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Abstract

In thispositionpaper, I arguethatafruitful, andasyet largely
unexplored, avenuefor arti�cial life researchlies in mod-
elling organisms(speci�cally, phenotypes)andenvironment
as a single dynamicalsystem. From this perspective, the
origin andevolution of life is the progressive control of the
dynamicalsystemat a local level by constraintswhich are
representedon an organism's genome. Such an approach
shifts the focus of arti�cial life modelsaway from the de-
sign of individuals, towardsthe interaction of an individual
with its dynamicenvironment.It alsoblurstheboundarybe-
tweenorganismandenvironment;the most importantmod-
elling distinction is no longer betweenan organism's body
andits externalenvironment,but ratherbetweenthegenome
(which is treatedas an essentiallysymbolic structure)and
phenotype-plus-environmentcombined.An evolutionarycel-
lular automatasystem,calledEvoCA, is introducedasa tool
to explore theseideas. To demonstratehow this approach
differs from traditionalstudies,two exampleapplicationsof
EvoCA arepresented.Oneconcernssensorandeffectorevo-
lution; theotherconcernstheorigin of life, andin particular
theevolution of genome-regulatedself-stabilisingdynamics.
Advantagesof thenew approacharesummarised,andsome
potentialcriticismsareconsidered.Thepaperconcludeswith
a discussionof someimplicationsof this shift in perspective.

Intr oduction
Oneof thekey challengesfacingarti�cial life researchers,as
well asbiologists,is to explaintheorigin of livingorganisms
from a non-living environment(Bedauet al., 2000; May-
nardSmith,1986). Furthermore,in orderto build arti�cial
evolutionarysystems,we would like to know how to pro-
ducehighly evolvablesystems,in which agentscancontrol
andexploit their environmentin unlimitedandincreasingly
complex ways.

Most ALife work on the evolution of life hasemployed
a strongrepresentationaldistinctionbetweenliving organ-
ismsandtheir environment.ExamplesincludeTierra(Ray,
1991)andPolyWorld (Yaeger, 1994).In Tierra,for instance,
individualsarecomputerprogramswith associatedinstruc-
tion pointers,registers,stacks,etc. Interactionsbetweenan
individualandits environmentcanonlybeachievedin alim-
itednumberof prede�nedways,suchasby theallocationof

memoryin orderto reproduce(an interactionwith the abi-
otic environment),or by readingmachineinstructionsfrom
a neighbouringprogram(an interactionwith the biotic en-
vironment).In thesesystemstheenvironmentis oftenmod-
elled asa ratherinert medium,the only signi�cant role of
which is just to providea “place” in which organismsexist.
For furtherdiscussionof this topic,see(Taylor, 2001).

Even in work whereno suchdistinction exists between
organismsand environment, individuals, and the dynami-
cal laws of theenvironment,arecarefullycraftedto achieve
a particular type of behaviour. Examplesof this type in-
cludevon Neumann'sself-reproducingautomata(von Neu-
mann, 1966), simulationsof autopoieticsystems(Varela
et al., 1974;McMullin andVarela,1997),andHolland's a-
Universes(Holland,1976).

Neitherof theseapproaches—usinga strongrepresenta-
tional distinctionbetweenliving andnon-living entities,or
carefully crafting the “laws of physics”of the world for a
particularpurpose—canprovide much insight of how life
�rst originatedfrom a non-living environmentwhich, pre-
sumably, wasnot speci�cally designedto supportit.

Much of this work is characterisedby an emphasison
the computationalcapacitiesof the organisms. The Tier-
ranlanguage,for example,is computationallyuniversal,but
this doesnot meanthat Tierranprogramscaninteractwith
their environmentin unlimited ways. Accompanying this
perspective hasbeenan (over-)emphasison the processof
self-reproduction,often to theexclusionof otherimportant
issues,suchas the propertiesof the environment,and the
representationalrelationshipbetweenorganismsand envi-
ronment.If nothingelse,thepoorevolvability of thesesys-
temsdemonstratesthat the processesof self-reproduction
with heritablemutationandselection,by themselves,arein-
suf�cient to explain theevolutionaryorigin of complexity.

HowardPattee,a physicistby training,hasdevotedmuch
of his careerto the questionof the origin of life (Rocha,
2001). His particularperspective is the issueof how semi-
otics(i.e. symbolsystems,suchasgenomes,andtheir asso-
ciatedsemanticsin thecontext of anorganism)canoriginate
from apurelyphysicalenvironment.
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(Phenotypes reified by genome-initated dynamics)

Figure1: SemanticClosure:Closingtheloopbetweengeno-
type,phenotypeandenvironment

Patteearguesthat the distinction betweenthe material
andsymbolicaspectsof living organisms,seenasanexam-
ple of themoregeneralepistemologicaldistinctionbetween
laws andinitial conditions,is a de�ning featureof life, and
alsoanecessaryconditionfor open-endedevolution(Pattee,
1995a;Pattee,1995b).Heexplainstherelationshipbetween
thetwo asfollows:

Writing symbolsis a time-dependentdynamicac-
tivity that leavestime-independentstructureor record.
. . . Symbolsarereadwhenthesestructuresre-enterthe
dynamicsof laws asconstraints.Any highly evolved
formal symbolsystemmaybeviewedasa particularly
versatilecollectionof initial conditionsor constraints,
oftenstoredin amemory, producingsigni�cant or func-
tional behavior thatis usefullydescribedby locally se-
lectedrules ratherthan physical laws. . . . [A]ll sym-
bol systemsmusthavematerialembodimentsthatobey
physicallaws. But for thereasonsjust stated,the law-
ful descriptionof symbols,even thoughcorrectin all
details,canrevealnosigni�cance.(Pattee,1995b)

Thesymbolsrecordedon thegenomeultimatelyacquirese-
manticsin an organismin thecontext of the survival value
of the dynamicsthat they initiate (i.e. naturalselectionof
phenotypes).It is this autonomousstructure-functionself-
referentorganisationthatisentailedin Pattee'sterm“seman-
tic closure”(Figure1).

This perspective, then,seesorganismsasentitieswhose
phenotypesareembeddedwithin anenvironmentviewedas
a dynamicalsystem,andwhosegenotypesinteractwith the
environmentby specifyingconstraints1 uponits dynamics,
therebygeneratingthephenotypes.Thatis, theabioticenvi-
ronmenthasits own dynamicsandself-organisationalprop-
erties;genotypesactto “sculpt” thesepre-existingdynamics
by supplyingconstraints.Fromthis point of view, themost
importantdistinctionis notbetweenorganismsandtheirabi-
otic environment,but ratherbetweenthe environmentasa

1Throughoutthis paperthegeneralterm`constraint'is usedto
cover initial conditions,constraintsandboundaryconditions.For
furtherdiscussionof theseconcepts,see(Pattee,1995a).

(Cellular Automata Layer)
Layer 1

(Genome Layer)
Layer 2

Figure2: Schematicillustration of EvoCA's design. This
speci�c exampleshowsEvoCA-B. Seetext for details.

whole(includingorganismphenotypes)andorganismgeno-
types. It is the relatively time-independentgenotypes,by
supplyinglocal constraintsto thedynamicsof theenviron-
ment,thatreify phenotypesasdistinctentitieswithin theen-
vironment.

The EvoCA System
A simulationplatform, calledEvoCA, wasdesignedto ex-
plore this dynamicalsystemsview of organismsandenvi-
ronments.2 EvoCA is built upona cellularautomaton(CA)
system. Cellular automatawere chosenbecausethey are
fairly simple, discretetime and spacedynamicalsystems,
whosebehaviour hasbeenextensively studied.

Thesystemconsistsof two layers(seeFigure2). Layer1
is the environment,modelledas a standardCA. The sys-
temcanbeadaptedto useany kind of CA; theexamplesde-
scribedhereusea 2D environment,with two possiblestates
percell, andthestandardGameof Life updaterules.Layer2
is a discretegrid of thesamedimensionsasLayer1. Each
grid position in Layer 2 cancontainzeroor onegenomes,
which will be describedlater. The action of a genomeis
centredupon the correspondinggrid position in Layer 1.
Layer2 hasnodynamicsassuch(i.e.genomesarerelatively
inertstructures).

An evolutionaryalgorithmis usedto evolve populations
of genomes,with selectionbasedupon the dynamicsthat
a genomeproduces.3 Two distinct versionsof EvoCA ex-
ist, whichemploy differentkindsof evolutionaryalgorithm:
EvoCA-A (abiotic selection)usesa standardgenerational
geneticalgorithm,while EvoCA-B (biotic selection)usesa
naturalselectionalgorithm. The detailsof genomedesign
andactionarealsodifferentin eachsystem.The two sys-
temsaredescribedin thefollowing sections,andtypical re-
sultsfrom eacharepresentedin orderto demonstratepartic-
ularaspectsof theirbehaviour. As theseresultsareincluded

2Thesourcecodeis includedin thesupplementarymaterial.
3Variousauthorshave experimentedwith evolving the transi-

tion functionof a CA to achieve a particulartask,e.g.(Crutch�eld
andMitchell, 1995).This is fundamentallydifferentto thecurrent
approachasit entailsevolving the “laws of physics”of the envi-
ronmentratherthanconstraintsto controla givensetof laws.



solely for the purposesof illustrating certain featuresand
consequencesof the generalmodellingapproachbeingad-
vocated,full detailsof theexperimentsareomitted. These
detailsareincludedin thesupplementarymaterials.

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 thatof the
genome)anda targetstatefor thatcell. A maximumradius
is de�ned for eachdimensionof theCA to con�ne theposi-
tion of thetargetcell relative to thegenome.

Eachgeneadditionallyspeci�esa preconditionthatmust
be satis�ed in order for it to activated. Timed andcondi-
tional geneshave different typesof preconditions.Timed
genesspecifya time (i.e. a speci�c iterationof the CA) at
which they act. At thespeci�ed iteration,thegenesetsthe
stateof thetargetcell to thetargetstate.Conditionalgenes
specifyawatchcell andwatchstate.Thewatchcell speci�-
cationis con�nedto thesetof cellsthataredirectneighbours
of thetargetcell. Wheneverthespeci�edwatchcell is in the
speci�ed watchstate,theconditionalgeneis triggered,set-
ting thestateof thetargetcell to thetargetstate.

Every genein thegenomeis checkedat eachiterationof
the CA to seewhetherit shouldbe activatedfor that itera-
tion. Whenever any geneis activated,its actionoverrides
thenormalCA transitionfunctionfor thetargetcell for that
particulariteration.

The Evolutionary Algorithm A standardgenerational
geneticalgorithmis usedto evolve a populationof individ-
uals.Eachindividual is evaluatedin isolation,andplacedin
thesamegrid positionin Layer2. Theiterationcountof the
CA is resetto zeroat thestartof eachevaluation.All cells
are initially set to the quiescentstate,except thosewhich
havenon-quiescentstatesspeci�edby timedgenesactingat
time zero, or thosethat are in�uenced by external signals
(describedlater). TheCA is thenallowedto run for a given
numberof iterations,with the genesof the genomesetting
speci�c cell stateswhenthey becomeactive.

The �tness function dependsuponthe particulartask in
hand;an exampleis given in the next section. In addition
to one-pointcrossoverandgenemutation,anumberof other
geneticoperatorsarealsoavailable: geneinsertion(a ran-
dom geneis insertedinto an existing genome);genedele-
tion (anexistinggeneis deletedfrom agenome);generever-
sal (theorderof a sequenceof genesbetweentwo selected
pointsin thegenomeis reversed);andgeneduplication(ase-
quenceof genesbetweentwo selectedpointsin thegenome
is duplicatedat theendof thegenome).A limit on themax-
imum allowablegenomelengthis de�ned.

Example Application: Sensor and Effector Evolution
The following exampledemonstratestheapplicationof the
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Figure3: Goalpatternfor EvoCA-A experiments

approachto the topic of sensorandeffectorevolution. The
systemwassetupasshown in Figure3, usinga2D toroidal
CA of size75x75cells.To evaluateagenome,it wasplaced
in thecentreof thegenomeareashown. Themaximumra-
diusof geneactionis shownby theboundaryof thisarea(i.e.
genescould directly setthestateof only thosecells within
thegenomearea).In addition,two goalareaswerede�ned,
alongwith two signalpositions,asshown. Notethatthesig-
nalpositionsadjoin,but donotoverlap,thegenomearea.

The taskthat theorganismsweresetis asfollows. Each
genomewastestedunderthreeconditions:left signal,right
signal,andno signal.For theleft signalcondition,thecells
in the2x2 left signalposition(Figure3) wereinitially setto
state1 (thenon-quiescentstate). In this condition,the task
of theorganismwasto produceactivity in theleft goalarea.
Any activity in this goalareaover thecourseof theevalua-
tion wasrewarded,with thedarker shadedcells in Figure3
beingrewardedmorethanthe lighter cells in thegoalarea.
However, any activity in theright goalareawaspenalised.

For the right signal condition, the oppositesignal posi-
tionsandgoalareaswereusedin the�tness calculation.For
theno signalcondition,any activity in eithergoalareawas
penalised.Thescoresfrom the threeconditionswerecom-
binedto producea �nal �tness valuefor theorganism.Full
detailsaregivenin thesupplementarymaterials.

Results In all experimentsthe systemwasableto evolve
organismsthat could performthe taskwell (i.e. they initi-
atedactivity in theappropriategoalarea,andno activity in
the othergoal). In someruns, the bestevolved individual
would producea “glider” (a moving patternof activation)
that travelledfrom thegenomeareato theappropriategoal
area.In otherruns,moreextensive andcomplex patternsof
activationwereobserved;anexampleis shown in Figure4.
Theimplicationsof theseresultsarediscussedlater.

EvoCA-B
EvoCA-B hasmodi�cations to allow natural(biotic) selec-
tion of organisms,ratherthanthearti�cial selectionmethod
(thegeneticalgorithm)usedin EvoCA-A. In EvoCA-B, the
wholepopulationof genomesexistsin Layer2 concurrently,
andthesurvival andreproductionof eachgenomeis deter-



(a) (b) (c)

Figure4: EvoCA-A: Sensorandeffector evolution. Snap-
shotsof the activiation of the CA towardsthe end of the
evaluationperiodfor eachof thethreesignalconditions:(a)
Left signal(b) No signal(c) Right signal.For reference,the
goalareas,genomeareaandsignalareasareshown in gray.

mined by its local environmentin Layer 1 (which can be
in�uenced by thegenome—andby othernearbygenomes).
A schematicillustrationof thedesignis shown in Figure2.

Genomes For practical implementational reasons,
genomesin EvoCA-B aresomewhatsimpli�ed. A genome
canonly setthe stateof a singletarget cell in Layer1 cor-
respondingto thegenome'spositionin Layer2, ratherthan
beingableto setstatesof targetcellsover anextendedarea
asis the casein EvoCA-A. The genomeconsistsof condi-
tional genesonly (no timedgenesareused).Thecondition
sectionof a genespeci�es a combinationof the current
stateof theassociatedcell, plusthenumberof neighbouring
cells that are currently in a non-quiescentstate. So, for
2 statesand 8 neighbours,thereare 2x(8+1)=18possible
conditions. If a gene's conditionis met, thenthegenesets
the stateof the cell as before. In addition, a genealso
encodesa directionfor thegenometo move on theLayer2
grid if the gene's condition is met (which could be to one
of the directly neighbouringcells, or to stay put). Thus
the genomesareacting in a mannerreminiscentof Turing
machines,readingand writing “data” from Layer 1 and
conditionallymoving positionat eachiteration.4

The Evolutionary Algorithm Eachpossiblelocalcon�g-
uration(i.e. thecon�gurationof thestatesof a cell andits 8
immediateneighbours)hasagenomereproductionprobabil-
ity associatedwith it. Similarly, eachlocalcon�gurationhas
associatedwith it a genomedeathprobabilityanda genome
reproduction-�delityprobability. (All theseprobabilitiesare
hard-wiredandconstant.)For a genomeat a givenmoment
in time, its probability of reproduction(and, if it doesre-
produce,its probabilityof producinga faithful copy with no
mutations),andits probabilityof death—i.e.all of the fac-
torsdeterminingitsevolutionarysuccess(Dawkins,1976)—
arethereforewholly determinedby thelocalenvironmentin

4This mechanismfor genomemovementwasincludedto com-
pensatefor thefact thata genomecanonly directly affect a single
cell at any iteration;at leastit cannow move from oneiterationto
thenext, andcanthereforeaffect differentcellsatdifferenttimes.

to emerge

self-stabilising
patterns begin

Iteration 0 5000 10000

25000 300002000015000

Figure5: EvoCA-B: Evolutionof self-stabilisingdynamics

which it �nds itself. Thus,somelocal environmentswill be
particularlyconducive to the successof a genome,confer-
ring uponit highstabilityandfecundity, otherswill befairly
neutral,while othersstill will beharmful.

In this way, there is a natural selectionpressurefor
genomesthat generatelocal conditionsthat promotetheir
own survival andreproduction.Genomescanin�uence their
local environmentsthrough the action of their genes,but
only to a degree—theenvironmentis subjectto perturba-
tions from theactionof othernearbyorganisms.Selection
pressurefor self-generatingandself-maintainingdynamics,
i.e.autopoiesis(Varelaet al., 1974),is thereforeaninherent
featureof themodel.

Example Application: Natural Selection for Genome-
RegulatedSelf-StabilisingDynamics Typical resultsfor
thesystemasdescribedareshown in Figure5. Thesewere
from a run on a 100x100grid, seededwith 100 randomly
generatedgenomesplacedat randompositions.For the�rst
10000iterations,fairly randomdynamicsare observed in
Layer 1, as the genomesinitiate dynamicsin the environ-
ment. However, at arounditeration10000,a moredynami-
cally stablepatternbeginsto appearin a portionof theCA.
Thepattern,identi�ed by verticalstripes,is not completely
static, but is able to regenerateitself under perturbations
from therestof theenvironment.Over thenext 20000iter-
ations,this patternspreadsto �ll thewholespaceasorgan-
ismsthatpossessthisphenotypeout-competetheirrivals.(A
movie is available in the supplementarymaterials.) These
dynamicsdemonstratethenaturalselectionof genomesthat
generatedynamicsthatpromotetheirownsurvival—inother
words,genome-regulated,self-stabilisingdynamics.

Discussion
Advantagesof the Approach

Theresultsjust describedillustratea numberof featuresof
themodellingapproachbeingadvocated.

Let's considertheEvoCA-A results�rst. Successin this



task requiresan individual to be sensitive to the signal's
presenceand location. It also requiresthat the individual
exploitstheenvironmentaldynamicsfor long-rangecommu-
nication,to activatethecells in the goal area.Even in this
simplesituation,it couldbearguedthattheorganismshave
evolved sensoryandeffector apparatus.To saythat an in-
dividual is respondingto a signalratherthanjust following
the “laws of physics” (i.e. the normalCA updaterules)—
whichof courseit still is—is justi�ed becausetheevolution-
aryselectionprocesshasintroducedsemanticsto thesignals,
from theperspective of the individual, asindicationsof the
taskto be performed.During evolution, the successfulor-
ganismswereselectedpreciselybecausethey behavedasif
thestateof thecellsin thesignalpositionareawasa signal,
andrespondedin theappropriateway. 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 respondsto signalB by producingactionC) ratherthan
in termsof theuniversallawsof physics(cf. thequotefrom
Patteein theIntroductionsection).

Similarly, eventhoughindividualgenesactby settingthe
stateof single cells in the CA (there is no “glider gene,”
for example), genomesare able to producecomplex ac-
tionssuchastheproductionof glidersandotherpatternsof
spreadingactivation. This is becausethegenesareinteract-
ing with the pre-existing dynamicsof the environment,by
settinginitial conditionsfor thosedynamics. Again, these
actionsacquiresemanticsfrom theperspectiveof theorgan-
ism throughtheprocessof selectionduringevolution.

Theenvironmentin thisexampleis verysimple.Wecould
imagineenvironmentswith many more possiblestatesper
cell, andwith muchricherdynamics.In suchenvironments,
evenif anorganism'sgenescouldstill only directly respond
to andactivatea limited numberof states,we couldnever-
thelessimaginetheorganismbeingableto dealwith amuch
wider variety of states,indirectly, by harnessingthe envi-
ronmentaldynamics(e.g.by settingupa“chainreaction”to
eventuallyachieve the desiredresult). In this way, organ-
ismscouldpotentiallyevolve to exploit almostany property
of theenvironment,evenif theirgeneswerestill ableto per-
form only alimited subsetof actionsat thelowestlevel. Any
propertyor processsoincorporatedcanbeexpectedto bere-
tainedif it promotestheevolutionarysuccessof theorgan-
ism. From this perspective, the evolutionaryacquisitionof
new sensoryor effectorcapabilitiesis not theproblemthat
it is with otherapproaches(Dautenhahnetal., 2001).

Another featureof the approachis that phenotypesand
abiotic environmentarerepresentedasa singlesystem. In
caseswherewe allow multiple organismsto coexist in the
environment(e.g.EvoCA-B), organismsare thereforepart
of the environmentexperiencedby other organisms. This
introducesthe possibility of rich co-evolutionary dynam-
ics andhigh evolvability (Waddington,1969;Odling-Smee

et al., 2003). Evolvability is alsoincreasedby the fact that
thereis no pre-de�nedspeci�cationof theorganisationof a
phenotype,sothis is freeto evolveover time.

Theapproachshifts thefocusof the“problem” of evolv-
ability away from theprocessof self-reproduction(which is
takenfor grantedin appropriateenvironmentalconditions),
towardsthe issueof organisminteractions(bothorganism–
organismand organism–environment). It emphasisesthe
view of organismsasself-generatingandself-organisingor-
ganisations,ratherthanself-reproducingautomata.

Potential Criticisms

No modellingapproachis perfect,and therearemany po-
tentialcriticismsthatcouldbelevelledat EvoCA andat the
ideasthatit embodies.Someof thesearenow considered.

GeneticSystemis Immutable In EvoCA, theperspective
of a genomeasa sourceof constraintsfor a dynamicalsys-
temis takento theextreme;genomesplaynopartin thedy-
namicsof the systemotherthanto specifyconstraints(i.e.
they havenomaterialembodiment).This is largelyfor prac-
tical, ratherthantheoretical,reasons,andmeansthatthede-
signof thesystemcanbekeptverysimple.Thedesignmay
be comparedto an arti�cial chemistry;the main difference
is this separationof representationof geneticmaterialfrom
therestof thesystem.Thissimpli�cation is notwithoutcon-
sequences.It meansthatanexternalmechanismis required
for interpretinggenomesasconstraints(thishappensateach
iterationof the CA), and for writing genomes,with noise,
at reproduction(this is performedby theevolutionaryalgo-
rithm). Anotherconsequenceis that thegenesarerestricted
to specifyingconstraintsin a prede�nedway—in thepartic-
ular designof EvoCA they arede�ned to mapto thelowest
level of theCA dynamicsby constraininga speci�c cell to
bein aspeci�c stateata speci�c time. Theserestrictionsall
arisebecausegenomesin EvoCA do not participatein the
dynamicsof thesystematall, exceptthroughsupplyingcon-
straints.This designdecisionis justi�ed becauseof theper-
spective of genomestaken here—thatthe fundamentalrole
of thegenomeis to supplyconstraintsto thedynamicalen-
vironment.It shouldalsobenotedthatit is conceivablethat
amorecomplex genotype–phenotypemappingcouldevolve
on topof thegivensystem.

WherearetheOrganisms? Theexamplespresented,par-
ticular for EvoCA-B, areopento thecriticismthatanorgan-
ism'sphenotypelacksindividuality (i.e.thereis norecognis-
ableboundarybetweenit andthe restof theenvironment).
The approachtakesthe view that an organism's phenotype
is thesetof genome-initiateddynamicsin theenvironment.
If it is advantageousfor anorganismto haveadistinctmem-
branede�ning its boundary, thenthis is somethingwemight
expectto seeevolving. However, particularlyif wearemod-
elling theorigin of life, weshouldnotassumesuchadistinc-
tion a priori . Also note that the questionof whethersuch



a membraneevolves is a questionof the propertiesof the
environment—is this existenceof sucha structurepossible
within thegivenenvironment?

The Limitations of Computational Models It could be
arguedthat computationalmodelssuchasEvoCA are un-
suitablefor the purposeof studyingopen-endedevolution,
becauseof their digital nature. Eachcell canonly exist in
oneof a small numberof discretestates,andthereforethe
numberof statesof the systemas a whole is limited. A
simple counter-argumentis that, as the sizeof the system
underconsiderationgrows, the numberof possiblestates
soonbecomesastronomicallylarge. Furthermore,thecom-
plexity of theenvironmentcanalwaysbeincreased,for ex-
ampleby using a multi-layer CA with differentdynamics
in eachlayer, or by allowing real-numberedstates. More
pertinently, we are also interestedin dynamicsandcycles
of states,rather than the stateof the systemat a single
instance—emergentbehaviour canof coursearisein thedy-
namicsof discretedynamicalsystemsaswell asanalogue
ones. The crucial point, however, is that the processof
evolution, as demonstratedearlier, can endow stateswith
semanticsigni�cance from an organism's perspective, at
which point it becomesappropriateto describethe system
at the level of local rules—theshapeof which will depend
on the system's speci�c history—ratherthan in terms of
the underlyinglaws of physics. More sophisticatedargu-
mentshave beenput forward as to why purely digital de-
vicescannotself-complexify, e.g.(Cariani,1989). Cariani
acceptsthat “the absenceof gradualistpathways[in digital
devices]wouldnotprecludeevolutionentirely” but suggests
that “[t]he importantpoint is thatpurelycomputationalde-
vicesdo not constructor modify their primitives,and this
doesforeclosethepossibilityof fundamentalnovelty” (ibid,
p.111). While theseargumentshold for the systemas a
whole (i.e., in the caseof EvoCA, the “laws of physics”
of theenvironment),we canstill address,giventhis limita-
tion,how organismsevolvewithin theenvironment(with the
correspondingemergenceof semanticsalreadydescribed),
startingfrom verysimpleformsto progressively controland
exploit moreandmoreof theenvironment'sproperties.We
arenot looking for fundamentalnovelty in theenvironment
itself, but in theway in whichorganismsinteractwith it.

Implications

A corollaryof thisapproachis thatwecanincreasethecom-
plexity of evolved organisms—whilestill assumingonly a
simplesetof mechanismsfor theevolutionof genomes—by
increasingthecomplexity of theabioticenvironment.From
this perspective,someof themostimportantresearchques-
tions are: What featuresmust the environmentpossessto
enableopen-endedevolution?Whatfeaturesmustit possess
to enabletheevolution of organismsthatwe might reason-
ableregardasliving? Indeed,how arethesetwo setsof fea-

turesrelated?(Is onea subsetof theother?Are they identi-
cal?)We canaddressthesequestionsnotonly at thelevel of
featuresthat have long beenarguedasbeingnecessaryfor
life (e.g.the requirementof a water-like substancein a liq-
uid phase,or thepossibilityof semi-permeablemembranes),
but alsoat thelevel of fundamentalphysicalpropertiessuch
astheconservationof matter, energy �o w, entropy increase,
etc. How critical areeachof thesefeaturesfor allowing the
possibility of open-endedevolution and the emergenceof
life? Of course,I amnot arguingthat this approachshould
replacetraditionalones;rather, it is complementaryto them.
By taking a differentperspective, it highlights the signi�-
canceof somedifferentquestionsto considerin ourattempt
to understandlife-as-it-isandlife-as-it-could-be.
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