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Abstract. We considertemporalaspectsof self-replicationandevolvability – in
particular, the massively asynchronousparallel anddistributednatureof living
systems.Formal views of self-reproductionand time aresurveyed, anda gen-
eralasynchronizationconstructionfor automatanetworksis presented.Evolution
andevolvability aredistinguished,andtheevolvability characteristicsof natural
andarti�cial examplesareoverviewed.Minimal implementedevolvablesystems
achieving (1) asynchronousself-replicationandevolution, aswell as(2) proto-
cultural transmissionandevolution, arepresentedandanalyzedfor evolvability.
Developmentalgeneticregulatorynetworks (DGRNs)aresuggestedasa novel
paradigmfor massive asynchronouscomputationandevolvability. An appendix
classi�esmodesof life (with differentdegreesof aliveness)for naturalandarti�-
cial living systemsandpossibletransitionsbetweenthem.

1 Modelsof Time: Logical vs.PhysicalTime

We considertime in discretedynamicalsystems.St. Augustineconsideredtime as
somethingintuitively graspableyet ineffable.Varshavsky distinguishedtwo kinds of
time: Time asa logical variable in a systemde®nedby eventsvs. time asanindepen-
dentphysicalvariable[96], andstudiedself-timingandasynchrony theoryfor comput-
ing devicesasthe problemof reconcilingthe two typesof time via designof system
timing for theappropriatefunctioningasynchronousdevicesinteractingwith external
environments.

For a singleobserveror location,we canconsiderthreemainviewsof the(logical)
time:
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1.1 Partial Orders asModelsof Time

Aristotle consideredeventsin time via orderingrelatedto casuality(andmotion),and
time asde®nedby differencesbetweenstatesbeforeandafter(thuschangeis required
for thepassageof time).

1.2 Time asa Random Variable

Anotherview is to regardlogical events,suchasa discreteeventclock-tick,asembed-
dedin physicaltimebut wherearandomvariabletakesvalueseventor noeventaccord-
ing to somedistributionatsuccessivediscretemomentsof physicaltime.(Insteadof just
onetypeof eventmoregenerallydifferentparticulareventsmight begenerated.)Here
thepassageof logical time, if usedto incrementa measuringcounter, is monotonically
but notdeterministicallyrelatedto thepassageof physicaltime.

1.3 Algebrasof Time: SemigroupsasModelsof Time

Following J.L. Rhodes(who refersto Aristotle),we candescribetime algebraically. If
� , � , and
 areeachsequencesof eventsin time, andthecompositesequence� then

 is precededby � , this is exactly in the sameaswhen� follows � andafter both 

occurs.Thatis, theassociativelaw

(�� )
 = � (� 
 )

is a grammaticalstatementaboutsequencesof eventsin time.Thestudyof associative
structures(semigroups)is thusthestudyof modelsof time.

As asimpleapplication,wehavealgebraicallyclassi®edall modelsof timeallowing
for only a singlerepeatedevent(or “clock-tick”). 1

Semigroupsareintimatelyconnectedwith deterministicautomata,assequencesof
inputs inducemappingsof the setof statesof the automatonto itself; theseinduced
mappingsthuscompriseasemigroup(undertheassociativeoperationof functioncom-
position)whichservesasamodelof time in theautomaton.

To passto anondeterministicor probabilisticautomaton,thereareseveralmethods.
A verygeneralone,relatedto theconstructionof minimalautomata,appliesto themore
generalcaseof observationsor measurementsof any phenomenonat all. Observations
of agivenstochasticphenomenoncanbetreatedvia Crutch®eld's � -machines: from ob-
servationsof an,in generalstochastic,processoneconstructsadeterministicautomaton
in which transitionsaresingleobservationsandin whichstatesareequivalenceclasses
of pasthistoriesfor eachmemberof which theprobabilitydistribution over the future
historiesis identical.In otherwords,in a given statethe future is conditionallyinde-
pendentof thepast[15]. Thesemigroupof the � -machinethenservesasan algebraic
invariantandmodelof thetemporaldynamicsof thegivenphenomenon.

1 Thepossiblesingleeventmodelsarecyclic groups,thepositive naturalnumbersunderaddi-
tion,andthresholdedcyclic groups– in whichtheeventcanberepeatedsomenumberof times
whereupononeentersa cyclic group[57].



2 Evolution and Evolvability

Evolution viewed as stochasticsynchronousor asynchronousalgorithm or temporal
processis describedhere.Evolvability describesthecapacityto whichaparticularevo-
lutionaryprocessis successfulin generatingadaptive individualsandwill bediscussed
in detail later. After de®ningDarwinianevolution,we survey non-biologicalexamples
and the other evolution-like phenomena.Evolvability is then discussedin detail for
theseexamples.

2.1 De�nition of Darwinian Evolution

Evolution is any dynamical population process[17,16] with the following charac-
teristics,which onecanregard asthesemi-formalDarwin-Wallaceaxioms:

(1) Heritability : Individualshaveinherited informationor material (genotype)from
parent(s)thatmakesthemsimilar to their parent(s)in sometraits.
(2) Variability : Offspring may differ from their parents in their heritable material
(genotype)andin otherrespects(phenotype).
(3) Differ ential Reproductive Success[selection]: dependingon phenotype, which
mustdependat least in part on inherited traits, someindividualsare more likely to
haveany(or more)offspringthanothers.
(4) Finite Resourcesand Turn-over of Generations: Lifespansof individualsare �-
nite and theexistenceof only a limited numberof individualscanbesupportedin the
populationat anymoment.

Theaboveaxiomsyield acreativeenginevia a“strugglefor existence” driving “de-
scentwith modi�cation”. Persistenceandincreasein distributionof heritablesuccessful
traits follow by (1) and(3), andcreativity arisesvia (2). Competitionfor existenceis
dueto (4). Notethata presuppositionof theseaxiomsis thatthepopulationconsistsof
well-de®nedindividuals.

2.2 Stochasticityof Evolution

Stochasticityimpingeson evolution usually(1) via themechanismof genotypicvari-
ability, wherebyinheritedinformationisperturbed,butalso(2) in phenotypicvariability
wherebytheenvironmentor constrainedaspectsof developmentleadto differencesbe-
tweenparentandprogeny. Differentialreproductivesuccess(3) refersto theprobability
of successat producingprogeny dependingon inheritedinformationandis therefore
generallymodeledasstochasticin nature.2

Evolutioncanthusberegardedasa verygeneralclassof stochasticalgorithmwith
many instancesoccurringin nature,culture,andarti®cial systems.

2 Nevertheless,evolution is also possiblein completelydeterministicsystems,e.g. the syn-
chronousevoloopsystem[77] (seebelow), or any non-interactive geneticalgorithmrunning
with agiven`seed'for generatingrandomnumbers.



2.3 Instancesof Evolution in Silico

GeneticAlgorithms and Evolutionary Computation GeneticAlgorithms(GAs)and
allied methodsarepopulationprocessesfor arti®cial evolution in computersandhave
beenintroducein many variants:geneticalgorithms[27], evolutionarystrategies[70,
80], evolutionaryalgorithms[24], andothers.The “vanilla” geneticalgorithmin the
styleof Holland[27] is describedhere:

0. Createa populationof ®xed®nite sizeof ®xed-lengthbit-stringsencodingcandidate
solutionsto anoptimizationproblem(initialized randomlyor with domainknowledge)
1. Evaluateeachagainstanobjective function(“®tnessfunction”)
2. Copy individualsthatdo betterwith higherprobability into next generation(a new
population,with samepopulationsize)[selection]
3. Apply variability operators:mutationrandombit-�ips, crossover: recombinationbe-
tweentwo individualsby swappingthesubstringsaftersomerandomlyselectedpoint
alongthestrings,andothers.
4. Iterate1-3until satis®ed.

Genetic Programming: variant of GA GeneticProgramming(GP) is a variant of
GAs introducedin theearly1990sby JohnKoza[30]. It hasthefollowing structure:
0. Do GA, but on populationsof programs,not bit-strings(e.g. Lisp S-expressions,
or parsetreesin any programminglanguage).Individualsaresyntacticallycorrectpro-
gramsoversomechosensetof basicoperations,andterminals(constantsandvariables).
1. Behaviour or outputof eachprogramin populationis evaluatedagainstanobjective
function(“®tnessfunction”)
2. Copy individualsthatdo betterwith higherprobability into next generation(a new
population,with samepopulationsize)[selection]
3. Apply variability operatorsrespectingsyntax:mutationreplacesasubtreeby random
one(of thesametype);crossover:exchangesubtrees(of thesametype)atrandomnodes
betweentwo individuals.New individualsaresyntacticallycorrectsincetheoperators
respectnodetyping.

Later variantsof GP alsointroducedexplicit supportfor modularity, namedfunc-
tions(so-calledautomaticallyde®nedfunctions(ADFs)) thatcanbecalledby themain
resultproducingbranchof theprogram.

Digital Organisms Digital organismswereintroducedby tropical evolutionarybiol-
ogist andcomputerscientistT. S. Ray around1989.Individuals in a ®nite computer
memoryareself-replicatingprogramsrunningon a Darwinianoperatingsystems(one
in which mutationsin dataand �a ws in computationaloperationsoccurwith certain
low probabilities).Thereis no objective function, so we have an instanceof natural
selection. The motivation is not optimizationbut arti®cial life asa generalizationof
biology. Several systemsfor the evolution of digital organismshave beendeveloped:
Tierra [69], the ®rst one,givesrise to rich ecologies(parasites,obligatorily social
hyperparasites,etc.). Insightsthat make it evolvable (as comparedto randommuta-
tion of computercode)wereinspiredby biology andinclude(1) templaterecognition



andmatching(recognitionbasedon “shape”); (2) all stringsaresyntacticallycorrect
(in Tierra,assembler-like programs),and(3) small languagesize- no numericalcon-
stantsare permittedin statements(but must be constructedin an organism's digital
processorif needed).Spacein computermemoryandprocessorcyclesarethe funda-
mentalresourcesfor digital organisms;theseandinteractionamongstdigital organisms
determinestheir reproductive successin an emergentmanner. NetTierra is an in-
ternetwide versionwith multithreading(an analogueof multicellularity), sensingby
digital organismsof othersitesover the network, andmigrationbetweencomputers.
TheAvida systemaddedCPUcycle rewardsfor somecomputationsandis currently
mostwidely used[2], especiallyasa modelfor bacterialevolution andanexperimen-
tal test-bedfor populationgeneticstheory. Physis [23] is new systemfor studying
evolvability of digital organismsin which organismscarrynot only thecodefor their
self-replication,but alsocodespecifyingthe processorthat will run it and,moreover,
codespecifyingthelanguagethey will runonit: evolvableprocessors.Thislattersystem
allows thestudyof theevolvability of self-replication,includingphenomenaanalogous
to evolution of thegeneticcodefor proteinbiosynthesisvia translationto aminoacid
sequencesfrom sequencesof codonsin very longoligonucleotides(DNA/RNA).

3 Not-Quite-Darwinian Evolution

Several casesof what looks like evolution (andis often calledevolution) fail to meet
theDarwinianaxioms.Generally, in suchcases,therearedynamicalsimilarities,but the
problemis thatonecannotidentify well-de®nedindividuals.An analogueof producing
progeny in suchcasesis persistence[52], usuallyeventuallywith modi®cation(and
hencevariability).

3.1 SoftwareEvolution

In SoftwareEngineering,thecostsof so-called`softwaremaintenance'and`software
evolution', i.e. costsof modifying andadaptingalreadyreleasedsoftware,amountto
billions of dollarsannually(50-95%of all softwarecosts[83,35]). Softwareis static,
fragile and in�e xible (exceptwhereadaptationneedhasbeenforeseen),but its con-
text andenvironmentsof usechange,hencerequirementschange.Softwareevolution
hasbeencharacterizedasmanagingchange± seethe work of Lehman,Goguen,and
Berners-Lee(e.g.[35,25,26,8]). Persistenceandre-useof softwareis ananalogueto
heritability [52]. If softwarecodeis regardedasheritableinformation,thesevereprob-
lemof requirementschangeshowstheneedfor softwarethatpossessesphenotypicver-
satility androbustnessto perturbation, bothof whicharerelatedto evolvability.

Softwaregrowthhasbeenstudiedasadynamicalsystemwith system-level,positive
and negative growth laws [103]. Thereare no clear individuals,no population.But
thereis persistenceandgrowth, anddescentwith modi®cation.Are thereprinciplesin
commonwith thoseof biologicalevolvability?Theanswerseemsto beyes,but they are
not well-understoodyet.Any softwarecarrieswith it anunboundednumberof hidden
assumptions,which areprogressively violatedastime passesandcontext of use± and
hencerequirements± changes[35]. A designprinciplesimilartobiologicalevolvability:



attemptto befuture-proof,robustto likely sourcesof change(see[8] onfuture-proo®ng
andworld widewebdataandmark-uplanguages).3

3.2 Cultural Evolution

Otherexamplesof evolution without readily identi®ableindividualsin populationsare
theevolutionof artifacts,andtheevolutionof behavior or cultural(memetic)evolution.

4 Evolvability

Theevolutionof life onearthhasundergoneseveralmajortransitions.Major transitions
in evolution arestudiedin [11,45]: FreeReplicatorsto replicatorsin compartments;
RNA asgene/enzymeto DNA andprotein(geneticcode);prokaryotesto eukaryotes;
asexual clonesto sexual populations;protiststo differentiatedmulticellular life (esp.
[11,47]); solitaryindividualsto colonieswith non-reproductivecastes[45].

All of theminvolve transitionsin the way information is usedandmostof them
involve the advent of new typesof individuality and thus new units of selectionin
populationsof thesenew individuals.

Nothing like the complexity andcreative power of organicevolution hasbeenre-
alizedin arti®cially constructedevolutionarysystems.Why is this thecase?Computer
scientistsusingevolutionarycomputationtechniquesquickly discoveredthat in some
casesevolution wasbetterableto ®nd solutionsthanin others.Sometimesevolution
completelyfailedasanoptimizationmethod,othertimesit workedwell. Biologistshad
tacitly assumedthatevolution by itself wassuf®cient to generateopen-endedadaptiv-
ity andcomplexity of the kind they observed in nature(e.g. �o wering plans,animals
with complex bodyplans,etc.).But thefrustrationof computerscientistsin somecases
showedclearlythatsomesystemswereobviouslymoreevolvablethanothers.

4.1 Kr ohn-RhodesComplexity and Open-EndedEvolution

This leadsto a constructivechallengeproblem.

Open Problem 1. (Open-EndedEvolution) Build a systemthatexhibits open-ended
evolution.Onein which complexity cangrow arbitrarily largeandnew innovationand
complex traitscontinueto arise.

3 The problemwith beingªfuture-proofº is that evolution by itself is a historicalprocessthat
cannotpredictanything aboutthe future. In biology, robustnessto likely sourcesof change
appearsto beachievedvia lineage selection, i.e. lineagesrobustto thekind of changethathas
historicallyoccurredaremorelikely to continuethanotherswhenchangesof the sametype
reoccurin thefuture.In software,humandesignaswell assuchlineageselectionmayoperate.
Seealsothediscussionin thesectionsof this paperon GPcodebloatandon theevolution of
evolvability.



Krohn-Rhodescomplexity in algebraicautomatatheoryusingsemigroupsasmod-
elsof time(or, e.g.Kolmogorov complexity) canbeusedto formalizethenotionof un-
boundedcomplexity growth, andexplicit boundson complexity increasein thecourse
of smoothevolution canbecomputed[60]. Duplication-and-divergenceis onegeneric
methodof maximizingjumpsin complexity [62].

4.2 Origin vs.Fateof Variation

Most evolutionarytheory (e.g.nearlyall of populationgenetics)hasbeenconcerned
with thefateratherthanorigin of variation[101]. Variability is theonly sourceof cre-
ativity in theevolution axioms,andits generationmustthereforebeoneof thekeys to
evolvability.

4.3 De�nition of Evolvability

Evolvability hasbeencharacterizedin variouswaysin theliterature:

– “the ability of a populationto producevariants®tter thanany yet existing” (Al-
tenberg [5])

– “genome's ability to produceadaptive variantswhenactedon by thegeneticsys-
tem” (Wagner& Altenberg [101])

– “the capacityto generateheritablephenotypicvariation” (Kirschner & Gerhart
[29])

– characterizedby evolutionarywatershedsopeningthe�oodgatesof evolution,such
aswith theadventof segmentationandbodyplans(Dawkins [20])

A syntheticde®nitionis formulatedhere:

De�nition. Evolvability is thecapacityof a populationto generateadaptiveheritable
genotypicandphenotypicvariation.

In this de®nition,“adaptive” is understoodas�tter thananycurrentlyexisting.4

4.4 GeneticAlgorithms and Evolutionary Computation: Evolvability Issues

Choiceof encodingis a crucial issuefor evolutionarycomputation:“The Representa-
tion Problem”.Encodingdeterminesthegenotype(e.g.bit-string)to phenotype(®tness
evaluation)mapping(Genotype-PhenotypeMap).

4 This notion of evolutionaryadaptivity is similar in its senseto thatusedin Altenberg's de�-
nition above [5], but is morespeci�c in that it replacesª�tter thanany yetexistingºby ª�tter
thanany currentlyexistingº.Thereasonfor this is that�tness is a spatio-temporallylocal no-
tion dependsof thecurrentorganism-environmentinteractionsandnicheswhichareof course
subjectin generalto temporalvariationover generations.

The productionof �tter individualsmight �rst proceedvia neutral evolution, i.e. thepro-
ductionof new individualswith differentgenotypesandof equal�tness to thoseexisting; this
is known to increaseevolvability in many examples(cf. [28,93].)



Genotype-PhenotypeRelation

“The genotype-phenotypemapis thecommonthemeunderlyingsuchvar-
ied biological phenomenaasgeneticcanalization,developmentalconstraints,
biologicalversatility, developmentaldissociability, morphologicalintegration,
andmany more” - G. P. Wagner& L. Altenberg [101]

Variability operatorsdeterminethetopology(neighborhoodrelationsof genotypes)
of the �tness landscape(S. Wright 1932[107]), mappinggenotype(or genotypeand
phenotypevia environmentinteraction)to probabilityof reproductivesuccess.Smooth-
nessof the objective function on this landscapedetermineshow well GAs can do
their stochastichill-climbing. If therearedeepbroadvalleysbetween®tnesspeaks(lo-
cal optima)that can't be traversedquickly enough,the systemis not evolvable.Con-
versely, uphill pathsreachableby asinglestepfrom localoptimahelpmakealandscape
evolution-friendly.

To improve evolvability, the evolutionarystrategiesof Rechenberg andSchwefel
[70,80] introducetheheritabilityof locusspeci®cmutationparameters(for thevariance
of noiseappliedto numericalparametersunderoptimization).

Extradimensionalbypass[14] is the addingof dimensionsto the genetic`search'
space(e.g.by aninsertionmutationor by duplicationof agene),in higherdimensional
®tnesslandscapes,local optimaoftenbecomesaddlepoints;this is observedin protein
evolution,andis relatedto neutralnetworksandrobustness(via mutationalbuffering).
Sometimesit hasbeenusedin evolutionarycomputation,e.g.via growth in genome
sizeor duplicationof all or partof thegenome,to achieve improvedevolutionaryper-
formance.

4.5 GeneticProgramming and GeneralEvolvability Issues

In GP, an importantphenomenonis codebloat: for robustnessto crossover, size of
programsincreasesuncontrollably. They arefull of junk in orderto withstandcrossover
with lower chanceof distribution. Making multiple crossover occurrencesmorelikely
for largetreesaccordingto their sizeeliminatesthis trend[91].

This is a particularinstanceof a generalprincipal in theevolution of evolvability:
Evolutionfavors lineageswith robustnessto disruptionfrom thevariability operators
experiencedby the evolving population.See[66] for a relatedstudy on linkage and
crossover, and[92] for theneutralevolutionof mutationalrobustness.

Modularity: AutomaticallyDe®nedFunctions(ADFs) [31] arefunctionalmodules
thatcanbecalledfrom variouslocationsin a program.Usingthesecanmeasurablyin-
creaseevolvability [90]. This is relatedto analogousprinciplesin softwareengineering
for evolvability: codefactoring,appropriatemodularity, andre-use(e.g.[65,52,83]).

4.6 Propertiesand Mechanismsof Evolvability

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



In many casesit is unclearwhetherwe areexamininga prerequisitefor, or a conse-
quenceof, evolvability, or possiblyboth (via the circular casualityof the dynamical
evolutionaryprocess),or perhapsanincidentalproperty.

1. DevelopmentalPlasticity:Universalresponsivenessto interactionwith theenviron-
ment,anincessant,continualcouplingthroughoutlife. (lifelong viability; multiple
cell types;complex life cycles;multipledevelopmentalpathways/behaviours/morphs;
continualself-creationand maintenancein interactionwith environment/others).
Thispropertyis almostunknown in arti®cial systems,standardpopulationgenetics
models,the`new synthesis',unimodalevolutionarymodels;but seeWest-Eberhard
[104] andalsoVarela[94].

2. Flexibility/Rigidity of Genotype-PhenotypeRelation.Robustness(to Heritableand
to Developmental/EnvironmentalPerturbations)

3. Duplication-Divergence:From one,many! (cell types,castes,geneticregulatory
networks(GRNs),segmentation,genericcomplexity increase)

4. Differentiation,LocalAdaptationandControl
5. AppropriateModularity, Compartmentation.Potentialto CombineLower Level

Units: onefrom many!
6. Symbiogenesis
7. New Individuality (e.g.Multicellularity, Compartmentation;Linkage)
8. Useof Signaling,Switches,SignalTransduction,& FeedbackControl
9. Employmentof EvolutionaryDynamics(within individuals!)

10. Redundancy
11. ExtradimensionalBypass

4.7 Duplication and Divergence.

Geneduplicationis remarkablyfrequentand importantin biological evolution [63],
andsubjectto complex evolutionarydynamics[39]. The creationof a full or partial
extra copy of a gene(or othercomponent)freesonecopy or bothcopiesto specialize
functionally, or onecopy to acquirea new function.Duplicationanddivergencein bi-
ologicalevolution [63] is thusa genericmechanismfor thegenerationof variability, of
greatpotentialcreativepower.

Duplicationanddivergence(Figure1) isalsoexempli®edbydivisionof laboramong
cellsor tissuetypesin abody, or castesin asocialinsectcolony. In differentiatedmulti-
cellularity, growthvia cell divisiontogetherwith specializationinto cell types(e.g. into
somaandgermlines)providesanopportunityandmechanismto exploit asynchronous
parallel processingbycloselyrelatedentitiesto achieveadaptationat a higherlevelof
individuality.

Complexity increasevia duplicationanddivergence,e.g. increasein numberand
role of cell types[9], or acquiringgenomes[43] (which doesnot involve duplication
anddivergence)canapparentlyrealizeknown,sharptheoreticalboundsontheevolution
of biologicalcomplexity [60].



Fig.1. Duplication-Divergence:A GenericPath toward Complexity IncreaseandEvolvability.
(afterJ.MaynardSmith[44])

Differ entiation Differentiationof multiplecopiesof thesameentityasin differentiated
multicellularinvolvesthefollowing properties:

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

– Local state
– Stateinheritedby lineage(e.g.Cell types,growth andmorphogenesis,epigenetics

via methylation,etc.)
– Localadaptationto local conditions
– Long-andmedium-distanceinteractions
– Growth from singleunit to a differentiatedmany, with changingtopology
– Divisionof labour

5 Self-Production and Reproduction

How is it possiblefor a mechanisticsystemto producesomethingascomplex or even
morecomplex thanitself?This problemmotivatedvon Neumannto studythephysical
andlogicalbasisof self-reproductionusingautomatamodels.VonNeumannconsidered
automatacapableof (1) examiningandcopying any patternor specimengivento them,
or of (2) productionof any objectstartingfrom a logical description.5 Eitherapproach

5 Seeespeciallynotesof von Neumann's �fth lectureªRe-Evaluationof theProblemsof Com-
plicatedAutomata- Problemsof HierarchyandEvolutionº in Part I of [99] deliveredin De-
cember1949(andeditedandreconstructedby A. W. Burks). In both casesthe word ªanyº



leadsto a solutionto vonNeumann'sproblem:in the®rst method,presenttheautoma-
tonwith anentityasor morecomplex thanitself; in thesecond,presentit with a logical
descriptionof one.Of coursefor this to work, it is necessaryto constructsuchuniversal
constructingautomatawith thesecapabilitiesor to demonstratetheir existence.6

Thesetwo approachesleadto solutionsof theproblemof self-reproductionby self-
examinationvs.heritableencodedinformationrespectively. Onepresentstheuniversal
constructingautomatonwith itself (or a copy of itself), or with a logical description
of itself, respectively. In the latter case,a copying componentof the constructingau-
tomatoncanbe usedto copy the logical description(regardedaspart of the entity),
which thusbecomesheritablegeneticinformation.Von Neumannshowedhow to con-
structsuchanautomatonin a synchronouscellularautomatanetwork usingthesecond
method[99, Part II].

Mutationsor errorsin the constructionprocesscould leadto lethal or non-lethal
variantcopiesandhenceprovide thevariability requiredfor evolution to act.Conceiv-
ably, thiscouldthereforeleadto theevolutionof moreandmorecomplex automata.Al-
thoughvon Neumannconsideredthis possibility, sofar no onehasbeenableto shown
in detailhow it couldberealized.7

It is remarkablethat von Neumann's solutionusedgenetic,inheritedinformation
in two roles:(1) blindly copiedand(2) executed,beforethestructureof theheritable
geneticmaterialin life on earthwasuncoveredby WatsonandCrick's 1953detailed
descriptionof thestructureof DNA revealingits essentiallydigital naturewith similar
dual roles[102]. Thus,von Neumann's work on his automatamodelsevenanticipated
the importanttranscription(“blind copying”) andtranslation(“executability”) proper-
ties of geneticmaterialfound for DNA, with the former realizedby complementary
pairingof basesandthelattervia templatematchingandthegeneticcodesequentially
mappingcodons(triplets of “letters” of DNA) to the aminoacidsin proteins(along
with numerousregulatoryintricacies).

Fromthebeginningsof thestudyof self-reproductionin arti®cial systemsinitiated
by von Neumannalreadyin 1948, the primary formal model hasbeensynchronous
cellular automatain which con®gurationsdevelop thateventuallymay includean un-
boundednumberof copiesof theoriginal. The modelsconstructedby von Neumman
andhis successorshave amply demonstratedthat self-reproductionis indeedpossible
in arti®cial systems.

Thedifferentpossibilitiesfor achieving self-reproductionhave implicationsfor our
understandingof theorigin of life, the natureof organiclife, andfor the possibilities
of life asit mayexist elsewherein theuniverse.Szathḿary [84] offersa classi®cation
of replicatorsapplicableto naturalandarti®cial systemsalongthe dimensionsof the
replicationprocess(holisticvs.modular, andgenotypicvs.phenotypic(thelatteris de-
®nedby non-modularcopyingof functionality))andof variability (limitedvs.unlimited

mustbetakenashaving scopeover a particularvery largeclassof boundedstructureswhose
existenceis possiblein theambientenvironment.

6 Portionsof thissectionarebasedon theauthor's paper[55].
7 To demonstratethis,asuitablerigorouscomplexity measurewouldof coursebeapre-requisite

(cf. [62]).



heredity, wherethe latter requiresthat thenumberof possiblevariantsbemuchlarger
thanthenumberof individualsin thepopulation).

Self-reproductionis of coursea prerequisitefor any independentevolutionarypro-
cess.Sendinginformation,instructionsonhow to build copiesof desiredstructuresus-
ing localmaterials,into anenvironmentratherthansendingall necessarymaterialsinto
thatenvironmentrepresentsmoreeconomicalmethodsof spaceexplorationandcolo-
nization.SeetheNASA reporteditedby FreitasandGilbreath(1980)for furtherpoten-
tial examplesandapplicationsof self-reproductionto spacescience,e.g.self-replicating
andself-maintaininglunarfactories.

5.1 Self-Replicationand Time

Nature aboundswith asynchrony. Cells in a multicellular organismor organellesor
moleculeswithin a cell apparentlyhave no accessto a centralclock signal.Canvon
Neumann's problemstill be solved without synchrony? Might the restrictionto syn-
chronousupdateberelaxed?In building anarti®cial self-reproducingentity is it really
necessaryto have a singleglobal synchronizationsignal that reachesall partsof the
entity simultaneously(or at leastwithin a well-de®nedtolerance)?If local partsof the
con®gurationarereadyto changetheir state,is it realisticandpracticalto assumethat
they mustwait until all otherpartsof thecellularspacearealsoreadyto updatetheir
states?

We canindeedfreeall cellularautomatamodelsof self-reproductionaswell asall
cellularautomatamodelsof evolution, universalcomputation,anduniversalconstruc-
tion from theneedfor synchronousupdate([55,53], andbelow). This is accomplished
by anelegantsimplemechanismthatallowsoneto constructanasynchronousautomata
network thatis capableof emulatingthebehavior of agivensynchronousautomatanet-
work. Stateupdatesin the asynchronousmodel may be producedby practicallyany
asynchronousupdatemechanismwhatsoever8 (e.g.updatesmay be sequential,occur
randomly± locally distributedaccordinga probabilitydistribution, bepartially simul-
taneous,etc.,or evensynchronous).Theresultfor cellularautomatais aspecialcaseof
a moregeneraltheoremfor automatanetworkswith inputsdueto theauthor(Theorem
1 below, [56]).

We describebelow theconstructionfor makingany automatanetwork's computa-
tion asynchronouslyrealizable,giveexamplesthatillustratehow theuseof “local time”
freescellularautomatanetworksfrom theneedfor globalsynchronization,anddisplay
asynchronousexamplesof self-reproductionandevolution in cellular automatain the
context of discussingevolvability in naturalandarti®cial systems.

5.2 Modelsof Self-Reproduction

VonNeumann'soriginalconstructivedemonstration(begunin the1940sandcompleted
by Burks in the1960s)of self-reproductionof a con®gurationof statesin thecellular

8 The only essentialrestrictionis that eachlocal automatonis updatedan unboundednumber
of times,anda givennodefrom theviewpoint of anothercannothave beenupdatedin�nitely
oftenin thepast.



automatanetwork hasthepropertiesthat theself-reproducingcon®gurationis capable
of universalcomputation(in Turing's sense)andof universalconstruction± loosely
speaking,the ability to ®ll any compactareain the cellular spacewith any desired
pattern.Thesepropertieswere includedin addition to the ability of the replicatorto
make a copy of itself, andcouldalsobeusedto supportthis ability. Namely, universal
construction(astheability to ®ll any compactregionof thecellularspacewith arbitrary
con®gurations)guaranteesthatacopy of theself (includingits `instructiontape'which
is presentin many examples)canbeconstructed.However, vonNeumann'sdesignof a
self-reproducinguniversalcomputerandconstructorwasinfeasiblylargeandhasnever
beenfully implementedandexecutedthrougha reproductioncycleon a computational
device.

Langton's(1984)de®nitionof self-reproductionrequiresthata copy is constructed
but realizesneitheruniversalcomputationnoruniversalconstruction[33]. Langtonim-
plementedand studiedthe ®rst exampleof feasibleself-reproductionin cellular au-
tomata,using an 8-statecellular automatonwith an initial con®gurationof 86 cells,
that producesa ®rst offspring after 151 time stepsandthenproceedsto ®ll up avail-
ablespacewith copies.To avoid trivialities while avoiding thecomplexity of vonNeu-
mann's model,Langton's criterion [33,34] wasproposedasa necessaryconditionon
self-reproductionand requiresthat information is treatedin the two ways identi®ed
above: as instructionsthat are executed(`translation')and asdatawhich are blindly
copied(`transcription').Thesepropertiesarealsopresentin andabstractedfrom von
Neumann's andlater Codd's examples[13], andwereby that time alsoknown to be
characteristicof biologicalself-reproduction.Encodingof heritableinformationin the
shapeof a con®gurationor usingself-inspectionrepresentsanotherfeasiblemodeof
encodingheritablevariationin self-reproduction(cf. [32,69,50,54]). Subsequentex-
amplesof Byl [12] andReggiaet al. (e.g.,[71,38]) simpli®edtheself-replicatingloop
of Langtontowardminimality, with fewer states,simplertransitionrules,or lesscells
in the initial con®guration.In somecasesthe simpli®cationsare so severe that it is
debatablewhethernontrivial self-reproductionhasbeenachieved (e.g. accordingto
Langton'scriterion).

Subsequently,variousresearcherskeptLangton'srequirementsfor self-reproduction,
buthaveaddedmoreandmorecomputationalpowerto therelativelysmallself-reproducing
cellular automatacon®gurations(in comparisonto von Neumann's solution). These
trendsaresurveyedby Lohn[37], whoalsodescribestheevolutionof cellularautomata
rules that supportself-reproduction(seealso [38]). An annotatedbibliographywith
somelinks to variousrelevanton-lineresourcescanbefoundat MosheSipper'sArti®-
cial Self-Replicationpage[82].

H. Sayama[76,77] hasconstructedvariantsof the self-reproducingLangtonloop
whichexhibit self-dissolutiononcethey cannolongerreproduce,thusfreeingupspace
for reuseby progeny, andmostinterestingly, anothersimilar variantcalled“evoloop”
which exhibits heritablevariability in loop sizeandis subjectto evolution via interac-
tion amongdescendantsof acommonancestoractingasaselective force([75,77], and
below). Heritability, variability, andturn-over of generationswith differentialsurvival
in anenvironmentwith limited resourcesarepresentin his evoloopwhenrun in ®nite



spaces.Thus evoloop appearsto be the ®rst convincing exampleof an evolutionary
processoccurringin cellularautomata.

5.3 Self-Reproduction, Indi viduality , and the Heritability of Fitness

Whatconstitutesself-reproduction?
The de®nition is not uncontroversial.We have alreadymentionedthat von Neu-

mannincludeduniversalcomputationanduniversalconstructionin order to exclude
trivialities,suchasthesimpleexampleof spreadingactivation.Langtonabstractedthe
propertiesof inheritedinformationbeingbothcopiedandexecuted.

E. F. Moore [49] de®nesa con®gurationC to be capableof self-reproducingn
offspringby time t if startingfrom the initial conditionsof theentirecellularspaceat
time t = 0 suchthat the setof all non-quiescentcells of the spaceis an arraywhose
con®gurationis a copy of C thereis a time t0 > t suchthat at time t0 the setof all
non-quiescentcellswill thenbecontainedin anarraywhosecon®gurationincludesat
leastn copiesof C.

LohnandReggia[38] give thefollowing de®nition:

“A con®gurationC is self-replicatingif the following criteria aremet. First,
C is a structurecomprisedof morethanonenon-quiescentcell andchanges
its shapeduring its self-replicationprocess.Second,replicantsof C, possibly
translatedand/orrotated,arecreatedin neighbor-adjacentcellsby thestructure.
Third, theremustexist atimet suchthatC canproducei or morereplicants,for
any positive integeri , for in®nite cellularspaces(Moore'scriterion).Fourth,if
theself-replicationbeginsattimet, thereexistsatimet+ �t (for ®nite �t > 1)
suchthatthe®rst replicantbecomesisolatedfrom theparentstructure.”

The issueof exactnessof the copy is problematicsinceit is not desirableto ex-
cludethe possibility of variability. Variability amongoffspring is certainlypresentin
biological systems,and,as Darwin showed us, is necessaryfor evolvability. Vitányi
[97] introducedsexual reproductionin cellularautomataandSayama[76], mentioned
above,hasdemonstratedvariability and(deterministic)evolution occurringin cellular
automata.

A discussionof thedif®cultiesin formulatingarigorousde®nitionof self-replicating
or self-reproductionis givenby Nehaniv andDautenhahn[58], whopointout thateven
in acceptedcellularautomatamodelsof self-reproductiontherearerarelytwo copiesof
theoriginalcon®gurationpresentatexactlyat thesametimewhenreproductionis gen-
erally acceptedto have occurred(e.g.in thevon Neumannor Langtonmodels),andit
is certainlynot thecasewhenthe®rst offspringhasbeenproduced.Thevariouscopies
of thecon®gurationmaybeatdifferentstagesin their “lifecycles”andnothaveexactly
the samecon®gurationof states.They suggestloosercriteria on identity of copiesto
allow `species'of non-exactcopiesto be acknowledgedasoffspring,andalsoloosen
therestrictionon thepresenceof copiesall at thesametime(e.g.,offspringthathaveto
grow into adultsarestill regardedasoffspringeventhoughthey areneverin exactly the
samestateof developmentastheparent).Adequateformal de�nitions of “memberof
thesamespecies”andof “individual” are still lacking in thesciencesof thearti�cial,



including the studyof self-reproductionin arti�cial systems.Although theseconcepts
areclearly fundamentalto biological evolution, even within biology thereis still on-
going controversyandcurrentresearchinto appropriatede®nitionsfor theseconcepts
[43].

Comingbackto Darwin's ideas,somedegreeof heritability of �tnessis requiredfor
nontrivial evolution to occur. With self-reproduction,thesimilarity of offspringto the
parentsandthesimilaritiesof theenvironmentsin whichthereplicators®ndthemselves
is oftenenoughto accountfor this.However, beyondthelevelof simplereplicators,her-
itability of ®tnessrequiresmoreexplanation,e.g.in consideringmulticellularlifeforms
with differentiatedcell types,subunitswhicharethemselvesreplicatorscomprisepopu-
lationswithin thebodythatarethemselvespotentiallysubjectto evolutionarypressures
[11,45,47,48].For example,canceris anexamplein whichreproductionandevolution
occurat the lower cellular level at the expenseof the higherorganismalone.Multi-
cellularity canarise(in certainconditionson mutationsandcostof defection)where
®tness(reproductivesuccess)at thehigher, wholeorganismlevel emergesin atrade-off
againstshort-term®tnessat the lower, cellular level. Guaranteeingthat the offspring
are similar to theparentby suppressionof freedomat the lower level in exchange for
bene�ts is the �r st functionalityrequiredof anyhigherunit of �tness such asa multi-
cellular organism.The lattermustemploy mechanismsto balancethe tendency of the
lower level to defectby suf®cientbene®tsfrom cooperationin thehigherlevel unit, in
orderto persistoverevolutionarytime [48,47].

In asynchronousself-reproductiontheveryfact that therelativesynchronizationof
theentirestateof the“or ganism”is uncertaincontributesto thisproblemof heritability
of �tness.

5.4 Self-Repair: Biological Methodsand Generalizations

Self-reproductionandself-repair(or self-maintenance)areoftencloselyrelatedin bi-
ology, andan understandingof self-reproductioncanthuscontribute to our ability to
createself-repairing,self-maintaininghardwareandsoftware.Von Neumann[98] con-
siderssynthesisof reliableorganismsfrom unreliablecomponentsthroughredundancy
anddegeneracy, but apparentlydid not extendthis duringhis lifetime to self-repairor
relateit directly to self-reproduction.Automatamodelsand circuitry capableof au-
tonomousfault-detectionandself-repairis an increasinglyimportantarea[40,89,41],
bothasanmeansto understandprinciplesof biologicalorganization,andalsoin tech-
nologicalapplications,includingrobustcomputation,andespeciallyfor missioncritical
systemsin spacesciences.Thecapacityof a systemto generatepartsandcomponents
of its own structureand to establishtheir organizationmight obviously be useful in
generatingandinstallinga replacementpartsin maintainingitself.

5.5 Self-Maintaining and Self-CreatingSystems:Autopoiesis

Sucha capacityfor productionof constituentcomponentsin thebuilding andmainte-
nanceof themin anorganizedstructureanddynamicalprocessin thefaceof favorable
or unfavorableperturbations(suchasdamage,productionof waste,andentropicdecay)



is identi®ed,accordingto biologistsF. VarelaandH. Maturana,as the key property,
autopoiesis(“self-production”),de®ningliving systems[95].

NeithervonNeumann'swork onself-reproducingautomata,nor thestudiesfollow-
ing him have addressedvia constructive modelsthis aspectof living systems.Lang-
ton's work on self-reproducingloops(removing theuniversalconstructionanduniver-
sal computationcapacity)andits successorshave focusedon minimal modelsof self-
reproduction,®rst by minimizing the sizeof replicators[12,71,37], andthenadding
variouscomputationalandotherabilities[86].

Autocatalysis,Compartmentation, Early Life An autocatalyst, by de®nition,pro-
motesits own formationfrom othermaterials,andthusis in somesenseself-replicating
[64]. Autocatalysisimpliesdynamicalcycles,potentiallycontinuingwithoutend.Com-
partmentationproceedsvia isolationof an environmentinsidea vesicleor membrane
(seeFigure 2) within which conditionsare conducive to the autocatalyticcycle and
the productionandmaintenanceof themembrane.Self-replicationin early life might
thushave arisenasa bifurcationin thedynamicsof a self-producing,self-maintaining
systemresultingin responseto someperturbation.anearlyself-maintainingvesicleis
brokeninto two partsalongits membrane;eachsurvivingcomponentrepairsitself com-
prisinga new self-producingorganization.? For example,dueto increasein sizeor due
to accidentaldamage,Any heritableaspectof organizationthat increasesstability fol-
lowing suchaneventleadsto similardescendants,potentiallygrowing exponentiallyin
number.

5.6 ChallengeProblems

Work in constructive biology and the theory of self-reproducingautomatadiscussed
above leavesseveralchallengesunanswered:

Open Problem 2. Realizeconstructionuniversality in any computationallyfeasible,
implementablemodels.

Open Problem 3. Constructan autopoieticself-reproducerwhethersynchronousor
asynchronousin logical,kinematicor physicalrealization.

OpenProblem4. Solveopenproblem3, addingheritablevariationto realizeevolution
in a populationof autopoieticself-reproducers.

GeneticAcquisitions Sex in biology is, by de®nition,nothingmorethanthetransfer
or exchangeof geneticmaterial.It occurs,e.g.,betweenhomologouschromosomesin
meiosis,or in theuptakeof DNA from theenvironmentby bacteria.If preciousgenetic
informationis lost dueto damageto DNA, or if an organismis doing poorly dueto

? [cf. N. Ono andT. Ikegami, Arti�cial Chemistry:ComputationalStudieson the Emergence
of Self-ReproducingUnits. In Advancesin Arti®cial Life (J. Kelemenand P. SosÂ�k (Eds.),
SpringerLectureNotesin Arti�cial Intelligence,vol. 2159,2001) pp.186–195].



Fig.2. CompartmentationasProto-Self-Maintenance:Componentsof anAutocatalyticCycle in
a ProtectedEnvironmentwith only ConstituentPartnerspresentin suitableproportions.(After J.
MaynardSmith[44])

heavy environmentalstress,recourseto thegeneticmaterialfrom othersmaysave the
dayby providing an undamagedsource± thoughquitepossiblydifferentin content±
of relevantgeneticinformation;see[46] for theroleof sex in repair.

A moreextremeacquisitionof geneticmaterialthanin sex is theacquisitionof en-
tire genomesin symbiogenesis(theadventof a mergedentity, derivedfrom replicators
from two evolving populations,whichbecomestheunit of selectionin anevolutionary
process± seeAppendix),andresultingspeciation[43]. Suchprocesseswereinvolvedin
theacquisitionby eukaryotesof thebacterialancestorsof mitochondriaand,in plants,
of chloroplasts[42].

Open Problem 5. Constructanevolutionarysystemin which differentpopulationsof
autopoieticself-reproducersinteract,andin which onespeciesacquiresthegenomeof
another, realizingsymbiogenesis.

5.7 Evolution of Evolvability

Finally, how canevolvability itself evolve?Lineageselectionargumentssuggestthat
lineageswill survive that are robust to variationaloperatorsactingan evolving pop-
ulation [66,5,91]. The geneticcodeand genotypephenotypemapping,and genetic
switcheshaveall arisenin organicevolutionof life onearth.



Open Problem 6. Constructan evolutionarysystemin which thecapacityof popula-
tionsto generateadaptiveheritablegenotypicandphenotypicvariationincreaseswith-
outbound.

Evolution of developmentalgeneticregulatory networks in constructedarti®cial
systemsinteractingwith their environments(seesec.8) is suggestedasoneroad to-
wardachieving somesmallre�ection of whatnaturehasachieved.

6 Local Time

Weadoptheretheview of localtimeasarandomvariableto approachtheasynchroniza-
tion problemfor automatanetworks.That is, givena synchronouslyupdatingnetwork
of automata,we want to constructanothernetwork of automata,with essentiallythe
samebehaviour, but in whichateachnodelogical time is determinedby an(unknown)
local randomvariable.It is at ®rst unclearwhetherthis is possibleat all, sincesimple
experimentswith commoncellularautomatanetworks show that thebehaviour of the
systemgenerallychangesradicallyin aqualitativesensewhenabandoningsynchronous
update.

An automata network consistsa collectionof automataA v associatedto thever-
ticesv 2 V of a locally ®nite directedgraph� = (V; E), anda global input alphabet
X and local transitionrules � v . A stateof the network is a choiceof statefor each
componentautomaton.Given a global input x 2 X anda stateof the automata,the
next stateof thenetworkat nodev is determinedby thestateof theautomatonat v, the
statesof the automatain the neighborhoodof v (i.e. at thosenodesw which have an
edge(w; v) 2 E to nodev), andx. Thusthenew stateof theautomatonat nodev may
bewrittenas

qv 0 = � v (qv ; qN (v) ; x);

whereqv andqN (v) are,respectively, thecurrentstateatv andthestatesqw of all nodes
w in theneighborhoodof v.

An automatanetwork is synchronousif everynodeadvancesto its next statesimul-
taneously. Otherwiseit is calledasynchronous.9

9 We assumefor asynchronousupdatethat thereareno delaysin stateinformationreachinga
nodein a local transitionandthat local updatesmayberegardedasinstantaneous.We do not
requireany particularorderingof updatesof nodes,only that, after an updateof any given
node,eachnodewill still beupdatedanunboundednumberof timesin its future.Simultaneity
of the updateof any two nodesis permitted(but not required),and massive asynchronous
parallelismis thuspossible.

We may assumean ambientphysical time in which stochasticupdateeventsoccur, i.e.
particularsubsetsof thesetsof nodesareupdatedatdiscretemomentsof physicaltime;every
nodeis updatedanunboundednumberof times;andnonodeis updatedanin�nite numberof
timeswithin a boundedinterval of physicaltime.

In ourmodelof asynchronousnetworks,basedsolelyonafunctionof its localneighborhood
andstateinformation,a local automatonmay chooseto reador delayreadingthenext letter
in global input sequence.Readingof the global input sequenceis thusnot synchronizedbut
happensindependentlyateachnode.

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



An automatanetwork is calleda cellular automatonif it hasonly oneglobal input
letter(i.e. thealphabetsatis®esjX j = 1 andits uniquelettercanbeconsidereda“clock
tick”), and the local transitionfunctions,local automata,and neighborhoodsat each
nodeareisomorphic.Synchronouscellularautomatahavebeenwell-studiedsincethey
wereintroducedby S.UlamandJ.vonNeumannin themiddleof thelastcentury(e.g.
[99,13,10,88])

De�nition (Emulation). Let A be an synchronousautomatanetwork over a directed
graph� = (V; E) with globalstatesetQ and bA beanasynchronousautomatanetwork
with the sameinput alphabetX , a directedgraph� 0 = (V; E 0) with the samesetof
nodes,and global stateset bQ. Let � : bQ ! Q be a function from global statesof
theasynchronousautomatanetwork to globalstatesof thesynchronousone,suchthat
� v (q̂) = (� (q̂)) v dependsonly on q̂v for all q̂ 2 bQ. Thuswe candenote(� (q̂)) v by
� (q̂v ).

Regardingphysicaltimeasmodeledby non-negativerealnumbersandlogical time
in thesynchronousautomatanetwork asmodeledby thenaturalnumbers,we thensay
thatthebehavior q̂ : R+ ! bQ of bA startingin stateq̂0 for updatepatterndeterminedby
local randomvariablesat eachnode(asabove)andinput sequencex1; x2; : : : (x i 2 X
for i 2 N) emulatesthebehavior q : N ! Q of A startingin stateq0 with thesame
input sequenceunderthe projection� if thereexists a spatial-temporal covering � :
R+ � V ! N, i.e. thefollowing diagramcommutesfor eachv 2 V :

R+ q̂v
� ! bQv (asynchronous)

� (� ; v) # # �

N
qv

� ! Qv (synchronous)

Thatis, � (q̂v
t ) = qv

� ( t;v ) , with qv
n = statein A of nodev at timen 2 N andq̂v

t = state

in bA of nodev at time t 2 R+ .
Thusthebehaviour of bA projectsontoandcompletelydeterminesthebehaviour of A .

Theorem1 (Emulation by AsynchronousAutomata Networks [56]). Let any syn-
chronousautomatanetworkA over a locally �nite digraph � = (V; E) with local
automataA v = (Qv ; X v ; � v ) (v 2 V ) andexternalinput alphabetX begiven.

We constructan asynchronousautomatanetwork bA (with thesameinput alphabet
X ) such that everypossiblebehaviorof bA with input sequencef xn gn> 0 emulatesthe
(onlypossible)behaviorof A with inputsequencef xn gn> 0, when bA startsin an initial
global stateq̂0 dependingonlyon theinitial global stateq0 of A .

Moreover, thefollowinghold:

1. Theunderlyingdigraphfor bA is there�exive-symmetricclosure of thedigraphfor
A .

2. For each vertex v, the local automaton bA v at vertex v in bA is “not much more
complicated”than the local automatonA v at v in A . Indeed, bA v is a productof
A v , an identity-resetautomaton,anda modulothreecounter. In fact,A v hasstate
set bQv = Qv � Qv � f 0; 1; 2g.



3. Theprojection� : bQ ! Q is givenlocally by � v (qv ; bv ; r ) = qv for (qv ; bv ; r ) 2
bQv .

4. Thestartingstateof bA is givenby q̂v
0 = (qv

0 ; qv
0 ; 0) for all v 2 V .

5. Furthermore, thespatial-temporal coveringof theemulationsatis�es

j� (t; v) � � (t; v0)j � b
d(v; v0) + 2

3
c;

where d is thedistancemetricin thegraph b� .

Notethatupdatesof local statesin theconstructedemulatingautomatonareessen-
tially arbitrary.

We call � (t; v) thelocal timeof thesynchronousautomatonA at vertex v for time
t in theemulatingasynchronousautomatanetwork bA. Of course,� dependsin general
on the updatepatternfor the particularbehavior of bA . Thus(5.) above saysthat the
differencein local time at two nodesin theemulatingasynchronousautomatanetwork
is boundedaboveby approximatelyonethird of thedistancebetweenthem.

Brief Sketch of ProofandConstruction:
Let N (v) denotethesetof neighborsof nodev, andlet bN (v) denotetheneighbors

of v in there�exive-symmetricclosureof � , whichgivesthetopologyof theemulating
asynchronousautomatonbA . Thelocalupdatefunctionin bA is de®nedasfollows,where
' v and c' v give theactionat vertex v in A and bA, respectively, asa function of their
arguments,dependingonly on local statein theneighborhoodandglobalinput letter:

b� v ((qv ; bv ; r v ); b' v (q̂; x)) =8
>><

>>:

(qv ; bv ; r v ) if r w = r v � 1 mod 3 for somew 2 bN (v)
(qv ; bv ; r v + 1 mod 3) if r w 6= r v � 1 mod 3 for all w 2 bN (v)

andr v 6= 0
(qv � ' v (c;x); qv ; 1) otherwise;

wherec beanarbitrarystateof A suchthatfor eachw 2 N (v),

cw =
�

qw if r w = 0
bw if r w = 1:

Note eachr w must lie in f 0; 1g in determiningcw of the third case,as necessarily
r v = 0 in third caseandw 2 N (v) � bN (v) impliesr w 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 receive thesamenumberof incrementsmodulo3 asnodev, plus
or minusone.Thusneighboringnodesdiffer by atmost1 modulo3 in thiscomponent.
In computingits local update,a nodecancheckwhethereachof its neighborsis in the
past,future,or in syncwith it. If any neighboris in the past,no updateis performed
(andtheglobalinput letteris not read).Otherwise,we incrementthemodulo3 counter
andon every third counterincrement,copy currentstateto old, andupdatethecurrent



stateaccordingto the updaterule of A andthe global input letter. In the latter case,
every neighbormustbe in syncor in thefuturerelative to thenodein question,sothe
appropriatestateof theneighbornodein A canbedeterminedfrom thecurrentor past
statecomponentof thecorrespondingneighborin bA.

Using the fact that nodesdiffer by at mostonein the numberof incrementsthey
receive in the third componentandusing local ®nitenessanotherlemmashows free-
domfrom deadlocks ± a nodecanonly be waiting for onethat hasreceived oneless
suchincrementandonly ®nitely many canhaveoccurred,soany chainof waitingends
whentheautomataat its end(with fewestincrementssofar) receivesanupdate.Induc-
tion thenshows thatbehavior of thesynchronousautomatanetwork canbe recovered
uniquely from any behaviour of the asynchronousoneby a spatial-temporal 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 independentlyandpre-
sentedby K. Nakamura[51], theauthor[55,53], andT. Toffoli [87,88], with full rigor-
ousproofof its correctnessgivenin [56]:

Corollary 1 (AsynchronousEmulation of Cellular Automata Networks Theorem).
If A is a synchronouscellular automatonthenthere is anemulatingasynchronouscel-
lular automatonbA. �

Open Problem 7. Prove an analogueof the AsynchronousEmulationTheoremfor
AutomataNetworksthatmaydynamicallychangetheir topologyandnumberof com-
ponentautomata.(Or, moreweakly, provesuchananaloguefor cellularautomatanet-
works.)

6.1 Temporal Waves,AsynchronousGameof Life and UniversalComputation

Temporal Waves From what we saw in the last section,it follows that local time in
theasynchronousemulatingnetwork for nodesat distanced differsby at mostabouta
third of thedistancebetweenthem.10 Sincethevaluesof themodulo3 synchronization
counterdiffersby atmost1 betweenneighborsin theasynchronousemulatingnetwork,
this spatialcontinuityof themodulo3 counterstateentailsthatupdatescorresponding
to simultaneousonesin the synchronousnetwork move astemporalwavesacrossthe
spaceof theasynchronousnetwork.

AsynchronousGameof Life Thisphenomenonis illustratedherewith anasynchronous
versionof JohnConway's famoussynchronouscellularautomatanetwork, “The Game
of Life”.

Let usapplytheconstructionto Conway's(synchronous)Gameof Life. A localau-
tomatonin synchronousLife hastwo possiblestates(quiescent(0) or alive(1)) andthe

10 Disconnectedcomponentsareof courseat in�nite distance,andsothetemporaldisparitybe-
tweenthemcanbearbitrarily large.



ASYNCHRONOUS GAME OF L IFE

Initial State:

Progressof Glidersin AsynchronousLife. Notethattheupperleft handglider is notrecognizable
asonedueto small local temporalvariationin its cells:

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:

Fig.3. TemporalWavesandProgressionof 3 Gliders,with Box, andBlinker in Asynchronous
Gameof Life. Contiguousregionsof the sameshadeareªtemporalwavefrontsºthat represent
thesamemomentin a spatio-temporalsectiongiving theglobalstateof thecorrespondingsyn-
chronouscellularautomaton[55]. Shadeis determinedby valueof modulo3 counterat a given
node.Neighbornodesdiffer by at mostonetime unit with respectcorrespondingnodesin the
synchronousmodel.



following transitionfunction: if a cell is quiescentandhasexactly3 neighborsthatare
alive,its next stateis alive.If acell is alive,andit haseither2 or 3 liveneighbors(not in-
cludingitself) thenit staysalive,otherwiseit becomesquiescent.It is well-known that,
in principle,universalcomputationcanbe implementedin a in®nite two-dimensional
(synchronous)cellularautomatonrunningConway'srule (for anenjoyableyetdetailed
overview seechapter1 of [81]).

Figure3 (toppanel)showsaninitial con®gurationof somewell-knownstructuresin
Conway'sGameof Life asaninitial con®gurationfor thecorrespondingasynchronous
cellularautomaton:Threegliderswhichmoveacrossthespace,astable2 � 2 box,and
a blinker (a row of 3 cells,thatbecomesa columnof 3 cells,thena row of 3 cells,and
soon).

Thenext panelshowsthestateof theworld a few timestepslater, theshadingindi-
catesthesynchronizationstateof thecell in thespace,while thedarkercellsof various
shadesare live cells in variousstagesof temporalsynchronization.Contiguouscells
of thesameshadearein syncandre�ect thesameinstantof time in thesynchronous
cellularautomaton.Thethird paneldown showsthestateof thesystema little later.

AsynchronousUniversal Computation The possibility of implementationof Con-
way's Gameof Life in an asynchronouscellular automatonasillustratedhereentails
thatuniversalcomputationis possiblein a two-dimensionalasynchronouscellularau-
tomatarunningthemodi®edrules(see[81] for a lively exposition).

Of course,a Turing machinecanberegardedasa synchronous1-dimensionalcel-
lular automatonwhereall statetransitionsaretrivial exceptin thevicinity of theread-
write head.ThusapplyingCorollary 1 to a universalTuring machinealsoyields the
result.

6.2 AsynchronousSelf-Replicators

Applying theconstructionof the theoremto Langton's self-reproducingloop, andnu-
merousself-reproducersincludingthoseof Byl, Reggiaet al.,Sayamaandothersmen-
tionedabove, we implementedthe®rst asynchronousself-reproductionin cellularau-
tomata[55]. Figure4 illustratesasynchronousreplicationof a structurallydissolvable
loopcapableof programmedcell death.

7 Minimal EvolvableSystems

To betterunderstandevolvability we consideredsomeopen-endedevolutionary sys-
tems.Now we examinetwo (moreor less)minimal evolvablesystemsto studyhow
evolvability, andin particularvariability, canarise.

7.1 Minimal Example1: AsynchronousEvoloop

This exampleis dueto Sayama-Nehaniv [77,53] by combiningtheir techniques.Here
apopulationof self-replicatingloopsin ®nite spaceis implemented(asynchronouscel-
lular automata;physics:changesaccordingto deterministicrulesdependingon local
neighborhoods;asynchronousversionof Sayama-Langtonevoloop[53]).



Fig.4. AsynchronousVersion of Sayama's Structurally Dissolvable Self-ReproducingLoop.
Spaceis liberatedby ªprogrammedcell deathºandcanbe reusedby descendentsof the origi-
nal loop (6 snapshotsof a singlerun; toroidal topology).Differencesin shading(shown only in
the �rst four panels)correspondto differencesin the synchronizationcomponentof local state
(cf. discussionof temporalwaves).



Sayama[76], extendingLangton's construction,introducedapoptosis.Apoptosis
(“programmedcell death”), locally started,is triggeredby local rules in responseto
stagnantor unexpectedcon®gurations(tending to indicatenon-viability) generating
a suicidesignal, which propagatesover to contiguouslocal automatathat are non-
quiescent[76]. This resultsin resourcefreeing and makes possiblethe turn over of
generationsrequiredby evolution.

A furthersynchronousvariant,evoloop,allowsevolution in acellularautomatanet-
work toberealized[77]. By carefuldesignof theupdaterules,ancestralself-reproducing
loopsarerobust to someinteractions(collisions)with othersin space.They might ei-
ther recover from a collision with anotherloop, undergo an apoptosischainreaction,
or survive in a changedform. The latter may or may not have the samecirculating
genomedeterminingtheconstructionof its potentialoffspring.If a changedloop pro-
ducesviable,reproductiveoffspring,thenvariationis inherited,sovariability hasbeen
introducedin evolution.

Applying theasynchronousemulationtheoremyields the®rst implementedexam-
pleof anasynchronouscellularautomatanetwork with thecapacityfor Darwinianevo-
lution (minimal evolvability), including heredity, variability, differential reproductive
success,®nite resourcesandturn-overof generations[53].

Over evolutionarytime, loopsof differentsizesarise;smallerloopscanreplicate
more quickly andare lesslikely to collide than large ones;the populationgenerally
evolvessmallerand smaller loops until no further reductionin size is possible.See
Figure5.

Sourcesof Variability: Interaction. Interactionsduringlifetime arethemajorselec-
tive forcebut alsothesourceof variation.Thereis only limited potentialfor variability
(rotationof geneticcore;loopandgenomesize).

7.2 Minimal Example 2: Cultural Evolution in Alissandrakis' Imitating Robotic
Arms

Anotherinstanceof evolution occursin humanandnon-humanculturewith thetrans-
missionof patternsof behavior (or memes[19]). Imitation broadly construedis the
transmissionmechanismfor memes.11

Imitation, SocialLearning, and Cultural Evolution Learningbehavioursfrom oth-
ers,with culturalvariationsbetweenpopulationsthatarenotexplainablesimplydueto

11 Thereis a unsettleddebateon whethera memeshouldbe regardedas an unobservable (at
leastuntil now) patternof informationin the brain or asan observableexpressedpatternof
behaviour. The formerseemsmoreªgenotypicº(asan informationalpattern,but it probably
is incapableof ever beingdirectly copiedfrom oneindividual to another)andthelattermore
ªphenotypicº(asaneffect of suchapattern).

Moreover, it is unclearwhatconstitutean individual memein thepopulationdynamicsof
memeticevolution, or whentwo memesareªthesameº(eitherat theneuronalor behavioral
level).



Evolvability (FirstAsynchronousCellularAutomataNetwork Example)
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Fig.5. Evolution in Asynchronous Cellular Automata: Asynchronous Version of Self-
ReproducingEvoloop.(12 snapshots(not all from thesamerun); toroidaltopologies).Heritable
variability of characteristicsof individuals(e.g.loopsize)entailsthatthis is anevolutionarysys-
tem.Evolutionleadsto small,fast-replicatingloopsthatarelesslikely to collidethanlargerones.
Temporalwavesshadingis shown in the�rst six snapshots[53].



differencesin local ecologicalcontext, hasbeenestablishednot only for humans,but
alsoin someotheranimalspecies,includingcetaceans[72] andin chimpanzees[105].

Culturalevolution is basedon transmittedpatternsof behavior, andis exhibitedby
humansandsomeotheranimalspecies.Social learning,imitation, and/orinstruction
allow anorganismto learnfrom theexperienceof others,which facilitatestheaccumu-
lationof culturalpracticeandobviatemuch,oftendangerous,trial-and-errorindividual
learning.Sociallearningcanalsobecombinedwith individual learningto exploit cre-
ative variability. In several realms(behaviors, technologyartifacts,language)cultural
evolutioncanbeopen-ended.

Cultural(memetic)evolutionis possiblein arti®cialsocietiesandin thefuturemight
®nd applicatione.g.in factoriespopulatedby autonomousrobotsof varioustypeswho
acquireandtransmitskills andtaskknowledgethroughsocial learning.Theserobots
couldacquireskills andcompetenciesby observingothers(e.g.humandemonstrators,
or industrial robotic armswith differentsizes,kinds andnumbersof joints) andpass
themto newcomerrobotsof asyetunknown typewhenthey join thepopulation.

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). The robot arms

Fig.6. An exampleroboticarmimitatingagent.A two-joint roboticarm,with segmentsof length
`1 and`2 , moving from stateS0 (armcompletelyoutstretchedalongthehorizontalaxis)to state
S to stateS0 to stateS00, as it sequentiallyperformsactionsA, A 0, andA00. Effectsof these
actions(markedtrails)areshown asthearrows thatjoin thetipsof thearmasit moves.

carryout behaviors in a two-dimensionalworkspaceandengagein sociallearningvia
imitation.Theagentembodimentcanbedescribedby a vectorL = [` 1; `2; `3 � � � ; `n ],
where` i is the lengthof the i th joint. Eachrobotbuilds a “correspondencelibrary” to



Fig.7.Solvingacorrespondenceproblemfor matchedbehaviour betweendifferentembodiments.
A demonstratorbehaviour consistsof amodelfolding its 3 jointscounter-clockwise(left). Imita-
tion attemptsto matchthepositionof theendpoint areshown for a 2-joint imitator (center)and
a 6-joint imitator (right).

imitateanother, possiblydissimilarone(usingvariousmetricsof similarity to reinforce
success).A robotarmobservesanotherone(with possiblydifferentembodiment)and
attemptsto matchits behaviour (accordingto somemetricsuchasposture,end-effector
position,or anglechangesat thejoints). In turn,a third robotarmobservestheimitator
andattemptsto imitate it (againusing its own possiblydifferentembodiment,using
somemetric), but doesnot observe the ®rst robot, andso on. Behaviors canthusbe
culturally transmittedthrougha chainof robots.

Theexampleillustratedin Fig. 8 demonstratessuch(horizontal)transmissionof a
behavioral patternvia sociallearningin achainof imitatingagents.Theoriginalmodel
with threejoints is shown in (Fig. 8, left). It is imitated by a two-joint robotic arm
(Fig. 8, center),which in turn is imitatedby anotherimitator (Fig. 8, right) with the
sameembodimentastheoriginal model,but which only perceivesthebehavior of the
two-joint agent.After transmissionthroughtheintermediary, thebehavioral patternthat
hasbeenacquiredby thesecondimitator in (Fig. 8, right) is quitesimilar to theoriginal
despitedifferencesin embodimentin thechainof transmission.Thisexampleillustrates
transmissionof a behavioral patternthrougha chainof robotic agents,despitediffer-
encesin embodimentof agentsinvolved.This simpleexampleservesasproof of the
conceptthatby usingsociallearningandimitation, rudimentarycultural transmission
with variability is possibleamongrobots,evenheterogeneousones.

Evolutionaryemergenceof sharedbehavior andrudimentarỳ proto-culture'in pop-
ulationsof roboticarmsis discussedin [4]. Figure9 showsimitators,with differentem-
bodimentsarrangedin acircleeachlearningby imitating its neighbor, andtheresulting
emergenceof sharedbehavior.

Synchronization(via resettingto a ®xedinitial posture)beforeeachdemonstration
hasbeenshown to generallyresultin muchfasterandmoreaccuratebehavioral trans-
mission[3].



Fig.8. An exampleof social transmission.Trail left by end-effector tips duringbehaviors by 3
robotarmsarevisualized.Theoriginal modelmodel0 (L = [20; 20; 20]) is shown to the left.
In the middle, a two-joint imitator0 (L = [30; 30]) actsalsoasa modelfor imitator1
on theright (L = [20; 20; 20])). Dueto thedifferentembodimentof theagentimitator0 , the
replicationof themodelpatternis similar, but notexact.imitator1 hasthesameembodiment
astheoriginalmodelmodel0 and,althoughindirectly transmitted,theresultingpatternis closer
to thatof theoriginal modelthanis thebehavior of theintermediateagentimitator0 usedas
a modelby thissecondimitator [3].

Sourcesof Variability: Embodiment Differ ences. The behaviors of the armsare
theselectableentity for a Darwinianevolutionaryprocess:Imitation is the replication
mechanismfor thesebehaviors.Resourcesare®nite sincethereare®nitely many arms
andeacharmcanonly performonebehavior at a time.

Variability arisesfrom severalsources:(1) Errorsin observationandnoisein pro-
ductionof abehavior canintroducevariability in abehaviour, whichanobservingrobot
might match,learnandpasson. (2) Embodimentdifferencesmay constrainwhat an
imitator cando.For instance,a complex folding up by a six-segmentarmcouldnot be
matchedexactly angle-for-angleby a three-segmentarm.Conversely, thesix-segment
arm imitating a two-segmentarm might vary the position of variousjoints in many
waysandstill achieveasatisfactoryimitativebehavior; furtherdown thechainof trans-
missionan observer of this six-segmentrobot arm might acquiresomeaspectsof its
behavior notpresentin theoriginalbehavior of thetwo-segmentrobot.

The®rst sourceof variability is very closelyanalogousto mutationat the level of
copyingerrorsandis notparticularlynovel.Thesecondsourceof variability, differences
in embodiment, is unlike what we know from biological or evolutionarycomputation
examples.

Replicationin therobotarmexampleis basedon interaction(like in prions± pro-
teinsthatcaninherit a conformationfrom interactionwith a variantprotein± but with
vastlymorevariability).12

12 This is in contrastto evolving populationof self-reproducingloopsin example1. Thereinter-
actionprovidedthebasis,not for replication,but for variability.



Fig.9. Emergenceof proto-cultureamongeight heterogeneousagents.Arm robotshave alter-
nating2 and4 joint embodiments(overall armlengthremainsconstant).Startingwith no initial
ªseedºmodel,andimitating eachotherclock-wiseusinga metric on actions,the �gure shows
anexampleof two stablerepeatedsingle-actionvariantbehaviours emerging in thepopulation:
theagentswith two jointsmovebothjointsanti-clockwise(by 10degrees),while theagentswith
four joints freezetheir �rst andthe third joint, moving only thesecondandthird joint. Thedif-
ferenteffectpatternsshown resultfrom thedifferentstatestheagentsarein whenstableimitative
behaviour is established.



8 DevelopmentalGeneticRegulatory Networks (DGRNs)

A particularparadigmfrom naturerealizesall of the above propertiesdiscussedfor
differentiation,duplicationanddivergence:developmentalgeneticregulatorynetworks
(DGRNs).The mostcomplex systemsknown to humankindaredifferentiatedmulti-
cellular organisms.They may consistof e.g.on the orderof between1013 and1014

cellsin thehumanbody;in multicellularorganismsgeneticallyidenticalcellsdifferen-
tiate,dependingon thespecies,into betweentwo or tens,or hundreds,of cell types[9]
with eachcell eachcapableof takingastronomicallymany states.Thecomponentcells
themselvesareeachliving entitieseachin itself alreadymorecomplex thananything
everconstructedby ahumanbeing.Theorganismmaintainscoherenceasanindividual
while growing from asinglecell into thishugenumberthroughasynchronousdivisions,
with adynamicallychangingtopologyof interactivity betweenthischangingnumberof
cells includinglong,mediumandshortrangeinteractionsregulatingpatterning,global
metabolismandtheessentialprocessesof life (seee.g.[106,6]).

In naturegeneticregulatory networks with development/differentiationare con-
stantlyengagedin interaction(within eachcell, with thelocal environmentof thecell,
or at organismallevel with theexternal,ecological,andpossiblysocialenvironment).
Thiskind of incessantactivity in thecontrolsystemswithin eachcell andtheircoherent
integratedactivity hasbeencalleduniversal responsivenessby West-Eberhardandlies
at thebasisof phenotypicanddevelopmentalplasticity[104]. Selectionfor robustness
in development(due,for example,to pressuresfor ®tnessto be heritablefrom parent
to offspring) could have asa non-selectedby-productthe following propertieswhich
enhanceevolvability:
(1) phenotypicvariationbecomestoleratedandpossible;
(2) particularphenotypicvariationsbecomesheritable,sincesimilar genesin a similar
environmentyield similardevelopment;latercanalized,and
(3)developmentalversatilityleadsto increasedphenotypicvariability (alongthe“`right”
dimensionsof variation)servingasfodderfor thenext “rounds”of evolution.

Very little in Arti®cial Life hasbeenachieved in the two modesof life involving
self-reproducingautopoieticentitiesor symbiogenesis(seeAppendix),but they canbe
approachedon the foundationsof currentwork. Geneticregulatorynetworks (GRNs)
in cells arean essentialcomponentof how natureis able to grow developing,living
systems[18]. GRNsareuniversallyresponsivecontrolsystemswithin biologicalcells.
In multicellularorganisms,GRNsareduplicatedanddivergein functionalityasorgan-
ismsgrow, in responseto local conditions,the environment,andvia signaling.They
appearto provide essentialpropertiesfor evolvability [1], andthecontinual,universal
responsivenessandplasticityof living systems[104].

Operatingcontinuallyin closeconnectionwith theirenvironmentthroughsignaling
channels,while actively maintaininginternaldynamics,arti®cialGRNseasilyallow for
heritabledigital geneticencoding,andprovideamodelanalogousto thatof asinglecell
(althoughpresentlywithout its replicationcapabilities).Unlike mostotherpresent-day
computationalmodelsit is naturalto apply themin an continuallyactive andrespon-
sive mode[67]. Moreover, they exhibit very �e xible evolvable,expressive dynamics
similar to key biologicalregulatoryphenomenausefulin achieving a varietyof control
andcomputationaldynamics[7,67]. Theevolvability propertiesof GRNsandDGRNs



arebeinganalyzedmathematicallyasdynamicalsystemsusingtechniques,e.g.of [62,
61,60], in efforts to develop a predictive theoryof their evolution andapplicationin
novel computation,aswell asArti®cial Life. The geneticregulatorynetwork in a de-
velopingorganismis duplicatedin eachcell, which carriesits own differing state(in
cytoplasm,structuralandepigeneticmarking).Eachcell hasthesamegeneticnetwork
andrespondsto local conditions.Multicellular living organismsuseDGRNsto control
for growth and differentiation,aswell as for incessantactive control while growing
from a single zygote(or “seed”) to adult by cell division. The desirabledynamical
systemspropertiesof GRNsmight be combinedwith developmentto allow �e xible,
responsive control,continuallycoupledto theenvironmentin organismsconsistingof
evenastronomicalnumbersof differentcells.Massively paralleldistributed,adaptive,
robust, fault-tolerant,self-repairingcontrol andcomputationis a hallmarkof DGRNs
in living organismsbut very unlike whatwe ®nd in conventionalsoftwareengineering
andvonNeumanncomputation,but thepotentialof DGRNsfor novel computationand
thesimulationandsynthesisof life is only now beginningto beexplored.

Reaction-diffusion, cellular signalingand positional information could be set up
usingtoolsavailableandbeingdevelopedin evolving multicellularsystemsasanatural
methodfor computationalmorphogenesisandnovel, developmentalcomputation.

Developmentof NETBUILDER, a test-bedfor modelingthedynamicsof multicellu-
lar geneticregulatorynetworksfor biologists[78], is currentlysupportedby a grantof
theWellcomeTrustto MariaSchilstraandtheauthor. It turnsout thatthisplatformcan
alsobe usedto modelarti®cial developmentalgeneticregulatorynetworks. Schilstra
andNehaniv [79] discussthe computationalmodellingof generegulation in genetic
regulatorynetworks,andcurrentwork is exploring theuseof suchcomputationalnet-
worksto reverseengineergeneticregulatorycontrolgivengeneexpressiondata.

Theevolutionaryapproachto understandingDGRNsis themostnaturalandwould
helpcharacterizeandevaluateaspectsof their evolvability propertiesanddevelopmen-
tal plasticityin differentcontexts.

Studyof arti®cial versionsof developmentalgeneticregulatorynetworks,compris-
ing multicellular individuals,in evolving populationsof suchmulticellular individuals
is also a naturalapproachto addressingthe essentialquestionsof de®ningpossible
modesof life (seeAppendix).Suchevolving populationsof DGRNsembodiedin dif-
ferentenvironmentsmayberich enoughto study(1) heritabilityof charactersathigher
levels,and(2) regulationof con�icts with theconstituentcellularlevel (guidedby some
predictive theory from [47]), (3) emergenceof self-maintenanceat variouslevels, as
well as(4) differentiationandmodi®cationof regulatorydynamics,andgenetic,devel-
opmentalandphenotypicplasticity.

Coupledwith replicationcapability, evolving thesearti®cial DGRNs(in software
or in arti®cial proto-cells)could leadto systemsshowing moreor all of theproperties
of life in its variousmodes.It would alsobe interestingto study(5) the inductionof
symbiogenesisin suchsystems,perhapsleadingto arti®cial organellesandthedegen-
erationof propertiesof life if capacityfor independentmaintenanceof patternintegrity
andreplicationis lost (mode3). The geneticnetwork in eachcell of a differentiated
multicellularorganismis duplicatedanddivergesfrom its progenitors.Evolveddiffer-
entiatedmulticellularorganismpossessa dynamictopologyof interacting,developing



geneticregulatorynetworkswithin their cells.TheseDGRNshave thefollowing prop-
ertiesthatcouldalsoberealizedin implementationsof arti®cial versions:

– Multiple copiesof the sameregulatorymechanismin similar units, with lineage
structure

– Expressiveandrobustdynamicalsystemswith parameterstunableby transcription
factor(TF) bindingstrengths,concentrations,co-factors,etc.

– Layeringof combinatoriallogiconactivation/inhibitionof transcription(“biologic”)
– Duplication-divergencevia sensitivity of dynamicsto epigeneticmarking,develop-

ment,environment,timing, cell-type,externalsignals

Therearesomeopenquestionsfor GRNsandDGRNs:
(1) Whatis thedegreeof smoothnessof their evolutionarydynamics?
(2) Whatis therelative importanceof variability operatorsyielding regulatorychanges
vs.operatorsyieldinggeneproductchanges?
(3) Whatorganizationsof developmentyield whatevolvability properties?
(4) Whatis theroleof developmentandecologyin their evolvability (evo-devo-eco)?
(5) As biological DGRNs are naturally asynchronous,with no global clock coordi-
natingtheir action,developmentalandorganismaltime andtiming mustrely on local
mechanismsto achieve coordination.Thedynamictopologyandasynchronousnature
of DGRNsthusmakethemapromisingtest-bedfor studyingtheevolutionarydynamics
andemergenceof asynchronoustemporalcoordination.

9 Conclusionand Major Challenges

Evolution hasbeenpresentedasa powerful andgeneralclassof stochasticalgorithms.
Responseto interactivity (phenotypicplasticity)with environment/othersmaybe fun-
damentalto evolvability. Interactioncanplayaselectiveand/orreproductiverole in the
capacityto evolve (asshown in two minimal examplesexhibiting evolvability). Inter-
actioncanmodulateduplication-divergence:Geneticregulatorynetworks,lifelong en-
gagement,anddifferentiation/developmentappearto have importantevolvability prop-
ertiesandconsequencesthatdeserve to be betterstudied.Interactionalsoplaysa im-
portantrole in thearisingof multicellularity. Culturearisesvia socialtransmissionof
behavior, knowledgeandskills, andis possiblefor constructedagents(e.g.robotson
shop�oor). In differentexampleminimalevolutionarysystems,interactionandembodi-
mentcanserveasasourcesof variability. DevelopmentalGeneticRegulatoryNetworks
(DGRNs)areproposedasa paradigmfor novel computationandthe studyof evolv-
ability. Evolvability of autopoieticself-replicators,open-endedevolution, andfeasible
universalconstructionareopenproblems.Asynchrony is presentin themostcomplex
naturalsystemssuchasdifferentiatedmulticellularlife, but synchronousautomatanet-
work modelscanbemadeasynchronoususinga uniform methodby which emulation
of behaviour of thesynchronoussystemis mathematicallyguaranteed.
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Appendix A: Ar e There Degreesof Life? ± Converting Resources
into Persistenceand Progeny

The precedingconsiderationsof evolutionaryprocessesasstochasticalgorithmsthat
mayberealizedin many substratesleadnaturallyto thequestionof whentheindividu-
alsin anevolutionaryprocessshouldbecalledalive. Weconsiderin thisappendixwhat
heritability, self-maintenance,symbiosisandresponsive dynamicsvia geneticregula-
tory networkscantell usaboutpossiblemodesof life, in whatevermediumit might®nd
realization.

A.1 Re-Thinking Life

The last two centurieshave yieldedprofoundscienti®cadvancesin 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 thesubstanceof longchainsof nucleotides,the(nearly)universal
geneticcode,thedetailsof proteinbiosynthesis(seee.g.[73]), increasedunderstanding
of thedynamicsof developmentin animals[6] andplants[36], andof evolvability [1,
100],aswell asevermoredetailedunderstandingof geneticregulatorysystemsandhow
they operatein thesingle-celledanddifferentiatedmulticellularorganisms(e.g.[18]),
amongotheradvances.Recentadvancesin theconstructionof `proto-cells'with various
propertiesof living systemsbring uscloserto new andvery minimal instantiationsof
life ± of variouskinds(arti®cially constructedor parred-down cells) [68,85]. We may
possibly®nd otherexamplesof life elsewherein thesolarsystemor universe,but also
in mediaotherthanthoseof organicbiochemistry. Researchersin Arti®cial Life have
soughtto captureandreproducean underlyingan “logic of life” in softwarerunning
on electroniccomputers(e.g.[69]), or in othermedia.Thesedevelopmentsareleading
us to reconsiderthe notion of living organism:How arewe to know whetherwe are
looking atnew kindsof life?

A.2 SomeSubtlePropertiesof Life Herewecollectfundamentalphenomenafound
in organiclife on earththat have tendednot to receive emphasis.We formulatethem
with a view towardachieving a moreuniversalunderstandingof whatlife is.
Replicators in Context. The heritablematerial in replicatorsdoesnot fully specify
the constraintsof the environmentin which they are capableof replication.Indeed,
thereis no way for evolution directly to distinguishbetweengenetic,environmental,
physical,geometric,energetic constraints,or incidentalor universalpropertiesof an
evolving population's environment.Catalyzingtheambientdynamics,no matterhow,



that promotetheir own replicationis enoughfor themostprimitive replicators.Other
capabilitiescomelaterin theevolutionof biologicalcomplexity [62].
Pattern Integrity Life is anorganizationalpatternthat“holds its shape”.Althoughthe
particularmaterialthatmakesupanorganismin thecourseof its life maybechanging,
the individual persists.Justasa wave on theocean,a dynamicaleventoccurringon a
substrateof watermolecules,anda slipknot,which maybepasseddown from a string
to aropeto anecktie,dependoncon�gurationandnotparticularmaterialfor theirexis-
tence,similarly life reliesonpersistenceof anorganizationalpatternthatis structurally
stableenoughto perpetuateits existencein amedium(patternintegrity). (cf. discussion
in [22].)

Enoughstability mustbepresentin thestructureof thedynamicsfor this to occur
for usto beableto speakaboutanindividualof any kind.

In replication,duringa transitionwhena parentis giving riseto its offspringin the
dynamicsof the medium,the parentis active in the establishmentof the offspring's
patternintegrity, asis thenew individual itself, in changingdegrees(self-production).
Replicatorswhosedynamicsfavors conditionsthat happento tend to increasetheir
reproductive successthroughpromotingprocessesof homeostasisandself-repairwill
increaseundertheactionof evolution.Beyondbasicpatternintegrity ± which is neces-
sarily presentalreadywith simplereplicators,or for thatmatterin any persistentindi-
viduals± life hasalsoachievedmoresophisticatedtypesof patternintegrity in theforms
of self-maintenance, homeostasis, self-repairandregenerationwithin anindividual.
Robustness,Plasticity and IncessantResponsivenessDespiteperturbationandvari-
ability at the level of inheritance(suchasmutationsandsex), living organismsareof-
tenrobustandcangrow, develop,persist,andthrivesuccessfully(robustnessto genetic
variability [14]). Moreover, despitethelack of any full `speci®cation'of organismsby
their geneticmaterialanddespiteperturbationsto the environment,they areoften re-
markablyable to generateappropriateand adaptive forms and responsesto various,
changingenvironmentalsituations(phenotypicand developmentalplasticity) [104].
This relieson thefact thatorganismscontinuallyengagewith their local environment,
showing incessantadaptiveactivity, internallyandexternally(universal responsiveness
[104]).
EvolvableDynamical Systems.Evolvability(cf. [1]) is de®nedaboveastheparticular
capacityof an evolving populationto generateadaptive heritablegenotypicandphe-
notypicvariation.Evolvability dependson many detailsof thegeneticsystemandcan
be radicallydifferentin differentinstancesof evolution. To achieve self-maintenance,
plasticity, andcontinualresponsivenessa suf®ciently evolvablesubstrateis necessary.
Suf®ciently powerful dynamicalsystemsbases(suchasthephysics,chemistryandge-
neticsystemenjoyedby life on earth)arenecessaryto supportevolvability. Moreover,
theevolvability of asystemcanchange(e.g.with theadventof a geneticcode).
Achieving Heritability and Transitions in Indi viduality . Things fall apart (in the
physicaland many arti®cial worlds). Quick reproductionbasedon digital templates
is oneof thewaysthat life usesto help it to triumphover entropy. With a discreteba-
sisof heritability (suchasprovidedby a limited alphabetof nucleotidesandcodons),
copiescanbe perfect.Engineeringshows that rebuilding is often moreef®cient than
repair.



Simple replicatorsmight have no regenerationand repair capabilities(and these
might be quite complex to specify in a heritablemanner).Without these,replication
ratherthanrepairis eventuallytheonly option in thefaceof the tendency of thingsto
crumble.With increaseddegreesof self-repairandregeneration,persistenceratherthan
immediateproductionof offspringbecomesanoption.Too muchpersistencehowever
would stopevolution,unlessvariability is somehow continuallygenerated.

The simplestreplicatorshave offspring like themselvesin a similar environment.
Fitnessof theseis likely to be similar to that of the parents(until resourcesare ex-
hausted,or conditionschange):Whenoffspringareproduced,they arelikely to besuc-
cessfulin the environmentof their parentif they are similar to it ± that is, if their
capabilitiesof promotingtheir own persistenceandreproductive successin that envi-
ronmentaresimilar to thoseof their parents.Heritability of ®tnessis achievedsimply
for accuratereplicatorsin astableenvironment:if thenew oneis to beviable,acopy of
theoriginal is likely to bea goodchoice.

Ensuringfaithfulnessof copiesis oneway to ensureheritability of ®tness.Digital
geneticsystemshelpachievethis.

New higher-level, e.g.multicellular, replicatorswhosecomponentsarethemselves
alive needto solve theproblemsof heritability of ®tnessanew, togetherwith thoseof
sex, andself-repair. At higherlevels,for life to exist, a transitionto individuality must
reinventreplication,resultingin heritability of ®tnessat that level; alsoreinventedare
self-maintenancefor the higher-level individual, andsex (receiving or exchangingof
heritablematerialfrom others)[47]. It is also facedwith new problems:suppression
of freedomat lower levelsandharnessinglower level units into cooperativesthatcon-
tribute to the ®tnessof the higherlevel individual requiresa balanceof the tendency
of replicatorsat lower levelsto pursuetheir own individual reproductivesuccessat the
expenseof thatof thehigherlevel individual [11,47]. In differentiatedmulticellularity,
constituentcells may pursuetheir own replicationat the higher-level's expense(can-
cer);in socialinsectssomemembersof non-reproductivelaborcastesmay`defect'and
becomereproductive,at theexpenseof thecolony's integrity.

Higher-level individualsdevelopfrom a single(or a smallnumberof) constituents
andharnessdivisionof laborandthedifferentiationof their constituents(e.g.cellsin a
body;insectcastes).Epigeneticinheritance(via stateandmarking)in thepopulationof
constituentscomprisingthemmakesthispossible.

A.3 Degreesand Modesof BeingAli ve

Biologistsaskedto de®nelife havenot agreedona universallyacceptedde®nition,but
insteadtendto producelists of properties.Onecandidatede®nition[59], applicableto
life-as-it-could-beaswell aslife-as-we-know-it, is:
A living organismis anindividualentity that

1. transformsresourcesinto persistence(patternintegrity) andprogeny (i.e. to achieve
reproduction),

2. resultsfrom reproduction(or is ableto reproduce),
3. resultsfrom anevolutionaryprocessin a population(involving heritablevariation,

differentialreproductivesuccess,®nite resources),



4. producesitself in thecontext of its environment(self-production,growth andpos-
sibly development),

5. engagesin self-maintenance,
6. usessignalingandinteraction(internallyandexternally),and
7. modi®esandis modi®edby its environment(embodimentandplasticity).

Themoreof thesepropertiesfrom suchlistsasystemexhibits,themorejusti®edwe
feel in sayingthat it is alive.For example,virusesor `digital organisms'(suchasTier-
rans[69]) exhibit somebut not all thepropertiesof life (seealsobelow). This suggests
thattheremaybedifferentdegreesto which it makessenseto call somethingalive, i.e.
differentdegreesof life dependingon thedegreeto which eachof requirementsin the
biologist's list aresatis®ed[59].

Modesof Life with Differ entDegreesof Ali venessIn light of theadvancesin Biology
andArti®cial Life mentionedabove,it will bearguedherethattheevolutionof life from
asingleancestoror ancestralpopulationmayinvolvedifferentmodeswhichaccountfor
someof thedifferencesin thedegreeof aliveness.Organicevolution on earth(andin
somecasesin arti®cial systemsat the®rst two levels)hasapparentlyproducedifferent
modesof life (which comprisea evolutionarycontinuum).Thesemodesshow marked
qualitative differencesin dimensionspresentamongthe requirementsfor life, but are
relatedto eachotherby evolutionarycontingencies:

– Mode0: Replicators (no or very limited variation in heritability). Prions,crys-
tal growth, andcellular automatareplicatorsshow many propertiesof life. They
engagein noself-maintenance.Evolutiondoesnotoccur(with somerecentexcep-
tionsin cellularautomata).At thelevel of theindividual,they donotshow genetic,
developmental,or phenotypicplasticity.

– Mode1: Replicators in Evolving Populations. Viruses,Tierrans(andto a lesser
degreetransposons)exist in populationsshowing heritability, variability, anddif-
ferential reproductive success± the requirementsfor evolution. This leadssome
researchersto assertthat they areexamplesof minimal living systems.They ex-
hibit nohomeostaticcontrol,or capabilitiesof regenerationandself-repair.

– Mode2: Self-Maintaining Organisms(showing various degreesof autonomous
responsivedynamicsand plasticity). Theseextendmode1 capacitiesandinclude
all theuncontroversialcasesof livingorganisms.[Seelist of living organismdimen-
sionalpropertiesabove.Thisclassmighthaveidenti®ableoccurringsubmodes,e.g.
someself-maintenanceandregenerativecapabilitybut little or nophenotypicplas-
ticity. Someexamplesmay be naturallyoccurring,but othersmight soonbe pro-
ducedby constructive methodsenrouteto moresophisticatedarti®cial life forms,
e.g.proto-cells.]

– Mode 3: DegeneratedLife (arising, e.g., due to Symbiogenesisor Multicellu-
larity). Theseareevolving replicatorswhoseancestorswereof anothermodebut
which arein theprocessof losing(or have lost) mostof their individuality. Exam-
plesassociatedwith evolutionarytransitions:in theRNA world (or otherearlylife
scenarios),earlyreplicators! membrane-boundgenes/`chromosomes';in theevo-
lution of eukaryotes,free-living prokaryoticancestorsof organelles! mitochon-
dria, chloroplasts.Mitochondriaandchloroplastsareorganelleswhoseancestors



wherefree-living endosymbiontsof ancestorsof eukaryoticcellsbut whicharenot
longercapableof replicationwithout the machineryof the cells andsomeof the
heritableinformationin thecell'snuclearDNA [42,74].

Transitions betweenModesof Life Theadventof new higher-level replicatorssuch
asmulticellularentities(possiblywith differentiationof constituentsinto a cooperative
division of labor) leadsus to askthequestionagain.Are thesereplicators(ratherthan
their constituentmembers)alive?To whatdegreedo they show thepropertiesrequired
of living systemssuchasbeingmembersof anevolving population?self-maintenance,
heritabilityof ®tness,andsophisticatedresponsivedynamics?

If multicellular plants,animalsand fungi, or coloniesof social insectsare self-
replicatinghigherlevel individualssatisfyingthepropertiesof life, how aretheproper-
tiesof life (in the list above) achievedby thehigherlevel entity?Are we dealingwith
merereplicators,evolution,or evolutionof self-maintainingdynamicentities?

With symbiogenesisand increasingdependency on partners,lossof individuality
may result (e.g. in the evolution of cellular organelleshaving endosymbioticorigin,
mitochondriaandchloroplasts).For mostde®nitionsof life, evolution mustacton in-
dividualsin a population,if individuality is lost, thenevolution at the former level of
individuality ± andhencelife at that level ± becomeslessdistinct(mode3), andeven-
tually it maynotbeappropriateto speakof life.

The extrememodesare lessalive than the middle ones.Transitionsbetweenthe
abovemodesof life (in thedirectionof thelist) arehowevernaturalandmaybefavored
by naturalselection(aswith theevolutionof mitochondria).Eventhoughthelastmode
involvesdegenerationof life propertiesat onelevel, it is only known to occur in the
transitionalgenesisof higher-level unitsof selection.Note that it alsoneednot occur
(even with new, albeit looseunits of selection);e.g. the cells in differentiatedmulti-
cellularorganismsor symbioticpartnersin lichensthatcanalsolive independentlyare
both mode2. In the oppositedirection,exampleswhich may or may not have arisen
asrenegadereplicatorsthatwereoriginally componentsof a largerunit of life include
virusesandtransposons(transitionsto mode1 from highermodes).


