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Abstract

Theuseof theagent-basegaradigmin modelling nan-
cial markets providesan intuitively natural approach and
is a well establishedednique In contrast with the as-
sumptionsaind conclusionof theefcient marketshypothe-
sis(EMH), agentbasedmodelsprovide a refreshingcausal
appmoad to undesstandingthe emegenceof the geneal
stylizedfactsof nancial markets.In this reportwe present
detailsof an agent-basedtodk market simulationin which
traders utilise a hybrid mixture of commonnformationcri-
teria basedinferenceprocedues,including minimummes-
sage length (MML) inference Traders in our modelcom-
petewith eat other using a range of different inference
techniquego infer the parametes andappropriate order of
simpleautoregressivg AR) modelsof stod price evolution.
We showthat in the presenceof a noisy AR signal, MML
traders signi cantly outperformtheir competitos, and in
factdo well evenin theabsencef sud a signal.

1 Intr oduction

The ef cient marketshypothesigEMH) aspopularised
by Fama[26] and others (e.g., Jensen(1978)[353 and
Malkiel (1973)[43) presentsiswith theclaimthatthemar
ketis “ef cient with respecto [an] informationset... if it is
impossibletco make economigoro ts by tradingonthebasis
of [that] information' [35].

This modelignoresthe behaiour of individual trading
agentdn the systemrelegatingthemto anarbitragerole in
which moreef cient tradersexploit lessef cient tradersto
keepthe market correctly priced,with respecto the infor-
mationsetthey arebasingtheir decisionsupon. See,e.g.,
Mayhew [46] for further discussion. The EMH hasbeen
disputedon various conceptualgrounds. Farmerand Lo
[27] point out thatthe EMH is “not a well-poisedandem-
pirically refutablehypothesis'(lbidem, p.2), andthat only
conceptsof relative ef ciency make ary sense. Further
more,they notethatby extendingthe conceptof strict ef -

ciengy to scienti ¢ researctoneendsupwith theconclusion
thatany worthwhileresearchmusthave alreadybeendone,
andhencethatno progresss possibleg.qg.,if it wereworth
working out whethermarketsareef cient or not, someone
would have alreadydoneit. Dowe and Korb [24] object
to the EMH on variousother grounds. One groundupon
which they objectis computationalithe undecidabilityof
Kolmogoros compleity [55, 36, 15 and the relationship
betweenMinimum Messagd_ength (MML) inferenceand
Kolmogoros complexity [66] meansthat we canrarely; if
ever, prove that our inferencetechniqueis superiorto that
of otherpotentialtradersin the market, andhencewe can
never (or rarely) precludethe existenceof a superiorinfer-
encetechniqueto our own. It follows thenthatwe cannot,
in general prove thata non-trivial marketis ef cient.

Agentbasednicro-simulatiormodelsof individualtrad-
ing explore the possibility that the emegentbehaiour of
individual interactionsis responsiblefor obsened market
behaiours[18]. Tesftsion[59] conductsareview of agent
basedapproachem nance, andLeBaron[40] reviewsthe
methodologyandconstructiorof agent-basedtockmarket
simulationsin particular Within the context of heteroge-
neousagent-basedimulation,onecanintroduceagentshat
correspondwith rational expectations(RE) type assump-
tions (seee.g.,Chenand Yeh[16]), aswell asagentsthat
correspondo behaioural modelsof individual economic
behaiour (for areview of behaioural nance thereaderis
referredto Shiller [54], andBarberisand Thaler[6]).

In this simulationwe introducea setof tradingagents
into an arti cial single stocktrading ervironmentwho at-
temptto modelthe evolution of the stockpriceusinganau-
toregressie (AR) model. Furthermorethe AR agentsare
divided into subsetof agentswho usedifferentinforma-
tion criteria (IC) to selectan autorgjressve model ordet
The methodusedto generateparameterestimatesor the
AR modelsusedhereis that of conditionalleastsquares,
asoutlinedin [28], modi ed suchthatthe maximumlik e-
lihood estimatorof the standarddeviation areusedfor the
stationarymodel varianceestimatesas describedn Box,
JenkinsandReinsel([12, pp296-304]).



The use of an information criterion as a meansto se-
lecting a parsimoniousmodel to explain obsened datais
fairly controversialin termsof implementation,if not in
principle. Commonlyusedinformationcriteriawhich have
beenusedto penalisemodelswith an excessve number
of explanatory factors (typically leadingto increasingly
poor predictive accurag) include Akaike's AIC [2], Hur-
vich andTsai's correctedAIC [33], Schwarz's BayesianC
(BIC) [53], Rissaners 1978 mimimum descriptionlength
(MDL) [51, 52], HannanandQuinn's IC (HQIC) [31], and
C.S.Wallaces Minimum Messagé.ength(MML) criterion
([64] (with Boulton)[69] (with Freeman]66] (with Dowe)
[63]). Baseduponthework of Fitzgibbon,Dowe andVahid
[28] in which variousinferencetechniquesare compared
onvariousgenerated\R signalswe implementwithin this
simulationagentghatembodyarangeof differentinforma-
tion criteriabasednferencetechniquesandallow themto
competadirectly with eachother.

Thestockmarketsimulationusedhereis anextensionof
thearti cial stockmarketpresentedh Collie [18], in which
agentsare selectedrandomlyfrom a traderpool of x ed
total sizeto appraisehe market (considerthe sequencef
pastprices)andpotentiallysubmitbidsto a double-auction
process. Other stock market simulationsusing an agent-
basedradingmethodologyincludethe pioneeringwork of
theSantaFesimulation[32, 4], theGenoesasimulation[50]
andotherse.g.[42, 34, 17], SeeLeBaron[41] andalsohis
websité for furtherreferences.

The next sectionoutlinesthe set-upof the stockmarket
simulationin moredetail,andpresents closerexamination
of theinformationcriterion usedby the tradingagents.We
thendiscusgheresultsobtainedandtheirimplicationsfor
discussion®f market ef ciency. Finally we concludewith
potentialdirectionsfor furtherresearch.

2 Simulation Design
2.1 StockMark et Design

As mentionedthe stockmarket simulationusedhereis
an extensionof the arti cial stock market rst presented
in Collie [18]. Agentsparticipatein multiple roundsof a
continuousdouble-sidecauctionof a singletradableasset,
submittingbuy andsellordersat x edprices("atlimit' bid-
ding). Unmatchedr partially matchecdrdersaresubmitted
to an “orderbook’, ascommonlyemployedin modernex-
changesNew tradesarematchedagainstxisting ordersin
thebook. Suchorderbooksare often publicly visible, and

1We omit pricing approachesike the Capital AssetsPricing Model
(CAPM) mean-ariancetrade-of. Dowe [23] considersit to be largely
discredited.

2hitp://people.brandgiedu/ blebara/acf/index.htm

areoftenusedto estimateaunderlying depth'andhiddenin-
formationin the market for a security[9, 11], but agentsn
this simulationdo not considetthis information. Eachtrad-
ing roundconsistof arandomnumberof tradersandomly
selectedfrom the traderpool. Whenan agentis selected
from the traderpool they appraisehe market accordingto
their characteristit¢radingstrateyy or tradingrules,andpo-
tentially submitanorderto the market. If, uponthenew or-
derbeingsubmitted ,a matchingor partially matchingpre-
existing bid is foundin the orderbook, thenthesebids are
matchedandthetradeis executedat the averageof the buy
andsell prices.Wheretwo existing ordersenterthebookat
the sameprice, the earlierordertakesprecedenceAgents
in this simulationtradea singlestockwith no dividend;the
total amountof cashandsharesavailableremainsconstant
throughouthesimulation,althoughtotal wealthlevels may
uctuate with the currenttradingprice of theasset.

After thebid submissiorandmatchingprocesshasbheen
cycledthrougha predeterminediumberof times,an “end-
of-day' phasds reachedandthe orderbookof outstanding
ordersis clearedandtheprocessepeatsOpen,close high
andlow pricesandtradevolumearerecordedandthecycle
re-initiatedfor the next “day', or round, of trading. Sim-
ulationsarerun for an exogenouslydeterminechumberof
tradingrounds,or until someotherterminationconditionis
reachedsuchasthecessatiorf tradeby thetradingagents.
This may occur, for example,if oneof the agentshascap-
turedthebulk of theavailablewealthin the market.

Tradersare initially allocatedequalnumbersof shares
andan equalvalueof virtual currengy with which to trade.
The total amountof sharesand curreng within the simu-
lation is held constanthroughout,but the total amountof
wealthavailableat any onetime uctuateswith the current
tradingvalue of the asset.Thereare 100tradersin total in
eachsimulation,of which 40 arerandomor AR signalgen-
erating,with the remaining60 divided evenly amongsthe
6 inferencetechniquessxamined. Ordersto buy andsell
take the form of “atlimit', or x edprice orders. Suchor-
der booksare often publicly visible, and are often usedto
estimateunderlying depth' and hiddeninformationin the
market for a security[9, 11], but agentsin this simulation
do not considetthis information.

We presentthreesimulationshere,onein which infer-
encetradersactin a market with eachotherandrandomly
trading “noise' agents,one in which the randomtraders
arereplacedby a setof traderswho calculatefuture price
changesas following an exogenouslyspeci ed noisy AR
process,and one in which inferenceagentsinteractwith
eachother with noise only from their own trading sig-

3The proportionof the numberof randomto inferencetradersis ex-
ogenouslydeterminedandis arrived at by attemptingto gatherenough
randomtradersto provide necessariquidity, whilst not somary thatthe
emepentpropertief themarket take too long to appear



nals. We demonstratesigni cant performancedifferences
betweertheinferentialtradersin the presencef theunder
lying noisy AR signal,the Gaussiamoisetradersandeven
in theabsencef explicitly noisytraders.

Tradingagentsparticipatingin thesesimulationsareei-
therof therandomlytradingvariety, or areoneof anumber
of differenttypesof autorgressve inferencetraders.

2.2 Random Traders

Randomtrading agents(or “noise traders') are gener
ally introducedinto agentbasedstock market simulations
asa meansof providing market liquidity. Collie [18] has
shawvn that simulationsinvolving randomlytrading agents
with only a simple monetaryconstraint( nite assetspen-
eraterealistic stock price dynamics. One of the earliest
modelsincorporatingrandomtradersappeardo be that of
Kyle in 1985[38], comingjust beforeFischerBlack's im-
portantpaperon trading noisein empirical markets[10].
Jack Treynor describeda three-trademodel of the stock
market (trading with a market maker) containinga ran-
dom(liquidity-motivated')traderin 1971[5]. Probablythe
mostwell known arti cial randomlyagenttrading model
is the “zerointelligence' model of Godeand Sunder[29],
whererandomlytrading agentssubjectto a “budgetcon-
straint' achieve high allocatie ef ciency in a doubleauc-
tion.

The randomtrading agentsusedin this model differ
slightly from thoseof the previous randomtradersin [18].
Whena randomlytradingagentis selectedrom the trader
pool, they clearary existing, previously un lled ordersre-
maining in the order book, and choosea uniformly dis-
tributedrandomnumberfrom 0 to 1 (randomnumbersare
generatedising the MersenneTwister generatorof Mat-
sumotcandNishimura[45]). Thisnumberisthencompared
to the traders currentratio of stocksto cash,and (if nec-
essary)an orderis submittedto the market to adjusttheir
currentpositionto thatof therandomlygenerategbosition.
The pricethis orderis submittedat is drawn from a Gaus-
siandistribution aroundthe lastprice change Thesegener
atedpricesare not boundecdbelow or above by the current
price,sothat(for example)arandomlygeneratedell order
maybe submittedat a price greaterthanthe currentprice.

2.3 Noisyand Inferential AR Traders

Autoregressve time seriesprocessedor a time series
y(t) areof thegeneraform

xXP
Vi = [iye i]l+ 1)
i=1
where  isanN( {; ?2) Gaussiari.i.d. errorterm with
average  andvariance 2.

In our secondsimulationwe introduceboth a noisy AR
signaland AR signal-detectingnferencetraders. The AR
signalis introducedinto the stockprice seriesby replacing
the randomnoise tradersof the previous simulationwith
the noisy AR signalgeneratingraderswho generatdrade
pricesusingan autorgressve modellik e thatgivenabove
ineq.(1).

The orderp of the autorgressve functionis variedran-
domly from oneto eightwhenthe simulationis initialised,
andthe parameterg ;) of the auto-r@gressionchosennot
necessarilto guarantesstationarity Whenthe orderp of
themodelis greatetthanone,theindividual parameterare
initially choserasA; = 1.0+ ;, where ; isassume@aus-
siani.i.d. with standardieviation of 0:01, gﬁdthe nal pa-
rametersarethennormalised; i = Aj=( jp:1 Aj). For
AR modelsof order one the stationarityconditionis im-
posed,the parameter is chosenas N (0:99; 0:01), such
that islessthanor equalto one.

Fitzgibbon, Dowe and Vahid in [28] shov clear dif-
ferencesin inferential power amongstdifferent informa-
tion criteria (IC) basednferencetechniquesWe introduce
groupsof differentinferencaechniquébasedradingagents
into the secondsimulationto potentially exploit the noisy
AR signalin the price series,and to compareadvantages
to usingdifferenttypesof inferencetechniquesWe include
agentghatassumédothastationaryandnon-stationaryro-
cessandmodeldataaccordingly

We allow inferentialagentsto constructAR modelsto
forecastfuture price changesf orderp 8. In orderto
determingthe orderof AR modelusedto estimatethe next
price change tradersrely upon their particularIC imple-
mentation.

2.4 Competing InferenceTraders

The third simulationwe undertale involvesthe removal
of all noisetraders,with only the differenttypesof infer-
encetradersparticipatingin thetradingscenario Liquidity
is introducedto the modelvia the inferencetradersthem-
seles;whenthey cannotdetermineasignalin thepastprice
sequencegdue mostlikely to a failure of the OLS routine,
thenthetraderscansubmitrandombids. Sinceall inference
tradersusethesameOL Sroutineto estimateheparameters
of their autorgressve models,a failure of the OLS routine
doesnotpreferonekind of traderoveranother Tradersonly
have a potentialfor advantagewhenall tradertypescould
hypotheticallytradeon the availablepastprice sequence.

3 Inference Technique and Parameter Esti-
mation

Parameterestimationfor the AR modelsis doneby in-
dividual agentsusingthe techniquesand methodsoutlined



in [28], with someimplementatiordifferences.The useof
IC in modelselectionhasgenerallybeenusedasa means
of augmentingnaximumlikelihood(ML) techniquesoas
to identify not simply the modelthatbest ts the data,but
ratherthemodelthatbestexplainsthe data;thatis, themost
parsimoniousmodel. Such modelsare generallychosen
on the basisof minimisationof modelcompleity [13], or
minimum messagéhypothesisand datagiven hypothesis)
length[66]. As notedby HanlonandForbes[30], theselC
in generakake theform

nlog( ?)+ Penalty(k;n); 2)

wherethe penaltytermis a function of the numberof pa-
rametersk, andthe samplesize,n. TheIC above is min-
imised by the appropriateselectionof model order p =
k 1

The four inferencetradertypesusedin this simulation
thatusean|IC of theform of eq. (2) use:Akaike's informa-
tion criteria[3] (hereafteAIC), correctedAIC [33](CAIC),
Schwartz's BayesianlC [53], which is hereequialentto
the1978implementatiorof theMDL [51] techniqugBIC),
andHannanandQuinn's informationcriteria[31] (HQIC).
TheirIC formsare:

AIC(K) = 2In(f (vj")) + 2 @3)
caict) = 2in(r (yi")) + 2K )
BIC(K) = 2In(f (yj ")) + kInn )
HOW) = 2In(t (vi"\) + 2KinGin(n))  (6)

The IC formalism of eq. (2) doesnot explicitly take
into accounffactorsrelatingto prior probability of potential
model choices(see,e.qg.,[69, p251], [30, 8], [66, pp279-
280])).

3.1 MML Inference

The Minimum Messagel.ength (MML) formalism of
Wallaceetal. [64, 69, 66, 67, 68, 63] differsfrom theusual
informationalcriteriain thatit usesan explicitly Bayesian
approachin thatadditionaltermsareincludedin theinfor-
mation criterion specifyingthe prior distribution over the
modelparametergsee,e.g., Baxterand Oliver [8] for de-
tails). Furthermorethe inclusionof a terminvolving the
determinanof the expectedrisherinformationmatrix cap-
turesfurtherinformationabouttheappropriateveightingof
obseneddatafrom differentregionsof the dataspacg([30,
section2]). As outlinedin Fitzgibbon, Dowe and Vahid
[28], the MML87 IC approximation[69] usedin this simu-

lationis describedy

log(f (yj ))

log Bl + B(L+ log( p)

—— log (h(p)) (7)
ire i

where f (yj )) is the likelihood function for the model
= ( 1;:5 p; 2) overthen obseneddatapoints(y =
Y15 Yn), with p+ 1 = k model parameters.jl ( )j is
the determinanbf the expectedFisherinformationmatrix,
p isaspaceguantisingattice constanth(p) is aprior over
themodelorder, p, and is anestimateof datameasurement
error.

Theseparametersalongwith the estimationof the AR
parametersaredescribedbelon. They aresubstitutednto
equation(7) to give the messagéengthin termsof the au-
toregressie order p. The shortestmessagdength for a
givenstring of pastpricesis thenusedto determinethe ap-
propriateorderof AR modelusedin forecastingthe next
price,andthe estimatedstandardieviation of this forecast.

3.1.1 FisherInformation

The Fisher information matrix, 1( ), is obtainedfrom
the secondpartial derivatives of the log-likelihood (10),

E @C?E@l),- . Its valueis approximatelyj12, p303][29

nPtt
ﬁJM pJ ' (8)

For the non-stationarycase the partial expectedFisher
informationis used

2
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3.1.2 BayesianPriors

For a stationaryAR time series,the messagédengthgiven
by equation(7) is calculatedy substitutingn the expected
Fisherinformation (8), the likelihood (10), priors over the
numberof parameter$(p) (over which we assumea uni-
form prior)*, andh( ) / %%, the prior over the param-
eterspaceR; the stationarityregion of the AR series.The
stationarityregion for p > 3 is complicated[47, 7]. As
givenin [28, equation®21 and22], we usean (uninforma-
tive) uniform prior overthe parametespacesinceasnoted
above andalsoin [28, footnote4, page4], the rangesused
forpand 2 donotaffectthemodelselectionin this experi-
ment,althoughin variouscircumstancewheretheabsolute

4This uniform prior over someparameterangewill obviously affect
themessagéength(in termsof anadditve constant)put for the purposes
of comparingbetweerdifferentmessagéengthsfor differentAR models,
the prior choserwill simply cancelout, andnot affect the nal message
choice. The rangeof parametersver which the prior is chosenis hence
arbitrary andhenceh(p) is setto unity for the calculations.



messagédengthis importantit will be necessaryo usean
alternatve, e.g.,a Betadistribution [44]. Thehypenolume
of the parametespaceds givenby Piccolo[49] in termsof
thefollowing recursion:

R]_: 2 M]_: 2
Rp = (M1M3 M, 1) forpeven
_ P _
Mp+l - mMp 1 Rp+1 - RpMp+l

3.1.3 Lattice Constants

As explainedin [63, p178,subsectior8.3.4](also[39, p15-
16]), in consideringhe setof possibleintervalsthatthe es-
timatesof cantake within , we regardthis setasbe-
ing representabléy regular lattice structureswhereeach
such possibleset hasthe samegeometry The most ef-
cient encodingof this structure,that is, the most ef -
cient packing of the lattice of points within the spaceis
called the optimal quantizing lattice, describableby the
lattice packing constant, , which is given exactly here
only for the rst threedimensionsbut is boundedabove
by < ((p=2))%P(2=p!= , andfrom belov by >
(p=2))ZP=((p+ 2) ). ConwayandSloan€22, p61]give
someof the bestknown quantizinglattices. The rst eight
arereproducedn tablel.

©

p

1=12

5=(36 3)
19=(192 2173)
0:076603
0:075625
0:074244
0:073116
0:071682

O~NO U WNBE

Table 1. Quantizing lattice constants, .

3.2 Parameter Estimation

GivenanAR time serieqeq. 1) de-trendedo insurethat
the meanis zero( = 0) andassumingnormality for the
's,we canwrite theexactlog-likelihoodas([12, p299])

S()

. n 1.
IC5 )= S %) + 5INjMpj

where
0 X 2
S( )=ypMpyp+ (yt Yt o1 pYt p)
t=p+1
(11)
(M) ! 2isthen n autocwariancematrix of they's,
2 3
0 1 n 1
E 1 0 n 2 z
n 1 n 2 0

Sincethe maximumlikelihoodestimatesof  obtained
from @ﬂ; (i = 1;2;:::; p) generallyrequireanalytic solu-
tionswhichdonotalwayscorverge[14], we useconditional
leastsquaregOLS) estimateswhich do. Thelik elihoodof
Yp+1 ;15 Yn conditionaluponthe rst p valuesof y is given
by ([12, p297])

I,If;(ypu:P::::ynjyp: ;)= 2 (e

1
f= p+1 (e

[
eXp 5= Yt 1 pYt p)2 (12)

which, if thelog is taken,andthe partial derivative with
respecto  setto zero,yieldsthe conditionalleastsquares

estimatefor 2,

1 X
2= 2Ty,

"oyt p)? (13)
pt:p+l

iyt 1

The minimisationof the sumin the above estimateyields
the OL§ estimatedor , ([12, p3Q4]) b = D, 'd, where
Dij = 1—pw Yt it janddi = . Vi i

4 Results

Figuresl and2 show averagewealthlevelsfor the dif-
ferent classeof tradersacross10 simulations,wherethe
resultsfor eachindividual simulationare averagesacross
eachagentclassover 150tradingrounds.Within eachtrad-
ing roundtherearebetweer,600and8,200individual po-
tential trading opportunitiesfor eachof the 100 agentsin
eachsimulation.

In our rst simulationinferenceagentsattemptto model
an AR time seriesfrom the pricesgeneratedy the noise
tradersandtheir interactionwith them. As one might ex-
pect,with little or no signalto detect,the wealthlevels of
theinferencetradersdon't shov muchvariation;they man-
ageto take most of the noisetraders'wealth from them,
but their own wealth,affectedby the decliningprice of the
stockthey aretrading,doesnotincreasesigni cantly after
aninitial, highly volatile tradingperiod.



Average wealth of all inference traders (left axis) and random traders
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Figure 1. Random noise trader s and inference
agents average wealth.

Figure 1 shaws the averagewealth levels for the ran-
dom (AVG_randtrade)and inferenceagents(AVG_all_IC),
for approximatelyl 50 tradingrounds,wherewealthlevels
areaveragesacrosslO simulations gachsimulationtherein
averagingtheresultsfor eachtraderclass.Randomtraders'
wealth levels are on the left axis (log scale),and shov a
rapid declineasthe inferenceagentscapturetheir wealth.
Averageinferenceagents'wealth,shovn on the right axis,

uctuatessigni cantly in the rst 40 roundsof trading,and
beginsto stabilisewhenmostof therandomtraders'wealth
has beencaptured. Smaller jumps in averageinference
traderwealth later in the trading roundsre ect the trans-
fer of wealthinto fewer andfewer inferentialagents'con-
trol. Thetype of inferencetraderthat captureamostof the
wealthappeardo uctuate randomly anddid notshaw ary

clearoutperformemcrossmary simulations.

In the secondsimulationwith a noisy AR signalbeing
generatedinferencetechniquetradersdo signi cantly bet-
terthanin the presencef only randomtraders Eachof the
10individual simulationshasa differentrandomlyselected
autorgressve modelbuilt in to the noisy AR signaltraders
within it.

As can be seenin gure 2, wealthlevels for AR se-
ries modellinginferencetradersare higher and more sta-
ble, for longer, thanin the previous simulation. It is dif -
cult to detectmuchdifferencebetweerthe performanceof
inferenceagentsembodyingnon-MML techniqueswhich
shaw slight variation baseduponthe sophisticatiorof the
informationcriteria (IC) they use,but in generalthe more
sophisticatedCs outperformthe simplerones. Using the
labelsfrom section2.3, we have outperformanceof BIC
(AVG_BIC) over HQ (AVG_HQ) over CAIC (AVG_CAIC)
over AIC (AVG_AIC). As the tradingroundsincreasebe-
yond 80, the MML inferencetraderssplit into two, with

thoseMML tradersusing a model assuminga stationary
AR time series(AVG_MMLSs) falling off to drift towards
the IC traders,whilst the MML inferencetechniquethat
assumesion-stationarityf AV G_.MMLns) signi cantly out-
performs.Thecollapseof wealthlevelstowards200trading
roundsrepresentshe almostcompletetransferof wealthto
theMML agents.

The third simulationregardsonly the inferencetraders'
interactionswith eachother, in the absenceof ary noise
traders. The inferencetradersact like Gaussiannoise
traderswhenthey cannotdetecta signalin the pastprice
series. In this scenariothe non-stationaryMML infer-
encetradersigni cantly outperformedhe otherclasseof
traders.Figure3 depictsthe averagef the averagewealth
level of the inferenceagentclassacross10 simulations
eachcontainingl00tradersover 200tradingrounds.Once
again using the agentclasslabels from section2.3, we
have the MML non-stationarnjinferenceagent(AVGavg-
MMLns) outperformingall other agentclasses. The sta-
tionary MML agent(AVGavgMML) camenext, capturing
the secondgreatesaimountof wealth. The suddendropin
the wealthlevel of the stationaryMML agentsnearto the
170throundre ects this wealthlevel existing by this point
in only oneof thetenaggreyatedsimulations,andthis par
ticular simulationhalting, or taking too long to continue,
at this point. The correctedAIC agentclass (AVGavg-
CAIC) alsostoodout, capturingthe third greatesipropor
tion of wealthbeforethe single simulationremainingwith
this agentoutperformingcameto a halt. With this scenario
halting, or taking too long to continue,only 4 of the origi-
nal 10 simulationscontinuedrunning. With thecessatiorof
thestationaryMML out-performancscenariothisdropped
to threewhich completed200 trading rounds. The only
otheragentclassto showv ary potentialin this scenariovas
theBIC (MDL) agent(AVGavgBIC), which brie y outper
formedall but the non-stationarfMML agentin earlytrad-
ing rounds(< 27). Fromthatpointforwardthe BIC agents
decliningwealth sharewas boundedabove by the decline
of the AIC agentclass(AVGavgAIC), andfrom below by
theworstperformingagentsthe HQ inferenceagentg Av-
GavgHQ). It is interestingto note the underperformance
of HQ agentsin this scenarioversuseven the simple AIC
traders. In seven out of ten of the underlyingsimulations,
the MML non-stationantraderwasthe bestperformerat
the cessatiorof execution. The otherthreeto outperform
were,asmentioned CAIC, BIC, andstationaryMML. The
high rate of halting or time overrunin thesesimulations,
which do not explicitly includenoisetraders,is dueto the
greaterrisk of liquidity loss;underperformingtraderstend
to gobroke.



Figure 2. AR noise traders and inference agent wealth levels by type.

5 Conclusions

We havedemonstrated simulatedstockmarketin which
tradingagentsembodya classof differentAR time series
inferencetechniquesand shavn thatin the presenceof a
noisy signal, MML-inference techniquebasedagentssig-
ni cantly outperformothertradersusingdifferentinference
techniques.We have shavn suchperformanceadvantages
to be persistentislong asthereexists a noisy signalto ex-
ploit, andthata level of outperformancexistsamongsin-
ferentialagentevenin theabsencef anexplicit noisysig-
nal. Suchtypesof agent-basetiybrid inferencetechnique
modelsappearo beareasonabléechniqueo applyto real
markets,andin future work we intendto combineinferen-
tial agentswith geneticalgorithmbasedsearchtechniques
in building superiorsimulationsof empirical market char
acteristicsandto demonstrat¢he ability of suchmodelsto
performin realtradingernvironments.

The performanceof the MML-based inferencetech-
nigueshereis not surprisinggiventhe succes®f MML in
earlierapplicationsby Wallaceet al. (e.g.,[70, 62, 65, 25,
67,61, 60]) andDoweetal. (e.g.,[48, 56, 57, 1, 28, 20, 21,
58 andreferencegherein)and,we hope,providesfurther
impetusto greatemrecognitionof this methodologyandits
relevanceto practicalstatisticalinference.

In termsof market ef ciency, we seeherethatanagent
usinga superiorinferencetechniquewill consistentlyout-
performalesserone. Furthermorgrecallingsectionl, and
asstatedn [24]), sincein mostmarketswe cannever prove
that our inferencetechniqueis superior we canneitherin
generalestablisithattheredoesnot exist some(asyet un-
used)tradingtechniquethatwill outperformnorin general
thata marketis ef cient® .
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