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Abstract

The papempresentanextendedversionof theconsumerchoiceproblem.Differ-
entfrom thestandardnodel,pricesarenotfixedbut arisefrom Walrasiarinteractions
of totaldemandanda stylizedsupplyfunctionfor eachof the goods.Threedifferent
typesof evolutionaryalgorithmsaresetupto answetthe questiorwhetheragentsan
learnto solve the problemof extendedconsumerchoice. Therearethreeimportant
answerdo this question:a) The quality of the resultslearnedcrucially dependsn
theelasticityof supply whichin turnis shovn to beameasuref the degreeof state
dependeng of the economicproblem. b) It seemdo be relatively easyto adhere
to the budgetconstraint,but relatively difficult to reachan optimumwith maiginal
utility perDollar beingequalfor eachgood.c) Agentsequippedwvith somememory
arefoundto performnotablybetterthanagentsvithout memory

Zusammenfassung

GgyenstanddesPapiersist die KonsumwahlprivaterHaushalte.Im Gegensatz
zumentsprechendeBtandardmodeBinddie Guterpreisenicht fest,sonderrentste-
henjeweils durch Walrasianischénteraktionvon aggra@ierter Nachfrageund einer
stilisiertenAngebotsfunktion Es werdendrei verschieden&ypenevolutionarerAl-
gorithmenentworfen,um die Fragezu beantwortenin welchemMal3eentsprechen-
desLernverhalterderHaushaltezur LosungdesKonsumwahlproblemiihrenkann.
Auf dieseFrageemebensich drei wichtige Antworten: a) Die Qualitatder erlern-
ten Verhaltensweisehangtinsbesondereon der Elastizitatdesjeweiligen Giter
angebotsab, welchessich als MaR der Zustandsabhangigit der Problemstellung
interpretierenaft. b) Esféllt relativ leicht, die Budgetbeschrankunginzuhalten,
wohingagendie AngleichungderWertgrenznutzefiberalle GiterdesKonsumbiin-
delssehrschwerzuerlernerist. c) Agentendie mit einwenigErinnerungsermogen
ausgerustesind, erzielendeutlichhéherendkonomischerkrfolg als Agentenohne
Gedachtnis.

Keywords: consumerhoice,evolutionaryalgorithms statedependengc
JEL classifications:C63—D11—- D83



1 Intr oduction

In introductorycoursego microeconomicswhenit comesto the problemof consumer
choice,aquestioroftenheards ‘Do peoplereally behaethisway?’ Thestandarcdnswer
to thisquestions ‘Not really, but they canlearnto achieve the optimaloutcome anyway’
But, is this really true? Canboundedlyrationalpeoplelearnhow to choosetheir optimal
consumptiorbundle?

This papertries to answerthis question. In orderto do this, the standardext book
problemof consumerchoiceis extended: The assumptiorof fixed pricesis dropped,
which makegheindividual problemevenharderto solve. Thismodelis simulated apply-
ing threedifferentlearningtechniquesn form of threedifferentevolutionaryalgorithms.
Thesekinds of algorithmshave often beenappliedto similar economicproblems.Inter-
pretationsof evolutionaryalgorithmsasmetaphordor varioustypesof learningschemes
canbefoundin e.g.Dawid (1999)or Riechmanr(1999Db).

It canbe shown, thatthe learnabilityof anoptimalsolutionof the extendedconsumer
choiceproblemnotonly depend®nthelearningtechniquechosenput alsoonthedegree
of statedependeng of the extendedconsumerchoiceproblem,which , in turn, canbe
measuredby the slopeof the supplyfunctionsof the model.

More thanthis, it canbelearnedthatit easierto adhereo the budgetconstrainthan
it is to find the optimal consumptiorbundle.

Apartfrom answeringa coreeconomigoroblem,this papershovs somenew features
of evolutionaryprogrammingwhich have rarelybeerusedn economianodellingbefore.
Themostimportantnew featureis the simulationof simultaneougonstrainbptimization
over morethanjust onevariable,including binary codingof the variablesandthe useof
apenaltyfunction.

2 The EconomicModel

2.1 The General Structur e of the Problem

Let therebe a numberof n agentghouseholdsjacingthe standardextbook problemof
consumerhoice,i.e. selectinga bundle of consumptiorgoodswhich, undertherestric-
tion of alimited budget,maximizesutility..

Agentsareassumedo have identicalutility functions,whichdo notchangeovertime
t. Utility is dervedfrom consuminga bundleof m differentgoodsindexedk. For corve-



nience theutility functionis assumedo be of Cobb—Douglasype.
m
Ui,tzAﬂqfﬁt; A>0;0¢>0vk=1,....m. (1)
k=1

0ikt givesthequantityof goodk agenti consumesn periodt. Aandoy, k=1,...,m
areparametersf themodel.
The budgetM is assumedo be the samefor every agenti in every periodt, sothe

budgetconstraintis givenby
m

M2> S PrtGikt- (2)
&1

Pkt representshe marketpricefor goodk in t.
Thus,every agenti aimsto solve the constrainednaximizationproblem

maxuy  VYk=1,....,m (3
ikt
m
st M=% prtlikt (4)
k=1
Qikt >0 Vk=1,....m (5)

Equation(5) givesthe usualnon—ngativity constraints.

Differentfrom the standardextbook model, priceswill not generallybe held fixed,
but will be subjectto a stylizedWalrasianmechanismFor eachgoodk, in every period
t, the pricewill be determinedasthe equilibrium price resultingfrom the interactionof
aggrgatedemandor goodk in t andaggreatesupplyof thegood.

Aggregatedemandor goodk in t, Qk: is simply the sumof individual demandor k
int:

Qut = Z\qi,k,t : (6)

Aggregatesupplywill be modelledby a time invariantstandardsupply function for
eachgoodk, sothatthe equilibriumprice Pkt resultsas

n
Pkt = Bkt M) ikt (7
t 2,



2.2 The BasicModel

The basicmodelis a model of fixed prices. This meansthat in equation(7) mg = 0,
yielding
Pkt = Bx- (8)

Note,thatthis casedoesnot representain ‘economic’ problemin the senseof agents
fithessbeingstatedependentEachagents utility only dependsn her own actions,but
in noway on theactionsof ary otheragent.

For fixed pricesthe solutionto the problemof consumechoicecaneasilybederived.

By standarctalculus the solutioncanbedeterminedas

ag M,
Y k=10k Bx
This resultyieldstwo crucialcharacteristiceommonto every optimalbundleof con-

sumptiongoods. The first characteristiags efficiengy: The whole budgetis beingspent.
In anoptimal situation,(2) becomesinding:

Okt = vk; Vi; Vt. (9)

m
M=% Prtlikt- (10)
k=1

The secondcrucial characteristioof the optimal consumerchoice s the fact, that
mauginal utility perDollar is thesamefor every pair of goodsk; I,

OUit (-)/00k,t _ Ouit (-)/0q it
Pkt Pt

Both of thesewell known standardesultswill becomeof greaterimportancein the
secondpartof the paper

vk | € {1,....m}. (11)

2.3 The EnhancedModel

In theenhancedase pricesareno longerfixed,i.e.mg # 0in (7). As aconsequencehe
problemof consumerchoicebecomesa problemof statedependenfitness: Aggregate
demandnow hasaninfluenceon the marketprice andthe marketprice hasaninfluence
on every singleagents economicsuccess.

With theintroductionof flexible pricesthe problembecomesnalyticallyunsohable.
This meanghatfor flexible prices,a generakexplicit numericalsolutionanalogouso (9)
for thefixedprice casecannotbe computed Neverthelessatleastfor uniformly behaing
populationsthe characteristic$10) for efficiency and(11) for optimality still apply.
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Thequestionf boundedlyrationalagentsareableto achieve relatively goodsolutions
to the enhancegroblemcanbe put in anotherway: As will be pointedout in greater
detail later on (Section5.1), there are two main influenceson an agents utility: The
directeffect of herquantitydecisionandtheindirecteffect causedy all agents’demand
influencingthe price of thegoods. In aworld of boundedrationality; this indirecteffect
canbeinterpretedasakind of externaleffectno agentaccountof.! Then,it is aquestion
of how boundedthe rationality of agentsreally is: If they recognizethe external effect,
their utility will be greaterthanif they ignoreit. This meanshat,atleastin this model,
accountingor the externaleffect s a signof rationality:?

3 The Evolutionary Algorithm

3.1 The Basics

An evolutionaryalgorithmaiming to modelthe above settingin an agentbasedmanner
mustabove all be capableof copingwith two problems:a) The maximizationproblem
in focusinvolvesthe optimizationof morethanjust oneindependenvariable,andb) the
maximizationproblemin focushasto be solved subjectto a constraint.

Both of theproblemshave beensolvedin naturalsciencedefore? but upto now there
is no economianodelmakinguseof theseresults.

In this paper a hybrid evolutionaryalgorithmwill be employedmakinguseof prin-
ciplesfrom two worlds, from the world of geneticalgorithms(GAs, seee.g. Goldbeq,
1989) andfrom the world of evolution stratgies (ESs,seee.g. Back, Hoffmeister and
Schwefel1991).FromGAs,thewell known operator®f crosseerandselection/reproduction
areused.In economicsthey have beenbroadlyinterpretedasformsof sociallearningby
communicatiorandinterpretatioraswell asthe functioningof the market(Riechmann,
1999b).Fromevolution stratgies,the operatorof mutationis used beinginterpretedasa
form of isolatedindividual learningby experiment.Moreover, the variablesn focuswill
notbecodedasbit strings,but asrealvaluednumberswhichis alsoafeatureof evolution
stratgies.

1To bemoreprecisethisis amonetaryexternaleffect. Thoughthe characterizationf externaleffectsis
standardn moderneconomiditerature,it seemsnterstingandimportantto still referto theoriginal work
of BuchanarandStubblebing1962).

Note, thatthis conceptis similar to the conceptof ‘externalities’ usedin modernendogenougrowth
theory(Romer,1986;Lucas,1988;Barro,1990). There socalledexternalitiesappeamhicharerecognized
by the allmighty socialplanerbut not by the ‘normal’ individualspopulatingthe economy

3A summaryof resultscanbefoundin Michalewicz (1996).



To makethingsclearer anagenti will befully describedy hereconomicplans,i.e.
the vectorof demandedjuantitiesfor eachgoodk in periodt, g;kt. In the simulations,
therewill only bethreedifferentgoodsavailableto theagents.Thus,anagentis charac-
terizedby avectorq ¢,

gt € RS (12)

An examplewould be
O105(11.2;3.7;17.0) (13)

meaningthat agentnumber10 plansto consumell1.2 units of the first, 3.7 units of the
secondandl17 unitsof thethird goodin period5.

3.2 Standard Operators

Dueto thechangean therepresentationf the agentsthe operatorgoftencalled‘genetic
operators’haveto bechangedtoo. As theseoperatorareusedasmetaphorgor learning
techniquesthechangedperatorstill have to supporta sensibleeconomidnterpretation.

The*‘double operator’of selectionandreproductionpften beinginterpretedaslearn-
ing by imitation connectedvith therole of themarket,needsio changestall. Agentsare
selectedrom their populationandreproducednto the next onewith a probability equal
to their relative fitness.Fitnessjn this case equalsndividual utility. This meansthatin
this paper the standardoulettewheelselectionoperator(Goldber, 1989)will be used,
not oneof the selectionoperatorstemmingfrom the tradition of evolution stratejies.

Recombinatiorin the form of crossweer is usually seenas a metaphorfor learning
by communication.The changeof this operatoris quite straightforward.In areal val-
uedratherthanabinaryrepresentatioragents’economicstratgiescanbe separatethto
clearly definedeconomicsubstratgies. A substratgy in the currentmodelis the con-
sumptionquantityof a singlegood. This meanghatin the abose example(13) theagent
hasthree substratgies: 11.2 for good one, 3.7 for good two, and 17 for good three.
Crossweer now works asusual,recombinatingwo agents’substratgies. The agentsn-
volvedin crosseer are chosenfrom their population,a crosseer point is selectedthe
vectorsof substratgiesarecutatthecrosseer point, theresultingpartsareinterchanged
andputtogetheragain,yielding two new stratgies. Figurel shovs anexample.

In theworld of realvaluedcodingof agents’stratgies,theinterpretatiorof crosseer
asaform of learningby exchangingsubstratgiesbecomesvenclearerthanin theworld
of binarycoding.

Thethird standardperatoy mutation,hasto be changedtoo. Mutation, often being
interpretedaslearningby experiment,hasto undego the mostserere changesRealval-
uedcodingcertainlydoesnot allow for simplebit flipping. Insteadthe mutationoperator
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112 3.7 17.0 153 0.3 28.3
—_————— = S—_————— =

——
11.2 3.7 283 153 0.3 17.0

Figurel: Crossw@er (Example)

from thetradition of evolution stratgiescanbeused.In this tradition,a substratgy g; k¢
is mutatedby addingatermyv to it, wherevy is normally distributedwith mean0 anda
finite varianceo?, resultingin the new substratgy G x.*

Gikt =ikt +V Yke{L....m}; vc~N(0,0?) (14)

By endogenizinghe mutationvarianceo?, this operatorcould easily be extendedin
orderto represensomekind of metalearning(Riechmann1998), but for the clarity of
theeconomicargumentthis will not be donewithin this paper

3.3 EnhancedOperators

In additionto the standardperatorstwo more‘enhanced’'operatorshallbe employed.
Thefirst oneis thewell known electionoperator(Arifovic, 1994). Electionrequirestwo
(or more) agentsto meet,jointly work out new stratgjies, evaluatethesestratgiesand
thenfinally decidewhich stratgy to usein reality. Thoughelection,especiallyin its
basicform, is not undisputedn its economicmeaning it is known to resultin stable
stateof thelearningprocesswhich mostof the time evenrepresenbptimal solutionsto
the underlyingeconomigproblem® Thus— economicallymeaningfulor not— election
represents. goodbenchmarkor the testof the performancef otherlearningoperators.
The secondenhancedperatoris somethingmore than just an operator it requires
a slight changein the constructionandimplementationof the agents. For the operator
of preselectionagentswill be equippedwith a memory And althoughthis memoryis
very limited, it will be showvn to helpimproving agents’learningperformancePrecisely

4In orderto makesurethe adherencéo the non—n@ativity constraintg7), the pure mutationoperator
hasto beaccompaniethy somemechanisnguaranteeinghatdj x ¢ > 0.

SFor aclearformulationof the pointsof criticism aswell asfor somesuggestionsiow to fill theelection
operatowith moreeconomicmeaning seeFranke(1997)andBirchenhalletal. (1997).

Riechmanr(1999a)providesan explanationto why electiontendsto resultin stablestates.



agentswill begiventheability to remembepnecertainstratgy togethemwith thelevel of
utility they gainedfrom employingthis strateyy. Thespecificstratgy anagenremembers
is herall time beststratgy, i.e. the stratgy thathasbroughtherthe highestutility during
thewholelearningprocessin preselectioranagentchosesrom two possiblestratajies:
thestratgy sheusedin thelastperiod(thefitnessof which shecanrememberjandherall
time beststratgy. Shedecidedy thefitness.Thestratgy with thehigherfitnesss chosen
asthestratgy thefollowing learningprocessesf the currentperiod(i.e. communication
andexperiment)arebasedon.

while not STOP

ti=t+1

selectpopulationm, fromm_1

preselectiononm:

for eachagent € m

preselection:
Oit = argmaxy.) {Git-1; M}

memorizecurrentstratey:
Mi = {dit; u(cie|m)}

crosseeronmt

mutationon m

evaluationonm

Figure2: Main Loop of Preselectiorlgorithm



Note,thatfor nonstatedependenproblemslike thefixed price problemof consumer
choice,the preselectioralgorithmessentiallyworkslike anintra agentoperatorof elitist
selectiorfor the basicstratgy in eachperiod.In the simplefixedpricemodel,anagents
fitnessor utility is independendf whatthe othersdo, i.e.

U (git|S) =ui(giy) vSeS. (15)

S is thepopulationin Periodt, S is the setof all differentpopulations.

In problemsof statedependenfitness,on the contrary all actionsof all the other
agentsin the populationhave an influenceon an agents fitness. This means,that for
my # 0 in (7), the stratgy an agentthinks of asher all time bestone, might — dueto
the currentpopulation— not be asgood asshethinks. A stratgy thatonceperformed
brilliantly may performvery poorlyin thecontext of a differentpopulation.Thisis afact
thatthe agentsn this modelareassumedo ignore. Agentsusethe rule of preselection,
becausehey simply do notknow thatthey maybemistaken.

3.4 Coping with the Constraints

Theproblemin focusis aproblemof constraineaptimization.Agentsdonotonly haveto

maximizeutility but alsohave to be carefulnotto exceedtheirbudget.In thesimulations,
thebudgetconstraintwill not be directlyaccountedor. This meanghatthereis no good
the consumedjuantityof which senesassomekind of residual. This meanghatagents
do not do somethingike determinethe quantityof thelastgoodasall they canafford to

buy by therestof their budgetlike

1 m-1
Qmt=—| M- Z PGkt | - (16)
p k=1

mt

Instead agentdreely decideonthe quantityof all threegoods atfirst handindependently
of the budgetconstraint. This also meansthat in the fixed price casesat the time of
makingtheir consumerplans,agentsdo not even know the pricesof the goods,which
makesheir decisionproblemevenharder

Thecomplianceo thebudgetconstrainis securedy usinga penaltyfunction which
is a standardool in evolutionaryoptimization! Using a penaltyfunction meansto de-
creaseanagentsfitnessif shebreaksghebudgetconstraint.in economidermsthislooks
like anextensionto theutility function,which maybe ratherunusuako mosttheoretical
economists.

’Seee.g.Michalewicz (1996,pp.321).



In the simulationsthe following fitnessfunctionwasusedin orderto transformutility
Uit into fitnessR :8

U(dit)+M—S2_ PeeGike for  Si_iputQike > M
Raic = 3 . a7
U (git) for  Yr_1Pktlikt <M

Usingfitnessfunction(17) meansthatanagentcanbreakthe constraintsbut thatshe
shouldlearn notto do so.

4 Simulations and Results

For the model describedabove, simulationswere run using threedifferentalgorithms,
a) the canonicalalgorithm, using selection/reproductiorgrosseer and mutation,b) the
electionalgorithm,usingselection/reproductioandelection,andc) the preselectioral-
gorithm, using selection/reproductiorpreselectioncrosseer and mutation. The simu-
lationswererun for threedifferentparametesetswhich only differ with respectto the
elasticityof supply

All threesetsthussharethe valuesfor A = 1 andfor the budgetM, M = 100, for B,
B, = B, = B3 = 1, andfor ak, a1 = 0.2, a» = 0.3, andagz = 0.5. Theonly differences
thatfor thefirst set(‘FIXPRICE’), my = mp = mg = 0, yielding p1 = p2 = ps= Bk = 1.
Thus, FIXPRICE representghe fixed price caseor, put in differentwords, a caseof
infinitely high elasticity of supply® The secondset(‘HIGHELASTICITY’) usesm =
mp = mg = 0.0001, thusrepresenting stateof high elasticity of supply The third set
(‘LOWELASTICITY’) usesm = mp = mg = 0.1 which leadsto a stateof low elasticity

of supply
Simulationswererun for populationsof n = 500agentsandfor tyax = 500 periods.

8Negative fitnessvaluescanarise sothatbeforeenteringthe selectionoperatoyfitnesshasto be subject
to oneof the standargositive transfermechanismgGoldber, 1989;Mitchell, 1996).

9The definition of ‘elasticity of supply’ differs betweenvarioustextbooks of microeconomictheory
This papermakesuseof the definition by Hendersorand Quandt(1986),who definethe price elasticity
of supplyasthe ratio of relative changen the quantityof supply (nominator)to the relative changeof the
price (denominator).

For this paperthis meanghattheelasticityof supplyfor goodk, &, is givenby g = %.
This definitionimpliesthatthe changein the quantityis a resultof a changein marketprice. This paper
though,will aguethe otherway round:A changen priceis thereactionon achangdan aggrgatedemand,

i.e.achangean quantity



4.1 Fixed Prices

For the fixed price case at leastfor the caseof uniform behaior, optimal outcomecan
be determinedanalytically If all agentswithin a populationbehae the same,the best
stratgy accordingto (9), given parametesetFIXPRICEis

qik,t = 207 qzk,t = 307 qg,k,t =50 V ka t. (18)

Theseresultrepresenboth, efficiency andoptimality. This meanghatfor theresults
givenin (18) the budgetis fully spent(i.e. thebudgetresidualis zero)andevery agents
utility is ashighaspossibledueto the budget.

Thequality of thelearningalgorithmscanbejudgedby comparingtheresultslearned
to the theoreticalresultsgiven by (18). More thanthis, it seemsappropriateo checkif,
andif so,how good,the budgetconstraintis met. In orderto do this, the averagebudget
residualp; will be used,which is definedasthe averageamountof monegy/ not spenton
consumptiorthroughouthepopulation,i.e.

1 n 3
Pr=— M- Piktikt ] - (19)
”ig\< k; e )

Representate simulationresultsfor the threerespectre algorithmsaregivenin the
following figures.Eachfigure consistof two subfiguresvhich give a plot of the popula-
tion averageof the quantitiesof goodoneto three(on the left) anda plot of the average
budgetresidual(on theright).

It is easyto seethatfor all threealgorithms the quantitiegendto corvergetowardthe
theoreticallyoptimal quantities. The electionalgorithm seemdo performbestwhereas
the canonicaklgorithmperformsworst. Thisimpressions supportedy theresultscon-
cerningthe budgetresidual. Electioncorvergesto a residualequalto zero,preselection
tendsto oscillatearoundzero,whereaghe canonicaklgorithmresultsin relatively large
positive residuals.This meanghateachof the threelearningmethodss ablenot to vio-
late the budgetconstraint but only learningwith electionandlearningwith preselection
enablegheagentaotto wastea partof theirincome.

4.2 Flexible Prices,High Elasticity

For thecaseof flexible prices,it becomesmpossibleto determineanexplicit solutionan-
alytically evenfor the caseof homogeneoubehaior. In orderto judgethe quality of the
simulationresults two measuresreintroduced.Thefirst oneis theaveragebudgetresid-
ual asdefinedin equation(19). The secondoneis the differencebetweenthe mamginal
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Figureb:PreselectioAlgorithm

utility perdollarforeactpairofthethreegoods. Althoughit is impossibleto solve the
problemexplicitly, the fact remainsthatin an optimal solution of the consumerchoice
problemmauginal utility perdollarhasto beequalfor eachgood. Thus,aperfectsolution
shouldhave two characteristicsa) Marginal utility perdollar is the samefor eachof the
threegoods,andb) theaveragebudgetresidualis zero.

The plots of representatie simulationsfor the threealgorithmsandthe HIGHELAS-
TICITY case(figures6 to 8) consistof threesubfiguresach. Thefirst subfiguregives
the populationaverageof the quantitiesof eachgood. This subfigureonly senesasan
illustration. This figure doesonly showv the quantitieslearned. But now, in the caseof
flexible prices,it doesnot offer any meandor judgingthe results. The secondsubfigure
givesthe averagebudgetresidualp;. Thethird subfigureis a plot of the mamginal utility
perdollar for eachof thethreegoods.

A closerlook at the figuresconfirmsthe resultsof the FIXPRICE case.The election
algorithmperformsbest.Marginal utilities perDollar seento corverge completelywhile
thebudgetresidualvanishesThe preselectioralgorithmgenerateslightly worseresults.
While the budgetresidualfluctuatesaroundzero, mamginal utilities per Dollar become
similar but not equal. The canonicalalgorithm performsworst. Marginal utilities per
Dollar becomesimilar, but the budgetis never fully spent.
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4.3 Flexible Prices,Low Elasticity

Thethird casen focus,flexible priceswith alow elasticityof supply causegjuite differ-
entresults.It canbeseenthatthecanonicaklgorithmdoesnot reacha sensibleoutcome.
Thebudgetconstraineds never metwhile maminal utilities per Dollar never getcloseto
eachother In theLOWELASTICITY caseasensibleconsumechoicecannotbelearned
by useof the simplecanonicaklgorithmlearningrules.

Quantities
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20 [

Residual

t t
(a) Quantities (b) BudgetResidual

0.015 [

MU/$

t
(c) Marginal Utility perDollar

Figure9: CanonicalAlgorithm — Low Elasticity of Supply

500

Evenworseis theresultfor the electionalgorithm. In eachof the simulationsfor this
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casewith only oneexplicitly shavnin this paperthe modelcollapsed Electionleadsto
totally unrealisticcasesof violation of the budgetconstraintwhile marginal utilities per
Dollar donotcorvergeatall. For the caseof flexible pricesandalow elasticityof supply
electionis far from leadingto ary kind of sensibleconsumerhoice.

-1000 [

Quantities

t

(a) Quantities
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©  -3000
>
©
k7]
(0]
x

-5000

400 500 0 100 200 300 400 500
t
(b) BudgetResidual
100 200 300 400 500

t
(c) Marginal Utility perDollar

Figurel0: ElectionAlgorithm — Low Elasticityof Supply

Theonly sensiblgesultsareachievedby the preselectioralgorithm,which causeshe
mauginal utilities per Dollar to becomeat leastslightly similar to eachotherwhile the
budgetconstraintis notviolatedtoo severely.
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4.4 Summary of Results

At this early stageof the papertheresultsareessentiallypasedntwo sourcesTheplots
of the simulationsshovn above and somestatistics which areup to now only basedon
onerun of eachsimulationonly. The statisticscanbe foundin AppendixA.

Concerningthe budgetconstraintit canbe found, thatit seemdo berelatively easy
to learnnot to violate it. For the FIXPRICE caseaswell asfor HIGHELASTICITY,
thecanonicaklgorithmresultsin stateswvhich aresignificantlypositive, while electionis
significantlyvery closeto zeroandpreselections evensignificantlyequalto zero.

For the choiceof the correctquantityor the bestmaiginal utility perDollar, for FIX-
PRICEandHIGHELASTICITY, theresultsfrom the plotsdo notlook too bad,but from
the statisticsit canbe found, that significancesare quite poor. From the threedifferent
algorithms,the canonicalone shavs the highestdegreeof fluctuations(i.e. the highest
variance)and consequentlyhe highest(thoughstill very poor) significanceof reaching
the optimal result, while electionproducesnearly no fluctuationsat all, resultingin the
leastsignificanceof anoptimal outcome.

For LOWELASTICITY, only the preselectioralgorithmleadsto sensibleresultsat
all.

All in all, it seemssif the preselectioralgorithmperformsbestover all typesof eco-
nomicsituations.This meansthatallittle memoryto the pastnotablyimproveslearning
abilities.

5 Conclusions

5.1 The Influence of State Dependency

As a conclusionto be dravn from the simulationresultsit canbefoundthatit seemdgo
be muchharderto learna sensibleconsumerchoicein a situationwith low elasticity of
supplythanin situationwith high (or eveninfinitely high) elasticity

Thereasorior thisis thefollowing. In eachturn of thealgorithm(in eachmarketpe-
riod) the resultingmarketpricesandby that, the utility gained,revealsomeinformation
to eachagent. This informationis informationaboutthe quality of herlast periodcon-
sumptionplan. Ceterisparilbus,the planwasagoodplanif utility is high andsothe plan
shouldnot be changedoo muchfor the next period. If, on the contrary utility wasnot
very high, the planobviously wasa badoneandthusshouldbe changed Unfortunately
this argumentis only a ceteris—paribsargument.The informationrevealedactuallycon-
sistsof two partswhich cannotbe distinguished.Surelythe informationis information
aboutthe quality of the agents plan. But it is only informationaboutthe quality of the
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agents planin the context of the plansof all otheragentdn the population.This means,
thatfrom periodto periodthequality of anagents plancanbechangeckitherby achange
in theplanitself or by achangean the plansof therestof thepopulation.While therecer
tainly is a directimpactof the agenton her economicsuccessthereis alsoanindirect
impactcausedoy the restof the population. This indirectimpacthasoften beencalled
statedependencypf agentsfitness.

Statedependeng can be found to causenoisein the part of the information most
valuablefor theagent,.e. theinformationaboutthe quality of herplan. The strongerthe
statedependenyg thestrongetis thenoise thelessvaluables theinformationto theagent,
andthusthemorecomplicateds the consumptiordecision.Thusit shouldbe shaovn that
lesselasticityof supplymeansamorestatedependengin the problemof consumerchoice
in orderto give areasonwhy lesselasticityseemso thecomplicateproblem.

It canbeshawvn thatthe gradientmy of therespectre supplyfunction(7) is ameasure
of statedependengc A sketchof the argumentruns asfollows: The utility function®
(1) canberewritten asintegratingthe budgetconstraint(2)!!, usingqg m asa numeraire,
yielding

=V (qi,la qi,Za SR Qi,m—la Ma P1, P2,..., pm) . (20)
A changen utility canbewrittenas
m-1 a\/l a\/l m a\/l
d M d . 21
Z 30k - daict gy dM+ Z Pk (21)
\—-\/—/ \—-\/—/
directeffect indirecteffect

Let us assumehe budgetM to be constant(this assumptiondits with the simulations
carriedout), sothatdM = 0. Consequently(21) becomes bit simplet resultingin

m-1 a |
- 22
M =3 g .k+za S dpx (22)
directeffect indirecteffect

Fromthis, it canbe recognizedhat a changein an agents utility canbe causedoy
two effects, by the direct effect of the agentchangingher quantities,andby theindirect
effectof achangen prices.

1%For notationalcorveniencethe periodindex t is omitted.
11An importantprerequisitefor this is the constraintbeingan equation. As mostof the simulationsin
factdoresultin a situationwherethe budgetis fully spentfor (2), equalityis beingassumed.
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The interestingaspects the changeof the prices. From (7) it canbe deducedhata
changean thepriceof goodk is

0|pk—za qjk—mkz dqj k- (23)

It canthusbe seenthata changein the price of a goodis causediy a changein the
demandor thisgoodof oneor moreof theagents.
A changen utility becomes

m—1 a\/l
Za , |k+z mkz Qjk | - (24)
I
_,_/
directeffect indirecteffect

Abbreviating andthechangeof aggrgatedemandor goodk, Z?:l dgjk asdQ, (24)
canbesimplified:

m—1 6\/. 0
= 3 s q.k+z<rm—dek> (25)

directeffect indirecteffect

Focusingon the indirect effect, it is now easyto seethatfor eachmarketk, it is the
parametemy thatdecidegheimpactof theindirecteffecton anagents utility .

If, for example,my = 0, thereis noindirecteffectatall. Only theagentherselfhasan
influenceon her utility. In otherwords: For mg = 0, thereis no statedependeng Notice,
thatthis caseis the caseof fixedprices,whichleadsto relatively goodresultsfor all three
typesof algorithms.

If, onthecontrary my is very high, thereis alsoa largeinfluenceof all otheragents
on eachagents utility. This is the caseof high statedependeng This caseis equalto
the caseof flexible pricesandlow elasticityof supply In thiscasedueto thehigh degree
of statedependeng the noisein theinformation causeds strongandconsequentlyhe
learningresultsarerelatively bad.

Summarizingthehigherm (i.e.thelower elasticityof supply),thehigheris theimpact
of statedependengonthechangenf eachagentsutility. Thismakest harderfor anagent
to recognizeheimpactof herown consumeplanon hereconomicsuccessvhichin turn
makedt harderto learna sensiblesolutionto the consumerchoiceproblem.
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5.2 The Influence of Differ ent Learning Schemes
5.2.1 Election and the Conceptof Potential Fitness

The algorithmusingthe electionoperatorseemgo performvery goodin the FIXPRICE
andin the HIGHELASTICITY caseswhereasn the LOWELASTICITY caseperfor
mancds extremelypoor. In orderto find outthereasongor thisbehaior, it is appropriate
to recallthe centralworking principle of election. During election,two agentsmeetand
jointly try to find a new stratgy. They do this by, amongothers,calculatinga so called
potentialfitnessfor the newly createdstratgies, which shouldhelp to find out which
strat@y is the bestone. The calculationof potentialfitnessrequiresthe knowledgeabout
all theinfluenceson futureeconomicsucces®f thenew stratgies.As it is impossibleto
know aboutall theseinfluencesall theseinfluencesareassumedo be unchangedince
thelastperiodof time.

This means,that the conceptof potentialfitnessis basicallya conceptof ‘ceteris
paritus’ fitness: An agentcalculatesthe potential fitnessof her stratgyy assumingall
the otheragentswill not changetheir behaior. This meansthat agenti, while finding
potentialfitness,assumeshatdqjx =0V i= {1,...n}, i # j. In otherwords, mostof
theindirectinfluenceon actualfitnessis neglected. This, of causejs absolutelycorrect
for situationswithout statedependeny like the FIXPRICE case,andthis is still quite
good for low degreesof statedependeng like in the HIGHELASTICITY case. But,
the moreimportantthe indirect effect, the more severe becomeghe differencebetween
actualfitnessand potentialfitness. In situationswith high statedependeng e.g.in the
LOWELASTICITY case this may leadto systematicallywrong stratgy choicesascan
be seenfrom the simulationresultsin figure 10.

5.2.2 Preselection

In contrasto election,preselections not the endof thelearningprocessn a period,but
thebegginning. Whereasn the procesf election the stratgy resultingfrom theelection
processds the oneto be appliedin the market,the stratgy resultingfrom preselection
is subjectto learningby communicationcross@er) and experiment(mutation),before
it is usedat the market. This meansthatin situationswith only little statedependeng
preselection- like election— hasthe adwvantageof chosingbetweentwo strategjies (the
all time bestand last stratgy usedlast period), but the ‘pure’ resultof the preselection
processanbe slightly changediuringthefollowing two learningstepswhich maybe a
disadwantageBut, thesefollowing two learningstepshecomethe greatadvantageof pre-
selectionin situationswith high degreesof statedependenc This meansthatdifferent
from electionlearning,preselectiodearningdoesnot getstuckin stratgiesthataresuc-
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cessfulonly dueto potentialbut not to actualfitness,but canstill changethe preselected
stratgy in eachperiod.

6 Summary

The paperemploysthreedifferentlearningalgorithmsin orderto find out, if boundedly
rationalagentscanlearnto choosethe optimal consumptiorbundle. In the model, the
problemis complicatedby allowing for flexible pricesandallowing for violation of the
budgetconstraint.

It canbefoundthatit is relatively easyto learnnotto breakthe budgetconstraintput
thatit seemgo be quite complicatedo find the optimalconsumptiorbundle. Simulation
resultsshav thatthe problembecomeseven worseif the elasticity of supplydecreases.
It is shavn thata decreasén the elasticity of supplymeansanincreasen the degreeof
statedependenc For sometypesof algorithm, statedependencworkslike anexternal
effect: Agentsdo notincludeit into their calculationdor their future stratey, thusbeing
badly mistakenin eachfutureperiodof time.

Canboundedlyrational agentdearnthe optimal consumerchoice? — They can, if
the problemis not too complicated.And they do evenbetterif they have somememory
of the past.

This is all of the messagehis papercangive, but at leastthis seemso be a better
storyto tell thefirst yearstudentsf they askagain. ..

A Data

The following tablesshov datafrom onerandomlychosensimulationeach. All simu-
lationswererun for 1000 periodswith a populationsize of n=500. The datacontains
informationaboutrounds501 to 1 000to eliminate possiblestartupeffects of the algo-
rithms.

FIXPRICE

The t—valuesare test statisticsof an approximateGausstests? for q; = 20, g = 30,
gz = 50 andp = 0, respectiely.

2Thisis at—testfor large populations.
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Canonical| Election Preselection
1 Mean| 20.2484 | 20.0492 20.2077
Var. | 0.515554 | 0.000617538| 0.0153379
t 7.73661 | 44.2923 37.4965
g2 Mean| 30.8866 | 30.0306 29.9948
Var. 1.36406 | 0.00149178 | 0.00520296
t 16.9738 | 17.7022 -1.62135
03 Mean| 47.4426 | 49.9195 49.7968
Var. 1.33563 | 0.00358468 | 0.00447201
t -49.481 | -30.0562 -67.9504
p Mean| 1.4224 0.000674724| 0.000770113
Var. | 0.453434 | 3.88333E(-7) | 0.000613616
t 47.2334 | 24.2108 0.69517

HIGHELASTICITY

Thet—valueis ateststatisticof anapproximatesausgestfor p = 0, thevalued, t13, and
to3 areteststatisticsof approximateGausstestfor MU; /$ = MU32/$, MU1/$ = MU3/$
andMU,/$ = MU3/$, respectiely.
Canonical Election Preselection
MU1/$ Mean| 0.178931 0.185862 0.189568
Var. | 0.0000532438 8.59688E(-7) | 7.43989E(-6)
MU,/$ Mean| 0.178914 0.183026 0.181765
Var. | 0.0000914054 2.21833E(-7) | 3.54032E(-6)
MU3/$ Mean| 0.196372 0.184637 0.183881
Var | 0.0000684217 2.27176E(-7) | 6.94431E(-7)

t1o 0.0316065 60.9781 52.6552

t13 -35.3568 26.2744 44.5869

to3 -30.8784 -53.7592 -22.9925

p Mean | 4.1415 0.0108742 -0.0000875281
Var. | 0.63692 0.0000392451 0.00494539
t 116.038 38.8137 -0.0278312
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LOWELASTICITY

Canonical Election Preselection
MU1/$ Mean| 0.00531371 | 0.000225087 0.00901293
Var. 3.19915E(-7) | O 2.0274E(-7)
MU,/$ Mean| 0.00768015 | 0.00624466 | 0.00837344
Var. | 6.2859E(-7) | O 9.85724E(-8)
MU3/$ Mean| 0.0131581 0.00156332 | 0.0080648
Var. 1.04098E(-6) | O 4.02153E(-8)
t12 -54.3326 26.0501
t13 -150.36 43.0121
to3 -94.7983 18.5254
P Mean| 13.3108 -5453.53 -0.538288
Var. 26.2627 0 4.07375
t 58.0792 -5.96352
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