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This papertriesto connectthe theoryof geneticalgorithm(GA) learningto evolutionary
gametheory It is shavn thateconomiclearningvia geneticalgorithmscanbe describedas
a specificform of evolutionary game. It will be pointedout that GA learningresultsin a
seriesof nearNashequilibriawhich during the learningprocessouild up to finally reacha
neighborhoodf an evolutionarily stablestate. In orderto clarify this point, a conceptof
evolutionarystability of geneticpopulationswill be developed.Thus,in a secondpartof the
paperit becomegossibleto explain both, the reasondor the specificdynamicsof standard
GA learningmodelsandthe differentkind of dynamicsof GA learningmodels,which use

extensiongo the standardGA.



1 Introduction

GeneticAlgorithms (GAs) have beenfrequentlyusedin economicsto characterizea well
definedform of sociallearning® They have beenappliedto mainstreaneconomicgroblems
and mathematicallyanalyzedasto their specific dynamicand stochasticpropertiess But,
althoughwidely seenas conductinga ratherevolutionary economicline of thought,up to
now thereis no pieceof work explicitly focusingon whatit is that makesGA learningan
evolutionarykind of behavior.

This paperaimsto clarify the scientificadvantageof viewing geneticalgorithmsasevolu-
tionary processeskEvolutionarygametheorydeliverssomevery usefultools, which canhelp
explaining why economicGAs behae the way they do. In moredetail, it canbe found out
what arethe reasondor the special,non—corerging dynamicsof the standardGA, and—
morethanthis — it canbe explainedwhy certainchangego the GA, like theintroductionof
theelectionoperato?, canchangethe GA—dynamicgo anasdramaticextentasthey do.

As geneticalgorithmshave beenwell introducedinto economicresearchthis paperwill
not explicitly review thespecificstructureandworking principlesof GAs. Thereademwill be
providedto have a basicnotion of geneticalgorithms,which canbe gainedfrom e.g.Gold-
berg (1989)or Mitchell (1996). The kind of geneticalgorithmsfoundin thesebookswill be
called’basic’ or 'standard’geneticalgorithm. In this paper the standardGA will mainly be
dealtwith. Neverthelessthe analysisthatwill be carriedoutwill give riseto the opportunity
of analysingmoredifficult variantsof geneticalgorithms. Thus,in a further part of this pa-
per, evenenhancear augmentedjeneticalgorithmswill be briefly dealtwith, clarifying the
reasonsvhy someof thesevariantsbehae differentlyfrom the standardsA.

This paperwill facethe questionwhatis evolutionaryin GA learning. First, it will be
shavn thatthereis acloseconnectiorbetweerevolutionarygametheoryandgeneticalgorithm
learning. Using this notion it will be pointedout that geneticevolving populationscan be
interpretedasaserieof nearNashequilibria. Then,in asecondstep thewell-known concept
of evolutionary stability will be transferredto the field of GA research.In a third step, it
will beshavn thatundertheregimeof the marketgeneticalgorithmlearningleadsto akind of
evolutionarydynamicswhichcanbedescribedseconomigrogressatherthenjusteconomic
change.A further part of the papermakesclearwhy somefrequentlyusedmodificationsto
thebasicGA resultin kindsof dynamicswhich arevery differentfrom thebasicdynamics At
last,the paperendswith asummary

2 The Standard Genetic Algorithm

As thereis agrowingly large numberof differentvariantsof GeneticAlgorithmsin economic
researchthis paperwill mainly deal with the most basic GA, the standardGA, which is

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

2Dawid (1994),Riechmanr(1998a).

3SeeArifovic (1994).



describedn detailby Goldbeg (1989). ThestandardGA is the GA all othervariantGAs are
derivedfrom.

Thestandard5A is astochastiprocessvhichrepeatedlyurnsonepopulationof bit strings
into another Thesebit stringsarecalledgeneticindividuals. In economicesearchhey nor-
mally standfor someeconomicstratgy or routinein the senseof NelsonandWinter (1982).
Theseroutinesaresaidto be usedby economicagents?

Eachrepeatedturn’ of thegeneticalgorithmessentiallyconsistof two kindsof stochastic
processesyhich arevariety generatingandvariety restrictingprocessesVariety generating
processeareprocessen thatnew economicstratgiesaredevelopedby theeconomicagents.
In the standardSA theseprocessearereproductionwhichis interpretedaslearningby imi-
tation, cross@er, which is interpretedaslearningby communicationandmutation,which is
interpretedaslearningby experiment.All theseprocesser geneticoperatorstakesomeold
economicstratgiesandusethemto find new ones,thusenhancinghe variety of stratgies
within the currentpopulation. In the standardGA, thereis one variety restrictingprocess,
which is the geneticoperatorof selection. Selectiondecreasethe numberof differenteco-
nomic stratgyies. It first evaluatesthe economicsucces®f eachstratgy, thus often being
interpretedasplayingthe role of the marketasaninformationrevealingdevice® Thenit se-
lectsstratgiesto be part of the next population. The selectionoperatorof the standardGA
doesso by applyinga kind of biasedstochastiqorocess:Selectionfor the next generatioris
doneby repeatedlydraving with replacemenstratgjiesfrom the pool of the old population
to be takenover into the next one. The chanceof eachstratgy to be dravn is equalto its
relative fitness,which is the ratio of its marketsuccesgo the sumof the marketsucces®f
all stratgyiesin the population.Thus,the numberof differentstratgieswithin apopulationis
reducedhgain.

3 Genetic Algorithms as Evolutionary Processes

Closerelationshipsetweereconomidearningmodelsandmodelsof evolutionarytheoryhave
beenrecognizedoefore. Marimon (1993) givesa clear notion of the similaritiesof learning
modelson the onehandandevolutionaryprocessesn the other As geneticalgorithms,too,
have beenbroadly interpretedas modelsof economiclearning, this sectionwill shav that
they canalsoberegardedasevolutionaryprocesses.

At afirst glance,it is the structureof geneticalgorithmsand evolutionary modelsthat
seemdo suggesh closerelationshipbetweenGAs andevolutionaryeconomictheory: Both
face the centralstructureof a populationof economicagentsinteractingwithin somewell
definedeconomicervironmentandaimingto optimizeindividual behaior.

Astheaimof this paperis to describegeneticalgorithmsasevolutionaryprocesseghefirst
questiorto beanswereds thequestionjf GAsareevolutionaryprocesseatall. In thefollow-

41t is importantto clarify thefollowing point: A geneticindividualis notinterpretedasan economicagent,but
asaneconomicstratgly usedby aneconomicagent.This interpretatiorallows for severalagenteemploying
the samestratey.

Note, thatthis hasalreadybeendescribedy Hayek(1978).

6For suchaninterpretatiorseee.g. Dawid (1996).



ing, it will bearguedthat GAs area specificform of evolutionaryprocesseg,e. evolutionary
games.

Friedman(1998,p. 16) givesthreecharacteristicfor anevolutionarygame:

‘By an evolutionary game,l meanary formal model of stratgic interaction
over time in which (a) higherpayof stratgiestendover time to displacelower
payof stratgjies,but (b) thereis someinertia, and(c) playersdo not systemati-
cally attemptto influenceotherplayers’future actions.

Prior to checkingthesethreepoints, it is importantto notice that economicGAs arein
fact modelsof stratgyic interactions.In the interpretationas modelsof sociallearning, GAs
dealwith anumberof economicagentseachtrying to find abehaioral stratgyy which, dueto
hersurroundinggivesherthe bestpayof possible.GAs aremodelsof sociallearning,which
in factis away of learningby interaction! Thus,it canbe recognizedthat GAs arein fact
modelsof ‘strategic interaction’.

Moreover, GAsaredynamicprocessewhichreproductvely preferhigherpayof stratgies
overlower payof ones.It hasbeenshavn thatin thestandardGA the probability of a strategy
i to be reproducedrom its currentpopulationn into next period’s population,P(i[n), only
depend®nits relativefitnessR(i|n), whichis thestrategy’s payof or marketsuccesselative to

theaggreatepayof of thepopulatiom.2 Higherrelative fitnessleadsto a higherreproduction
probability:

>0 (1)

Thus,Friedmans condition(a) is fulfilled.

Secondlyaccordingo Friedmanjnertiameanghatchangesn behaior donottakeplace
tooabruptly As mutation,or learningby experiment,s the sourceof the mostabruptchanges
in GA learning,it shouldbe provedthat smallchangesy mutationare morelikely thanbig
ones. For the standardGA, usingbinary representatioof geneticindividuals,the mutation
operatoris quite simple. Mutation randomlyalters (‘flips’) single bits of the bit string by
which an economicstratgy (i.e. a geneticindividual) is coded. Eachbit of the string hasa
smallprobability p to be changedy, whichis calledthe mutationprobability, is the samefor
every bit within every geneticindividual of every population.Figure1 shavs an exampleof
the mutationoperator Thefact thatsmall changesy mutationaremorelikely thanbig ones
canbe shovn asfollows: The probability of aneconomicstratgy i to beturnedinto stratgy
j by mutation,Pn (i, j), dependon the length of the geneticindividuals’ bit strings,L, the
mutationprobability y, andthe numberof bits thathave to beflippedin orderto turni into j,
whichis calledthe Hammingdistancebetweeri andj, H (i, j):

Pn(i,j) = “H(i,j)(l_“)L—H(i,j) )

"Thereare,on the contrary waysof individual, i.e. non—socialearningase.g. statisticalforms of learningor
neuralnetworklearning.

8For amoreprecisedescriptionof this, referto Riechmanr(1998a).
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Figurel: Mutation(example)

Simpledifferentiationgives

N <0 for p<i
aH(i, j) 1
>0 for p> 5

For the normalparameteralueof p,° this meansthe obvious: Smallchangesn stratgy are
more likely thanbig changesd?® Thus, it becomesevident that GA learningprocessesire
processewhich containsomeinertia.

Friedmans third point (‘playersdo not systematicallyattemptto influenceotherplayers’
future actions’) canbe proved moreverbally. The agentsthataremodelledby aneconomic
GA have veryrestrictedknowledge.By thetime aneconomicagentformsherlatesteconomic
stratgly shedoesnot know arnything aboutthe plansof the otheragentsn herpopulation.All
an economicagentin a GA modelcando is to try herbestto adoptto her neighbors’past
actions,for the nearpastis all an economicagentcanremember 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 learningarein fact
modelswhich canbeinterpretedasevolutionarygamesaswell.

4 Populations as Near Nash Equilibria

The main structurein geneticalgorithmlearningmodelsis the geneticpopulation. It canbe
noticedthata populationis nothingmorethana distribution of differenteconomicor beha-

ioral stratgjies!! Thisis truefor geneticpopulationsaswell asfor populationsin the game
theoretianeaningof theword. Thus,it canbesaidthatagenetigpopulation's agametheoretic

9Normally, the mutationprobability i rangessomevherebetweeril/100and1/1000.

10Theresultgivenin (2) deserestwo furtherremarks First, thefactthatfor pu > 1/2 big changesiremorelikely
thansmallonesexplainsthatfactthatfor relatively largevaluesof |, GA resultsseento becomevery similar
to randomwalks. Secondlytheresultyieldsaninterestinginterpretatiorfor thefield of economidearning.
If mutationis interpretedaslearningby experiment,(2) shavsthatallittle experimentingis a goodthing to
do, while too mary experimentswill disturbthe generatiorof valuablenen economicstratgies. If mutation
is interpretecasmakingmistakesn imitation or communicatior(seee.g.Alchian (1950)),(2) simply means
thatyou shouldnot maketoo mary of thosemistakes.

11For anin—depthdiscussiorof this, referto Davis andPrincipe(1993)or Riechmanr(1998a).



populationt?

Geneticalgorithmsarein fact describinga repeatedeconomicgame. Imaginea genetic
algorithmusinga populationof M geneticindividualswith thelengthof eachindividual’s bit
stringof L. This GA is ableto dealwith every economicstratgy in S thesetof all available
stratgies. S hasthe sizeN = |§ = 2. This meansthat this GA can be interpretedas a
repeatedymmetriconepopulationM persongamewith upto N possiblepurestrategjies. But,
comparedo ‘normal’ evolutionary gameswithin mosteconomicGA learningmodels,the
rulesaredifferent. Whereasn evolutionarygamesmostof the time a stratgy is repeatedly
pairedwith single competingstratejies, in geneticalgorithmlearning, eachstratgy plays
againstthe whole aggreyaterestof the populationt® Thereis no directopponento a single
strat@gy. Insteadevery economicagentaimsto find a stratgy i € Sthatperformsasgoodas
possiblerelative to its environment,which is completelydeterminedy the currentpopulation
n andtheobjective functionR(-). 14

This meanghatevery economicagent facesproblem(4).t°

maxR(i|n) (4)

This directly leadsto the conceptof Nashequilibria. While a Nashstratey is definedas
the beststratgy giventhe strategiesof the competitorsa Nashstratey is exactly whatevery
economicagent,aliasgeneticindividual, is trying to reach. Thus,asa first stepof analysis,
a geneticalgorithm can be seenas modelling a systemof economicagents,eachtrying to
play a Nashstratgy. In economictermsthis meansthat every agenttries to coordinateher
stratgy with the otheragentsones for thisis thebestway of maximizingherprofit (or utility
or payof or whatever the modelwantsthe agentto maximize). A geneticpopulationcanbe
interpretedasa populationof agentsgachtrying to play Nash.

5 Evolutionary Stability of Genetic Populations
While a geneticpopulationrepresents primarily static concept,learningprocessesre of

coursegenuinelydynamicprocessesThus,in orderto analyzeGA learningasanevolutionary
learningprocessthe dynamicsandconcept®f stability have to beanalyzed-®

125eeWitt (1993a,pp. 4-6) andhis descriptionof a ‘shift to populationthinking’ taking placein evolutionary
economics.

Bwhile this notion is true for mostof the economicGA models,for someit is not, including Axelrod (1987)
andAndreoniandMiller (1995).

14The exact mathematicaformulation can be found in equationRiechmann(1998a,equation(7)), which, in
gametheoreticterms,givesthe payof to agent playingagainsttherestof populationn. It shouldbenoted,
thatin gamesa player's payof dependsn his action and the action of every opponent,so that the best
formulationof fitnessor payof is R(i|n).

15Although (4) looksa bit complicatedgven comparedo mostof the mainstreaneconomicmodelsiit it in fact
remarkablysimple.All it saysis ‘Do the bestyou canwith respecto your neighborhood!

16Replicatordynamics(seee.g. Weibull (1995)or Hofbauerand Sigmund(1988,98)), which have often been
usedto characterizesvolutionary dynamics,seemto be unsuitedfor someeconomicproblems. (Mailath
(1992, p. 286) even suggestshat ‘There is nothingin economicgo justify replicatordynamics’.) Applied
to the analysisof GA learning,replicatordynamics,not directly accountingfor stochasticsare simply not
preciseenoughto cover thewhole GA learningprocess.



This paperwill makeuseof the conceptof evolutionarystability, especiallythe notion of
evolutionarily stablestratgies or evolutionarily stablestates(ESS)’ In short,a strateyy is
evolutionarily stableif, relative to its population,it performsbetterthanary new, ‘invading’
stratgy. Thoughwidely usedin economiadynamicsthe concepiof ESShastwo weaknesses
which makethis conceptseemto be of only limited suitability for the analysisof genetic
algorithms.Thefirst weaknessiesin thefact thatthe conceptof ESSis basedon symmetric
two persongamesonly. As mentionedabove, this is notthe form of gamesusuallyplayedin
GA learning.Most GAs have eachgeneticindividual playingagainsthe aggreyaterestof the
population.Secondlythereis no explicit formulationof the selectionprocesaunderlyingthe
concepf evolutionarystability. ESSarebasednthenotionthatinvading'mutant’ strateies
aresomeh rejectedor eliminatedfrom the population.It is not clearhow this rejectionwill
be carriedout. Geneticalgorithms,in contrast,presenta clear conceptof rejection: Every
stratgy will be exposedto a test, which is bestdescribedas a one—against-the—regame.
Thenit will bereproducedr rejectedwith a probability dependingon its performancdi.e.
marketperformance)n the game. GA reproductionor rejectionhastwo main features,it
selectdueto performanceandit selectsdueto probability, which meanghata badstratey
will berejectedalmostsurelybut notwith probabilityone.

Thus, arefinedconceptof evolutionary stability 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
procesf the geneticalgorithmrejectsaninvasionby oneor morestratgiesfrom thegenetic
population. Invasionitself can either take the form of a totally new stratgy enteringthe
populationor it cansimply meana changen thefrequeng of thestratgiesalreadycontained
within the population. Thus,a clearerdefinition of an evolutionarily stablepopulationmight
be: A populationis evolutionarily stableif it is resistantagainsichangesn its composition.

More formally, a geneticpopulationn will be calledevolutionarily superiorto population

es . o\ .
m, (denotedasn > m) if it exhibits two characteristic$:

a) Every stratgy i containedwithin populationn hasat leastthe samefitnessin the basic
populationn asit hasin the invadedpopulationm, while atleastonestratgy haseven
morefitnessin n thanin m.

b) Theinvadingstratgiesk € {m\ n} aretheworstperformingstratgiescontainedn m, so
thatthey will bemostsurelyrejected.

In mathematicalerms,a geneticpopulationn is evolutionarily superiorto m, if

R(ijm) > R(ijm)Vien (5)
A JjwithR(jn) > R(j|m) (6)
A R(km) < R(ijm) Vien; Vke {m\n} (7)

17seeMaynard Smith (1982), Hofbauerand Sigmund(1988, 98), Samuelsor{(1997), Weibull (1995), Marks
(1992),0r Mailath (1992)(to mentionjust afew of variouspiecesof work on thistopic).
BNotethatthefollowing characterizea kind of weakdominanceconcept.



For full validity, a further remarkis necessaryevenif it is a little beyond the scopeof
this paper: Within geneticalgorithms,invadingstratgiescanonly resultfrom reproduction
(‘imitation’), cross@er (‘communication’)or mutation(‘experiment’)within the population
itself. Thismeanghatthefinal outcomeof GAswithoutmutation(i.e. processewith learning
by imitation andcommunicatioronly), which areuniform populationsmay have otherpop-
ulatior;sbeingsuperiorto them, but — without mutation— betterpopulationssimply cannot
arisel

Notethat(5) to (7) inducea partial orderingon the setof geneticpopulationsS. A stable
populationin theconcepf (5) to (7) is apopulationthatis superiorto every otherpopulation:
n is anevolutionarily stablepopulation if

nsm vme {S\n} (8)

Condition(8) is in facta generalizatiorof the conceptof evolutionarystability.2°

Dueto thefactthatgeneticalgorithmselectionis aprobabilisticratherthana deterministic
processjnvading stratgies, evenin a evolutionarily stablepopulation,may not be rejected
within asingleroundof thealgorithm.It canonly bestatedhattheinvademwill bedrivenoutof
thepopulatiorwithin finite time. Thatis to say:If agenetigpopulationis evolutionarily stable,
it will recoserfrom aninvasionwithin afinite numberof stepsof the GA, which meanghatin
thelongrun thepopulationwill notlastinglybechangedNeverthelesspnceanevolutionarily
stablepopulationis invaded theremay appearl numberof evolutionarily inferior populations
within the next few roundsof the GA. Thesepopulationsrepresentransitory statesof the
processof rejectingthe invader Riechmann(1998a)shavs thatthereis in fact morethanone
populationthatwill occurin thelong run. More precisely Markov chainanalysisof genetic
algorithmsshaws that due to the specialdynamicpropertiesof geneticalgorithmsthereis
a whole distribution of geneticpopulationsthat will repeatedlybe reachedduring the GA
process.

6 Evolutionary Dynamics

As a consequencef what hasbeendevelopedin the precedingparts,dynamicsof genetic
algorithmscanbe characterizedh a more evolutionarymanner First of all it canbe noticed
thatevery populationdescribes gametheoreticoutsetwhich is anearNashequilibrium. The
geneticalgorithm as a processof turning one populationinto anothercan be viewed as at
leastan approximatiornof the moving Nashequilibriaprocess.More thanthis, turningto the
criterionof evolutionarysuperiority((5) to (8)), the GA alwaysselectsn favourof thesuperior
population.This notioncanbeusedto characterizgeneticlearningdynamics:The stochastic
proces$GA continuouslydiscardgpopulationsn favour of betteronesin the senseof criterion
(8). This only describeghe directionof the processnot the exact paththatis takenin time.
In fact, dueto the stochastigropertiesof geneticalgorithms,the exact pathof the process

19seeRiechmanr(1998a)for therestrictionsdifferentlearningtechniqueput onthe setof availablestrateies.
2ONotee.g.the similarity to the Weibull’ s (1995),pp. 36 definition.



highly depend®n the startingpoint, i.e. the compositionof the very first geneticpopulation.
And althoughthe pathup to an evolutionarily stableequilibrium may differ, Markov chain
theoryshaows thatit will be reachedandspecificallythatit will be reachedrrespectvely of
the startingconditions. Theremay be pathdependencdpck—ins,or relatedphenomenabut
in the caseof geneticalgorithmlearningthesewill only be of temporarynature.In thelong
run, geneticalgorithmtheorypromisesthe ‘best’ statewill bereached?!

Knowing the specialform of the dynamicprocessof the GA andthe directionin which
this processwill lead,a few morewordscanbe saidaboutthe role of heterogeneityjor the
dynamics.

It seemsamportantto notice the way economicchangedake place. Startingwith some
populationgeneticoperatorgi.e. learningmechanisms(ausechangen thepopulation.New
typesof behaior aretested. The testis performedby exposingthe stratgiesto the market.
Themarketrevealsthe quality of eachtestedstratey relativeto all the otherstratgieswithin
the population. Then selectionlets economicagentsgive up poorly performing stratgies
andadoptbetterones(imitation) or even createnew onesby communication(crosseer) or
experimentatior{mutation).After that,again stratgiesaretestedandevaluatedy themarket,
by thatway coordinatingthe agents’stratgyies.

Therearein fact two crucial pointsto this repeatedorocess:First, it is the diversity of
stratgiesthatdriveseconomicchangej.e. the successiomf populationsconstantlyaltering
their composition.Underthe regime of geneticalgorithmlearning,this changen individual
aswell asin socialbehaior heavily (while not entirely) relieson learningby imitation and
learningby communicationAs waspointedoutin greaterdetailin Riechmanr(1998a) these
kindsof learningcanonly takeplacewithin heterogeneousopulations.Thus,in away; it can
be saidthatit is heterogeneityhatis the mainforce behindeconomiachange.

Thesecondrucialpointto theproces®f geneticalgorithmlearningis therole of selection,
which canbe interpretedastherole of the market. While the act of learningwill be enough
to achieve economicchange economicdevelopmentanonly be reachedoy the cooperation
of learningand selection. In orderto turn the successiorof differentpopulationsinto the
successiomf constantlyimproving populations(in the senseof evolutionary superiority),a
deviceis neededhatmakest possibleto distinguishsuccessfustratgiesfrom lesssuccessful
ones. Having at handsucha device, it is possibleto decidewhich stratgies shall live and
grow andwhich onesshalldie. This device is the marketin economicsasit is the selection
operatorwithin geneticalgorithms. It is the marketandonly the marketthatturnseconomic
changeinto economiadevelopment?

21This maybe regardedasa weaknes®f the concepbof geneticalgorithmlearning,asit neglectsthe possibility
of modellingpathdependencer lock—ins. Soit maybeworthwhileto mentiontwo furtherpoints,which are
mainly beyondthe scopeof this paper First, dependingon the underlying(economic)problem,someGAs
spendongtimessupportingpopulationsvhich arenotevolutionarily stable.Somekeywordspointingto this
topic are‘deceptivenessof geneticalgorithmsandthe problemof ‘prematureconvergence’. Secondlythe
lack of ability to modellastinglock—insor pathdependencappliesto the basicgeneticalgorithm. Thereare
variationsof geneticalgorithmswhicharecapableof modellingthesephenomenaOnekeyword pointinginto
this directionof researchmay be ‘niching mechanisms’Again, a goodstartingpoint for moredescriptions
of all of thespecialcasesandvariantsof GAsis Goldbeg (1989).

22This reflectsa rather classicaleconomicthought, given, e.g., in Hayek (1969) (usually quotedas Hayek
(1978)).

10



Summarizingundertheregimeof themarket,evolutionarydynamicsof geneticalgorithm
learningis mainly driven by two forces: Heterogeneitywhich constantlyinducesbehaioral
(andby that,economicthangeandthemarketasacoordinatiordevice, revealinginformation
aboutthe quality of eachtype of behaior andruling out poorly performingstratgies, thus
turningeconomicchangento economiadevelopment.

Finally, looking at geneticalgorithm learningfrom an evolutionary point of view, one
more point hasto be added. It hasbeenshowvn that, aslong as possible,geneticalgorithm
learningandmarketselectionimprove individual andwith thatsocialbehaior. Yet, oncean
evolutionarily stablestateof behaior hasbeenreachedtherecertainlyis noroomfor further
improvement.But, dueto the specialstructureof geneticalgorithms,this doesnot meanthat
in this stateeconomicagentsstopchangingtheir behaior. Learning,or whathasabove been
calledchangestill continuesandwill notceasdo continue.Still, therewill appeamnewn ways
of individual behaior within a population.Now it is therole of the market(i.e. selection)}to
drivethesestratgiesout of thepopulationagain.Dueto theprobabilisticnatureof the GA, this
processnaytakemorethanoneperiod,thusproducingoneor evenmoretransitorypopulations
until theevolutionarily stablepopulationis regained.To putit in differentwords: Evenafteran
evolutionarily stablestateis reachedevolutionarystability is continuouslychallengedy new
stratgies.While in thefirst phaseof the GA learningprocessomeof thesenew stratgiesare
integratedinto the population,in the secondohaseall of the invaderswill bereplacedagain.
Sothereis anongoingnearequilibrium movementresultingfrom the continuousejectionof
invadingstrateies.

In fact, geneticalgorithmlearningleadsto an

‘interplay of coordinatingtendenciesarisingfrom competitve adaptionsn the
marketsandde—coordinatingendenciesausedy the introductionof novelty’

(Witt (1993b,p. xix)), which hasoften beenregardedasa key featureof evolutionarily eco-
nomicanalysisof themarket?3

Longrundynamicsof GA learningprocessebave in mathematicatermsbeencharacter
izedasa stateof Ljapunor stability (Riechmanr(1998a)).With thehelpof evolutionarygame
theory a cleareconomicreasoncanbe found,why this stateof Ljapunor stability shavs up:
It is a processof nearequilibrium dynamics,causedoy the continuouslyongoingchallenge
of the ESShy new stratgjiesandtherejectionof thesestratgiesthatpreventssocialbehaior
from total corvergencebut still keepsit nearenoughto the equilibrium.

7 Modified Genetic Operators and Their Impact on
Stability
Within this paper only the mostbasictype of geneticalgorithmshasbeenlookedat. In eco-

nomicresearchyariousforms of GAs areusedwhich employmodificationsof the operators
describedn this paper Somemodificationsof geneticoperatorshave a majorimpacton the

235eeWitt (1985).

11



dynamicsandaccordinglyon thestability propertiesof the geneticalgorithmcontainingthem.
Two suchmodificationswill briefly be mentioned.

7.1 Selection

Within this paperthe standardorm of the selectionoperatorhasbeenanalyzed.While this
‘biasedroulettewheel’ selectionusedin the standardyeneticalgorithmleadsto the reported
resultstherearedifferenttypesof selectiorwhichleadto algorithmswith differentbehaior.24

Aboveall, thereis agroupof elitist selectionoperatorsincludingthe selectionwithin evo-
lution stratgies® andArifovic’s (1994) electionoperator® Elitist selectionensureghatat
leastthe first bestgeneticindividual of a populationwill becomea memberof the next gen-
erations population. Thesediffering selectionoperatorsshav up a muchstrongertendeng
of leadingto strictasymptoticcorvergenceanduniformity of geneticpopulations’’ Thisten-
deng caneasilybeexplained.In contrasto roulettewheelselectionglitist selectionensures
thatinvadingstrategieswhich turn outto betheworststrategiesthroughouthe populationwill
be replacedat once. This meansthat therewill be no room for transitorypopulations.Bad
stratgies, i.e. stratgiesobeying condition(7), will beruled out beforethey canevenentera
population.This certainlyleadsto asymptotidoehaioral stability.

Which selectionoperatorto choosefor a geneticalgorithmin aneconomiomodelheavily
depend®ntheeconomidnterpretatiorof the operatorsandonits relevanceto the problemto
be modeled.This interpretationjn turn, mainly depend®ntherole, theauthorof the model
wantsto assignto e.g.chancemassphenomenapetworkexternalitiesandrelatedtopics. The
problem concentratesipon the questionwhetherthe bestbehaior in a certainperiod will
inevidently find its way into next period’s pool of behaioral stratgjies(elitist selection)or if
therewill beary forcesthatcanpreventthis (roulettewheelselection).

7.2 Mutation

Theanalysigperformedabore shavs thatmutationis a strongforce behindeconomicchange.
Yet,usedasametaphoof economidearningby experimentmutationin its simplestform may
be seemasunderestimatingconomicagents’rationalcapacity Why shouldagentsnot notice
if theirrepeateaxperimenteasdo gainimprovementsA modifiedmutationoperatorcould
bethoughtof, endogenizinggachagentgpropensityto experiment.A modificationof thistype,
basedn earlierpaperdy Back(1992ab) andBackandScHitz (1996),hasbeenanalyzedoy

Riechmanr(1998b),whofindsthis changan mutationto smoothbut notto totally remove the

resultingnearequilibriumdynamicsof the GA. Thereasonsor thisfinding canbefoundin the
factthatoncearelatively goodstateis reachedmutationprobabilityis reduced Learningby

experimentdecreases thereis notmuchleft to learn. Thus,therearelessinvadingstratgies
producinglesstransitorypopulationsvhich leadsto a slow down in economidluctuations.

24An overview of variousselectionschemesanbegainedfrom Goldbeg andDeb (1991).

25For a surwy, referto Back, Hoffmeister and Schwefel(1991).

26For aninterpretatiorandan extensionof the electionoperatoy seeFranke(1997).

2 convergenceanalysisfor geneticalgorithmswith elitist selectiorhasbeencarriedoutby Rudolph(1994).1n
hiswork, Rudolphprovesthatgeneticalgorithmswith elitist selectiorwill convergeto auniform population.
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Again, which kind of mutationoperatorto choosemainly depend®n the economidnter-
pretationwhich shouldbe appliedto it.

8 Summary

Learningby geneticalgorithmsis a specificform of arepeatedvolutionarygame. This fact
givesyou at handthe whole rangeof analyticaltools evolutionarygametheoryoffersfor the
analysisof dynamicprocesses.

This paperprovesthat GA learningin fact is an evolutionary game. It usesthe notion
of Nashequilibriaanda transferrecconceptof evolutionarystability to describein detailthe
dynamicsof geneticalgorithmlearningbothin its standardorm andin someof its variants.
Thoughthis s justthe beginning of somemorepiecesof work still to bedone,theresultsare
ratherenlighteningandhelpexplainwhy GA learningworkstheway it apparentlydoes.
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