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Abstract

In this positionpaper | arguethatafruitful, andasyetlargely
unexplored, avenuefor arti cial life researchies in mod-
elling organismg(speci cally, phenotypesand ervironment
as a single dynamicalsystem. From this perspectie, the
origin and evolution of life is the progressie control of the
dynamicalsystemat a local level by constraintswhich are
representecbn an organisms genome. Suchan approach
shifts the focus of arti cial life modelsaway from the de-
sign of individuals, towardsthe interaction of anindividual
with its dynamicervironment. It alsoblursthe boundarybe-
tweenorganismand ervironment; the mostimportantmod-
elling distinctionis no longer betweenan organisms body
andits externalervironment,but ratherbetweerthe genome
(which is treatedas an essentiallysymbolic structure)and
phenotype-plus-etronmentcombined.An evolutionarycel-
lular automatasystem calledEvoCA, is introducedasatool
to explore theseideas. To demonstratéhow this approach
differs from traditional studies two exampleapplicationsof
EvoCA arepresentedOneconcernsensomndeffectorevo-
lution; the otherconcernghe origin of life, andin particular
the evolution of genome-rgulatedself-stabilisingdynamics.
Advantagesf the new approachare summarisedandsome
potentialcriticismsareconsideredThe paperconcludesvith
adiscussiorof someimplicationsof this shift in perspectie.

Intr oduction

Oneof thekey challengegacingarti cial life researcherss
well asbiologists,is to explaintheorigin of living organisms
from a non-living ervironment(Bedauet al., 2000; May-
nard Smith, 1986). Furthermorejn orderto build arti cial
evolutionary systemswe would like to know how to pro-
ducehighly evolvablesystemsjn which agentscancontrol
andexploit their environmentin unlimited andincreasingly
complex ways.

Most ALife work on the evolution of life hasemployed
a strongrepresentationaistinction betweenliving organ-
ismsandtheir ervironment. Examplesnclude Tierra (Ray,
1991)andPolyWorld (Yagger, 1994).1n Tierra,for instance,
individualsare computerprogramswith associatednstruc-
tion pointers,registers,stacksetc. Interactionshetweeran
individualandits ervironmentcanonly beachievedin alim-
ited numberof prede nedways,suchasby theallocationof
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memoryin orderto reproduceg(an interactionwith the abi-
otic erwvironment),or by readingmachineinstructionsfrom
a neighbouringprogram(an interactionwith the biotic en-
vironment).In thesesystemshe ernvironmentis oftenmod-
elled asa ratherinert medium,the only signi cant role of
which s justto provide a “place” in which organismsexist.
For furtherdiscussiorof thistopic, see(Taylor, 2001).

Evenin work whereno suchdistinction exists between
organismsand environment, individuals, and the dynami-
callaws of theervironment,arecarefully craftedto achiese
a particulartype of behaiour. Examplesof this type in-
cludevon Neumanns self-reproducin@utomatgvon Neu-
mann, 1966), simulationsof autopoieticsystems(Varela
etal., 1974;McMullin andVarela,1997),andHolland's a-
UniverseqHolland,1976).

Neitherof theseapproaches—using strongrepresenta-
tional distinctionbetweenliving and non-living entities,or
carefully crafting the “laws of physics” of the world for a
particular purpose—carprovide much insight of how life

rst originatedfrom a non-living ervironmentwhich, pre-
sumablywasnot speci cally designedo supportit.

Much of this work is characterisedy an emphasison
the computationalcapacitiesof the organisms. The Tier-
ranlanguagefor example,is computationallyuniversal but
this doesnot meanthat Tierran programscan interactwith
their ervironmentin unlimited ways. Accomparying this
perspectie hasbeenan (over)emphasin the processof
self-reproductionpftento the exclusionof otherimportant
issues,suchas the propertiesof the ervironment,and the
representationalelationshipbetweenorganismsand ervi-
ronment.If nothingelse,the poorevolvability of thesesys-
tems demonstrateshat the processe®f self-reproduction
with heritablemutationandselectionpy themseles,arein-
sufcient to explainthe evolutionaryorigin of complexity.

Howard Pattee,a physicistby training,hasdevotedmuch
of his careerto the questionof the origin of life (Rocha,
2001). His particularperspectie is the issueof how semi-
otics(i.e. symbolsystemssuchasgenomesandtheir asso-
ciatedsemanticsn thecontext of anorganism)canoriginate
from a purelyphysicalervironment.
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Figurel: SemanticClosure:Closingtheloop betweergeno-
type,phenotypeandernvironment

Pattee arguesthat the distinction betweenthe material
andsymbolicaspect®f living organismsseenasanexam-
ple of themoregenerakpistemologicatlistinctionbetween
laws andinitial conditions,is a de ning featureof life, and
alsoanecessargonditionfor open-ende@volution (Pattee,
1995a;Pattee, 1995b).He explainstherelationshipbetween
thetwo asfollows:

Writing symbolsis a time-dependentlynamicac-
tivity thatleavestime-independenstructureor record.
. Symbolsarereadwhenthesestructurese-entetthe
dynamicsof laws as constraints.Any highly evolved
formal symbolsystemmay be viewed asa particularly
versatilecollectionof initial conditionsor constraints,
oftenstoredn amemory producingsigni cant or func-
tional behaior thatis usefullydescribedy locally se-
lectedrulesratherthan physicallaws. ... [A]ll sym-
bol systemsnusthave materialembodimentshatobey
physicallaws. But for the reasongust stated the law-
ful descriptionof symbols,eventhoughcorrectin all
details,canrevealno signi cance. (Pattee,1995b)

The symbolsrecordedn the genomeultimatelyacquirese-
manticsin anorganismin the context of the survival value
of the dynamicsthat they initiate (i.e. naturalselectionof
phenotypes).lt is this autonomousstructure-functiorself-
referenrganisatiorthatis entailedn Patteesterm“seman-
tic closure”(Figurel).

This perspectie, then, seesorganismsas entitieswhose
phenotypesireembeddeadvithin anernvironmentviewedas
a dynamicalsystem andwhosegenotypesnteractwith the
environmentby specifyingconstraint$ uponits dynamics,
therebygeneratinghe phenotypesThatis, theabioticenvi-
ronmenthasits own dynamicsandself-oganisationaprop-
erties;genotypesctto “sculpt” thesepre-existingdynamics
by supplyingconstraints Fromthis point of view, the most
importantdistinctionis notbetweerorganismsandtheir abi-
otic ervironment,but ratherbetweenthe ervironmentasa

IThroughouthis paperthe generatterm “constraint'is usedto
cover initial conditions,constraintsandboundaryconditions. For
furtherdiscussiorof theseconceptssee(Pattee, 1995a).
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Figure2: Schematidllustration of EvoCAs design. This
speci ¢ exampleshavs EVOCA-B. Seetext for details.

whole(includingorganismphenotypesandorganismgeno-
types. It is the relatively time-independengenotypesby
supplyinglocal constraintgo the dynamicsof the erviron-
ment,thatreify phenotypessdistinctentitieswithin theen-
vironment.

The EvoCA System

A simulationplatform, called EvoCA, wasdesignedo ex-
plore this dynamicalsystemsview of organismsand ervi-
ronments> EvoCA is built upona cellular automator(CA)
system. Cellular automatawere chosenbecausehey are
fairly simple, discretetime and spacedynamicalsystems,
whosebehaiour hasbeenextensiely studied.

Thesystemconsistof two layers(seeFigure2). Layerl
is the ervironment, modelledas a standardCA. The sys-
temcanbeadaptedo useary kind of CA; theexamplesde-
scribedhereusea 2D ervironment,with two possiblestates
percell, andthestandardsameof Life updaterules.Layer2
is a discretegrid of the samedimensionsasLayer 1. Each
grid positionin Layer 2 cancontainzeroor one genomes,
which will be describedater The action of a genomeis
centredupon the correspondinggrid positionin Layer 1.
Layer2 hasnodynamicsassuch(i.e.genomesrerelatively
inertstructures).

An evolutionaryalgorithmis usedto evolve populations
of genomeswith selectionbasedupon the dynamicsthat
a genomeproduces’ Two distinct versionsof EVOCA ex-
ist, which employ differentkindsof evolutionaryalgorithm:
EvoCA-A (abiotic selection)usesa standardgenerational
geneticalgorithm,while EvoCA-B (biotic selection)usesa
naturalselectionalgorithm. The detailsof genomedesign
andactionare alsodifferentin eachsystem. The two sys-
temsaredescribedn thefollowing sectionsandtypical re-
sultsfrom eacharepresentedh orderto demonstrat@artic-
ularaspect®f theirbehaiour. As theseresultsareincluded

2Thesourcecodeis includedin the supplementarynaterial.

Svariousauthorshave experimentedwith evolving the transi-
tion functionof a CA to achieve a particulartask,e.g.(Crutch eld
andMitchell, 1995). This is fundamentallydifferentto the current
approachasit entailsevolving the “laws of physics”of the ervi-
ronmentratherthanconstraintgo controla givensetof laws.



solely for the purposesof illustrating certainfeaturesand
consequencesf the generalmodellingapproactbeingad-
vocated,full detailsof the experimentsare omitted. These
detailsareincludedin the supplementarynaterials.

EvoCA-A

Genomes A genomein EvoCA-A comprisesa variable
lengthlist of genes.Two typesof geneareavailable: timed
andconditional. Both typesspecifya particulartarget cell
in Layer1 (whosepositionis de ned relative to that of the
genomepnda tametstatefor thatcell. A maximumradius
is de ned for eachdimensionof the CA to con ne theposi-
tion of thetargetcell relative to the genome.

Eachgeneadditionallyspeci esa preconditionthat must
be satis ed in orderfor it to actvated. Timed and condi-
tional geneshave differenttypesof preconditions. Timed
genesspecifya time (i.e. a speci ¢ iterationof the CA) at
which they act. At the speci ed iteration,the genesetsthe
stateof thetargetcell to the target state. Conditionalgenes
specifyawatchcell andwatchstate.Thewatchcell speci -
cationis con nedto thesetof cellsthataredirectneighbours
of thetargetcell. When&erthespeci edwatchcellisin the
speci ed watchstate the conditionalgeneis triggered,set-
ting the stateof thetargetcell to thetargetstate.

Every genein the genomes checled at eachiterationof
the CA to seewhetherit shouldbe activatedfor thatitera-
tion. Wheneer ary geneis activated, its action overrides
thenormalCA transitionfunctionfor thetargetcell for that
particulariteration.

The Evolutionary Algorithm A standardgenerational
geneticalgorithmis usedto evolve a populationof individ-
uals.Eachindividualis evaluatedn isolation,andplacedin
the samegrid positionin Layer2. Theiterationcountof the
CA is resetto zeroat the startof eachevaluation. All cells
areinitially setto the quiescentstate,exceptthosewhich
have non-quiescenstatesspeci ed by timedgenesactingat
time zero, or thosethat are in uenced by external signals
(describedater). The CA is thenallowedto runfor agiven
numberof iterations,with the genesof the genomesetting
speci c cell statesvhenthey becomeactive.

The tness function dependauponthe particulartaskin
hand;an exampleis givenin the next section. In addition
to one-pointcross@erandgenemutation,anumberof other
geneticoperatorsare also available: geneinsertion(a ran-
dom geneis insertedinto an existing genome);genedele-
tion (anexisting geneis deletedrom agenome)generever-
sal (the orderof a sequencef geneshetweentwo selected
pointsin thegenomas reversed) andgeneduplication(ase-
guenceof geneshetweertwo selectecpointsin thegenome
is duplicatedattheendof thegenome) A limit onthemax-
imum allowablegenomedengthis de ned.

Example Application: Sensorand Effector Evolution
The following exampledemonstratethe applicationof the
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Figure3: Goalpatternfor EvoCA-A experiments

approacho thetopic of sensorandeffector evolution. The
systemwassetup asshavn in Figure3, usinga 2D toroidal
CA of size75x75cells. To evaluateagenomejt wasplaced
in the centreof the genomeareashovn. The maximumra-
diusof geneactionis shavn by theboundaryof thisarea(i.e.
genescould directly setthe stateof only thosecells within
thegenomearea).In addition,two goalareaswverede ned,
alongwith two signalpositions asshovn. Notethatthesig-
nal positionsadjoin, but do not overlap,thegenomearea.
Thetaskthatthe organismswere setis asfollows. Each
genomewastestedunderthreeconditions:left signal,right
signal,andno signal. For the left signalcondition,the cells
in the 2x2 left signalposition(Figure 3) wereinitially setto
statel (the non-quiescenstate). In this condition, the task
of theorganismwasto produceactiity in theleft goalarea.
Any actiity in this goal areaover the courseof the evalua-
tion wasrewarded with the darker shadectellsin Figure3
beingrewardedmorethanthe lighter cellsin the goal area.
However, any activity in theright goalareawaspenalised.
For the right signal condition, the oppositesignal posi-
tionsandgoalareasvereusedin the tness calculation.For
the no signalcondition,ary actity in eithergoalareawas
penalised.The scoresrom the threeconditionswere com-
binedto producea nal tness valuefor the organism.Full
detailsaregivenin the supplementarynaterials.

Results In all experimentsthe systemwasableto evolve
organismsthat could performthe taskwell (i.e. they initi-
atedactuity in the appropriategoal area,andno actwity in
the othergoal). In someruns, the bestevolved individual
would producea “glider” (a moving patternof activation)
thattravelled from the genomeareato the appropriategoal
area.In otherruns,moreextensve andcomplec patternsof
activationwereobsened; an exampleis shovn in Figure4.
Theimplicationsof theseresultsarediscussedater

EvoCA-B

EvoCA-B hasmodi cations to allow natural(biotic) selec-
tion of organismsratherthanthe arti cial selectiormethod
(thegeneticalgorithm)usedin EvoCA-A. In EvoCA-B, the
wholepopulationof genomeexistsin Layer2 concurrently
andthe survival andreproductionof eachgenomeis deter
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Figure4: EvoCA-A: Sensorand effector evolution. Snap-
shotsof the actiiation of the CA towardsthe end of the
evaluationperiodfor eachof thethreesignalconditions:(a)
Left signal(b) No signal(c) Right signal.For referencethe
goalareasgenomeareaandsignalareasareshavn in gray.

mined by its local ervironmentin Layer 1 (which canbe
in uenced by the genome—andby othernearbygenomes).
A schematidllustration of thedesignis shovn in Figure2.

Genomes For practical implementational reasons,
genomesn EvoCA-B aresomeavhatsimpli ed. A genome
canonly setthe stateof a singletargetcell in Layer1 cor-
respondingo the genomes positionin Layer 2, ratherthan
beingableto setstatesof targetcells over an extendedarea
asis the casein EvoCA-A. The genomeconsistsof condi-
tional genesonly (no timed genesareused). The condition
sectionof a genespeci es a combinationof the current
stateof theassociatedell, plusthe numberof neighbouring
cells that are currently in a non-quiescenstate. So, for
2 statesand 8 neighbours there are 2x(8+1)=18possible
conditions. If a genes conditionis met, thenthe genesets
the stateof the cell as before. In addition, a genealso
encodes directionfor the genometo move on the Layer 2
grid if the genes conditionis met (which could be to one
of the directly neighbouringcells, or to stay put). Thus
the genomesare actingin a mannerreminiscentof Turing
machines,reading and writing “data” from Layer 1 and
conditionallymoving positionat eachiteration?

The Evolutionary Algorithm  Eachpossibldocal con g-
uration(i.e. thecon guration of the statesof a cell andits 8
immediateneighbourshasagenomeaeproductiorprobabil-
ity associateavith it. Similarly, eachlocal con gurationhas
associatedvith it agenomedeathprobabilityanda genome
reproduction- delityprobability. (All theseprobabilitiesare
hard-wiredandconstant.)For agenomeat a givenmoment
in time, its probability of reproduction(and, if it doesre-
producejts probability of producinga faithful copy with no
mutations),andits probability of death—i.eall of the fac-
torsdeterminingts evolutionarysucces¢Dawkins, 1976)—
arethereforewholly determinedy thelocal environmentin

4This mechanisnfor genomemovementwasincludedto com-
pensatdor the factthata genomecanonly directly affect a single
cell atary iteration;atleastit cannow move from oneiterationto
thenext, andcanthereforeaffect differentcells at differenttimes.
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Figure5: EvoCA-B: Evolution of self-stabilisingdynamics

whichit nds itself. Thus,somelocal ervironmentswill be
particularly conducve to the succesof a genome confer
ring uponit high stability andfecundity otherswill befairly
neutral,while othersstill will be harmful.

In this way, thereis a natural selection pressurefor
genomeghat generatdocal conditionsthat promotetheir
own survival andreproduction Genomeganin uence their
local environmentsthroughthe action of their genes,but
only to a degree—theervironmentis subjectto perturba-
tions from the action of othernearbyorganisms.Selection
pressurdor self-generatin@ndself-maintainingdynamics,
i.e.autopoiesigVarelaetal., 1974),is thereforeaninherent
featureof themodel.

Example Application: Natural Selectionfor Genome-
Regulated Self-Stabilising Dynamics Typical resultsfor
the systemasdescribedareshavn in Figure5. Thesewere
from a run on a 100x100grid, seededwvith 100 randomly
generatedienomegplacedat randompositions.For the rst
10000iterations, fairly randomdynamicsare obsened in
Layer 1, asthe genomednitiate dynamicsin the environ-
ment. However, at arounditeration10000,a moredynami-
cally stablepatternbeginsto appeatin a portionof the CA.
The pattern,identi ed by vertical stripes,is not completely
static, but is able to regenerateitself under perturbations
from therestof the ervironment. Over the next 20000iter-
ations,this patternspreaddo |l thewhole spaceasorgan-
ismsthatpossesthis phenotypeut-competeheirrivals. (A
movie is availablein the supplementarynaterials.) These
dynamicsdemonstratéhe naturalselectionof genomeghat
generat@ynamicghatpromotetheirown survival—in other
words,genome-rgulated self-stabilisingdynamics.

Discussion
Advantagesof the Approach

Theresultsjust describedllustratea numberof featuresof
themodellingapproactbeingadwcated.
Let's considerthe EVOCA-A results rst. Successn this



task requiresan individual to be sensite to the signal's
presenceand location. It also requiresthat the individual

exploitstheervironmentadynamicdor long-rangecommu-
nication, to activatethe cellsin the goal area. Evenin this
simplesituation,it could be arguedthatthe organismshave
evolved sensoryand effector apparatus.To saythatanin-

dividual is respondingo a signalratherthanjust following

the “laws of physics”(i.e. the normal CA updaterules)—
whichof courseit still is—isjusti ed becaus¢heevolution-
aryselectiorprocessasintroducedsemanticso thesignals,
from the perspeciie of the individual, asindicationsof the
taskto be performed. During evolution, the successfubr-

ganismawvereselectedoreciselybecausehey behaedasif

the stateof the cellsin the signalpositionareawasa signal,
andrespondedn the appropriatevay. Evolution hasthere-
fore introducedthe potentialfor a new level of description
of the system whereit is moreinformative to describethe
actionof anorganismin termsof local rules(e.g.organism
A respondgo signal B by producingactionC) ratherthan
in termsof the universallaws of physics(cf. the quotefrom

Patteein the Introductionsection).

Similarly, eventhoughindividual genesactby settingthe
stateof single cells in the CA (thereis no “glider gene€;
for example), genomesare able to producecomplex ac-
tions suchasthe productionof glidersandotherpatternsof
spreadingactivation. This is becausghe genesareinteract-
ing with the pre-&isting dynamicsof the ervironment,by
settinginitial conditionsfor thosedynamics. Again, these
actionsacquiresemanticgrom theperspectre of theorgan-
ism throughthe procesf selectionduringevolution.

Theervironmentin thisexampleis very simple.We could
imagineernvironmentswith mary more possiblestatesper
cell, andwith muchricherdynamics.In suchervironments,
evenif anorganismsgenescouldstill only directly respond
to andactivatea limited numberof stateswe could never-
thelessmaginetheorganismbeingableto dealwith amuch
wider variety of states,indirectly, by harnessinghe ervi-
ronmentakdynamicgqe.g.by settingup a“chainreactionto
eventually achiese the desiredresult). In this way, organ-
ismscouldpotentiallyevolve to exploit almostarny property
of theervironment,evenif theirgenesverestill ableto per
form only alimited subsetf actionsatthelowestlevel. Any
propertyor processoincorporatedtanbeexpectedo bere-
tainedif it promotesthe evolutionarysucces®f the organ-
ism. Fromthis perspecitie, the evolutionaryacquisitionof
new sensoryor effector capabilitiesis not the problemthat
it is with otherapproachegDautenhahretal., 2001).

Anotherfeatureof the approachis that phenotypesand
abiotic ervironmentare represented@s a single system. In
casesvherewe allow multiple organismsto coexist in the
ervironment(e.g. EvoCA-B), organismsare thereforepart
of the ervironmentexperiencedby other organisms. This
introducesthe possibility of rich co-evolutionary dynam-
ics and high evolvability (Waddington,1969; Odling-Smee

etal., 2003). Evolvability is alsoincreasedy the factthat
thereis no pre-de nedspeci cationof the organisatiorof a
phenotypesothisis freeto evolve overtime.

The approactshiftsthe focusof the “problem” of evolv-
ability away from the procesf self-reproductiorfwhichis
takenfor grantedin appropriatesnvironmentalconditions),
towardsthe issueof organisminteractiongboth organism—
organismand organism—ewmironment) It emphasiseshe
view of organismsasself-generatingndself-organisingor-
ganisationstatherthanself-reproducingautomata.

Potential Criticisms

No modellingapproachis perfect,andthereare mary po-
tential criticismsthatcould belevelled at EvoCA andat the
ideasthatit embodiesSomeof thesearenow considered.

GeneticSystemis Immutable In EvoCA, the perspectie
of agenomeasa sourceof constraintfor a dynamicalsys-
temis takento the extreme;genomegplay no partin the dy-

namicsof the systemotherthanto specify constraintgi.e.

they have no materialembodiment)Thisis largelyfor prac-
tical, ratherthantheoreticalyeasonsandmeanghatthe de-
signof the systemcanbe keptvery simple. Thedesignmay
be comparedo an arti cial chemistry;the main difference
is this separatiorof representationf geneticmaterialfrom

therestof thesystem.This simpli cation is notwithoutcon-
sequencedt meanghatan externalmechanisnis required
for interpretinggenomessconstraintgthis happensteach
iteration of the CA), andfor writing genomeswith noise,
atreproduction(thisis performedby the evolutionaryalgo-
rithm). Anotherconsequencks thatthe genesarerestricted
to specifyingconstraintsn a prede nedway—in the partic-
ular designof EvoCA they arede ned to mapto the lowest
level of the CA dynamicshy constraininga speci ¢ cell to

bein aspeci c stateata speci c time. Theserestrictionsall

arisebecausegenomesn EvoCA do not participatein the
dynamicof thesystematall, exceptthroughsupplyingcon-
straints.This designdecisionis justi ed becaus®f the per

spectve of genomegaken here—thathe fundamentatole

of the genomds to supplyconstraintdo the dynamicalen-
vironment.It shouldalsobenotedthatit is concevablethat
amorecomplex genotype—phenotypaappingcouldevolve

ontop of thegivensystem.

Wherearethe Organisms? Theexamplegresentechar
ticularfor EvoCA-B, areopento the criticismthatanorgan-
ism's phenotypéacksindividuality (i.e.thereis norecognis-
ableboundarybetweenit andthe restof the ervironment).
The approachakesthe view thatan organisms phenotype
is the setof genome-initiatedlynamicsin the ervironment.
If it is advantageougor anorganisnto have adistinctmem-
branede ning its boundarythenthis is somethingve might
expectto seeevolving. However, particularlyif we aremod-
elling theorigin of life, we shouldnotassumeuchadistinc-
tion a priori. Also notethatthe questionof whethersuch



a membranevolvesis a questionof the propertiesof the
ervironment—is this existenceof sucha structurepossible
within thegivenervironment?

The Limitations of Computational Models It could be
arguedthat computationaimodelssuchas EvoCA are un-
suitablefor the purposeof studyingopen-endedvolution,
becausef their digital nature. Eachcell canonly exist in
oneof a smallnumberof discretestates,andthereforethe
numberof statesof the systemas a whole is limited. A
simple counterargumentis that, asthe size of the system
under considerationgrows, the numberof possiblestates
soonbecomesastronomicallylarge. Furthermorethe com-
plexity of the environmentcanalwaysbe increasedfor ex-
ampleby using a multi-layer CA with differentdynamics
in eachlayer, or by allowing real-numberedtates. More
pertinently we are also interestedn dynamicsand cycles
of states,ratherthan the state of the systemat a single
instance—em@entbehaiour canof coursearisein the dy-
namicsof discretedynamicalsystemsaswell asanalogue
ones. The crucial point, however, is that the processof
evolution, as demonstratectarlier can endav stateswith
semanticsigni cance from an organisms perspectie, at
which point it becomesappropriateto describethe system
at the level of local rules—theshapeof which will depend
on the systems$ speci ¢ history—ratherthan in terms of
the underlyinglaws of physics. More sophisticatedargu-
mentshave beenput forward asto why purely digital de-
vices cannotself-compleify, e.g.(Cariani, 1989). Cariani
acceptdhat “the absencef gradualistpathways|in digital
devices]would notprecludeevolutionentirely” but suggests
that“[tlhe importantpoint is that purely computationable-
vicesdo not constructor modify their primitives, and this
doesforeclosethe possibility of fundamentahovelty” (ibid,
p.111). While theseargumentshold for the systemas a
whole (i.e., in the caseof EvoCA, the “laws of physics”
of the ervironment),we canstill addressgiventhis limita-
tion, how organismsavolve within theervironment(with the
correspondinggemegenceof semanticsaalreadydescribed),
startingfrom very simpleformsto progressiely controland
exploit moreandmoreof the ervironments properties.We
arenotlooking for fundamentahovelty in the environment
itself, but in theway in which organismsnteractwith it.

Implications

A corollaryof thisapproachs thatwe canincrease¢hecom-
plexity of evolved organisms—whilestill assumingonly a
simplesetof mechanism$or theevolution of genomes—nby
increasinghe compleity of the abioticervironment.From
this perspectie, someof the mostimportantresearchyues-
tions are: What featuresmust the ervironmentpossesgo
enableopen-endedvolution? Whatfeaturegnustit possess
to enablethe evolution of organismghatwe might reason-
ableregardasliving? Indeed how arethesetwo setsof fea-

turesrelated?(Is onea subsef the other?Are they identi-
cal?)We canaddresgheseguestionsiotonly atthelevel of
featuresthat have long beenarguedas being necessaryor
life (e.g.the requiremenof a waterlike substancén alig-
uid phaseopr thepossibility of semi-permeablmembranes),
but alsoatthelevel of fundamentaphysicalpropertiessuch
astheconserationof matter enegy o w, entrofy increase,
etc. How critical areeachof thesefeaturedor allowing the
possibility of open-endedvolution and the emegenceof
life? Of course| amnot arguingthatthis approactshould
replaceraditionalones;rather it is complementaryo them.
By taking a different perspeciie, it highlights the signi -
canceof somedifferentquestiongo considelin our attempt
to understandife-as-it-isandlife-as-it-could-be.
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