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Abstract. Themajority of markettheoryis only concerneavith centralisednar
kets.In this paperwe consideta marletthatis distributedover anetwork, allow-
ing usto characterisespatially (or temporally) separatednarkets. The effect of
this modi cation on the behaiour of a market with a heterogeneougopulation
of tradersunderselectiorthrougha geneticalgorithm,is examined It is demon-
stratedthat betterconnectedradersareableto make moreprot thanlesscon-
nectedradersandthatthisis dueto adifferencein thenumberof possiblerading
opportunitiesandnot dueto informationalinequalities A learningrule thathad
previously beendemonstratetb pro tably exploit network structurefor ahomo-
geneougopulationis shavn to conferno advantagewhenselectionis applied
to a heterogeneougopulationof traders.It is alsoshavn that betterconnected
tradersadoptmore aggressie market stratgjiesin orderto extractmoresurplus
from themarlet.

1 Intr oduction

Understandinghe centralisedmarket hasbeenone of the key aims of economicre-
searchfor mary years.Both the behaiour of the market andthe traderswithin it have
beenintenselyscrutinisedn orderto determinehow they operate Analytical studies,
(e.0.[1]), experimentaktudies(e.g.[2]) andempiricalanalysise.g.[3]) have all been
employedin this attempt.

In additionto analytical,empiricalandexperimentalresults,the useof simulation
andmorerecentlymulti-agentsimulation[4]hasbecomeéncreasinglyimportang5-10].
Multi-agentapproachebave enabledherelationshipdetweertradermicro-behaiour
andmarket phenomenao be modelled,which is oftenanalyticallyintractableand ex-
perimentallytime consumingln virtually all of thesemicro studiesthe market is as-
sumedto occupy asinglelocation.All bidsandoffersaresubmittedn the sameplace,
whereall othersmay seeandrespondo them.Not all markets,however, arelik e this.
Retail markets,for instance are spatiallyembedde@nd consequentlymposecostsin
termsof thetime andeffort thatit takesto visit othertradersandacquireinformation.As



aconsequencef this, it is usuallyimpossiblefor atraderto visit all possiblepartners.
Insteadthetraderwill probablyrestrictinformationgatheringto nearesteighboursor
key operatorgn the market. In this casethe market no longerhasa centrallocationto
whichinformationis submittedand,asa result,differenttraderswithin the marketmay
have accesso differenthistoriesof bidsandoffers.

It is not only spatially embeddedmarkets that may limit the ubiquity of market
information.Tradersin a nancial markethave readyaccesdo all tradinginformation.
However, in this casethe shearguantityof informationmay segregatethe marlket. The
tradersincur very little costin gatheringinformation,insteadthe main costis that of
analysis.Analysing information takestime, meaningthatit may be impossiblefor a
singletraderto studyandaccuratelyrespondo all of the informationin the marketin
a fastenoughmanner Tradersare thereforelikely to ignore someof the information
availableandfail to take it into accountvhenmakingdecisionsin effectthetraderwill
not be hearingsomeof the information even thoughit is available in principle. One
possibleconsequencef this is to focusthe attentionof traderson a small subsetof
market products)eadingto specialisation.

Thereis, however, animportantdifferencebetweerthesecasesAlthougha market
may be segregatedin termsof information o w, tradeis not asrestrictedasit is in the
spatiallyextendedcaseln eitherof thesecaseshowever, assumptionaboutcentralisa-
tion of marketprocessenolongerhold. Differenttraderswithin themarkethave access
to differenthistoriesof bids andshoutsand,potentially a propensityto dealwith par
ticular partnergatherthanothers.Theseproblemsarent necessarilyimited to human
traders.lt is possibleto conceve of marketsthat are sufciently large, fast-maing,
and comple that even computerprogramswould nd it inef cient to analyseall in-
formationpresentpr considertradingwith every agentin the market. Recentlymodels
have startedto appeathatexaminethesetypesof problemsFor instancg11,12] both
examinetradingscenarioghattake placeacrossnetworks, similarly [13—15],amongst
others considertthe connectegroblemof tradenetwork formation.

This paperaimsto investigatethe valuationof informationwithin distributedmar
kets. As haspreviously beendescribedtradersin thesemarketswill have accesgo
differentinformation sourcesandthereforedifferentpicturesof the market state. This
will be particularlyapparenif sometradersaremoreconnectedhanothers,i.e., they
have moreinformationsourcesand/ortradingpartners Thesebetterconnectedraders
are,on averageikely to have a betterunderstandingf the market thanthosetraders
who arelesswell connected.

Theeffectof thisimbalancds importantbecaus¢o someextentthedegreeto which
atraderis connectedtanbe alteredby the traderitself. It is well known thatresources
mustbe expendedo gatherinformationandthat properlyanalysinginformationtakes
time. In mary situationsit is possiblefor a traderto changethe proportionof its re-
sourcegledicatedo gatheringandanalysinginformation, however, it is importantto
know underwhich circumstanceto do this.

In previouswork [16] we have examinedmarketswherebothtradeandinformation
o w arerestrictedin a mannerrepresentedby an explicit, x ed network of possible
agent-ageninteractions.The network governedwhich agentswvereableto communi-
catewith eachotherand,therefore which agentswere ableto tradewith eachother



Importantly this network wasnot complete(fully connected)i.e., sometraderswithin
themarket could not communicatedirectly with others.

In thisinitial work we wishedto gainanunderstandin@f the valueof information
in a simple separatednarket so the market network was x ed. Traderswere not per
mittedto changetheir connectiongluringthe simulation.In futurewe hopeto develop
this systemso asto betterunderstandhe circumstance#n which it is favourableto
changeconnectvity. Themarket usedfor thesesimulationswasvery simple, it wasnot
designedo re ect the intricaciesof ary particulardistributed market. Insteadit was
designedo provide generaiinsightinto the valuationof informationin separateenar
kets.Theresultsfound couldbe appliedto any marketswhereinformationcannot o w
freely. Thisincludesretail markets,OTC markets,andmary others.

It was found that traderswho were more heavily connectechad a valuationthat
wassigni cantly closerto the theoreticalequilibrium price of the market. The better
connectectraderwas,themoreinformationsourcest would have andsothemoreac-
curateanopinionit couldgenerateThe quality of informationa traderpossessedas,
thereforedirectly relatedto its connectvity.® In orderto exploit this knowledgea sim-
plemodi cation wasmadeto eachtradingagentslearningrule sothatthey weightedn-
formationaccordingo the differencebetweerthe senders connectvity andtheir own.
As aresultatraderwould placemoreweighton informationit heardfrom traderamore
connectedhanitself, andlessoninformationfrom traderdessconnectedit wasshovn
that on averagea populationof tradersgainedan advantagefrom usingthis rule, and
thatthis advantagewas enjoyed mostly by the leastconnectedndividualsin the pop-
ulation. In fact, the mostconnectedndividualssuffereda slight drop in performance
whenadoptingthis rathercrude x edlearningrule.

Thisexperimentassume@dhomogeneoupopulation All traderswithin thepopula-
tion hadparametergiravn from the samedistribution andsobehaedin avery similar
mannerlt is not dif cult to aguethattraderswith differentconnectvities might per
form betterby adoptingdifferentstrateyiesin orderto exploit their positionwithin the
market network. For instancewe would expectthat if the mosthighly connectedn-
dividualsdescribedabore hadhadthe choice,they would have chosemot to employ
thelearningrule thatdisadwantagedhem,whereaghosethatwereleastconnectednay
have choseno usetherule morestronglyin orderto gainmorebene t.

In orderto allow sucha heterogeneoupgopulationof tradersit is necessaryo in-
dividually specify eachtraders parametersOne-way to do this is to handtune every
traderto nd its optimalparameteset.However, the optimalparametesetfor a partic-
ulartraderis likely to dependon the parametesetsof the othertraderswithin the mar
ket. In orderto solve this problemit wasdecidedio competeradingstratgiesagainst
eachother A co-evolutionarygeneticalgorithmwasdesignedo allow the evolution of
competitive stratgyy sets.

8 Although in that caseinformation quality was basedon a tradersconnectiity therewasno
reasorwhy it couldnotbedecidedvy otherfactorsin areal-world market, suchasacompany's
reputationor sizeor the previous history of informationreceved.



2 Method

This sectionwill rst describethe structureand function of the marketsthat will be
investigatedbeforedetailingthe tradersthat will populatethem.lIt will thengo on to
describethe topologicallearningrule rst introducedin [16] before nally describing
the set-upof the co-evolutionarygeneticalgorithm.

2.1 Network Generation

Tradingnetworkswereconstructedn whichnodesepresentettadersandedgesepre-
sentedbi-directionalcommunicatiorchannelsThereare mary possiblenetwork con-
gurations thatcould be investigatedor their effect on market performanceincluding
lattices,Erdos-Reryi randomgraphssmallworlds,andgraphsesultingfrom preferen-
tial attachmentThis paperwill focuson the latter classof networks sincethey exhibit
someinterestingpropertiesijncludingthe presencef well-connectedhubs”, thathave
anintuitive appeain termsof real-world markets,whereit would be expectedthatcer
tain major shopsor investmenbankswould be muchbetterconnectedhanindividual

shopper®r investoran their respectie markets.

We employ an existing preferentialattachmenschemd17]. A network of N un-
connectechodess graduallypopulatedvith N m bi-directionaledgesin randomorder,
eachnodeis consultedandallocatedanedgelinking it to aseconchodechoseraccord-
ing to probabilitiescalculatedasp; = (nj+ )P .Here,P istheexponentof preferential
attachmenandremainsconstantn is thenodes currentdegree(numberof edges)and

is asmallconstan{0.1 for all resultsreportedhere)thatensuresinconnecteeodes
have anon-zergprobability of gaininga neighbour Self-connectionandmultiple con-
nectionsbetweenhe samepair of nodeswerenot allowed. All probabilities,p;, were
updatedhfterevery edgewasaddedAfter m cyclesthroughthepopulationthenetwork
wascomplete Notethatevery nodewill have a minimumof m edgesandamaximum
of N 1.

Marketsexploredherehave a relatively high preferentialexponentof P = 1:0in
orderto generataetworksthatdisplayawide rangeof degreesFor all resultsreported
here,m = 10. Initial testsshavedthatif m wassigni cantly lessthanthis value,the
marketfailedto corvergeasfew traderswvereableto tradewith theirlimited numberof
neighbours.e. it wasseparated.

2.2 Mark et Mechanism

The market mechanisnoperatesn discretetime. Eachtime period,one active agent
(onewho is still ableto trade)is selectedat randomto make an offer or a bid. The
otheragentsn themarketmayonly respondo thatshoutduringthattime periodeither
to make a tradeor ignoreit. Oncethattime period haselapsedhe shoutis removed.
Secondwe limit anagents ability to tradesuchthatthey areonly ableto make offers
to, oraccepbidsfrom, theirnetwork neighboursEachmarketwassimulatedor a x ed
numberof time steps.



Theinspirationfor this marketmechanisncamefrom thework of GodeandSunder
[5] andCiliff andBruten[7]. Both of thesecasesnvestigatedhe effectsof the continu-
ousdoubleauctionmechanisnon market behaiour. 4 Theaim of this paperis to gain
a similar understandin@f the effect of the tradenetwork. It is hopedthata relatively
simpletrademechanisnmsuchasthis will allow the effect of the network to be more
easilyidenti ed andisolated.

2.3 Trading Agents

Here,the ZIP trading algorithmis usedto govern traderbehaiour. ZIP, or Zero In-
telligencePlus, traderswere createdby Cliff and Bruten[7] in responsdo work by
Godeand Sunder|5], who createdthe “Zero Intelligence”tradingalgorithmin some
of the rst agent-basednarket simulations.The Zero Intelligencealgorithmwas de-
signedto bethe simplestpossiblealgorithmthatwould allow tradeto occurin amarket.
Two typesof ZeroIntelligencetraderwereintroduced.The rst, unconstrainedraders
(Z1-U), chooseshoutpricesat randomfrom a uniform distribution acrossthe whole
rangeof possiblepricespermitted disregardingary limit prices.Ilt wasfoundthatmar
ketspopulatedy thesetradersexhibitednoneof thenormalpropertiesassociatedvith
markets,suchascornvergenceto the equilibrium price. The secondtype of zerointel-
ligencetraders(ZI-C) were constainedin the rangeof pricesthat could be shouted.
Shoutpriceswere againdravn at randomfrom a uniform distribution, however, this
distribution wasnow constrainedy atraderslimit price.In the caseof sellers,shouts
wereconstrainedo be greaterthanthe limit price, while in the caseof buyers,shouts
hadto belessthanthe speci ed limit price.Importantly marketspopulatedby traders
using this algorithmwere shovn to behae analogouslyto real marketsin that they
convergedto the theoreticalequilibrium price [5]. This wasinterpretedasindicating
that the market mechanisnitself wasthe mostsigni cant factorin market behaiour,
andthatthe designof the tradingalgorithmwasnot asimportant.Cliff andBruten[7],
however, shavedthisto beincorrect, demonstratinghatthe convergenceobseneddur-
ing eachtrading period was an artifact of the supply and demandschedulesisedby
Godeand Sunder They demonstratedhat, for a certaintype of supply and demand
scheduleghat was closeto symmetric,the probability distribution of likely ZI-C bids
and offers would resultin corvergenceto the meanprice. They thenperformedsim-
ulationsto verify theseresultswith a broaderangeof supplyanddemandschedules.
For non-symmetricschedulesmarketspopulatecby ZI-C tradersfailedto corverge,or
corvergedto anon-marlet-equilibriumvalue.

The ZIP traderdiffersfrom the ZI-C traderin thatit learnsfrom the market. Each
ZIP traderhasapro t mamgin associatedvith its limit price.In the caseof buyers,the
prot mamin is the amountby which they wish to undercuttheir limit price to make
atrade,andin the caseof sellers,it is the amountby which they wish to exceedtheir
limit price.WhenaZIP tradershoutsthepriceis constrainedy its limit priceandpro t
mamin. Thetraderuseghe market'sresponsdo its actity (andthe obsenableactiity
of others)}o updateits pro t mamin. For instancepuyersobsene thebidsmadeonthe

*In our casethe distributed natureof the market and the impossibility to maintaina single
marlket price hasmeantthatwe cannolongerdescribehe mechanisnmasa doubleauction.



marketandwhetheror notthey areacceptedndadijusttheir pro t magin accordingly
The ZIP algorithm employs the Widrow-Hoff learningrule with momentum[18] to
adaptthesepro t mamginsthroughouteachtraderslifetime, maximisingfor eachtrader
the possibility of makinga pro table trade(for full detailsof this algorithm,see[7]).
This learningrule allows thetradersto rapidly convergeon the optimal price, while the
momenturmtermallows blips in the marketto beignored.Unlike ZI-C, ZIP tradersare
capableof nding the market equilibrium undera wide rangeof supplyanddemand
schedules.

Here eachZIP traderwas initialised with a randompro t mamgin dravn from a
uniform distribution [A1; A1 + A;]. Eachtraderwas also initialised with a random
learningratedrawn from a uniform distribution[B 1; B; + B»] andrandommomentum
valuedrawn from auniformdistribution[C,; C; + C;]. Thetargetpricefor the Widrow-
Huff learningrule wascalculatedrom T = Fq+ G whereqis the shoutedpriceand
F is avaluedrawn from a uniform distribution [1:0; 1:0 + D] for buyersand[1:0
Dr; 1:0]for sellers G is arandomvariabledravn from auniformdistribution[0:0; D a ]
for buyersand[ D a;0:0]for sellers.Thus,F providesasmallrelative perturbatiorto
thetamgetpriceandG providesa smallabsoluteperturbation.

2.4 TopologicalLearning Rule

ThestandardIP learningrule makesnodistinctionbetweertheinformationit receves
from differentindividuals.lt wasdemonstratefiL6], however, thatthereis arelationship
betweentraderconnectvity andaccurag of valuation.The following modi cation to
thestandardZIP Learningrule wasdevisedto take thisimbalancdnto account.

TheWidrow-Hoff rule currentlyincludesa x edlearningratewhichin uenceshow
quickly a traderis ableto learn.In orderfor the tradersto take accountof informa-
tion quality, the learningrate was modi ed so that insteadof being x ed, the value
would be calculatedfor eachpieceof informationreceved. This alterationresultsin
ZIP tradergplacingmoreweighton informationobtainedrom well-connectedndivid-
ualsthanfrom lesswell-connectedndividuals.

Thefunctionf (s;r) wasde ned, wheres andr arethe senderandrecipientof a
pieceof information(ashout).

8
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Thefunction, E, givesthe numberof neighbourgdegree)of atrader andR max is
thelargestratio of edgesetweertwo adjacentraderswithin themarket.M is themid-
pointof the functionandQ controlsthe rangeof valuesthatit cantake. This enhanced
learningrule weightsinformationaccordingto relatve connectvity within the market,
i.e., theratio of the senders connectity to therecipients connectvity determineshe
learningrate.Whenthe sendeiis morehighly connectedhantherecevertheinforma-
tion recevved is morelikely to be accurateand so more adaptatioroccurs.Whenthe
recever is more connectedthe recever's currentpicture of the market stateis likely



to be more accuratehanthe sendersaand so lessadaptatioroccurs.The valueis nor
malisedby the maximumratio presentn themarketto preventunnaturalearningrates.
Connectvity ratiosarelog-scaledo ensurethatlearningrateadaptatioris sensitve to
the small differencedn connectiity that characterisenostsendeirecipientpairsin a
network generatedby a preferentiabttachmenprocesgwheretherewill beonly afew
very well-connectedndividuals).

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

G(s;r)=f (s;rn)+ (1 )L

WhereL wasthe original Widrow-Hoff learningrate.This functionallowedsimple
controlof haw muchimportancehetradingstratgy placedontheenhancedule.

2.5 GeneticAlgorithm

In this experimentit was desirablefor differenttrading stratgiesto competeagainst
eachotherin orderto examinethe selectionof trading stratgies. A co-evolutionary
systemwas designedin orderto do this. As was notedby CIiff [19] the behaiour
of a ZIP traderis governedby eight real valued parameterghat may be expressed
asavectorV: V = [A1;A2;B1;B2;C1;Cy;DRr;Da]. In the caseof enhanced
ZIP tradersit was necessaryto introducethree new parameterghat controlled the
function of the topologicallearning rule, therefore,the vectorusedwas W: W =
[A1;A2;B1;B2;C1;Cy;Dr;Da; M;Q; ] Theseparametersvereusedto form areal
valuedgenotypdn which eachparametewasboundedo lie betweerzeroandone.

Frompreviousresults[16] we know thatatradersconnectvity affectsits pro tabil-
ity within the market. As a consequenca tradersconnectvity may alsoaffectits op-
timal strat@y, therefore jt wasdesirablefor traderswith differentconnectitiesto be
ableto evolve their own stratgiesindependentlyln orderto do this it wasnecessary
to maintain multiple populationsof genotypesOne methodof doing this would be
to have onepopulationof tradersfor eachpossibleconnectity, i.e. a populationfor
traderswith 99 connectionsa populationfor traderswith 98 connectionsetc. There
is a problemwith this system althoughthereare mary examplesof traderswith few
connectionsn thenetworkstherearerelatively few examplesof traderswith largenum-
bersof connectionslt would have requireda prohibitively largenumberof trialsin each
generatiorto evaluateeachstratgy's tness accuratelyln orderto avoid this problem
eachmarket wasbrokenupinto a x ed numberof groups,Gy (20in all experiments
reportedhere),sortedby connectvity. TheN=Gy mostconnectedndividualsformed
onegroup,the next N=Gy mostconnectedndividualsformedthe secondgroupand
soon. Previous results[16] shoved that traderswith similar connectiities tendedto
achieve similar resultsandso could possiblyemploy the samestratayy. This justi ed
theformationof a setnumberof populationghatwould eachcontributethe samenum-
berof tradergo eachexperiment.

To populatethe groupsG, populationsvereformedeachof sizeS; (in all exper
imentsreportedhereS, = 25), eachpopulationcorrespondedo a particulargroup.
In eachtrial N=Gy membersf eachpopulationwerechosenat randomto form each



group.Themembersf thesegroupswerethenaddedo the network in theappropriate
places Every memberof eachpopulationparticipatedn T, trials eachgeneration(in
all experimentsreportedhereT, = 40). Due to the randomnesgresentin the mar
ket andallocationof limit pricesit wasnecessaryo assesshetraderstness multiple
timesin orderto attaina meaningfulestimation Stratgy tness wasthe averagepro t
extractedby a strategy over all trials in that generationThe averagepro tability has
anintuitive appealasin thereal-world pro table stratgiesaremorelikely to survive
andbe copied.Standardoulettewheel selectionwith tness proportionateveighting
wasusedto selectindividualsfor entryinto the next generationMutation occurredat
every locusof aselectedyenotypewith probability Py, (Pn = 0:05in all experiments
presentechere).Mutation consistedof a perturbationof the locusby a value dravn
from auniformdistribution (  0:05; 0:05). If the mutatedvaluewasgreaterthanoneor
lessthanzerothenthe mutationwasdiscardedandthe original value used.In accor
dancewith the methodemployed by [19], single point crosseer was performedwith
probabilityP. (P. = 0:3in all experimentgresentedhere).

3 Results

Evolution occurredover 1000 generationsEach market was populatedby 100 ZIP
traders Eachtraderwasrandomlyallocateda limit pricein therange[1:00; 2:00], and
eitherthe ability to buy oneunit or sell oneunit of anunnamedndivisible commodity
Eachmarket simulationlastedfor 400 time steps.Markets were constrainedoy net-
works, constructedas describedabove, with P = 1:0 andm = 10, andall markets
operatedthroughthe market mechanisnmdescribedabove. At the start of the experi-
mentgenotypeswere initialised with parametersandomly chosenfrom the uniform
distribution[0; 1].

Figurel shavs the average tness of individualswithin  ve differentpopulations
averagedover 24 experimentalruns.Theleft gure shaws theresultof evolving stan-
dardzIP traderstheright gure shonstheresultof evolving theenhancedIP traders.
In both casesstrongtrading strateyies are quickly found by all populations(within
approximatelythe rst 40 generations)From this point onwards,however, the tness
levelsof the populationgemainapproximatelyconstant.

It shouldbenotedthatalthoughtheabsolutetness doesnotchangeafterthe rst 40
generationshis might not meanthatthe stratgiesarenot continuingto adapt.Fitness
is measuredby theaverageamountof pro t atradermakes.In thesemarkets,however,
theamountof pro t availableis x ed(thoughthereis somesmallvariationdepending
on the randomdistribution of limit prices).In orderfor one populationof tradersto
increasdts tness it is necessaryor it to becomemore pro table relative to another
population.Thisis dif cult to do asotherpopulationaresimultaneoushattemptingto
adapttheir stratgiesto do the same.As in mary co-esolutionarysettingsthe trading
stratgjies are continually adaptingagainsteachotherand cancellingout eachother's
adwantagesSo althoughthe tness's may appearconstantthe stratgies may still be
moving andchangingn the strategy space20].

In both experiments correspondingpopulationsattainsimilar tness's. This indi-
catesthat somepopulationsmay have inherentadvantageswithin the market andthat
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Fig. 1. Absolute tness averagedover twenty four experimentsfor ve of twenty populations
ranked in decreasingrderof connectiity for (left) standardZIP traders,and(right) enhanced
ZIP tradersusinga learningrule adaptedo exploit markettopologyinformation.

thetradersarenotablecompensatéor thesedifferenceslt appearshatthe morehear-
ily connectegopulationglow numberedpreableto exploit their connectvity advan-
tageandextractthe sameamountof pro t from themarketin bothcases.

Figure2 dealswith the deviation of the tradersvaluationsover the lengthof amar
ketexperiment.Theseresultswereobtainedoy performing10,000market experiments
usingthe nal populationsdfrom eachof the twenty-fourgeneticexperiments At each
time-stepthe deviation from the equilibrium price of eachtraders valuationwasmea-
sured(tradersthat had alreadytradedwere not includedin this measure)ln previous
work it wasdemonstratethattradersvhoweremoreheavily connectedhadvaluations
thatwerecloserto theequilibriumpricethanthosewho wereweakly connectedin this
casehowever, all tradersquickly corvergeto equallygoodapproximation®f theequi-
librium price. Theadditionof thetopologicallearningrule doesnot appeato have ary
effectontheability of tradergo identify theequilibriumprice. Thecorvergenceoccurs
atthesamespeedandto the samdevel, bothwith andwithoutthetopologicallearning
rule. (Note, this measurewill never corvergeto zeroassometradershave limit prices
beyondtheequilibriumprice which boundgtheir valuationaway from it).

Figure3 shavstheaveragdearningratefor eachof the nal populationsin thecase
of thestandarIP traderghelearningrateis inverselyproportionalto the connectvity
(r value< 0:01), i.e. more connectedndividuals have a lower learningrate thanthe
lessconnectedndividuals. In the caseof the enhancedIP tradersthe learningrate
appeargo remainapproximatelyconstantacrossthe populations The enhanced|P
tradershave on averagea higherlearningratethanthe standardIP traders.

Figure 3 shaws the averageinitial prot mamin for eachof the populations.The
rangeindicatedon the graphis the rangefrom which eachtradersinitial prot mamgin
is drawn. This valueis thenadaptedhroughouthe courseof the experimentasshouts
areheardIn bothcasegshereis apositive correlationwith connectity (r value< 0:01).
i.e. the more connectech traderthe higherthe initial prot magin. The value of the
initial prot mamin doesnot appearo dependon the useof the topologicallearning
rule.



Fig. 2. Absolutedeviation from optimumprice averagecver 10000runsfor the nal populations
of eachof 24 experimentsTradersrankedin decreasingrderof connectyity for (left) standard
ZIP traders,and (right) enhanced?IP tradersusing a learningrule adaptedto exploit market
topologyinformation.
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Fig. 3. LearningRatefor all membersf the nal populationsof twentyfour experimentssorted
in decreasingrderof connectiity. (Left) StandardIP tradersand(right) enhancedIP traders
usingalearningrule adaptedo exploit markettopologyinformation.

Figure 5 shaws the averageweightingfactorfor the topologicallearningrule for
eachof the populations.The graphshaws that this remainsapproximatelyconstant
acrosspopulationsNo populationexploits the rule morethanary other It shouldbe
notedthatthe midpoint (M ) andrange(Q) of the rule remainapproximatelyconstant
overall populationsat 0.35and0.45.

In both setsof experimentshe remainingparametersvereapproximatelyconstant
acrosspopulations.The momentumparameter®8,; = 0:35andB, = 0:70 andthe
perturbatiorparameter€, = 0:35andCgr = 0:3.

4 Discussion

This paperaimedto investigatingeffects of diversetrading strategjies on trading be-
haviour in a structuredmarket. Previous work hadexaminedmarketswith a homoge-
neouspopulationof traders[16]. In this paperthis limitation wasremovedin orderto
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allow amorerealisticrepresentationf a market whereindividual tradersmay develop
their own stratgiesbasecdn their circumstanceandervironment.

The rst nding of this paperwasthat, traderswho are betterconnectedn aver-
agestartwith higherinitial pro t mamgins.By having a higherinitial pro t margin the
moreconnectedradersareadoptingmoreaggressivemarket strategies.A higherpro t
margin meanghe well-connectedradersdemandmorefrom their tradingpartnersand
asaresultwill probablytake alargercut of the prot from the trade.They areeffec-
tively ableto chagetheir trading partnera premiumfor the right to tradewith them.
How arethey ableto do this? Thereis no advantagefor the partnerin tradingwith the
well-connectedndividual, the unit of goodsboughtor sold hasthe samevalueandno
reputationis gainedthroughtradingwith thewell-connectedndividuals.

It is the market positionthatis exploited by the well-connectedradersin orderto
increaseheir pro ts. A betterconnectedndividual hasmary potentialpartnersbut it
will only tradewith oneof them.Onceit hastradedall othertradersareleft with one
lesspotentialpartner If atraderis quick andagreedo the disadantageousermsit is
ableto reliably make a tradeand extract some(small) pro t. If, however, it doesnot



thenit takesa chanceon nding anotherpartnerwho is moregenerouser not nding

ary partnerandsomakingno pro t. The extentto which a well-connectedndividual
maydothisis governedby its connectwity, thebetterconnectednindividual,themore
likely it is thatanotheitraderwill take theunreasonableermsandtrade.Thereforethe
betterconnectednindividual is the higherit cansetits initial priceandstill expectto
make atrade.

This paperdemonstratedhat the way in which traderslearnis affectedby their
connectvity. In the caseof standardZIP tradersthe results(3, left), clearly show that
learningrateis inverselyproportionalto connectvity. Thelesswell connected trader
isthemoreit learnsfrom eachpieceof information.Thisseemdo beintuitively correct,
if atraderrecevesalargeamountof informationit is possibleto averageoverthemall
andplacelessweighton ary individual piece.If informationis relatively sparsehen
thetradermustplacemoreimportanceon eachpieceheard.

Figure3 (right) shaws the learningratesof the enhanceIP traders.It would ap-
pearfrom this graphthat the enhancedIP tradersdo not follow the sametrend, as
thereis virtually no slopepresentWhenthe effect of the topologicallearningrule is
included,however, a slopeappearsFigure5 shavs thatthe weighting of the learning
rule remainsapproximatelyconstantacrossall populationsjn addition, the midpoint
andrangeof thefunctionalsoremainsconstantThe effect of this rule, however, is not
the samefor all populationsTraderdan themoreconnectegopulationsaremorelik ely
to hearinformationfrom atraderswho is lessconnectedhanthey are,i.e. thosefrom
a lower numberedoopulation,andvice versafor thosein lessconnectecpopulations.
This effect becomedargertowardsextremes Whenthe effect of thetopologicallearn-
ing rule is addedto the x edlearningrate,a similar patternis obsenedto that seen
in the standardZIP traders.Althoughthe learningrule doesnot improve the traders
performanceit is usedasaneasyway to correctlyshapehelearningfunction.

The resultsalso shaw that, in a market populatedby standardZIP traders,those
traderswho possessnore connectionsare ableto make morepro t thanthosewho
have lessconnectionsasdemonstratedy their higher tness ( gure 1left). The tness
remainsalmostunchangedvith the additionof the topologicallearningrule ( gure 1,
right).

This is a very surprisingresult. Previous experimentg16] had suggestedhatthe
additionof the topologicallearningrule allowedlesswell connectedradersto reduce
the informationaladvantageof betterconnectedraders.As a resultthe performances
gapbetweerthe bestandleastwell-connectedndividualscould be narroved. Accord-
ingly it was expectedthat with the addition of the topologicallearningrule the less
well-connectegopulationsvould gaina higher tness andthe betterconnectegopu-
lationsalower tness thanbefore.ln appearshowever, thatthis wasnotthe caseThe
topologicallearningrule hadno effect on the ability of tradersto extractsurplusfrom
themarlket.

Figure2 shavs parametesetsare evolved suchthat after a small numberof time
stepsall traders,on average have a valuationthatis equally closeto the equilibrium
price.In previousexperimentsusingmarketspopulatecoy homogeneousadersthose
with moreconnectiondiadavaluationsigni cantly closerto theequilibriumpricethan



thosewith fewer connectionsThe enhanceIP tradersproducean almostidentical
result. They corvergeto asimilarlevel in asimilaramountof time.

Thesigni canceof thisresultshouldnotbeunderstatedt demonstratethatavery
simpletradingstratey, ZIP, is ableto evolveto performwell in astructurednarketwith
limited information. Previously, in a homogeneougopulation,it was demonstrated
that simpletraderscould useinformationquality in orderto increasethe accurag of
their valuations.In this case a heterogeneouadaptve populationwasableto adapta
few simpleparametersuchthatthe deviation from the equilibrium price of the shouts
was approximatelyequalacrossall individuals ( gure 2). As a resultinformationin-
equalitieswereno longervisible in the shoutsandso could no longerbe exploited. By
adaptingtheir parameterghe ZIP traderswvereableto remove the effect of information
inequalitiesfrom the market, all that remainedwas the effect of the market structure
itself.

This fact hasimportantconsequencesf the structureof the market (the number
of possiblepartnersa traderhas)is the only remainingfactorthatis unequalbetween
traderghenit mustbethisthatcausesnequalitiesn pro ts. Sincethisfactorcannotbe
affectedby thetradingstrateyy thenthedesignof moresophisticatedradingalgorithms
maynotbeableto mitigatethis effect. In this paperit wasshovn thattheadditionof an
topologicallearningrule, thatwaspreviously demonstratetb be effectivein structured
marketssuchasthis, hadno effectonthe tness or valuationdeviations.In otherwords
the standardZIP stratgyy wassufciently advancedthatit could nd the competitive
market equilibriumin theseseparatednarketsandthatthe additionof a morecomplex
stratgy could notimprove on theresultfoundfor ary group.

This leadsto two possiblehypothesesFirst, in this simple trading scenariomore
sophisticatedradingalgorithmsmay not be ableto signi cantly outperformthe stan-
dardZIP algorithm.Secondthatno populationof competitve traderqthosethatdo not
voluntarily give up possiblepro t) will beablesigni cantly improve the performance
of onepopulationrelativeto anotherlin orderto testthesehypothesemoreexperiments
mustbe performed.In particularexperimentsthat pit the standardZIP algorithmand
theenhancedlgorithmagainseachotherandagainsothertradingsystemsn thesame
market.

5 Conclusion

This paperhasdemonstratedhatit is possibleto evolve simpletrading stratgiesto
functionwell in structuredmarkets. It hasdemonstratedhat by tuning a few simple
parameterg is possiblefor thetradergo quickly remove ary informationalimbalances
presenwithin the market. Any differencesn pro ts thatremainarethensolelydueto
differencesn the numberof possibletrading partnerghat eachtraderhas.It wasalso
demonstratethatthe additionof amorecomplex tradingstrateyy thathadprovedto be
effectivein structuredmarketspopulatecoy homogeneousadershadno effectonthe
distributionof pro t within themarket. Themoreadwancedradingstratgy wasnotable
to mitigatethe imbalancesiueto the market structure. The inherentimbalancesvere
showvn to beexploitedby thebetterconnectedradersallowing moreaggressietrading



stratgjiesto be employed successfully This was primarily dueto a larger numberof
potentialtradingpartners.

Theseresultsalsohave importantconsequencdsr realmarkets. Thefactthatsim-
ple trading stratgiesmay be tunedto remove informationalimbalancesndicatesthat
thismayalsobetruein realmarkets. Themarketsusedin this experimentweresimple,
however, they do captureimportantfeaturesof real commoditymarketsi.e. thereare
shoutsandtradesthat specify pricesfor goodsof a known quality andvolume.Some
real markets,suchas nancial markets,arenot entirely dissimilarfrom this, thoughit
is acceptedhatreal marketspossesnore commoditiesandmoreinformationsources.
Thiswork suggestshatin heterogeneoysopulationf self-intereste@ddaptvetraders,
suchasthosefoundin thereal-world, it is possibleto ignoreinformationaladvantages
asa resultof market connectvity. After a shortamountof time, barringthe effect of
privateknowledge,all tradersshouldhave an equallygoodvaluationof the commod-
ity. Given that maintainingtrading connectiongrobablyhassomecost,whatthenis
theadvantageof having multiple connectionsThe advantagecomesrom having more
possibletradingpartnersThe moretradingpartnersatraderhasthe moreaggressie it
canbein its tradingstratgly andasaresultthemorepro t it canmake. Soeventhough
all tradersmay know the fundamentalalue of a commoditythe structureof the trade
network itself allows sometradersto extracta higher price for that goodthanshould
theoreticallybe possible.In otherwords traderscan exploit their market position to
extractmoresurplusfrom a market thantheorysuggestshey should.
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