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Abstract. Themajorityof market theoryis only concernedwith centralisedmar-
kets.In thispaper, weconsideramarket thatis distributedoveranetwork, allow-
ing us to characterisespatially(or temporally)separatedmarkets.The effect of
this modi�cation on thebehaviour of a market with a heterogeneouspopulation
of traders,underselectionthroughageneticalgorithm,is examined.It is demon-
stratedthatbetter-connectedtradersareableto make morepro�t thanlesscon-
nectedtradersandthatthisis dueto adifferencein thenumberof possibletrading
opportunitiesandnot dueto informationalinequalities.A learningrule thathad
previouslybeendemonstratedto pro�tably exploit network structurefor ahomo-
geneouspopulationis shown to conferno advantagewhenselectionis applied
to a heterogeneouspopulationof traders.It is alsoshown that better-connected
tradersadoptmoreaggressive market strategiesin orderto extractmoresurplus
from themarket.

1 Intr oduction

Understandingthe centralisedmarket hasbeenoneof the key aims of economicre-
searchfor many years.Both thebehaviour of themarket andthetraderswithin it have
beenintenselyscrutinisedin orderto determinehow they operate.Analytical studies,
(e.g.[1]), experimentalstudies,(e.g.[2]) andempiricalanalysis(e.g.[3]) haveall been
employedin thisattempt.

In additionto analytical,empiricalandexperimentalresults,theuseof simulation
andmorerecentlymulti-agentsimulation[4]hasbecomeincreasinglyimportant[5–10].
Multi-agentapproacheshaveenabledtherelationshipsbetweentradermicro-behaviour
andmarket phenomenato bemodelled,which is oftenanalyticallyintractableandex-
perimentallytime consuming.In virtually all of thesemicro studies,themarket is as-
sumedto occupy a singlelocation.All bidsandoffersaresubmittedin thesameplace,
whereall othersmayseeandrespondto them.Not all markets,however, arelike this.
Retailmarkets,for instance,arespatiallyembeddedandconsequentlyimposecostsin
termsof thetimeandeffort thatit takesto visit othertradersandacquireinformation.As



a consequenceof this, it is usuallyimpossiblefor a traderto visit all possiblepartners.
Instead,thetraderwill probablyrestrictinformationgatheringto nearestneighbours,or
key operatorsin themarket. In this casethemarket no longerhasa centrallocationto
which informationis submittedand,asaresult,differenttraderswithin themarketmay
haveaccessto differenthistoriesof bidsandoffers.

It is not only spatially embeddedmarkets that may limit the ubiquity of market
information.Tradersin a �nancial markethave readyaccessto all tradinginformation.
However, in this casetheshearquantityof informationmaysegregatethemarket.The
tradersincur very little cost in gatheringinformation,insteadthe main cost is that of
analysis.Analysing information takes time, meaningthat it may be impossiblefor a
singletraderto studyandaccuratelyrespondto all of the informationin themarket in
a fastenoughmanner. Tradersare thereforelikely to ignoresomeof the information
availableandfail to take it into accountwhenmakingdecisions.In effect thetraderwill
not be hearingsomeof the informationeven thoughit is available in principle. One
possibleconsequenceof this is to focusthe attentionof traderson a small subsetof
marketproducts,leadingto specialisation.

Thereis, however, animportantdifferencebetweenthesecases.Althougha market
maybesegregatedin termsof information�o w, tradeis not asrestrictedasit is in the
spatiallyextendedcase.In eitherof thesecases,however, assumptionsaboutcentralisa-
tion of marketprocessesnolongerhold.Differenttraderswithin themarkethaveaccess
to differenthistoriesof bidsandshoutsand,potentially, a propensityto dealwith par-
ticular partnersratherthanothers.Theseproblemsaren't necessarilylimited to human
traders.It is possibleto conceive of markets that are suf�ciently large, fast-moving,
andcomplex that even computerprogramswould �nd it inef�cient to analyseall in-
formationpresent,or considertradingwith everyagentin themarket.Recentlymodels
have startedto appearthatexaminethesetypesof problems.For instance[11,12] both
examinetradingscenariosthat take placeacrossnetworks,similarly [13–15],amongst
others,considertheconnectedproblemof tradenetwork formation.

This paperaimsto investigatethevaluationof informationwithin distributedmar-
kets.As haspreviously beendescribed,tradersin thesemarketswill have accessto
differentinformationsourcesandthereforedifferentpicturesof themarket state.This
will beparticularlyapparentif sometradersaremoreconnectedthanothers,i.e., they
have moreinformationsourcesand/ortradingpartners.Thesebetter-connectedtraders
are,on average,likely to have a betterunderstandingof themarket thanthosetraders
whoarelesswell connected.

Theeffectof thisimbalanceis importantbecauseto someextentthedegreeto which
a traderis connectedcanbealteredby thetraderitself. It is well known thatresources
mustbeexpendedto gatherinformationandthatproperlyanalysinginformationtakes
time. In many situationsit is possiblefor a traderto changethe proportionof its re-
sourcesdedicatedto gatheringandanalysinginformation,however, it is importantto
know underwhichcircumstancesto do this.

In previouswork [16] wehaveexaminedmarketswherebothtradeandinformation
�o w are restrictedin a mannerrepresentedby an explicit, �x ed network of possible
agent-agentinteractions.The network governedwhich agentswereableto communi-
catewith eachotherand,therefore,which agentswereableto tradewith eachother.



Importantly, this network wasnot complete(fully connected),i.e.,sometraderswithin
themarketcouldnot communicatedirectlywith others.

In this initial work we wishedto gainanunderstandingof thevalueof information
in a simpleseparatedmarket so the market network was�x ed.Traderswerenot per-
mittedto changetheir connectionsduringthesimulation.In futurewe hopeto develop
this systemso as to betterunderstandthe circumstancesin which it is favourableto
changeconnectivity. Themarketusedfor thesesimulationswasverysimple,it wasnot
designedto re�ect the intricaciesof any particulardistributedmarket. Insteadit was
designedto providegeneralinsight into thevaluationof informationin separatedmar-
kets.Theresultsfoundcouldbeappliedto any marketswhereinformationcannot�o w
freely. This includesretailmarkets,OTC markets,andmany others.

It was found that traderswho were more heavily connectedhada valuationthat
wassigni�cantly closerto the theoreticalequilibrium priceof the market. The better-
connectedatraderwas,themoreinformationsourcesit wouldhaveandsothemoreac-
curateanopinionit couldgenerate.Thequality of informationa traderpossessedwas,
therefore,directly relatedto its connectivity.3 In orderto exploit this knowledgea sim-
plemodi�cation wasmadeto eachtradingagent'slearningrulesothatthey weightedin-
formationaccordingto thedifferencebetweenthesender'sconnectivity andtheir own.
As aresulta traderwouldplacemoreweighton informationit heardfrom tradersmore
connectedthanitself, andlessoninformationfrom traderslessconnected.It wasshown
that on averagea populationof tradersgainedan advantagefrom usingthis rule, and
that this advantagewasenjoyedmostlyby the leastconnectedindividualsin thepop-
ulation. In fact, the mostconnectedindividualssuffereda slight drop in performance
whenadoptingthis rathercrude�x edlearningrule.

Thisexperimentassumedahomogeneouspopulation.All traderswithin thepopula-
tion hadparametersdrawn from thesamedistribution andsobehavedin a verysimilar
manner. It is not dif�cult to arguethat traderswith differentconnectivities might per-
form betterby adoptingdifferentstrategiesin orderto exploit their positionwithin the
market network. For instance,we would expectthat if the mosthighly connectedin-
dividualsdescribedabove hadhadthechoice,they would have chosennot to employ
thelearningrule thatdisadvantagedthem,whereasthosethatwereleastconnectedmay
havechosento usetherulemorestronglyin orderto gainmorebene�t.

In orderto allow sucha heterogeneouspopulationof tradersit is necessaryto in-
dividually specifyeachtrader's parameters.One-way to do this is to handtuneevery
traderto �nd its optimalparameterset.However, theoptimalparametersetfor apartic-
ular traderis likely to dependon theparametersetsof theothertraderswithin themar-
ket. In orderto solve this problemit wasdecidedto competetradingstrategiesagainst
eachother. A co-evolutionarygeneticalgorithmwasdesignedto allow theevolutionof
competitivestrategy sets.

3 Although in that caseinformationquality wasbasedon a tradersconnectivity therewasno
reasonwhy it couldnotbedecidedby otherfactorsin areal-worldmarket,suchasacompany's
reputationor sizeor theprevioushistoryof informationreceived.



2 Method

This sectionwill �rst describethe structureand function of the markets that will be
investigated,beforedetailingthe tradersthatwill populatethem.It will thengo on to
describethe topologicallearningrule �rst introducedin [16] before�nally describing
theset-upof theco-evolutionarygeneticalgorithm.

2.1 Network Generation

Tradingnetworkswereconstructedin whichnodesrepresentedtradersandedgesrepre-
sentedbi-directionalcommunicationchannels.Therearemany possiblenetwork con-
�gurations thatcouldbeinvestigatedfor their effect on marketperformance,including
lattices,Erd�os-Ŕenyi randomgraphs,smallworlds,andgraphsresultingfrom preferen-
tial attachment.This paperwill focuson thelatterclassof networkssincethey exhibit
someinterestingproperties,includingthepresenceof well-connected“hubs”, thathave
anintuitiveappealin termsof real-world markets,whereit wouldbeexpectedthatcer-
tain majorshopsor investmentbankswould bemuchbetter-connectedthanindividual
shoppersor investorsin their respectivemarkets.

We employ an existing preferentialattachmentscheme[17]. A network of N un-
connectednodesis graduallypopulatedwith N m bi-directionaledges.In randomorder,
eachnodeis consulted,andallocatedanedgelinking it to asecondnodechosenaccord-
ing to probabilitiescalculatedaspi = (n i + � )P . Here,P is theexponentof preferential
attachmentandremainsconstant,n is thenode'scurrentdegree(numberof edges),and
� is a smallconstant(0.1 for all resultsreportedhere)thatensuresunconnectednodes
haveanon-zeroprobabilityof gaininganeighbour. Self-connectionsandmultiplecon-
nectionsbetweenthesamepair of nodeswerenot allowed.All probabilities,pi , were
updatedaftereveryedgewasadded.After m cyclesthroughthepopulation,thenetwork
wascomplete.Notethateverynodewill havea minimumof m edges,andamaximum
of N � 1.

Marketsexploredherehave a relatively high preferentialexponentof P = 1:0 in
orderto generatenetworksthatdisplayawiderangeof degrees.For all resultsreported
here,m = 10. Initial testsshowedthat if m wassigni�cantly lessthanthis value,the
market failedto convergeasfew traderswereableto tradewith their limited numberof
neighboursi.e. it wasseparated.

2.2 Mark et Mechanism

The market mechanismoperatesin discretetime. Eachtime period,oneactive agent
(onewho is still able to trade)is selectedat randomto make an offer or a bid. The
otheragentsin themarketmayonly respondto thatshoutduringthattimeperiodeither
to make a tradeor ignoreit. Oncethat time periodhaselapsedthe shoutis removed.
Second,we limit anagent's ability to tradesuchthat they areonly ableto make offers
to,or acceptbidsfrom, theirnetworkneighbours.Eachmarketwassimulatedfor a�x ed
numberof time steps.



Theinspirationfor thismarketmechanismcamefrom thework of GodeandSunder
[5] andCliff andBruten[7]. Bothof thesecasesinvestigatedtheeffectsof thecontinu-
ousdoubleauctionmechanismon market behaviour. 4 Theaim of this paperis to gain
a similar understandingof theeffect of the tradenetwork. It is hopedthata relatively
simpletrademechanismsuchasthis will allow the effect of the network to be more
easilyidenti�ed andisolated.

2.3 Trading Agents

Here, the ZIP tradingalgorithm is usedto govern traderbehaviour. ZIP, or Zero In-
telligencePlus,traderswerecreatedby Cliff andBruten [7] in responseto work by
GodeandSunder[5], who createdthe “Zero Intelligence”tradingalgorithmin some
of the �rst agent-basedmarket simulations.The Zero Intelligencealgorithmwasde-
signedto bethesimplestpossiblealgorithmthatwouldallow tradeto occurin amarket.
Two typesof ZeroIntelligencetraderwereintroduced.The�rst, unconstrainedtraders
(ZI-U), chooseshoutpricesat randomfrom a uniform distribution acrossthe whole
rangeof possiblepricespermitted,disregardingany limit prices.It wasfoundthatmar-
ketspopulatedby thesetradersexhibitednoneof thenormalpropertiesassociatedwith
markets,suchasconvergenceto theequilibriumprice.The secondtypeof zerointel-
ligencetraders(ZI-C) wereconstrained in the rangeof pricesthat could be shouted.
Shoutpriceswereagaindrawn at randomfrom a uniform distribution, however, this
distribution wasnow constrainedby a trader's limit price.In thecaseof sellers,shouts
wereconstrainedto begreaterthanthe limit price,while in thecaseof buyers,shouts
hadto belessthanthespeci�ed limit price.Importantly, marketspopulatedby traders
using this algorithm were shown to behave analogouslyto real markets in that they
convergedto the theoreticalequilibrium price [5]. This was interpretedas indicating
that the market mechanismitself wasthemostsigni�cant factorin market behaviour,
andthatthedesignof thetradingalgorithmwasnot asimportant.Cliff andBruten[7],
however, showedthisto beincorrect,demonstratingthattheconvergenceobserveddur-
ing eachtradingperiodwasan artifact of the supplyanddemandschedulesusedby
GodeandSunder. They demonstratedthat, for a certaintype of supply anddemand
schedulethat wascloseto symmetric,the probability distribution of likely ZI-C bids
andoffers would result in convergenceto the meanprice.They thenperformedsim-
ulationsto verify theseresultswith a broaderrangeof supplyanddemandschedules.
For non-symmetricschedules,marketspopulatedby ZI-C tradersfailedto converge,or
convergedto anon-market-equilibriumvalue.

TheZIP traderdiffers from theZI-C traderin that it learnsfrom themarket. Each
ZIP traderhasa pro�t margin associatedwith its limit price.In thecaseof buyers,the
pro�t margin is the amountby which they wish to undercuttheir limit price to make
a trade,andin thecaseof sellers,it is theamountby which they wish to exceedtheir
limit price.WhenaZIP tradershouts,thepriceis constrainedby its limit priceandpro�t
margin.Thetraderusesthemarket'sresponseto its activity (andtheobservableactivity
of others)to updateits pro�t margin. For instance,buyersobservethebidsmadeonthe

4 In our casethe distributed natureof the market and the impossibility to maintaina single
market pricehasmeantthatwe canno longerdescribethemechanismasadoubleauction.



marketandwhetheror not they areacceptedandadjusttheirpro�t margin accordingly.
The ZIP algorithm employs the Widrow-Hoff learningrule with momentum[18] to
adaptthesepro�t marginsthroughouteachtrader's lifetime, maximisingfor eachtrader
thepossibilityof makinga pro�table trade(for full detailsof this algorithm,see[7]).
This learningruleallows thetradersto rapidlyconvergeon theoptimalprice,while the
momentumtermallowsblips in themarket to beignored.Unlike ZI-C, ZIP tradersare
capableof �nding the market equilibrium undera wide rangeof supplyanddemand
schedules.

Here eachZIP traderwas initialised with a randompro�t margin drawn from a
uniform distribution [A1; A1 + A2]. Eachtraderwas also initialised with a random
learningratedrawn from auniformdistribution [B1; B1 + B2] andrandommomentum
valuedrawn from auniformdistribution[C1; C1 + C2]. Thetargetpricefor theWidrow-
Huff learningrule wascalculatedfrom T = F q + G whereq is theshoutedpriceand
F is a valuedrawn from a uniform distribution [1:0; 1:0 + D R ] for buyersand[1:0 �
DR ; 1:0] for sellers.G is arandomvariabledrawn from auniformdistribution[0:0; D A ]
for buyersand[� DA ; 0:0] for sellers.Thus,F providesa smallrelativeperturbationto
thetargetpriceandG providesa smallabsoluteperturbation.

2.4 TopologicalLearning Rule

ThestandardZIP learningrulemakesnodistinctionbetweentheinformationit receives
fromdifferentindividuals.It wasdemonstrated[16], however, thatthereisarelationship
betweentraderconnectivity andaccuracy of valuation.The following modi�cation to
thestandardZIP Learningrulewasdevisedto take this imbalanceinto account.

TheWidrow-Hoff rulecurrentlyincludesa�x edlearningratewhichin�uenceshow
quickly a traderis able to learn.In order for the tradersto take accountof informa-
tion quality, the learningrate was modi�ed so that insteadof being �x ed, the value
would be calculatedfor eachpieceof informationreceived.This alterationresultsin
ZIP tradersplacingmoreweighton informationobtainedfrom well-connectedindivid-
ualsthanfrom lesswell-connectedindividuals.

The function f (s; r ) wasde�ned, wheres andr arethe senderandrecipientof a
pieceof information(ashout).

f (s; r ) =

8
>><

>>:

0:3 +
0:2 log E ( s )

E ( r )

log (R max ) : E (s) � E (r )

0:3 �
0:2 log E ( r )

E ( s )

log (R max ) : E (s) < E(r )

Thefunction,E , givesthenumberof neighbours(degree)of a trader, andRmax is
thelargestratioof edgesbetweentwo adjacenttraderswithin themarket.M is themid-
point of thefunctionandQ controlstherangeof valuesthatit cantake.Thisenhanced
learningrule weightsinformationaccordingto relativeconnectivity within themarket,
i.e., theratio of thesender's connectivity to therecipient's connectivity determinesthe
learningrate.Whenthesenderis morehighly connectedthanthereceiver theinforma-
tion received is more likely to be accurateandso moreadaptationoccurs.Whenthe
receiver is moreconnected,the receiver's currentpictureof the market stateis likely



to be moreaccuratethanthe sendersandso lessadaptationoccurs.The valueis nor-
malisedby themaximumratiopresentin themarketto preventunnaturallearningrates.
Connectivity ratiosarelog-scaledto ensurethat learningrateadaptationis sensitive to
thesmall differencesin connectivity that characterisemostsender-recipientpairsin a
network generatedby apreferentialattachmentprocess(wheretherewill beonly a few
verywell-connectedindividuals).

TheWidrow-Hoff “delta” learningrulewasmodi�ed by removing thelearningrate
andreplacingit with thefunctionG(s; r ):

G(s; r ) = �f (s; r ) + (1 � � )L

WhereL wastheoriginalWidrow-Hoff learningrate.This functionallowedsimple
controlof how muchimportancethetradingstrategy placedon theenhancedrule.

2.5 GeneticAlgorithm

In this experimentit wasdesirablefor different tradingstrategiesto competeagainst
eachother in order to examinethe selectionof tradingstrategies.A co-evolutionary
systemwas designedin order to do this. As was notedby Cliff [19] the behaviour
of a ZIP trader is governedby eight real valuedparametersthat may be expressed
as a vector V: V = [A1; A2; B1; B2; C1; C2; DR ; DA ]. In the caseof enhanced
ZIP tradersit was necessaryto introducethree new parametersthat controlled the
function of the topological learning rule, therefore,the vector usedwas W: W =
[A1; A2; B1; B2; C1; C2; DR ; DA ; M ; Q; � ] Theseparameterswereusedto form areal
valuedgenotypein whicheachparameterwasboundedto lie betweenzeroandone.

Frompreviousresults[16] weknow thata tradersconnectivity affectsits pro�tabil-
ity within themarket. As a consequencea tradersconnectivity may alsoaffect its op-
timal strategy, therefore,it wasdesirablefor traderswith differentconnectivities to be
ableto evolve their own strategiesindependently. In orderto do this it wasnecessary
to maintainmultiple populationsof genotypes.One methodof doing this would be
to have onepopulationof tradersfor eachpossibleconnectivity, i.e. a populationfor
traderswith 99 connections,a populationfor traderswith 98 connectionsetc. There
is a problemwith this system,althoughtherearemany examplesof traderswith few
connectionsin thenetworkstherearerelatively few examplesof traderswith largenum-
bersof connections.It wouldhaverequiredaprohibitively largenumberof trialsin each
generationto evaluateeachstrategy's �tness accurately. In orderto avoid this problem
eachmarket wasbrokenup into a �x ednumberof groups,GN (20 in all experiments
reportedhere),sortedby connectivity. TheN=GN mostconnectedindividualsformed
onegroup,the next N=GN mostconnectedindividualsformedthe secondgroupand
so on. Previous results[16] showed that traderswith similar connectivities tendedto
achieve similar resultsandso could possiblyemploy the samestrategy. This justi�ed
theformationof asetnumberof populationsthatwouldeachcontributethesamenum-
berof tradersto eachexperiment.

To populatethegroupsGn populationswereformedeachof sizeSp (in all exper-
imentsreportedhereSp = 25), eachpopulationcorrespondedto a particulargroup.
In eachtrial N=GN membersof eachpopulationwerechosenat randomto form each



group.Themembersof thesegroupswerethenaddedto thenetwork in theappropriate
places.Every memberof eachpopulationparticipatedin Tn trials eachgeneration(in
all experimentsreportedhereTn = 40). Due to the randomnesspresentin the mar-
ket andallocationof limit pricesit wasnecessaryto assessthetraders�tness multiple
timesin orderto attaina meaningfulestimation.Strategy �tness wastheaveragepro�t
extractedby a strategy over all trials in that generation.The averagepro�tability has
an intuitive appeal,asin thereal-world pro�table strategiesaremorelikely to survive
andbe copied.Standardroulettewheelselectionwith �tness proportionateweighting
wasusedto selectindividualsfor entry into thenext generation.Mutationoccurredat
every locusof a selectedgenotypewith probabilityPm (Pm = 0:05 in all experiments
presentedhere).Mutation consistedof a perturbationof the locusby a value drawn
from auniformdistribution(� 0:05; 0:05). If themutatedvaluewasgreaterthanoneor
lessthanzerothenthe mutationwasdiscardedandthe original valueused.In accor-
dancewith themethodemployedby [19], singlepoint crossover wasperformedwith
probabilityPc (Pc = 0:3 in all experimentspresentedhere).

3 Results

Evolution occurredover 1000 generations.Eachmarket was populatedby 100 ZIP
traders.Eachtraderwasrandomlyallocateda limit price in therange[1:00; 2:00], and
eithertheability to buy oneunit or sell oneunit of anunnamedindivisiblecommodity.
Eachmarket simulationlastedfor 400 time steps.Marketswereconstrainedby net-
works, constructedasdescribedabove, with P = 1:0 andm = 10, andall markets
operatedthroughthe market mechanismdescribedabove. At the start of the experi-
mentgenotypeswere initialised with parametersrandomlychosenfrom the uniform
distribution[0; 1].

Figure1 shows theaverage�tness of individualswithin � ve differentpopulations
averagedover 24 experimentalruns.The left �gure shows theresultof evolving stan-
dardZIP traders,theright �gure showstheresultof evolving theenhancedZIP traders.
In both cases,strongtrading strategies are quickly found by all populations(within
approximatelythe �rst 40 generations).Fromthis point onwards,however, the �tness
levelsof thepopulationsremainapproximatelyconstant.

It shouldbenotedthatalthoughtheabsolute�tnessdoesnotchangeafterthe�rst 40
generationsthis might not meanthat thestrategiesarenot continuingto adapt.Fitness
is measuredby theaverageamountof pro�t a tradermakes.In thesemarkets,however,
theamountof pro�t availableis �x ed(thoughthereis somesmallvariationdepending
on the randomdistribution of limit prices).In order for onepopulationof tradersto
increaseits �tness it is necessaryfor it to becomemorepro�table relative to another
population.This is dif�cult to do asotherpopulationaresimultaneouslyattemptingto
adapttheir strategiesto do the same.As in many co-evolutionarysettingsthe trading
strategiesarecontinuallyadaptingagainsteachotherandcancellingout eachother's
advantages.So althoughthe �tness's may appearconstant,the strategiesmay still be
moving andchangingin thestrategy space[20].

In both experiments,correspondingpopulationsattainsimilar �tness's. This indi-
catesthat somepopulationsmayhave inherentadvantageswithin themarket andthat
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Fig.1. Absolute�tness averagedover twenty four experimentsfor � ve of twenty populations
ranked in decreasingorderof connectivity for (left) standardZIP traders,and(right) enhanced
ZIP tradersusinga learningruleadaptedto exploit market topologyinformation.

thetradersarenotablecompensatefor thesedifferences.It appearsthatthemoreheav-
ily connectedpopulations(low numbered)areableto exploit their connectivity advan-
tageandextractthesameamountof pro�t from themarket in bothcases.

Figure2 dealswith thedeviationof thetradersvaluationsover thelengthof a mar-
ketexperiment.Theseresultswereobtainedby performing10,000marketexperiments
usingthe �nal populationsfrom eachof thetwenty-fourgeneticexperiments.At each
time-stepthedeviation from theequilibriumpriceof eachtrader's valuationwasmea-
sured(tradersthat hadalreadytradedwerenot includedin this measure).In previous
work it wasdemonstratedthattraderswhoweremoreheavily connectedhadvaluations
thatwerecloserto theequilibriumpricethanthosewhowereweaklyconnected.In this
case,however, all tradersquickly convergeto equallygoodapproximationsof theequi-
librium price.Theadditionof thetopologicallearningruledoesnotappearto haveany
effectontheability of tradersto identify theequilibriumprice.Theconvergenceoccurs
at thesamespeed,andto thesamelevel, bothwith andwithout thetopologicallearning
rule. (Note,this measurewill never convergeto zeroassometradershave limit prices
beyondtheequilibriumpricewhichboundstheir valuationaway from it).

Figure3 showstheaveragelearningratefor eachof the�nal populations.In thecase
of thestandardZIP tradersthelearningrateis inverselyproportionalto theconnectivity
(r value< 0:01), i.e. moreconnectedindividualshave a lower learningratethanthe
lessconnectedindividuals.In the caseof the enhancedZIP tradersthe learningrate
appearsto remainapproximatelyconstantacrossthe populations.The enhancedZIP
tradershaveonaveragea higherlearningratethanthestandardZIP traders.

Figure3 shows the averageinitial pro�t margin for eachof the populations.The
rangeindicatedon thegraphis therangefrom which eachtrader's initial pro�t margin
is drawn. This valueis thenadaptedthroughoutthecourseof theexperimentasshouts
areheard.In bothcasesthereis apositivecorrelationwith connectivity (r value< 0:01).
i.e. the moreconnecteda traderthe higher the initial pro�t margin. The valueof the
initial pro�t margin doesnot appearto dependon the useof the topologicallearning
rule.



Fig.2.Absolutedeviationfrom optimumpriceaveragedover10000runsfor the�nal populations
of eachof 24 experiments.Tradersrankedin decreasingorderof connectivity for (left) standard
ZIP traders,and (right) enhancedZIP tradersusing a learningrule adaptedto exploit market
topologyinformation.
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Fig.3. LearningRatefor all membersof the�nal populationsof twentyfour experiments,sorted
in decreasingorderof connectivity. (Left) StandardZIP traders,and(right) enhancedZIP traders
usinga learningruleadaptedto exploit market topologyinformation.

Figure5 shows the averageweightingfactor for the topologicallearningrule for
eachof the populations.The graphshows that this remainsapproximatelyconstant
acrosspopulations.No populationexploits the rule morethanany other. It shouldbe
notedthat themidpoint (M ) andrange(Q) of therule remainapproximatelyconstant
overall populationsat 0.35and0.45.

In bothsetsof experimentstheremainingparameterswereapproximatelyconstant
acrosspopulations.The momentumparametersB1 = 0:35 andB2 = 0:70 andthe
perturbationparametersCA = 0:35andCR = 0:3.

4 Discussion

This paperaimedto investigatingeffectsof diversetradingstrategieson tradingbe-
haviour in a structuredmarket. Previouswork hadexaminedmarketswith a homoge-
neouspopulationof traders[16]. In this paperthis limitation wasremovedin orderto
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Fig.4. Initial pro�t margin for all membersof the�nal populationsof twentyfour experiments,
sortedin decreasingorderof connectivity. (Left) StandardZIP traders,and(right) enhancedZIP
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Fig.5. Weightingfactorfor the topologicallearningrule adaptedto exploit market topologyin-
formation for the �nal populationsof twenty four experiments,sortedin decreasingorder of
connectivity.

allow a morerealisticrepresentationof a marketwhereindividual tradersmaydevelop
their own strategiesbasedon their circumstancesandenvironment.

The �rst �nding of this paperwasthat, traderswho arebetter-connectedon aver-
agestartwith higherinitial pro�t margins.By having a higherinitial pro�t margin the
moreconnectedtradersareadoptingmoreaggressivemarketstrategies.A higherpro�t
margin meansthewell-connectedtradersdemandmorefrom their tradingpartnersand
asa resultwill probablytake a largercut of thepro�t from the trade.They areeffec-
tively ableto charge their tradingpartnera premiumfor the right to tradewith them.
How arethey ableto do this?Thereis no advantagefor thepartnerin tradingwith the
well-connectedindividual, theunit of goodsboughtor soldhasthesamevalueandno
reputationis gainedthroughtradingwith thewell-connectedindividuals.

It is themarket positionthat is exploitedby thewell-connectedtradersin orderto
increasetheir pro�ts. A better-connectedindividual hasmany potentialpartnersbut it
will only tradewith oneof them.Onceit hastradedall othertradersareleft with one
lesspotentialpartner. If a traderis quick andagreesto thedisadvantageoustermsit is
ableto reliably make a tradeandextract some(small) pro�t. If, however, it doesnot



thenit takesa chanceon �nding anotherpartnerwho is moregenerous,or not �nding
any partnerandsomakingno pro�t. Theextent to which a well-connectedindividual
maydothis is governedby its connectivity, thebetter-connectedanindividual,themore
likely it is thatanothertraderwill take theunreasonabletermsandtrade.Therefore,the
better-connectedanindividual is thehigherit cansetits initial priceandstill expectto
makea trade.

This paperdemonstratedthat the way in which traderslearn is affectedby their
connectivity. In thecaseof standardZIP tradersthe results(3, left), clearlyshow that
learningrateis inverselyproportionalto connectivity. Thelesswell connecteda trader
is themoreit learnsfrom eachpieceof information.Thisseemsto beintuitivelycorrect,
if a traderreceivesa largeamountof informationit is possibleto averageover themall
andplacelessweight on any individual piece.If informationis relatively sparsethen
thetradermustplacemoreimportanceoneachpieceheard.

Figure3 (right) shows the learningratesof theenhancedZIP traders.It would ap-
pearfrom this graphthat the enhancedZIP tradersdo not follow the sametrend,as
thereis virtually no slopepresent.Whenthe effect of the topologicallearningrule is
included,however, a slopeappears.Figure5 shows that theweightingof the learning
rule remainsapproximatelyconstantacrossall populations,in addition,the midpoint
andrangeof thefunctionalsoremainsconstant.Theeffectof this rule,however, is not
thesamefor all populations.Tradersin themoreconnectedpopulationsaremorelikely
to hearinformationfrom a traderswho is lessconnectedthanthey are,i.e. thosefrom
a lower numberedpopulation,andvice versafor thosein lessconnectedpopulations.
This effect becomeslargertowardsextremes.Whentheeffect of thetopologicallearn-
ing rule is addedto the �x ed learningrate,a similar patternis observed to that seen
in the standardZIP traders.Although the learningrule doesnot improve the trader's
performance,it is usedasaneasyway to correctlyshapethelearningfunction.

The resultsalso show that, in a market populatedby standardZIP traders,those
traderswho possessmore connectionsare able to make more pro�t than thosewho
havelessconnections,asdemonstratedby theirhigher�tness (�gure 1 left). The�tness
remainsalmostunchangedwith theadditionof the topologicallearningrule (�gure 1,
right).

This is a very surprisingresult.Previous experiments[16] hadsuggestedthat the
additionof the topologicallearningrule allowedlesswell connectedtradersto reduce
the informationaladvantageof better-connectedtraders.As a result theperformances
gapbetweenthebestandleastwell-connectedindividualscouldbenarrowed.Accord-
ingly it wasexpectedthat with the additionof the topologicallearningrule the less
well-connectedpopulationswouldgaina higher�tness andthebetter-connectedpopu-
lationsa lower �tness thanbefore.In appears,however, that this wasnot thecase.The
topologicallearningrule hadno effect on theability of tradersto extractsurplusfrom
themarket.

Figure2 shows parametersetsareevolvedsuchthatafter a small numberof time
steps,all traders,on average,have a valuationthat is equallycloseto theequilibrium
price.In previousexperiments,usingmarketspopulatedby homogeneoustraders,those
with moreconnectionshadavaluationsigni�cantly closerto theequilibriumpricethan



thosewith fewer connections.The enhancedZIP tradersproducean almostidentical
result.They convergeto a similar level in asimilar amountof time.

Thesigni�canceof this resultshouldnotbeunderstated.It demonstratesthatavery
simpletradingstrategy, ZIP, is ableto evolveto performwell in astructuredmarketwith
limited information. Previously, in a homogeneouspopulation,it was demonstrated
that simpletraderscould useinformationquality in orderto increasethe accuracy of
their valuations.In this case,a heterogeneousadaptive populationwasableto adapta
few simpleparameterssuchthatthedeviation from theequilibriumpriceof theshouts
wasapproximatelyequalacrossall individuals(�gure 2). As a result informationin-
equalitieswereno longervisible in theshoutsandsocouldno longerbeexploited.By
adaptingtheirparameterstheZIP traderswereableto removetheeffectof information
inequalitiesfrom the market, all that remainedwasthe effect of the market structure
itself.

This fact hasimportantconsequences.If the structureof the market (the number
of possiblepartnersa traderhas)is theonly remainingfactorthat is unequalbetween
tradersthenit mustbethis thatcausesinequalitiesin pro�ts. Sincethis factorcannotbe
affectedby thetradingstrategy thenthedesignof moresophisticatedtradingalgorithms
maynotbeableto mitigatethiseffect.In thispaperit wasshown thattheadditionof an
topologicallearningrule, thatwaspreviouslydemonstratedto beeffectivein structured
marketssuchasthis,hadnoeffectonthe�tness or valuationdeviations.In otherwords
the standardZIP strategy wassuf�ciently advancedthat it could �nd the competitive
marketequilibriumin theseseparatedmarketsandthattheadditionof a morecomplex
strategy couldnot improveon theresultfoundfor any group.

This leadsto two possiblehypotheses.First, in this simpletradingscenariomore
sophisticatedtradingalgorithmsmaynot be ableto signi�cantly outperformthestan-
dardZIP algorithm.Second,thatnopopulationof competitivetraders(thosethatdonot
voluntarily give up possiblepro�t) will beablesigni�cantly improve theperformance
of onepopulationrelativeto another. In orderto testthesehypothesesmoreexperiments
mustbe performed.In particularexperimentsthat pit the standardZIP algorithmand
theenhancedalgorithmagainsteachotherandagainstothertradingsystemsin thesame
market.

5 Conclusion

This paperhasdemonstratedthat it is possibleto evolve simple tradingstrategies to
function well in structuredmarkets.It hasdemonstratedthat by tuning a few simple
parametersit is possiblefor thetradersto quickly removeany informationalimbalances
presentwithin themarket.Any differencesin pro�ts thatremainarethensolelydueto
differencesin thenumberof possibletradingpartnersthateachtraderhas.It wasalso
demonstratedthattheadditionof amorecomplex tradingstrategy thathadprovedto be
effective in structuredmarketspopulatedby homogeneoustraders,hadnoeffecton the
distributionof pro�t within themarket.Themoreadvancedtradingstrategywasnotable
to mitigatethe imbalancesdueto themarket structure.The inherentimbalanceswere
shown to beexploitedby thebetter-connectedtraders,allowing moreaggressivetrading



strategiesto be employed successfully. This wasprimarily dueto a larger numberof
potentialtradingpartners.

Theseresultsalsohave importantconsequencesfor realmarkets.Thefactthatsim-
ple tradingstrategiesmaybe tunedto remove informationalimbalancesindicatesthat
thismayalsobetruein realmarkets.Themarketsusedin thisexperimentweresimple,
however, they do captureimportantfeaturesof real commoditymarketsi.e. thereare
shoutsandtradesthat specifypricesfor goodsof a known quality andvolume.Some
realmarkets,suchas�nancial markets,arenot entirelydissimilarfrom this, thoughit
is acceptedthat realmarketspossesmorecommoditiesandmoreinformationsources.
Thisworksuggeststhatin heterogeneouspopulationsof self-interestedadaptivetraders,
suchasthosefoundin thereal-world, it is possibleto ignoreinformationaladvantages
asa resultof market connectivity. After a shortamountof time, barringthe effect of
privateknowledge,all tradersshouldhave an equallygoodvaluationof thecommod-
ity. Given that maintainingtradingconnectionsprobablyhassomecost,what thenis
theadvantageof having multipleconnections?Theadvantagecomesfrom having more
possibletradingpartners.Themoretradingpartnersa traderhasthemoreaggressive it
canbein its tradingstrategy andasaresultthemorepro�t it canmake.Soeventhough
all tradersmayknow thefundamentalvalueof a commoditythestructureof the trade
network itself allows sometradersto extract a higherprice for that goodthanshould
theoreticallybe possible.In other words traderscan exploit their market position to
extractmoresurplusfrom amarket thantheorysuggeststhey should.
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