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This papertries to connectthetheoryof geneticalgorithm(GA) learningto evolutionary
gametheory. It is shown thateconomiclearningvia geneticalgorithmscanbedescribedas
a specificform of evolutionary game. It will be pointedout that GA learningresultsin a
seriesof nearNashequilibria which during the learningprocessbuild up to finally reacha
neighborhoodof an evolutionarily stablestate. In order to clarify this point, a conceptof
evolutionarystability of geneticpopulationswill bedeveloped.Thus,in a secondpartof the
paperit becomespossibleto explain both, the reasonsfor thespecificdynamicsof standard
GA learningmodelsandthe differentkind of dynamicsof GA learningmodels,which use
extensionsto thestandardGA.
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GeneticAlgorithms (GAs) have beenfrequentlyusedin economicsto characterizea well
definedform of sociallearning.1 They have beenappliedto mainstreameconomicsproblems
and mathematicallyanalyzedas to their specificdynamicandstochasticproperties.2 But,
althoughwidely seenas conductinga ratherevolutionary economicline of thought,up to
now thereis no pieceof work explicitly focusingon what it is that makesGA learningan
evolutionarykind of behavior.

Thispaperaimsto clarify thescientificadvantageof viewing geneticalgorithmsasevolu-
tionaryprocesses.Evolutionarygametheorydeliverssomevery usefultools,which canhelp
explaining why economicGAs behave the way they do. In moredetail, it canbe found out
what arethe reasonsfor the special,non–converging dynamicsof the standardGA, and—
morethanthis — it canbeexplainedwhy certainchangesto theGA, like theintroductionof
theelectionoperator3, canchangetheGA–dynamicsto anasdramaticextentasthey do.

As geneticalgorithmshave beenwell introducedinto economicresearch,this paperwill
not explicitly review thespecificstructureandworking principlesof GAs. Thereaderwill be
provided to have a basicnotion of geneticalgorithms,which canbe gainedfrom e.g.Gold-
berg (1989)or Mitchell (1996). Thekind of geneticalgorithmsfoundin thesebookswill be
called’basic’ or ’standard’geneticalgorithm. In this paper, thestandardGA will mainly be
dealtwith. Nevertheless,theanalysisthatwill becarriedout will give riseto theopportunity
of analysingmoredifficult variantsof geneticalgorithms.Thus,in a further part of this pa-
per, evenenhancedor augmentedgeneticalgorithmswill bebriefly dealtwith, clarifying the
reasonswhy someof thesevariantsbehave differentlyfrom thestandardGA.

This paperwill facethe questionwhat is evolutionary in GA learning. First, it will be
shown thatthereis acloseconnectionbetweenevolutionarygametheoryandgeneticalgorithm
learning. Using this notion it will be pointedout that geneticevolving populationscanbe
interpretedasaseriesof nearNashequilibria.Then,in asecondstep,thewell–known concept
of evolutionary stability will be transferredto the field of GA research.In a third step, it
will beshown thatundertheregimeof themarketgeneticalgorithmlearningleadsto akind of
evolutionarydynamics,whichcanbedescribedaseconomicprogressratherthenjusteconomic
change.A further part of thepapermakesclearwhy somefrequentlyusedmodificationsto
thebasicGA resultin kindsof dynamicswhichareverydifferentfrom thebasicdynamics.At
last,thepaperendswith a summary.
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As thereis agrowingly largenumberof differentvariantsof GeneticAlgorithmsin economic
research,this paperwill mainly deal with the most basicGA, the standardGA, which is

1Somefrequently cited papersare Andreoni and Miller (1995), Arifovic (1994, 95, 96), Axelrod (1987),
Birchenhall(1995),andBullard andDuffy (1998).

2Dawid (1994),Riechmann(1998a).
3SeeArifovic (1994).
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describedin detailby Goldberg (1989).ThestandardGA is theGA all othervariantGAs are
derivedfrom.

ThestandardGA is astochasticprocesswhichrepeatedlyturnsonepopulationof bit strings
into another. Thesebit stringsarecalledgeneticindividuals. In economicresearchthey nor-
mally standfor someeconomicstrategy or routinein thesenseof NelsonandWinter (1982).
Theseroutinesaresaidto beusedby economicagents.4

Eachrepeated‘turn’ of thegeneticalgorithmessentiallyconsistsof two kindsof stochastic
processes,which arevarietygeneratingandvariety restrictingprocesses.Variety generating
processesareprocessesin thatnew economicstrategiesaredevelopedby theeconomicagents.
In thestandardGA theseprocessesarereproduction,which is interpretedaslearningby imi-
tation,crossover, which is interpretedaslearningby communication,andmutation,which is
interpretedaslearningby experiment.All theseprocesses,or geneticoperators,takesomeold
economicstrategiesandusethemto find new ones,thusenhancingthe variety of strategies
within the currentpopulation. In the standardGA, thereis onevariety restrictingprocess,
which is the geneticoperatorof selection.Selectiondecreasesthe numberof differenteco-
nomic strategies. It first evaluatesthe economicsuccessof eachstrategy, thusoften being
interpretedasplayingtherole of themarketasaninformationrevealingdevice.5 Thenit se-
lectsstrategiesto be part of thenext population. The selectionoperatorof thestandardGA
doessoby applyinga kind of biasedstochasticprocess:Selectionfor thenext generationis
doneby repeatedlydrawing with replacementstrategiesfrom thepool of theold population
to be takenover into the next one. The chanceof eachstrategy to be drawn is equalto its
relative fitness,which is the ratio of its marketsuccessto the sumof the marketsuccessof
all strategiesin thepopulation.Thus,thenumberof differentstrategieswithin apopulationis
reducedagain.
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Closerelationshipsbetweeneconomiclearningmodelsandmodelsof evolutionarytheoryhave
beenrecognizedbefore. Marimon (1993)givesa clearnotionof the similaritiesof learning
modelson theonehandandevolutionaryprocesseson theother. As geneticalgorithms,too,
have beenbroadly interpretedasmodelsof economiclearning6, this sectionwill show that
they canalsoberegardedasevolutionaryprocesses.

At a first glance,it is the structureof geneticalgorithmsandevolutionary modelsthat
seemsto suggesta closerelationshipbetweenGAs andevolutionaryeconomictheory: Both
face the centralstructureof a populationof economicagentsinteractingwithin somewell
definedeconomicenvironmentandaimingto optimizeindividualbehavior.

As theaimof thispaperis to describegeneticalgorithmsasevolutionaryprocesses,thefirst
questionto beansweredis thequestion,if GAsareevolutionaryprocessesatall. In thefollow-

4It is importantto clarify thefollowing point: A geneticindividual is not interpretedasaneconomicagent,but
asaneconomicstrategy usedby aneconomicagent.This interpretationallows for severalagentsemploying
thesamestrategy.

5Note,thatthishasalreadybeendescribedby Hayek(1978).
6For suchaninterpretationseee.g.Dawid (1996).
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ing, it will bearguedthatGAs area specificform of evolutionaryprocesses,i.e. evolutionary
games.

Friedman(1998,p. 16)givesthreecharacteristicsfor anevolutionarygame:

‘By an evolutionarygame,I meanany formal model of strategic interaction
over time in which (a) higherpayoff strategiestendover time to displacelower
payoff strategies,but (b) thereis someinertia,and(c) playersdo not systemati-
cally attemptto influenceotherplayers’futureactions.’

Prior to checkingthesethreepoints, it is importantto noticethat economicGAs are in
fact modelsof strategic interactions.In the interpretationasmodelsof sociallearning,GAs
dealwith anumberof economicagents,eachtrying to find abehavioral strategy which,dueto
hersurrounding,givesherthebestpayoff possible.GAsaremodelsof social learning,which
in fact is a way of learningby interaction.7 Thus,it canbe recognized,thatGAs arein fact
modelsof ‘strategic interaction’.

Moreover, GAsaredynamicprocesseswhichreproductivelypreferhigherpayoff strategies
over lowerpayoff ones.It hasbeenshown thatin thestandardGA theprobabilityof astrategy
i to be reproducedfrom its currentpopulationn into next period’s population,P a i bnc , only
dependsonits relativefitnessR a i bn c , whichis thestrategy’spayoff ormarketsuccessrelativeto
theaggregatepayoff of thepopulationn.8 Higherrelativefitnessleadsto ahigherreproduction
probability:

dP a i bnc
dR a i bnc`d 0 (1)

Thus,Friedman’scondition(a) is fulfilled.
Secondly, accordingto Friedman,inertiameansthatchangesin behavior donot takeplace

tooabruptly. As mutation,or learningby experiment,is thesourceof themostabruptchanges
in GA learning,it shouldbeprovedthat smallchangesby mutationaremorelikely thanbig
ones. For thestandardGA, usingbinary representationof geneticindividuals,the mutation
operatoris quite simple. Mutation randomlyalters(‘flips’) single bits of the bit string by
which an economicstrategy (i.e. a geneticindividual) is coded.Eachbit of thestring hasa
smallprobabilityµ to bechanged.µ, which is calledthemutationprobability, is thesamefor
every bit within every geneticindividual of every population.Figure1 shows anexampleof
themutationoperator. Thefact thatsmallchangesby mutationaremorelikely thanbig ones
canbeshown asfollows: Theprobabilityof aneconomicstrategy i to beturnedinto strategy
j by mutation,Pm a i e j c , dependson the lengthof the geneticindividuals’ bit strings,L, the
mutationprobabilityµ, andthenumberof bits thathave to beflippedin orderto turn i into j,
which is calledtheHammingdistancebetweeni and j, H a i e j c :

Pm a i e j c@f µH g i h j i a 1 j µc L k H g i h j i (2)

7Thereare,on thecontrary, waysof individual, i.e. non–sociallearningase.g.statisticalformsof learningor
neuralnetworklearning.

8For a moreprecisedescriptionof this, referto Riechmann(1998a).
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Figure1: Mutation(example)

Simpledifferentiationgives

∂Pm a i b j c
∂H a i e j c f µH g i h j i a 1 j µc L k H g i h j i�q lnµ j ln a 1 j µcLr

stu tvxw 0 for µ w 1
2f 0 for µ f 1
2

d 0 for µ d 1
2

(3)

For thenormalparametervalueof µ,9 this meanstheobvious: Smallchangesin strategy are
more likely than big changes.10 Thus, it becomesevident that GA learningprocessesare
processeswhich containsomeinertia.

Friedman’s third point (‘playersdo not systematicallyattemptto influenceotherplayers’
futureactions’)canbe provedmoreverbally. Theagentsthataremodelledby an economic
GA haveveryrestrictedknowledge.By thetimeaneconomicagentformsherlatesteconomic
strategy shedoesnotknow anything abouttheplansof theotheragentsin herpopulation.All
an economicagentin a GA modelcando is to try her bestto adoptto her neighbors’past
actions,for thenearpastis all aneconomicagentcanremember. Taking into accountthese
very limited individual abilities, it is easyto conclude,that thereis no room for systematic
influenceson otheragents’actions.

From the above it canbe concluded,that modelsof economicGA learningare in fact
modelswhich canbeinterpretedasevolutionarygamesaswell.

y \o-ZzA0AJS?*)�56-Z(<T{?|TX}~;*?<+V}~?<T�9 W��1035�J65��<+�5%?
Themain structurein geneticalgorithmlearningmodelsis thegeneticpopulation.It canbe
noticedthata populationis nothingmorethana distribution of differenteconomicor behav-
ioral strategies.11 This is true for geneticpopulationsaswell asfor populationsin thegame
theoreticmeaningof theword. Thus,it canbesaidthatageneticpopulationis agametheoretic

9Normally, themutationprobabilityµ rangessomewherebetween1� 100and1� 1000.
10Theresultgivenin (2) deservestwo furtherremarks.First, thefactthatfor µ � 1� 2 big changesaremorelikely

thansmallonesexplainsthatfact thatfor relatively largevaluesof µ, GA resultsseemto becomeverysimilar
to randomwalks. Secondly, theresultyieldsan interestinginterpretationfor thefield of economiclearning.
If mutationis interpretedaslearningby experiment,(2) shows thata little experimentingis a goodthing to
do,while toomany experimentswill disturbthegenerationof valuablenew economicstrategies.If mutation
is interpretedasmakingmistakesin imitationor communication(seee.g.Alchian (1950)),(2) simplymeans
thatyou shouldnotmaketoomany of thosemistakes.

11For anin–depthdiscussionof this,referto Davis andPrincipe(1993)or Riechmann(1998a).
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population.12

Geneticalgorithmsarein fact describinga repeatedeconomicgame. Imaginea genetic
algorithmusinga populationof M geneticindividualswith thelengthof eachindividual’sbit
stringof L. This GA is ableto dealwith every economicstrategy in S, thesetof all available
strategies. S hasthe size N f�bSb�f 2L. This meansthat this GA can be interpretedas a
repeatedsymmetriconepopulationM persongamewith upto N possiblepurestrategies.But,
comparedto ‘normal’ evolutionarygames,within mosteconomicGA learningmodels,the
rulesaredifferent. Whereasin evolutionarygamesmostof the time a strategy is repeatedly
pairedwith single competingstrategies, in geneticalgorithm learning,eachstrategy plays
againstthewholeaggregaterestof thepopulation.13 Thereis no directopponentto a single
strategy. Instead,every economicagentaimsto find a strategy i � S thatperformsasgoodas
possiblerelativeto its environment,which is completelydeterminedby thecurrentpopulation
n andtheobjective functionR aG��c . 14

Thismeansthateveryeconomicagenti facesproblem(4).15

max
i � S

R a i b n c (4)

This directly leadsto theconceptof Nashequilibria. While a Nashstrategy is definedas
thebeststrategy giventhestrategiesof thecompetitors, a Nashstrategy is exactly whatevery
economicagent,aliasgeneticindividual, is trying to reach.Thus,asa first stepof analysis,
a geneticalgorithmcanbe seenasmodellinga systemof economicagents,eachtrying to
play a Nashstrategy. In economictermsthis meansthat every agenttries to coordinateher
strategy with theotheragents’ones,for this is thebestwayof maximizingherprofit (or utility
or payoff or whatever themodelwantstheagentto maximize).A geneticpopulationcanbe
interpretedasa populationof agents,eachtrying to playNash.

� WZYE-ZJQ0*)F5%-Z(<?<+�[ =�)�?A�35�J�5M)�[�-<��CD;3(<;E)F5G2 \o-1zA0AJS?*)F5%-Z(<T
While a geneticpopulationrepresentsa primarily static concept,learningprocessesare of
coursegenuinelydynamicprocesses.Thus,in orderto analyzeGA learningasanevolutionary
learningprocess,thedynamicsandconceptsof stabilityhave to beanalyzed.16

12SeeWitt (1993a,pp. 4–6)andhis descriptionof a ‘shift to populationthinking’ takingplacein evolutionary
economics.

13While this notion is true for mostof theeconomicGA models,for someit is not, including Axelrod (1987)
andAndreoniandMiller (1995).

14The exact mathematicalformulationcanbe found in equationRiechmann(1998a,equation(7)), which, in
gametheoreticterms,givesthepayoff to agenti playingagainsttherestof populationn. It shouldbenoted,
that in gamesa player‘s payoff dependson his action and the action of every opponent,so that the best
formulationof fitnessor payoff is R � i � n� .

15Although(4) looksa bit complicated,evencomparedto mostof themainstreameconomicmodels,it it in fact
remarkablysimple.All it saysis ‘Do thebestyoucanwith respectto your neighborhood!’

16Replicatordynamics(seee.g. Weibull (1995)or HofbauerandSigmund(1988,98)), which have oftenbeen
usedto characterizeevolutionary dynamics,seemto be unsuitedfor someeconomicproblems. (Mailath
(1992,p. 286) even suggeststhat ‘There is nothingin economicsto justify replicatordynamics’.) Applied
to the analysisof GA learning,replicatordynamics,not directly accountingfor stochastics,aresimply not
preciseenoughto cover thewholeGA learningprocess.
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This paperwill makeuseof theconceptof evolutionarystability, especiallythenotionof
evolutionarily stablestrategiesor evolutionarily stablestates(ESS).17 In short,a strategy is
evolutionarily stableif, relative to its population,it performsbetterthanany new, ‘invading’
strategy. Thoughwidely usedin economicdynamics,theconceptof ESShastwo weaknesses
which makethis conceptseemto be of only limited suitability for the analysisof genetic
algorithms.Thefirst weaknesslies in thefact thattheconceptof ESSis basedon symmetric
two persongamesonly. As mentionedabove, this is not theform of gamesusuallyplayedin
GA learning.MostGAs haveeachgeneticindividualplayingagainsttheaggregaterestof the
population.Secondly, thereis no explicit formulationof theselectionprocessunderlyingthe
conceptof evolutionarystability. ESSarebasedonthenotionthatinvading‘mutant’ strategies
aresomehow rejectedor eliminatedfrom thepopulation.It is not clearhow this rejectionwill
be carriedout. Geneticalgorithms,in contrast,presenta clearconceptof rejection: Every
strategy will be exposedto a test,which is bestdescribedasa one–against–the–restgame.
Thenit will be reproducedor rejectedwith a probability dependingon its performance(i.e.
marketperformance)in the game. GA reproductionor rejectionhastwo main features,it
selectsdueto performanceandit selectsdueto probability, which meansthata badstrategy
will berejectedalmostsurelybut notwith probabilityone.

Thus,a refinedconceptof evolutionarystability for geneticalgorithmsis presented.An
attemptto setup a conceptof evolutionarystability for geneticalgorithmswhich is keeping
the spirit of the ESSis the following: A geneticpopulationis evolutionarily stableif the
processof thegeneticalgorithmrejectsaninvasionby oneor morestrategiesfrom thegenetic
population. Invasionitself can either take the form of a totally new strategy enteringthe
populationor it cansimplymeanachangein thefrequency of thestrategiesalreadycontained
within thepopulation.Thus,a clearerdefinitionof anevolutionarily stablepopulationmight
be:A populationis evolutionarily stableif it is resistantagainstchangesin its composition.

More formally, a geneticpopulationn will becalledevolutionarily superiorto population

m, (denotedasn
esd m) if it exhibits two characteristics18:	��

Every strategy i containedwithin populationn hasat leastthe samefitnessin the basic
populationn asit hasin the invadedpopulationm, while at leastonestrategy haseven
morefitnessin n thanin m.���

Theinvadingstrategiesk ��� m � n� aretheworstperformingstrategiescontainedin m, so
thatthey will bemostsurelyrejected.

In mathematicalterms,a geneticpopulationn is evolutionarily superiorto m, if

R a i bn cX� R a i bmc�� i � n (5)���
j with R a j bn c d R a j bmc (6)�

R a k bmc w R a i bmc�� i � n; � k ��� m � n � (7)

17SeeMaynardSmith (1982),HofbauerandSigmund(1988,98), Samuelson(1997),Weibull (1995),Marks
(1992),or Mailath (1992)(to mentionjust a few of variouspiecesof work on this topic).

18Notethatthefollowing characterizesa kind of weakdominanceconcept.
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For full validity, a further remarkis necessary, even if it is a little beyond the scopeof
this paper:Within geneticalgorithms,invadingstrategiescanonly resultfrom reproduction
(‘imitation’), crossover (‘communication’)or mutation(‘experiment’)within thepopulation
itself. Thismeansthatthefinal outcomeof GAswithoutmutation(i.e.processeswith learning
by imitation andcommunicationonly), which areuniform populations,mayhave otherpop-
ulationsbeingsuperiorto them,but — without mutation— betterpopulationssimplycannot
arise.19

Notethat(5) to (7) inducea partialorderingon thesetof geneticpopulationsS� . A stable
populationin theconceptof (5) to (7) is apopulationthatis superiorto everyotherpopulation:
n is anevolutionarilystablepopulation,if

n
esd m � m ��� S� � n � (8)

Condition(8) is in facta generalizationof theconceptof evolutionarystability.20

Dueto thefact thatgeneticalgorithmselectionis aprobabilisticratherthanadeterministic
process,invadingstrategies,even in a evolutionarily stablepopulation,may not be rejected
within asingleroundof thealgorithm.It canonlybestatedthattheinvaderwill bedrivenoutof
thepopulationwithin finite time. Thatis to say:If ageneticpopulationis evolutionarilystable,
it will recover from aninvasionwithin afinite numberof stepsof theGA, whichmeansthatin
thelongrun thepopulationwill not lastinglybechanged.Nevertheless,onceanevolutionarily
stablepopulationis invaded,theremayappearanumberof evolutionarily inferior populations
within the next few roundsof the GA. Thesepopulationsrepresenttransitorystatesof the
processof rejectingtheinvader. Riechmann(1998a)shows thatthereis in factmorethanone
populationthatwill occurin the long run. More precisely, Markov chainanalysisof genetic
algorithmsshows that due to the specialdynamicpropertiesof geneticalgorithmsthereis
a whole distribution of geneticpopulationsthat will repeatedlybe reachedduring the GA
process.

  WZYE-ZJQ0*)F5%-Z(<?<+�[ ¡~[<(<?AN¢5Q2_T
As a consequenceof what hasbeendevelopedin the precedingparts,dynamicsof genetic
algorithmscanbecharacterizedin a moreevolutionarymanner. First of all it canbenoticed
thateverypopulationdescribesagametheoreticoutsetwhich is anearNashequilibrium.The
geneticalgorithm as a processof turning onepopulationinto anothercan be viewed as at
leastanapproximationof themoving Nashequilibriaprocess.More thanthis, turningto the
criterionof evolutionarysuperiority((5) to (8)), theGA alwaysselectsin favourof thesuperior
population.Thisnotioncanbeusedto characterizegeneticlearningdynamics:Thestochastic
processGA continuouslydiscardspopulationsin favourof betteronesin thesenseof criterion
(8). This only describesthedirectionof theprocess,not theexactpaththat is takenin time.
In fact, dueto the stochasticpropertiesof geneticalgorithms,the exact pathof the process

19SeeRiechmann(1998a)for therestrictionsdifferentlearningtechniquesput onthesetof availablestrategies.
20Notee.g.thesimilarity to theWeibull’ s(1995),pp.36 definition.
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highly dependson thestartingpoint, i.e. thecompositionof thevery first geneticpopulation.
And althoughthe pathup to an evolutionarily stableequilibrium may differ, Markov chain
theoryshows that it will be reached,andspecificallythat it will be reachedirrespectively of
thestartingconditions.Theremaybepathdependence,lock–ins,or relatedphenomena,but
in thecaseof geneticalgorithmlearningthesewill only beof temporarynature.In the long
run,geneticalgorithmtheorypromises,the‘best’ statewill bereached.21

Knowing the specialform of thedynamicprocessof theGA andthe directionin which
this processwill lead,a few morewordscanbe saidaboutthe role of heterogeneityfor the
dynamics.

It seemsimportantto notice the way economicchangestakeplace. Startingwith some
population,geneticoperators(i.e. learningmechanisms)causechangesin thepopulation.New
typesof behavior aretested.The testis performedby exposingthestrategiesto themarket.
Themarketrevealsthequality of eachtestedstrategy relativeto all theotherstrategieswithin
the population. Then selectionlets economicagentsgive up poorly performingstrategies
andadoptbetterones(imitation) or even createnew onesby communication(crossover) or
experimentation(mutation).After that,again,strategiesaretestedandevaluatedby themarket,
by thatwaycoordinatingtheagents’strategies.

Thereare in fact two crucial points to this repeatedprocess:First, it is the diversity of
strategiesthatdriveseconomicchange,i.e. thesuccessionof populationsconstantlyaltering
their composition.Undertheregimeof geneticalgorithmlearning,this changein individual
aswell asin socialbehavior heavily (while not entirely) relieson learningby imitation and
learningby communication.As waspointedout in greaterdetail in Riechmann(1998a),these
kindsof learningcanonly takeplacewithin heterogeneouspopulations.Thus,in away, it can
besaidthatit is heterogeneitythatis themainforcebehindeconomicchange.

Thesecondcrucialpointto theprocessof geneticalgorithmlearningis theroleof selection,
which canbe interpretedastherole of themarket. While theactof learningwill beenough
to achieve economicchange, economicdevelopmentcanonly be reachedby thecooperation
of learningand selection. In order to turn the successionof differentpopulationsinto the
successionof constantlyimproving populations(in the senseof evolutionarysuperiority),a
device is neededthatmakesit possibleto distinguishsuccessfulstrategiesfrom lesssuccessful
ones. Having at handsucha device, it is possibleto decidewhich strategiesshall live and
grow andwhich onesshall die. This device is themarketin economicsasit is theselection
operatorwithin geneticalgorithms.It is themarketandonly themarketthat turnseconomic
changeinto economicdevelopment.22

21Thismayberegardedasa weaknessof theconceptof geneticalgorithmlearning,asit neglectsthepossibility
of modellingpathdependenceor lock–ins.Soit maybeworthwhileto mentiontwo furtherpoints,which are
mainly beyondthescopeof this paper. First, dependingon theunderlying(economic)problem,someGAs
spendlongtimessupportingpopulationswhicharenotevolutionarily stable.Somekeywordspointingto this
topic are‘deceptiveness’of geneticalgorithmsandtheproblemof ‘prematureconvergence’. Secondly, the
lack of ability to modellastinglock–insor pathdependenceappliesto thebasicgeneticalgorithm.Thereare
variationsof geneticalgorithmswhicharecapableof modellingthesephenomena.Onekeywordpointinginto
this directionof researchmaybe‘niching mechanisms’.Again, a goodstartingpoint for moredescriptions
of all of thespecialcasesandvariantsof GAs is Goldberg (1989).

22This reflectsa ratherclassicaleconomicthought, given, e.g., in Hayek (1969) (usually quotedas Hayek
(1978)).
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Summarizing,undertheregimeof themarket,evolutionarydynamicsof geneticalgorithm
learningis mainly drivenby two forces:Heterogeneity, which constantlyinducesbehavioral
(andby that,economic)change,andthemarketasacoordinationdevice,revealinginformation
aboutthe quality of eachtype of behavior andruling out poorly performingstrategies,thus
turningeconomicchangeinto economicdevelopment.

Finally, looking at geneticalgorithm learningfrom an evolutionary point of view, one
morepoint hasto be added. It hasbeenshown that, as long aspossible,geneticalgorithm
learningandmarketselectionimprove individual andwith thatsocialbehavior. Yet, oncean
evolutionarily stablestateof behavior hasbeenreached,therecertainlyis no roomfor further
improvement.But, dueto thespecialstructureof geneticalgorithms,this doesnot meanthat
in this stateeconomicagentsstopchangingtheir behavior. Learning,or whathasabove been
calledchange,still continuesandwill not ceaseto continue.Still, therewill appearnew ways
of individualbehavior within a population.Now it is therole of themarket(i.e. selection)to
drivethesestrategiesoutof thepopulationagain.Dueto theprobabilisticnatureof theGA, this
processmaytakemorethanoneperiod,thusproducingoneorevenmoretransitorypopulations
until theevolutionarilystablepopulationis regained.To putit in differentwords:Evenafteran
evolutionarilystablestateis reached,evolutionarystability is continuouslychallengedby new
strategies.While in thefirst phaseof theGA learningprocesssomeof thesenew strategiesare
integratedinto thepopulation,in thesecondphaseall of the invaderswill bereplacedagain.
Sothereis anongoingnearequilibriummovementresultingfrom thecontinuousrejectionof
invadingstrategies.

In fact,geneticalgorithmlearningleadsto an

‘interplay of coordinatingtendenciesarising from competitive adaptionsin the
marketsandde–coordinatingtendenciescausedby theintroductionof novelty’

(Witt (1993b,p. xix)), which hasoftenbeenregardedasa key featureof evolutionarily eco-
nomicanalysisof themarket.23

Long run dynamicsof GA learningprocesseshave in mathematicaltermsbeencharacter-
izedasastateof Ljapunov stability (Riechmann(1998a)).With thehelpof evolutionarygame
theory, a cleareconomicreasoncanbefound,why this stateof Ljapunov stability shows up:
It is a processof nearequilibrium dynamics,causedby thecontinuouslyongoingchallenge
of theESSby new strategiesandtherejectionof thesestrategiesthatpreventssocialbehavior
from total convergencebut still keepsit nearenoughto theequilibrium.

£ ¤ -/.A5M¥o;|. CD;3(<;E)F5G2X¦{zA;3+�?*)@-B+�T�?A(3. 8:9<;|5�+�'§N z<?¨24)©-Z(
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Within this paper, only themostbasictypeof geneticalgorithmshasbeenlookedat. In eco-
nomicresearch,variousformsof GAs areusedwhich employmodificationsof theoperators
describedin this paper. Somemodificationsof geneticoperatorshave a major impacton the

23SeeWitt (1985).
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dynamicsandaccordinglyonthestabilitypropertiesof thegeneticalgorithmcontainingthem.
Two suchmodificationswill briefly bementioned.

¬®S¯ °E±�²³±F´�µ�¶¸·!¹
Within this paperthe standardform of the selectionoperatorhasbeenanalyzed.While this
‘biasedroulettewheel’ selectionusedin thestandardgeneticalgorithmleadsto thereported
results,therearedifferenttypesof selectionwhichleadto algorithmswith differentbehavior.24

Aboveall, thereis agroupof elitist selectionoperators,includingtheselectionwithin evo-
lution strategies25 andArifovic’s (1994)electionoperator.26 Elitist selectionensuresthatat
leastthefirst bestgeneticindividual of a populationwill becomea memberof thenext gen-
eration’s population.Thesediffering selectionoperatorsshow up a muchstrongertendency
of leadingto strict asymptoticconvergenceanduniformity of geneticpopulations.27 This ten-
dency caneasilybeexplained.In contrastto roulettewheelselection,elitist selectionensures
thatinvadingstrategieswhichturnout to betheworststrategiesthroughoutthepopulationwill
be replacedat once. This meansthat therewill be no room for transitorypopulations.Bad
strategies,i.e. strategiesobeying condition(7), will beruledout beforethey canevenentera
population.Thiscertainlyleadsto asymptoticbehavioral stability.

Which selectionoperatorto choosefor a geneticalgorithmin aneconomicmodelheavily
dependson theeconomicinterpretationof theoperatorsandonits relevanceto theproblemto
bemodeled.This interpretation,in turn, mainly dependson therole, theauthorof themodel
wantsto assignto e.g.chance,massphenomena,networkexternalitiesandrelatedtopics.The
problemconcentratesupon the questionwhetherthe bestbehavior in a certainperiod will
inevidently find its way into next period’s pool of behavioral strategies(elitist selection)or if
therewill beany forcesthatcanpreventthis (roulettewheelselection).

¬®Rº »½¼Fµ^¾¿µ^¶¸·À¹
Theanalysisperformedaboveshows thatmutationis astrongforcebehindeconomicchange.
Yet,usedasametaphorof economiclearningby experiment,mutationin its simplestform may
beseenasunderestimatingeconomicagents’rationalcapacity. Why shouldagentsnot notice
if theirrepeatedexperimentsceaseto gainimprovements?A modifiedmutationoperatorcould
bethoughtof, endogenizingeachagentspropensityto experiment.A modificationof this type,
basedonearlierpapersby Bäck(1992a,b) andBäckandScḧutz(1996),hasbeenanalyzedby
Riechmann(1998b),whofindsthischangein mutationto smoothbut not to totally removethe
resultingnearequilibriumdynamicsof theGA. Thereasonsfor thisfindingcanbefoundin the
fact thatoncea relatively goodstateis reached,mutationprobabilityis reduced.Learningby
experimentdecreasesif thereis notmuchleft to learn.Thus,therearelessinvadingstrategies
producinglesstransitorypopulationswhich leadsto a slow down in economicfluctuations.

24An overview of variousselectionschemescanbegainedfrom Goldberg andDeb(1991).
25For a survey, referto Bäck,Hoffmeister, andSchwefel(1991).
26For aninterpretationandanextensionof theelectionoperator, seeFranke(1997).
27A convergenceanalysisfor geneticalgorithmswith elitist selectionhasbeencarriedoutby Rudolph(1994).In

hiswork, Rudolphprovesthatgeneticalgorithmswith elitist selectionwill convergeto auniformpopulation.
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Again,which kind of mutationoperatorto choosemainly dependson theeconomicinter-
pretationwhichshouldbeappliedto it.

Á =�0AN NX?|+^[
Learningby geneticalgorithmsis a specificform of a repeatedevolutionarygame.This fact
givesyou at handthewholerangeof analyticaltoolsevolutionarygametheoryoffersfor the
analysisof dynamicprocesses.

This paperproves that GA learningin fact is an evolutionarygame. It usesthe notion
of Nashequilibriaanda transferredconceptof evolutionarystability to describein detail the
dynamicsof geneticalgorithmlearningbothin its standardform andin someof its variants.
Thoughthis is just thebeginningof somemorepiecesof work still to bedone,theresultsare
ratherenlighteningandhelpexplainwhy GA learningworkstheway it apparentlydoes.
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