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Abstract

This article tries to connecttwo separatestrandsof literatureconcern-
ing geneticalgorithms. On the one hand, extensive researchook placein
mathematicandcloselyrelatedsciencesn orderto find out moreaboutthe
propertiesof geneticalgorithmsasstochastiqrocessesOn the otherhand,
recenteconomicliteratureusesgeneticalgorithmsasa metaphorfor social
learning.This papemwill facethequestionrwhataneconomistanlearnfrom
the mathematicabranchof researchespeciallyconcerninghe corvergence
andstability propertiesof the geneticalgorithm.

It is shown that geneticalgorithmlearningis a compoundof threedif-
ferentlearningschemesFirst, every particularschemes analyzed.Thenit
will be pointedoutthatit is the combinationof the threeschemeshatgives
geneticalgorithmlearningits specialflair: A kind of stability somevherein
betweerasymptoticcorvergenceandexplosion.

1 Intr oduction

As aconsequencef thediscussiorconcerningheconcept®of perfectandbounded
rationality varioussuggestionfiave beenmadewhich learningmechanisirio use
insteadof letting economicagentsknow everythingthey needto know in orderto
solve theireconomicproblems!

Oneof themetaphorghatcanbe usedfor economidearningis thatof genetic

algorithmlearning(GA learning). Geneticalgorithmlearningis a way of social
ratherthanindividuallearning.

*Universitit Hannover, Institut fir Volkswirtschaftslehre
1See for exampleSagent(1993).



Sociallearningalwaysmeandearningfrom eachother Thus,theresimply is
no GA learningby single,isolatedagents. This fact suggests closeconnection
of GA learningto evolutionary economictheory both fields of researctheaily
relying on a populationconceptinsteadof focusingan economicagentasaniso-
latedindividual. The fact thatthereis no isolatedgeneticlearningalsorevealsa
significantconceptuadifferencebetweenGA learningon the onehandandstatis-
tical learningmechanismgseee.g.Lucas(1986)or MarcetandSagent(1989))or
otherformsof artificial intelligencebasedearning(seee.g.Heinemanr(1998)for
neuralnetworklearning)on the other

Sociallearningasgatheringinformation accordingto the simplerulesof ge-
netic algorithmsmeansn fact learningaccordingto threedifferentlearningtech-
nigues:learningby imitation (selection/reproductio), learningby communication
(crosswer) andlearningby experimentatior{mutation).Recenteconomiaesearch
showsthatgeneticalgorithmlearningperformsquitewell asalearningmechanism
when appliedto somestandardoenchmarkcasesof economictheory (Andreoni
andMiller (1995),Arifovic (1994,1995,1996),Bullard and Duffy (1998),Dawid
(1996a).Geneticalgorithmlearningis ableto reproduceheresultsof atleastsome
mainstreaneconomianodels especiallyconcerningheir stability properties One
of thescientificchallenges$o GA learningresearclis to find outif therearecertain
propertiesof geneticalgorithmswhich leadgeneticlearningmodelsat leastto the
neighborhoof theresultsof mainstreaneconomianodels.If suchpropertiesare
found, GA learningcould (amongotherthings)sene asa behaioral foundationof
mainstreaneconomicssupportingt atits Achilles’ heel:its problemsatthefield
of heterogeneityndtheinteractionof diverseeconomicagents>

Thus,theaim of this paperis to determinewhich arethe propertiesof the GA
thatleadto theobsenredsimilaritiesof theresultsof geneticalgorithmlearningand
the outcomeof analyticalmodels.Accordingly, the main questionto be answered
within this paperis: ‘Doesgeneticalgorithmlearningleadto behaioral stability,
andif so,how?’

Economicmodelsusingthe metaphorof geneticalgorithmlearninghave been
widely employed® Although thereare quite a few articlesaboutthe properties
of geneticalgorithmsin moremathematicafields of researci{Davis andPrincipe
(21993),Nix andVose(1992),Rudolph(1994),Goldbeg andSegrest(1987)),there
is a lack of theoreticalwork describingthe basicpropertiesof geneticalgorithms
usedin economiaeseach.* More thanthis, thereis a large amountof work ad-

2GA learningmodelscando evenmorethanjust supplementnainstreaneconomicsA first step
beyondthe abilities of mainstreanmeconomictheoryis Arifovic (1995),who usesGA learningasa
tool of equilibriumselection.

3For asuney, seeClemensandRiechmanr(1996).

4Thereis atleastsomework by Dawid (1996a,b), who triesto copewith this problem.



dressingthe dynamicsof populationsof biological or artificial entitieswithin a
selectve ervironment,which could be usedfor the analysisof economicgenetic
algorithms(e.g. Maynard Smith (1982), Hofbauerand Sigmund(1988), Weibull
(1995),Riechmanr(1998)).

In orderto examinegeneticalgorithmlearning this articleappliesheresultsof
theserathertechnicalpapergo the field of economictheory putting its emphasis
mainly on theinterpretatiorof the resultsandto a smallerextenton the mathemat-
ical technique®f obtainingthem.

The paperstartsby briefly reviewing conceptof dynamicsandstability (sec-
tion 2). Then,a mathematicainodelof ageneticalgorithmis setup andanalyzed.
After that,theresultof theanalysiss interpretedn termsof learningbehaior in a
marketeconomy The paperendswith asummary

2 Stability

Following mainstreameconomiditerature,a large numberof economicproblems
resultin situationswhich canbe describedassomekind of stableequilibria. Sta-
bility in mainstreanmeconomicslescribes situationwhere— after somestageof
transitionaldynamics— a stateis establishedn which decisionsof the economic
agentsceasdo change(asymptoticstability), changewithin a restrictedspaceof
alternatves(Ljapunov—stability) or changewithin someregular manner(cyclical
stability).>

A closerlook revealsthatthesenotionsof stability aremainly notionsof macro
stability. Thestateof asocietyin its role asaneconomicaggrgatecanbedescribed
by macrodatasuchasequilibriumpricesandquantities.Mainstreanmeconomiady-
namicssolely focusesthe movementof macrodata. Moreover, mainstreameco-
nomicshasno real autonomougonceptof micro dynamics,i.e. dynamicsof in-
dividual behavior. A distinct notion of micro behaior simply is not needed.As
long aseconomiaesearchelieson theconcepbf the ‘representatie individual’®,
micro andmacrodynamicsarejustthe same.

Economicmodelswhich give up relianceon the conceptof the representatie
agentandusea moreexplicit formulationof heterogeneitynay causethe notions
of macroandmicro dynamicgo fall apart.

GA learningmodelsdemonstratevarious combinationsof macroand micro
level dynamics.Someexamplesaregivenin thefollowing:

5Theserathernaive descriptioncaneasily be refinedby consultinga textbook on mathematical
or economiadynamics suchasAzariadis(1993)or HofbauerandSigmund(1988).

8For a contrastseeFranke(1997),who developsa concepif a representatie individual explic-
itly basingon notionsof heterogeneity



e Aggregatedataremainsunchangedn time (‘fasymptoticstability’) andin-
dividual behaior is identicalfor all economicagents.This resulthasbeen
gainedby e.g.Arifovic’'s (1994)augmentedGA.

e Aggregatedataremainsunchangedh time (‘asymptoticstability”) while in-
dividualbehaior is heterogenouandregularly changingromtimeto time.”
Dawid (1996a)findsstability of this typeasa possibleresultof his extended
cobwebmodel.

e Aggregate datacomesfrom a finite setof numbers(‘Ljapunov stability’)
while individual behaior is heterogenouandchangingin sucha way that
only afinite numberof socialbehaioral patternswill shav up. Thisis the
kind of dynamicsmostGA learningmodelsleadto, e.g. Arifovic’s (1994)
basicGA.

e Aggregatedatachangesegularly in cycles(‘cyclical stability’) while differ-
entagentsbehae differently in the sameperiod, and every agentchanges
his behaior from time to time. This kind of dynamicscanbe foundin GA
learningmodelslike Riechmanr(1997).

Throughouthe restof this paper dynamicsof the differentlearningmethods
thatarepartof the GA learningprocesswill becharacterizedby both,their macro
andtheir micro behavior.®

3 GeneticAlgorithm Learning asa Mark ov Process

3.1 The Basics

Standardyeneticalgorithmsare(computationalplgorithmswhich transfera setof

geneticindividualsfrom onegeneratiorio thenext. Geneticindividualsarecoded
asstringsof (binary) bits. The setof geneticindividualsof the samegeneration
is calleda geneticpopulation. In the standardyeneticalgorithm,eachpopulation
is subjectto four geneticoperators,selection,reproduction,recombinationand
mutation,to finally resultin the next population?

7As anillustration,imaginea marketin which two quantitydecisionsareequallyattractve to the
suppliers:100and0. A situationarisesin which in every period 30% of the supplierschoose100
and70%choose). Everytime anO—suppliechangesis quantityto 100adifferentsupplierchanges
hisfrom 100to 0. Thus,the macro—leelis stablewhereaghemicrolevel is not.

8SeeBjornerstedandWeibull (1996)for a similar approacho learningmechanisms.

9Meanwhile therearevarioustextbooksandarticlesdescribingthe standardyeneticalgorithmin
detail. Oneof thefirst, yet still oneof thebestmaybe Goldbeg (1989). More goodonesareDavis
(1991)andMichell (1996).



A geneticindividual of lengthL consistsof L symbols'l’ and’0’, sothatS
the setof all possibledifferentgeneticindividualsof lengthL is givenas

se{o, 13" (1)
Fromthatit is clearthatthereare
|9=N=2" 2)

differentgeneticindividualsor geneticindividualsof a differenttype.

The ‘value’ of a geneticindividual is obtainedby decodingthe bit string°
In economicmodelsthis valuedescribeghe behavioral stratgy'! of aneconomic
agente.g.thequantitydecisionof asupplierin acobwebmodel(Arifovic (1994)).
Accordingto (2) thereareN differentstratgieswhich canbe codedby a genetic
individual of lengthL.

A geneticpopulationis a setof M geneticindividuals!? In economicmodels
a geneticpopulationrepresentshe whole of the stratgjiesof all economicagents
in thesamesituationat the sametime, e.g.the quantitydecisionof all suppliersn
oneperiodof acobwebmaodel.

A geneticpopulationconsistingof M geneticindividualscanbe written asa
vector

m= (m(1),m(2),...,m(N)) (3)

wherem(i) is the absolutefrequeng of individuals of type i in populationm.
Hence,

_:im(i) =M. (4)

Thus,ageneticpopulationcanbewritten andinterpretedasa distribution of genetic
individuals.

The setof all differentgeneticpopulationss S. Thereare|S| = N’ different
geneticpopulations*3

N,:(M+N 1):(M+N 1>. (5)
M N—-1

10The exact way of decodingthe bit string of a geneticindividual into its value differs among
the models. But — however decodingmay work — thereis just onefact worth noticing: genetic
individualscanonly encodea finite numberof values,they cannever encodethe whole continuum
of realnumbers.

L1Althoughtheterm‘strategy’ is widely usedn learningrelatediterature it doesnotalwaysmean
thesameas'stratagy’ in agametheoreticsetting.Whatis learneds sometimegustagametheoretic
‘action’. (For thesedefinitions,seee.g.Rasmussefi1994),pp.9)

12\ is oftencalledthe sizeor eventhelengthof a population.

137 simpleandratherintuitive explanationof thefollowing formulacanbefoundin Nix andVose
(1992),p. 81.




Thegeneticalgorithmitself canbedescribedsastochastiprocessvhichturns
onegeneticpopulationinto anotherby usingcertainstochasticoperatorsnamely
selection/reproductiomnutationand cross@er. It can be shavn that a genetic
algorithmsatisfiesthe Markov property** Thus,a geneticalgorithmis a Markov
process.

To gainanassimpleaspossiblensightinto theworking of ageneticalgorithm
without lossof precision,this paperwill analyzethe algorithmpieceavise. Firsta
corealgorithmwill beviewed,theoneoperatorlgorithm. Then,in thetwo follow-
ing stepstwo moregeneticoperators— or learningschemes— will beintroduced
until theanalysiscoversthewhole geneticalgorithm?®

3.2 The One Operator Algorithm — Learning by Imitation

The very heartof a geneticalgorithmis the selection—/reproductivoperator Se-
lectionassignsa fitnessvalueto eachgeneticindividual within the currentgenetic
population. The fitnessof anindividual givesinformationaboutthe performance
of theindividual accordingto the problemto be solved. The fitnessusuallyequals
a value of a function which is optimizedby meansof the geneticalgorithm. In
theeconomidnterpretatiorthefitnessshovs how goodthe encodedstrateyy of an
agentreallyis. An exampleis Arifovic's (1994)cobwebmodel,wherethefithess
is given by the profit an agentearnsaccordingto his quantity decision. In this
modelthe objective functionto be optimized(precisely:maximized)by meansof
the geneticalgorithmis theindividual profit function.

Reproductiormeanghe procesof deriving anew populationfrom anold one.
Reproductionis doneby ‘drawing’ (with replacementyeneticindividualsout of
the pool of the old population.Eachindividual’schanceof beingdrawvn is equalto
its relative fitness,i.e. the fitnessof theindividual relative to the averagefitnessof
its population.

Fromthe economicpoint of view, the assignmenof the fitnessto eachof the
individualsis the crucial partof thelearningprocessit is the fitnessof a strateyy
that decideson beingreproducedr not. This centralpartof the processs often
saidto be playedby the market. The marketbringstogetherall agents’behaioral

14The Markov propertyis oftencalledthe no-memory—propertyA Markov procesgiasnomem-
ory in the sensethatthe probability of reachingonestatefrom anotherdependsnly on the current
statebutin noway onary otherstatein thehistoryof thestochastiprocessMore elaboratenalysis
and explanationcan be found in mary standardextbooks,e.g. Goodman(1988)or Isaacsorand
Madsen(1976).

15For readerdamiliar with Dawid’s (1996a)analysisaremarkseemsaworthwhile: Dawid’s propo-
sition, statingthat economicgeneticalgorithmsare specialbecausef their statedependenfitness
function,doesnothave arny consequenesto thefurtherresearclin this paper Thedescribedviarkov
chainwill notalterits basicpropertieswhich aretime homogeneityandirreducibility.



stratgjies,evaluateghem,andrevealseachstratayy’s quality relative to the present
economicervironment(which consistf therestof thepopulationsstratgiesand

the economicproblemto be solved). Thus,therole of the marketwithin genetic
algorithmlearningis mainly thewell-known role of beingthe sourceof up to then

unknawn information. The marketproducesa feedbacko every singleeconomic
agentwhichinduceshim to changehis behaior (becaus®f its poorperformance)
or to keepit (becausef its relative success).

Selectiorandreproductiorcanbeinterpretedasaform of learningby imitation:
Agentswhosestratgjiesleadto relatively poor performancelow relative fitness)
give uptheirformerstratgyy andcopythestratey of amoresuccessfumemberof
the population.

Thefollowing Markov chainanalysisshows thatthis simplelearningmecha-
nismleadsto stablethoughnot alwaysoptimalbehaior.

The chanceof a geneticindividual i to be reproducednto next generatiors
populationdepend®n his relative fitnessP; (i|n), which is therelationof its own
fitnessto the fitnessof the whole populationn. R(:) is the objective function (e.g.
the profit functionin Arifovic (1994)):

G n(i)R(i)
PN = < S RGY

Consequentlythe probability of populationm to becomethe direct successor
of populationn by reproductiorandselectionis

(6)

P (m[n) = (r'\:‘) |1P1(i|n)m(i), @
where y "
(m) = Fizw ®)

P1 (MN) is a transition probability of a transitionmatrix describingthe one
operatoralgorithmasa Markov process.

The Markov processcharacterizinghe one operatoralgorithmhasa number
of absorbingstates. Every uniform population,i.e. every populationconsisting
of only onetype of individuals, is an absorbingstate. As thereare 2- different
geneticindividualsthereareatleast2- absorbingstates Every absorbingstatecan
be reachedrom at leastone of the remainingtransientstates sothatthe Markov
proceswill inevitably endupin oneof theabsorbingstates This meanghataone
operatorgeneticalgorithmwill alwaysleadto a uniform geneticpopulation.

If theoneoperatomalgorithmisinterpretedasa procesf learningby imitation,
thenthis proceswill evidently leadto a situationwhereall economicagentdollow

7



the samestratgy. The resultwill be anasymptoticallystable,uniform patternof
socialbehaior.

Thedravbackof thisresultis thefollowing: Evenif theobjectivefunctionR(:)
is totally flat, which meanghatminR(-) = maxR(-), the processevertheleswill
converge to anabsorbingstate. In populationgeneticssucha situationis calleda
situationwithout selectve pressure From this branchof sciencet haslong been
known thatthe absencef geneticpressurewill neverthelesseadto the described
phenomenowhichis calledgeneticdrift. 16

Thus,learningby pureimitation will leadto stability, but it canonly by pure
chancdeadto aresultwhichis anoptimalsolutionof thegiveneconomigoroblem.

3.3 The Two Operator Algorithm — Learning by Imitation and Com-
munication

Theoneoperatoigeneticalgorithmcanbeaugmentedby asecondyeneticoperator:
recombination. The specificrecombinationoperatorusedhereis the one point
crosswer.’

Crossweerrandomlychooseswo genetiandividuals(‘parents’)from their pop-
ulation. It thencreatesnoffspringgeneticindividualby combiningpartsof thebit
stringsof thetwo parents.In orderto do so,the cross@er operatorandomlycuts
the parents’bit stringsat a ‘crossover point’ s, andfits togetherthe first part of
thefirst parents andsecondoartof the secondparents bit stringin orderto create
the offspring. (Figurel shavs anexampleof crossingover two 16-bitparentsata
cross@erpointof s=4.)

0010000000010001 0001101011100101
N——

\ /

m—N— ~
0010001011100101

Figurel: OnePointCross@er (example)

Crossweer hasoftenbeeninterpretedasa form of learningby communication.
Two economicagentameet,talk to eachotherabouttheir stratgyiesandthusgive

165eeMaynardSmith (1989).

Thereis in fact a large numberof recombinatioroperatorgseee.g. Davis (1991)), which can
be usedwithin a geneticalgorithm. Theonepoint crosseer, however, is therecombinatioroperator
usedin the standardgeneticalgorithmaswell asin mostof the othereconomicgeneticalgorithm
models.



rise to the opportunityof adaptingpartsof eachothers behaior. Although this
interpretatiorseemsabit strangavhenappliedto Arifovic’'s (1994)cobwebmodel,
therearesomemodelsin whichlearningby communicatiorappearso besensible.
A goodexamplefor this is Axelrod’s (1987)work concerningevolutionarygame
theory In his model, Axelrod usesthe geneticindividual’s bit stringto encodea
longterm‘defect’ and‘cooperate’stratayy for therepeategrisoners dilemma.

In technicalterms,cross@er is amathematicafunction| (). It hasfour argu-
mentsi, j, k ands andreturnsthevalueO or 1:

(i, ),k s €{0;1}; i,j,keS se[l,...,L-1] 9)

i andj arethegenetidndividualsthathave bechoserfor crosseer, i.e.the'parents’
of individual k which is the offspring producedby crossweer. s is the crosswer
point, i.e. the placeat which the parents’bit stringsarecut. |(-) returnsi, if the
offspringk consistof thefirst partof i andthe secondpartof j. I(-) returns0, if k
consistof thefirst partof j andthesecondartof i.1®

Thereis a probability x denotingthe chanceof anindividual gettinginvolved
into cross@er. Moreover, thecrossingpointsis setrandomly The possiblepoints
se[1,2,...,L—1] arei.i.d.

Thus, probability P,(k|n) of obtainingan individual k from populationn by
crossw@er andselection/reproductiois

P, (ki) = (1—X)Pu (k) +)(ZZ§P1 (i|m) Py J|r1 ! ZI (i,],k,s). (10)

In analogyto (7), the probabilityof gainingpopulationm directly from nis

P, (mn) = ( )I_LPZ ||r1 (11)

The stochasticprocessof the crosswerselection/reproductioalgorithm is
very similarto the oneoperatoralgorithm(see3.2), especiallyin theimpossibility
of leaving a uniform population. Again, every uniform geneticpopulationis an
absorbingstateof the Markov process.The geneticalgorithmwill inevitably end
up in oneof thesestates.Uniform behaior is a situationwhich cannotbe left by
meansof imitation andcommunicatiorary more.

181 figure 1, if theupperleft individual wasi andthe upperright onwas j, theoperationcouldbe
describedasl (i, j, k,4). If thelower individual wask, the resultof the operationshawvn in figure 1
wouldbel(i, j,k,4) = 1.



3.4 The ThreeOperator Algorithm — Learning by Imitation, Com-
munication and Experiments

Finally, a third operatoris addedto createa three operatoralgorithm, which is
identicalto the standardyeneticalgorithm(Goldbeg (1989)). Thethird operatolis
mutation.Mutationrandomlyalterssinglebits of the bit string by which a genetic
individualis coded.As abinarybit canonly be changednto its inverse thechang-
ing of a bit is oftenreferredto as‘flipping’ thebit. Seefigure 2 for anexample.

0010000000010001

1

0010000010010001

Figure2: Mutation (example)

From aneconomicperspeciie, mutationcanbe viewed asexperimentation-?
The stratgyy of aneconomicagentcanbe slightly changedy alteringpartsof it.
Mutationcansupporthediscoveryof totally new stratgjies. Whereasmitation (se-
lection/reproductia) andcommunicatior{cross@er) canonly reproducestratejies
which arealreadyin use(at leastpartially) by otherindividuals,experimentation
(mutation)is ableto find stratgiesthathave never beenusedbefore. Mutationis
anoperatorcapableof describingrueinnovation.

The maininfluenceon mutationis the mutationprobability . W is the proba-
bility of eachsinglebit of anindividual’sbit stringto beflipped?®

Moreover, the probability of anindividuali to be turnedinto individual j by
mutationonly depend®nthe numberof bits thathave to beflippedin orderto turn
i to j. Thisnumberis calledthe Hammingdistancebetweeri andj, H(i, j).2X H()
is adistancesothat

0<H(i,j) <L (12)

The probability of turningindividuali into j is givenby

uH(LJ)(l_u)(L—H(lsJ)) (13)

19An alternatie interpretatiorseesnutationastheresultof mistakedn imitation. Mutationarises
if an economicagentfails to correctly imitate anotheragents stratgyy. Seefor exampleAlchian
(1950).

20ysually, p is a very small probability, oftensetto somavherebetweenl/100and1/1000.

21The Hammingdistancebetweertheindividualsin figure 2 is — certainly— 1.
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In thethreeoperatorcase— usingselection/reproductiortross@erandmuta-
tion — the probability of gainingindividuali from populationn is

Po(im = 5 10D (L DR ). (14
Je

Defininga := ¢ leadsto

Ps (i[m) = ZEO(H(LDPZ(H”)- (15)

(1+a)" Iz

Finally, the probability of turning populationn directly into m by using the
threeoperatoralgorithmis

Ps(mim = (1) [P (™ (16)

Again, (16) is a transition probability of a transition matrix describingthe
Markov procesof thethreeoperatoralgorithm.

Unlike for the one andtwo operatoralgorithms,thereare no absorbingstates
ary more. It canbe shown thatthereis a positive lower boundfor P; (mn) in-
dicatingthat P; (m|n) is strictly positive. Every stateof the Markov processcan
bereachedrom every other(including the stateitself) within evenonestep. This
meanghatthewhole Markov chainconsistf only one— transient— class.

Thethreeoperatomgeneticalgorithmwill notcornvergeinto someuniformstate.
Neverthelesst canbeshavn thatthethreeoperatogeneticalgorithmwill corverge
into a situationwith a constanprobability distributionof all of its stateqi.e. all its
populations).

An outline of the proofrunsasfollows: Theonesteptransitionmatrix P of the
threeoperatoralgorithmis regular, which (in this case)meanghatit is irreducible
andaperiodic.For regular matricesthereexists a stochastianatrix A with

H n
A= lim P", (17)
which consistsof identical row vectorsq,. T, givesthe constaniong run dis-
tribution of the statesof the Markov process.This meansthatit characterizea
probability distributionwhich is not changedy anadditionalstepof the process:

0o = g P (18)

Accordingto thedefinitionof eigensystemg], is aleft eigervectorof Pto P’'s
eigervalueof A = 1.

11



The Perron—Frobeniutheoremfor regular stochastianatrice$? ensureshat
thereexists oneunique(dueto multiplication) suchvectorg,. The stationarydis-
tribution of stateds characterizedy thatvectorq, the elementof which sumup
to unity:

N
3 i =1 (19)

Fromthisit canbeseerthatthereis a uniqueandconstantong—rundistribution
of populationswhichis reachedy thethreeoperatoralgorithm. The specificform
of this distributionis describedy thevectorg,.

Thisresultlooksabit tricky. It isimportantto keepin mindthetwo distinctdis-
tributionstalkedabout. First, a populationis a distribution of geneticindividuals.
Or— in economiderms— a populationis avectorof individual behaioral strate-
gies,i.e. asocialbehaioral pattern.Secondanddifferentfrom thefirst, vectorg,
is adistribution of populationsj.e. of differentsocialbehaioral patterns.

In plain mathematicaterms,the three—operatesalgorithmendsup in a state
which is Ljapunor stable: Thereis a setof populationswith a positive long run
measureandthis setis atrue subsebf the setof all populations?®

A learning schemeconsistingof learningby imitation, communicationand
experimentgdisplaystwo basicpropertiesOntheonehandsuchalearningscheme
will never leadto asymptoticstability in behaior. Economicagentsusingsuch
a schemewill never stop experimentingand consequentlywill never stoptrying
new stratgies. On the otherhand,in the long run all kinds of experimentswill
occurwith a certainconstaniprobability. Thus,aftera while, all combinationsof
individual behavioral strategyieswill occurwith a fixed probability. This doesnot
meanthat socialbehaior (or aggr@atedatacharacterizingsocial behaior) will
remainunchangedor the restof times. But it alsodoesnot meanthat therewill
be erraticbehaior for the restof times. Ljapunor stability of geneticalgorithm
learningsimply meansthatlong run socialbehaior will remainwithin a certain
corridor of differentsocialbehaioral patterns.

2235ee for example,IsaacsormandMadsen(1976),pp. 123—132.

23| japunor stability in the spaceof populationscan also be interpretedas asymptoticstability
in the spaceof long run distributions of populations In the long run, a constantand unchanging
distribution of populationds reached.
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4 Genetic Algorithm Learning under the Regime of the
Mark et

4.1 SomeBasicNotions

While the previous sectioncontainsa ratherformal analysis this sectionswitches
to aninterpretationof geneticalgorithmsaslearningprocessesSpecifically GA
learningwill beinterpretedvhentaking placeundertheregime of markets.n this
section,a few conceptsof evolutionary gametheorywill be used. Nevertheless,
the relation of theseconceptsto geneticalgorithmlearningwill only be briefly
characterized For a more detaileddescriptionof the similaritiesof GA learning
andevolutionarygametheory seeBirchenhall,Kastrinos,andMetcalfe (1997)or
Riechmanr(1998).

First of all, it is importantto recognizethe correspondingapplicationof the
populationconceptin geneticalgorithmlearningaswell asin evolutionarygame
theory In gametheory a populationdescribesa setof players,eachplaying a
pure stratgy in some(economic)game. An even shorterdescriptionsaysthata
populationis a frequeng distribution of pure stratgies playedwithin a society
Note that both interpretationsare exactly the sameas the onesusedfor genetic
populationsgn the precedingsection(especiallyequation(3)).

Furtheranalysisof GA learningwith respecto gametheoryshaws that even
morecanbesaid.Every economicagenttriesto maximizehis performanceelative
to his ervironment, which can entirely be describedby his objective R(-) (see
equation(6)) andthe restof his populationn. Thus, every economicagentfaces
the problem
maxR(ifm; ZC<$§ (20)

e

whereZ isthesetof all economicstratgjiesavailableto theagent.Z isasubsebf S
thesetof all possiblestrat@ies. Equation(20) is the definition of a Nashstrateyy:
It claimsthe agentto chosestrateyy i of all stratgjiesZ availableto him which
representshe bestresponsdo all the otheragents’stratayies. Thus, every agent
triesto play Nash,andselection(which is essentiallydrivenby the market)works
in favour of Nashstrateies.But whetheror notaNashequilibriumor evenaseries
of moving Nashequilibriacanbeobtainedby GA learningdepend®n Z, whichis
thesetof stratgjiesavailableto the agents As will be pointedoutin greaterdetalil
abit later, Z in turn depend®n thelearningmechanismshe agentsareallowedto
learn. Markov chainanalysisshavs thatonly learningby experimentss capable
of maintaininga stratgy setZ thatis alwaysthe sameassS.
Evolutionarygametheoryoffersanothettool whichis valuablefor amoreintu-
itive notionof GA learningasa dynamicprocessthenotionof evolutionarystabil-

13



ity. In short,apopulationis of evolutionarily stablecompositionjf it recosersfrom

theinfectionof aninvadingstratey within finite time. Althoughnotdirectly appli-
cableto geneticalgorithms theconcepevolutionarystability canbetransferredo

GA learningwithoutlosingits basicidea?* Usingtheideaof evolutionarystability
enablegocusingthe dynamicsof geneticalgorithmlearningfrom a differentpoint
of view: Geneticpopulationsarecontinuouslychallengedy oneor moreinvading
stratgjies. Thesestratgieseitherstaywithin the population by thatimproving its

compositiorf®, or they are rejectedagain. This processof invasionand possible
rejectioncontinuesforever. Evenif anevolutionarily stablegeneticpopulationis

reachedijnvasionwill still go on, but now every invaderwill berejected.Againit

dependon the learningmechanismshat areusedif an evolutionarily stablekind

of socialbehavior (i.e. evolutionarily stablegeneticpopulation,if oneexists) can
begainedor not.

It hasalreadybeenshownnin theprecedingsectionghatgeneticalgorithmlearn-
ing is acompoundearningstrategy consistingof threedifferenttypesof learning.
Eachof the threetypeshasits own effect on the resultof the learningprocess.
Thistouchedwo aspectsthestability of thelearningprocessandthequality of the
behaior whichwill beenlearned.

As themajoraim of this paperis to examinethedynamicsandstability proper
tiesof geneticalgorithmlearning,the secondaspeciquality of learnedbehaior)
will bedescribedatherintuitively. For amoredrasticalj.e. mathematicatiescrip-
tion, refer to Davis and Principe (1993), Nix and Vose(1992), Rudolph(1994),
Goldbeg andSegrest(1987)andDawid (1996a).

4.2 Learning by Imitation

As pointedoutin section3.2,learningby imitation leadsto behaioral stability in
its strongesform, i.e. uniform behaior of all agentsThereis simply nochanceof
learningother stratgjiesthanthosewhich werealreadycontainedwithin the first
geneticpopulation. (You canonly imitate whatis alreadythere— thatsimply is
the true meaningof ‘imitation’.) Moreover, the phenomenorf geneticdrift will
inevidently leadto asymptoticallystable homogeneoubehavior.2

This alsoimpliesthatit is impossibleto find a betterstratgy thanthebestone
containedwithin the veryfirst geneticpopulation.Learningby imitation doeslead
to a stableoutcomeof the learningprocessbut it doesnot necessarilyjeadto an

24ror detailsof evolutionarystability andgeneticalgorithmsreferto Riechmanr(1998).

25A populationis even saidto beinvadedf thereis nothingmorethana changen frequeng of
thestratgiescontainedvithin it, whichmeanghatinvasiondoesnot necessarilyneantheoccurence
of new stratgies.

265eeBjornerstedandWeibull (1996).

14



optimalone.

The sameappliesto the notionsof evolutionary dynamics: Only thoseNash
equilibriacanbelearnedby society)which consistof stratgjiesalreadycontained
within thefirst population.More precisely:The setZ, which consistf all strate-
gieslearnableby imitation, is the setof stratgiescontainedwithin thefirst popu-
lation. Only stratgjiescontainedwithin Z canbelearned.

Thefinal populationthe learningprocesscorvergesto is evolutionarily stable
only duetherestrictedsetof learningmechanismthateconomiagentsareallowed
to use. Theremay be populationswhich are evolutionarily superiorto the one
whichis finally learned But thesesuperiompopulationscannotbereachedy mere
imitation, becausehey containstratgyieswhich arenot containedwithin Z.

In orderto clarify the numericaldimensiongalked about,imaginea genetic
populationconsistingof M geneticindividuals of lengthL. Sucha population
canat bestconsistof M differentgeneticindividuals,i.e. represenho morethan
M differentbehaioral stratgies (|Z| < M.) If only learningby imitation takes
places,only the bestof theseM stratgyies can be found, which is a ratherpoor
resultcomparedo thefactthatin this casea numberof |§ = 2- (seeequation(2))
differentbehaioral stratgiescanexist.?’

4.3 Learning by Communication

Learningby communicatioris a processvery similar to learningby imitation.22
Specifically its outcomeis predeterminedy the first geneticpopulationwhich
determine<Z, the setof stratgyies learnableby communication. Although it is
possibleto exchangepartsof the stratgies(i.e. partsof the bit strings),only those
partscanbeexchangedvhichwerealreadycontainedn thefirst geneticpopulation
(orin Z). If nobodyknows abouta certaindetailwhich couldmakeagoodstratey
aperfectone,thennobodycanacquirethis detailby communicatior??

Thus,learningby communicationis ableto find betterstratgiesthanlearning
by imitation, becauséhe bestdetailsof differentstrateyiescanbe combined.But
still it isimpossibleto find a stratey partsof which werenot containedwithin the
first population.

27As anillustration: Taking a geneticpopulationof M = 100individualsof lengthL = 16, only
about0.0015%of all stratgiescanbelearnedby pureimitation.

28|n fact, learningby communicatioris nothingmorethan‘imitation of parts’or, asBirchenhall
(1995)putsit, ‘modularimitation’.

29The sameargumentin its technicalform reads: If, for instance the bit string of the perfect
stratgy requiresan ‘0’ in its secondplace,but every first populationgeneticindividual’s bit string
containsa ‘1’ in secondblace,thenthereis no way of finding the perfectstratgy by justusingthe
crosswer operator
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As asecondaspecta uniform populationstill cannotbe alteredby communi-
cation. If all agentdbehae the same thereareno differentdetailsof stratejiesto
beexchanged.

In theendof thelearningprocesslearningby communicatiorieadsto aresult
which is homogeneouand asymptoticallystable,andwhich in mostcasedeads
to betterresultsthanlearningby imitation, but which still is highly dependenbn
the behaioral patternsat the very startof the process. Again, not every Nash
equilibrium can be learnedand the final populationmay only be evolutionarily
stablewith regardsto thelearningmechanismsvailableto the agentsandby that
with regardsto Z, which may be smallerthanthe setS of all possiblebehaioral
stratgjies.

In some more technical papers (i.e. Goldbeg (1989), Holland (1996)),
crosswer or learningby communicatioris seento bethe mainforceto accelerate
learningby exploringthesearctspace®® It is pointedout thatlearningof relatively
goodbehaioral stratgiesis muchfasterwith communicatiorinvolved compared
to learningby experimentsalone. Additionally, rememberinghe importanceof
heterogeneityor learningby communicationit is easyto concludethatthereis a
closeconnectiorbetweerthe extendof heterogeneityvithin a populationandthe
time it takesto find betterbehaioral stratejies: The morediversea populationis,
thefastercana goodsocialbehaior belearned!

Againimaginingthedimensionslearningby communicatioralonesearchesp
to |2 < 2(%) (L - 1) alternatie strat@ies,which canresultfrom crosseer based
ontheveryfirst population3?

4.4 Learning by Experimentation

Learningby experimentations quitedifferentfrom learningby communicatiorand
learningby imitation. Experimentscanfind patternsof behaior that have never
occurredin society(i.e. geneticpopulation)before. Experimentatiorallows for
the developmentof stratgieswhich have not beenused— not even partially —
by ary earlierpopulation.Experimentations capableof finding trueinnovation 33
This makest possibleto win betterstratgjiesthanby imitation or communication.
Geneticalgorithmresearclshonsthatthe standardyeneticalgorithmis ableto find

30seeRomer(1992)for adescriptionof learningassearching very large searchspace.

31This may evenbe a behavioral interpretatiorof the Fisherprinciple (Birchenhallet al. (1997)),
which links therateof fitnessgrowth within a populationto the populations variance(seee.g.May-
nardSmith (1989)).

32This meanghatfrom aboutM > 10a populationis almostsurelylarge enoughto containall the
informationneededo learnby communicatiorevery possiblestratgy. Still thefactthatapopulation
is large enoughis no guaranteghatit really doescontainall theinformationrequired.

33For asimilar point of view, seeBlumeandEasle (1993).
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optimal stratgyiesfor a large numberof problems.And, morethanthis, theseop-
timal stratgiesarefoundirrespectvely of the startingpopulation.Theirrelevance
of the startingconditionsis oneof the centralfeaturesof the mutationoperator*

Markov chainanalysisshavsthatlearningby experimentds a processhatwill
not fully corverge to a uniform population. Totally homogeneoubehaior or at
leastanunchangingpopulationwill neverbeestablishedlnsteadtherewill always
beindividualexperimentatiorwhich disturbsthecompositiorof the population.At
least,the disturbancewill happenin aregular manney gaininga final distribution
of socialbehavior (i.e. adistribution of geneticpopulationswhich is constaneand
independendf the startingconditions.

Markov chainanalysisrevealsthe ambiguity of the mutationoperator:On the
one hand, it supportsfinding betterbehaioral patterns,but on the other hand,
it preventssocial behaior from completecorvergence. In technicalterms,the
resultingstability is of a Ljapunor stabletype, which meansthatin the long run
only asubsebf all possiblesocialbehaioral patternswill be adoptedoy society

More detailedtechnicalresearclshows thatevenlearningby experimentation
resultsin asymptoticallystablebehavior, if eitherthe numberof economicagents
is infinitely large (Nix andVose(1992))or if thefrequeny of experimentsleclines
in time (Davis andPrincipe(1993)).

Moreover, learningby experimentationis the only learningtechniquewhich
is ableto reachall stratgies, which meansthat the setof stratgieslearnableby
experimentatioris the sameasthe setof all stratgies:Z = S Thus,only learning
by experimentatiorcanleadto every possibleNashequilibriumasit will leadto
anevolutionarily stablepopulation providedthereexistsone.

4.5 The Compound: GeneticAlgorithm Learning

Thus,doesgeneticalgorithmlearningleadto behaioral stability?
Geneticalgorithmlearningdoesevenleadto asymptotidoehaioral stability—

aslong asthereis no experimentationor experimentationceasesn time. If this

is the case Jearningdynamicsis the one presentedor the two operatorcase(see

34This may be regardedasa weaknes®f the concepiof geneticalgorithmlearning,asit neglects
the possibility of modellingpathdependencer lock—ins. Soit may be worthwhile to mentiontwo
further points,which aremainly beyond the scopeof this paper First, dependingon the underlying
(economic)problem,someGAs spendiong times supportingpopulationswhich are not evolution-
arily stable. Somekeywords pointing to this topic are ‘deceptiveness’of geneticalgorithmsand
the problemof ‘prematureconvergence’. Secondly the lack of ability to modellastinglock—insor
pathdependenceappliesto the basicgeneticalgorithm. Therearevariationsof geneticalgorithms
which are capableof modellingthesephenomenaOnekeyword pointing into this directionof re-
searchmaybe ‘niching mechanisms’Again, a goodstartingpointfor moredescriptionf all of the
specialcasesandvariantsof GAsis Goldbeg (1989).
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section3.3). Thelong run resultof geneticalgorithmlearningwithout mutation
or with decliningmutationrateis a stateowning two importantproperties:Every
economicagentbehaesjustlike every otheronedoes,andevery economicagent
behaesjustlike hedid lastperiod. Behavior will bethe sameover all individuals
andfor all remainingperiods.

As soonasexperimentatioris involved, the picturechangesiramatically: The
only thing thatcanbe saidis thatdifferentsocialpatternsof behaior (i.e. genetic
populations)have a constaniong term probability distribution. This meansthat
the chanceof eachsocialbehaioral patternto shov up againnext periodwill be
the sameevery perioduntil the endof times. This propertyis far away from being
stablein thetrue senseof the concepiof asymptoticstability, althoughit is alsofar
away from beingunstablein the sensethatthereis no fixed long run probability
distribution of the differentpatternsof socialbehaior.

Thus,from Markov chainanalysisit canbe concludedhatgeneticalgorithm
learningsimply endsin a statewhich is Ljapunor stable. Furtherinvestigations
help explainingthereasondor this.

With all threetypesof learninginvolved,the marketasthe coordinatorof the
agents’stratgiesgainsa crucialrole for stability of sociallearningschemes As
long asno mutationor learningby experimentgakesplace,no selectveforce (i.e.
nomarket)is neededBecausef genetiadrift, convergenceof behaioral stratejies
will beestablishedompletelywithoutit.3® As soonasexperimentatiorentersthe
stageaforceis neededthatcansene asacounterparto experimentations contin-
uousdisturbanceof socialbehaior. It is theinformationalfunction of the market
combinedwith theselective pressureausedy it thatplaysthisrole 26 Everytime
experimentationintroducesa behaioral stratey which leadsto a worseningof
socialbehaior (leadingto anevolutionarily worsepopulation) the marketmakes
surethatthis stratey will disappeaagain.

Thus,takingall threelearningtechniquegogetherandletting themactwithin
anenvironmentof marketstwo oppositeforcescanbeidentifiedto bethesourceof
geneticalgorithm’scharacteristitong rundynamics:Learningby experimentation,
which continuouslydisturbsbehaioral stability, and coordinationof the market,
which continuouslygainsstability backagain.

35This of coursedoesnot meanthatwithout selectionor marketthe bestalternatie is learned.
36This notion is similar to Hayek's (1978)view of the role of the marketwithin the processof
economiccompetition.
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5 Summary

If geneticalgorithmsareto be usedasa metaphoffor economidearning,thereare
somethingsto be awvareof. The mainthing is the fact thatgeneticlearningis a
compoundf threetypesof learningtechnigueseachof which behaesdifferently
in its own. It hasbeenshown thatit is the combinationof all the threethat— in
presenceof the market— givesthe standardgeneticalgorithmits characteristic
dynamicproperties.

Learningaccordingto a geneticalgorithmwill notleadto a situationin which
eacheconomicagentbehaesthe sameor atleastthe socialbehaioral patternre-
mainsunchangedThoughmostagentswill shov up a similar behaior therewill
alwaysbe someagentswhich changetheir behaior by experimenting. Thus,on
the one handthereis learningby imitation and communicationthat forcesindi-
vidual behaior to corverge. On the otherhandthereis learningby experiments
thatleadssomeindividuals’ stratgjiesto to be alteredandthusdiverge from most
of the others’behaior. Above all, thereis the market,continuouslycontrolling
andcoordinatingagents’behaior, thusallowing changef it is advantageousand
rejectionit if it is not.

Thus, geneticalgorithmlearningin fact offers a way of modellingwhat Witt
(1993,p. xix) callsan’interplay of coordinatingtendenciegrising fromcompet-
itive adaptionsin the marketand de—coodinatingtendenciesausedy the intro-
ductionof novelty
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