolutionarycontingencies:

— Mode0: Replicators (no or very limited variation in heritability). Prions,crys-
tal growth, and cellular automatareplicatorsshav mary propertiesof life. They
engagen no self-maintenanceEvolution doesnot occur(with somerecentexcep-
tionsin cellularautomata)At thelevel of theindividual, they do notshow genetic,
developmentalpr phenotypiglasticity.

— Mode 1: Replicators in Evolving Populations. Viruses,Tierrans(andto a lesser
degreetransposonsgxist in populationsshaving heritability, variability, and dif-
ferential reproductve successt the requirementgor evolution. This leadssome
researcherto asserthatthey are examplesof minimal living systemsThey ex-
hibit no homeostaticontrol,or capabilitiesof regeneratiorandself-repair

— Mode2: Self-Maintaining Organisms(showing various degreesof autonomous
responsve dynamicsand plasticity). Theseextendmodel capacitieandinclude
all theuncontraersialcase®f living organisms[Seelist of living organismdimen-
sionalpropertiesabove. This classmight have identi®ableoccurringsubmodese.g.
someself-maintenancandregeneratie capabilitybut little or no phenotypigplas-
ticity. Someexamplesmay be naturally occurring,but othersmight soonbe pro-
ducedby constructve methodsenrouteto moresophisticatedrti®cial life forms,
e.g.proto-cells.]

— Mode 3: DegeneratedLife (arising, e.g, due to Symbiogenesisor Multicellu-
larity). Theseareevolving replicatorswhoseancestorsvereof anothermodebut
which arein the procesf losing (or have lost) mostof their individuality. Exam-
plesassociatedvith evolutionarytransitionsin the RNA world (or otherearlylife
scenarios)earlyreplicatord membrane-boungenes/ chromosomed theevo-
lution of eukaryotesfree-living prokaryoticancestor®f organelled mitochon-
dria, chloroplasts Mitochondriaand chloroplastsare organelleswhoseancestors



wherefree-living endosymbiontsf ancestoref eukaryoticcellsbut which arenot
longer capableof replicationwithout the machineryof the cells and someof the
heritableinformationin thecell'snuclearDNA [42,74].

Transitions betweenModes of Life The adwentof new higherlevel replicatorssuch
asmulticellularentities(possiblywith differentiationof constituentsnto a cooperatie
division of labor) leadsusto askthe questionagain.Are thesereplicators(ratherthan
their constituenmembersplive?To whatdegreedo they shav the propertiesequired
of living systemssuchasbeingmemberof anevolving populationelf-maintenance,
heritability of ®tness andsophisticatedesponsie dynamics?

If multicellular plants,animalsand fungi, or coloniesof social insectsare self-
replicatinghigherlevel individualssatisfyingthe propertiesf life, how arethe proper
tiesof life (in thelist above) achiered by the higherlevel entity? Are we dealingwith
merereplicatorsgvolution, or evolution of self-maintainingdynamicentities?

With symbiogenesigaindincreasingdependeng on partners/oss of individuality
may result (e.g.in the evolution of cellular organelleshaving endosymbioticorigin,
mitochondriaand chloroplasts)For mostde®nitionsof life, evolution mustactonin-
dividualsin a population,if individuality is lost, thenevolution at the former level of
individuality + andhencelife atthatlevel £ becomedessdistinct(mode3), andeven-
tually it maynotbe appropriateo speakof life.

The extreme modesare lessalive thanthe middle ones.Transitionsbetweenthe
aboremodesof life (in thedirectionof thelist) arehowever naturalandmaybefavored
by naturalselection(aswith theevolution of mitochondria) Eventhoughthelastmode
involvesdegeneratiorof life propertiesat onelevel, it is only known to occurin the
transitionalgenesiof higherlevel units of selection.Note thatit alsoneednot occur
(evenwith new, albeitlooseunits of selection);e.g.the cellsin differentiatedmulti-
cellularorganismsor symbioticpartnersn lichensthatcanalsolive independenthare
both mode2. In the oppositedirection, exampleswhich may or may not have arisen
asrenegyadereplicatorsthatwereoriginally component®f alarger unit of life include
virusesandtransposongransitionsto model from highermodes).



