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Abstract

Theuseof theagent-basedparadigmin modelling�nan-
cial marketsprovidesan intuitively natural approach and
is a well establishedtechnique. In contrast with the as-
sumptionsandconclusionsof theef�cient marketshypothe-
sis(EMH), agentbasedmodelsprovidea refreshingcausal
approach to understandingthe emergenceof the general
stylizedfactsof �nancial markets.In this reportwepresent
detailsof an agent-basedstock market simulationin which
tradersutilisea hybridmixtureof commoninformationcri-
teria basedinferenceprocedures,includingminimummes-
sage length(MML) inference. Traders in our modelcom-
petewith each other using a range of different inference
techniquesto infer theparametersandappropriateorderof
simpleautoregressive(AR)modelsof stock price evolution.
We showthat in the presenceof a noisyAR signal, MML
traders signi�cantly outperformtheir competitors, and in
factdowell evenin theabsenceof such a signal.

1 Intr oduction

The ef�cient marketshypothesis(EMH) aspopularised
by Fama [26] and others (e.g., Jensen(1978)[35] and
Malkiel (1973)[43]) presentsuswith theclaimthatthemar-
ket is `ef�cient with respectto [an] informationset... if it is
impossibleto makeeconomicpro�ts by tradingonthebasis
of [that] information' [35].

This model ignoresthe behaviour of individual trading
agentsin thesystem,relegatingthemto anarbitragerole in
which moreef�cient tradersexploit lessef�cient tradersto
keepthemarket correctlypriced,with respectto the infor-
mationsetthey arebasingtheir decisionsupon. See,e.g.,
Mayhew [46] for further discussion. The EMH hasbeen
disputedon variousconceptualgrounds. Farmerand Lo
[27] point out that theEMH is `not a well-poisedandem-
pirically refutablehypothesis'(Ibidem,p.2), andthat only
conceptsof relative ef�ciency make any sense. Further-
more,they notethatby extendingtheconceptof strict ef�-

ciency to scienti�c researchoneendsupwith theconclusion
thatany worthwhileresearchmusthavealreadybeendone,
andhencethatnoprogressis possible;e.g.,if it wereworth
working out whethermarketsareef�cient or not, someone
would have alreadydoneit. Dowe and Korb [24] object
to the EMH on variousother grounds. Onegroundupon
which they object is computational;the undecidabilityof
Kolmogorov complexity [55, 36, 15] and the relationship
betweenMinimum MessageLength(MML) inferenceand
Kolmogorov complexity [66] meansthat we canrarely, if
ever, prove that our inferencetechniqueis superiorto that
of otherpotentialtradersin the market, andhencewe can
never (or rarely)precludetheexistenceof a superiorinfer-
encetechniqueto our own. It follows thenthatwe cannot,
in general,provethatanon-trivial market is ef�cient.

Agentbasedmicro-simulationmodelsof individualtrad-
ing explore the possibility that the emergentbehaviour of
individual interactionsis responsiblefor observed market
behaviours[18]. Tesfatsion[59] conductsa review of agent
basedapproachesin �nance, andLeBaron[40] reviews the
methodologyandconstructionof agent-basedstockmarket
simulationsin particular. Within the context of heteroge-
neousagent-basedsimulation,onecanintroduceagentsthat
correspondwith rational expectations(RE) type assump-
tions (seee.g.,ChenandYeh [16]), aswell asagentsthat
correspondto behavioural modelsof individual economic
behaviour (for a review of behavioural �nance thereaderis
referredto Shiller [54], andBarberisandThaler[6]).

In this simulationwe introducea setof tradingagents
into an arti�cial singlestock tradingenvironmentwho at-
temptto modeltheevolutionof thestockpriceusinganau-
toregressive (AR) model. Furthermore,the AR agentsare
divided into subsetsof agentswho usedifferent informa-
tion criteria (IC) to selectan autoregressive model order.
The methodusedto generateparameterestimatesfor the
AR modelsusedhereis that of conditionalleastsquares,
asoutlinedin [28], modi�ed suchthat the maximumlike-
lihood estimatorsof thestandarddeviation areusedfor the
stationarymodel varianceestimates,asdescribedin Box,
JenkinsandReinsel([12, pp296-304]).



The useof an information criterion as a meansto se-
lecting a parsimoniousmodel to explain observed datais
fairly controversial in termsof implementation,if not in
principle. Commonlyusedinformationcriteriawhich have
beenusedto penalisemodelswith an excessive number
of explanatory factors (typically leading to increasingly
poor predictive accuracy) includeAkaike's AIC [2], Hur-
vich andTsai's correctedAIC [33], Schwarz'sBayesianIC
(BIC) [53], Rissanen's 1978mimimum descriptionlength
(MDL) [51, 52], HannanandQuinn's IC (HQIC) [31], and
C.S.Wallace'sMinimum MessageLength(MML) criterion
([64] (with Boulton)[69] (with Freeman)[66] (with Dowe)
[63]). Baseduponthework of Fitzgibbon,DoweandVahid
[28] in which variousinferencetechniquesare compared
onvariousgeneratedAR signals,we implementwithin this
simulationagentsthatembodyarangeof differentinforma-
tion criteriabasedinferencetechniques,andallow themto
competedirectlywith eachother1.

Thestockmarketsimulationusedhereis anextensionof
thearti�cial stockmarketpresentedin Collie [18], in which
agentsare selectedrandomlyfrom a traderpool of �x ed
total sizeto appraisethe market (considerthe sequenceof
pastprices)andpotentiallysubmitbidsto a double-auction
process. Other stock market simulationsusing an agent-
basedtradingmethodologyincludethepioneeringwork of
theSantaFesimulation[32, 4], theGenoesesimulation[50]
andothers,e.g. [42, 34, 17], SeeLeBaron[41] andalsohis
website2 for furtherreferences.

Thenext sectionoutlinestheset-upof thestockmarket
simulationin moredetail,andpresentsacloserexamination
of theinformationcriterionusedby thetradingagents.We
thendiscusstheresultsobtained,andtheir implicationsfor
discussionsof market ef�ciency. Finally we concludewith
potentialdirectionsfor furtherresearch.

2 Simulation Design

2.1 StockMark et Design

As mentioned,thestockmarket simulationusedhereis
an extensionof the arti�cial stock market �rst presented
in Collie [18]. Agentsparticipatein multiple roundsof a
continuousdouble-sidedauctionof a singletradableasset,
submittingbuy andsellordersat �x edprices(`at limit' bid-
ding). Unmatchedor partiallymatchedordersaresubmitted
to an `orderbook', ascommonlyemployed in modernex-
changes.New tradesarematchedagainstexistingordersin
thebook. Suchorderbooksareoftenpublicly visible, and

1We omit pricing approacheslike the Capital AssetsPricing Model
(CAPM) mean-variancetrade-off. Dowe [23] considersit to be largely
discredited.

2http://people.brandeis.edu/� blebaron/acf/index.htm

areoftenusedto estimateunderlying`depth'andhiddenin-
formationin themarket for a security[9, 11], but agentsin
this simulationdonot considerthis information.Eachtrad-
ing roundconsistsof a randomnumberof tradersrandomly
selectedfrom the traderpool. When an agentis selected
from the traderpool they appraisethemarket accordingto
theircharacteristictradingstrategy or tradingrules,andpo-
tentiallysubmitanorderto themarket. If, uponthenew or-
derbeingsubmitted,a matchingor partially matchingpre-
existing bid is found in theorderbook, thenthesebidsare
matchedandthetradeis executedat theaverageof thebuy
andsellprices.Wheretwo existingordersenterthebookat
thesameprice, theearlierordertakesprecedence.Agents
in this simulationtradea singlestockwith nodividend;the
total amountof cashandsharesavailableremainsconstant
throughoutthesimulation,althoughtotalwealthlevelsmay
�uctuate with thecurrenttradingpriceof theasset.

After thebid submissionandmatchingprocesshasbeen
cycled througha predeterminednumberof times,an`end-
of-day' phaseis reached,andtheorderbookof outstanding
ordersis cleared,andtheprocessrepeats.Open,close,high
andlow pricesandtradevolumearerecorded,andthecycle
re-initiatedfor the next `day', or round,of trading. Sim-
ulationsarerun for anexogenouslydeterminednumberof
tradingrounds,or until someotherterminationconditionis
reached,suchasthecessationof tradeby thetradingagents.
This mayoccur, for example,if oneof theagentshascap-
turedthebulk of theavailablewealthin themarket.

Tradersare initially allocatedequalnumbersof shares
andanequalvalueof virtual currency with which to trade.
The total amountof sharesandcurrency within the simu-
lation is held constantthroughout,but the total amountof
wealthavailableat any onetime �uctuateswith thecurrent
tradingvalueof theasset.Thereare100 tradersin total in
eachsimulation,of which40arerandomor AR signalgen-
erating,with the remaining60 dividedevenly amongstthe
6 inferencetechniquesexamined3. Ordersto buy andsell
take the form of `at limit', or �x ed price orders. Suchor-
der booksareoften publicly visible, andareoften usedto
estimateunderlying`depth' andhiddeninformationin the
market for a security[9, 11], but agentsin this simulation
donotconsiderthis information.

We presentthreesimulationshere,one in which infer-
encetradersact in 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
each other with noise only from their own trading sig-

3The proportionof the numberof randomto inferencetradersis ex-
ogenouslydetermined,and is arrived at by attemptingto gatherenough
randomtradersto provide necessaryliquidity, whilst not somany that the
emergentpropertiesof themarket take too long to appear.



nals. We demonstratesigni�cant performancedifferences
betweentheinferentialtradersin thepresenceof theunder-
lying noisyAR signal,theGaussiannoisetraders,andeven
in theabsenceof explicitly noisytraders.

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

2.2 RandomTraders

Randomtrading agents(or `noise traders') are gener-
ally introducedinto agentbasedstockmarket simulations
asa meansof providing market liquidity. Collie [18] has
shown that simulationsinvolving randomlytradingagents
with only a simplemonetaryconstraint(�nite assets)gen-
eraterealistic stock price dynamics. One of the earliest
modelsincorporatingrandomtradersappearsto be that of
Kyle in 1985[38], comingjust beforeFischerBlack's im-
portantpaperon trading noisein empirical markets [10].
JackTreynor describeda three-tradermodel of the stock
market (trading with a market maker) containinga ran-
dom(`liquidity-motivated')traderin 1971[5]. Probablythe
most well known arti�cial randomlyagenttrading model
is the `zero intelligence' modelof GodeandSunder[29],
whererandomly trading agentssubjectto a `budgetcon-
straint' achieve high allocative ef�ciency in a doubleauc-
tion.

The randomtrading agentsused in this model differ
slightly from thoseof thepreviousrandomtradersin [18].
Whena randomlytradingagentis selectedfrom the trader
pool, they clearany existing, previously un�lled ordersre-
maining in the order book, and choosea uniformly dis-
tributedrandomnumberfrom 0 to 1 (randomnumbersare
generatedusing the MersenneTwister generatorof Mat-
sumotoandNishimura[45]). Thisnumberis thencompared
to the trader's currentratio of stocksto cash,and(if nec-
essary)an order is submittedto the market to adjusttheir
currentpositionto thatof therandomlygeneratedposition.
Theprice this orderis submittedat is drawn from a Gaus-
siandistributionaroundthelastpricechange.Thesegener-
atedpricesarenot boundedbelow or above by thecurrent
price,sothat(for example)a randomlygeneratedsellorder
maybesubmittedata pricegreaterthanthecurrentprice.

2.3 Noisyand Infer ential AR Traders

Autoregressive time seriesprocessesfor a time series
y(t) areof thegeneralform

yt =
pX

i =1

[� i yt � i ] + � t (1)

where� t is an N (� t ; � 2
t ) Gaussiani.i.d. error term with

average� t andvariance� 2
t .

In our secondsimulationwe introducebotha noisyAR
signalandAR signal-detectinginferencetraders.The AR
signalis introducedinto thestockpriceseriesby replacing
the randomnoisetradersof the previous simulationwith
thenoisyAR signalgeneratingtraders,who generatetrade
pricesusingan autoregressive modellike thatgivenabove
in eq. (1).

Theorderp of theautoregressive functionis variedran-
domly from oneto eightwhenthesimulationis initialised,
and the parameters(� i ) of the auto-regressionchosennot
necessarilyto guaranteestationarity. Whenthe orderp of
themodelis greaterthanone,theindividualparametersare
initially chosenasA i = 1:0+ � i , where� i is assumedGaus-
siani.i.d. with standarddeviation of 0:01, andthe�nal pa-
rametersare thennormalised;� i = A i =(

P p
j =1 A j ). For

AR modelsof order one the stationaritycondition is im-
posed,the parameter� is chosenas N (0:99; 0:01), such
that� is lessthanor equalto one.

Fitzgibbon, Dowe and Vahid in [28] show clear dif-
ferencesin inferential power amongstdifferent informa-
tion criteria(IC) basedinferencetechniques.We introduce
groupsof differentinferencetechniquebasedtradingagents
into the secondsimulationto potentiallyexploit the noisy
AR signal in the price series,and to compareadvantages
to usingdifferenttypesof inferencetechniques.Weinclude
agentsthatassumebothastationaryandnon-stationarypro-
cess,andmodeldataaccordingly.

We allow inferentialagentsto constructAR modelsto
forecastfuture price changesof orderp � 8. In order to
determinetheorderof AR modelusedto estimatethenext
price change,tradersrely upon their particularIC imple-
mentation.

2.4 Competing Infer enceTraders

Thethird simulationwe undertake involvestheremoval
of all noisetraders,with only the different typesof infer-
encetradersparticipatingin thetradingscenario.Liquidity
is introducedto the modelvia the inferencetradersthem-
selves;whenthey cannotdetermineasignalin thepastprice
sequence,duemostlikely to a failure of the OLS routine,
thenthetraderscansubmitrandombids.Sinceall inference
tradersusethesameOLSroutineto estimatetheparameters
of their autoregressivemodels,a failureof theOLS routine
doesnotpreferonekindof traderoveranother. Tradersonly
have a potentialfor advantagewhenall tradertypescould
hypotheticallytradeon theavailablepastpricesequence.

3 Inference Technique and Parameter Esti-
mation

Parameterestimationfor the AR modelsis doneby in-
dividual agentsusingthe techniquesandmethodsoutlined



in [28], with someimplementationdifferences.Theuseof
IC in modelselectionhasgenerallybeenusedasa means
of augmentingmaximumlikelihood(ML) techniquessoas
to identify not simply themodelthatbest�ts thedata,but
ratherthemodelthatbestexplainsthedata;thatis, themost
parsimoniousmodel. Such modelsare generallychosen
on the basisof minimisationof modelcomplexity [13], or
minimum message(hypothesisanddatagiven hypothesis)
length[66]. As notedby HanlonandForbes[30], theseIC
in generaltake theform

� n log(� 2) + Penalty(k; n); (2)

wherethe penaltyterm is a function of the numberof pa-
rameters,k, andthesamplesize,n. The IC above is min-
imised by the appropriateselectionof model order, p =
k � 1.

The four inferencetradertypesusedin this simulation
thatuseanIC of theform of eq.(2) use:Akaike's informa-
tion criteria[3] (hereafterAIC), correctedAIC [33](CAIC),
Schwartz's BayesianIC [53], which is hereequivalent to
the1978implementationof theMDL [51] technique(BIC),
andHannanandQuinn's informationcriteria [31] (HQIC).
Their IC formsare:

AIC(k) = � 2 ln(f (y j�̂ k )) + 2k (3)

CAIC(k) = � 2 ln(f (y j�̂ k )) +
2(k + 1)n
n � k � 2

(4)

BIC(k) = � 2 ln(f (y j�̂ k )) + k ln n (5)

HQ(k) = � 2 ln(f (y j�̂ k )) + 2k ln(ln( n)) (6)

The IC formalism of eq. (2) doesnot explicitly take
into accountfactorsrelatingto prior probabilityof potential
modelchoices(see,e.g., [69, p251], [30, 8], [66, pp279-
280]).

3.1 MML Infer ence

The Minimum MessageLength (MML) formalism of
Wallaceetal. [64, 69, 66, 67, 68, 63] differsfrom theusual
informationalcriteria in that it usesan explicitly Bayesian
approach,in thatadditionaltermsareincludedin theinfor-
mation criterion specifyingthe prior distribution over the
modelparameters(see,e.g.,BaxterandOliver [8] for de-
tails). Furthermore,the inclusion of a term involving the
determinantof theexpectedFisherinformationmatrix cap-
turesfurtherinformationabouttheappropriateweightingof
observeddatafrom differentregionsof thedataspace([30,
section2]). As outlined in Fitzgibbon,Dowe and Vahid
[28], theMML87 IC approximation[69] usedin this simu-

lation is describedby

� log(f (y j� ))

� log
�

h( � ) � n
p

j I ( � ) j

�
+ p

2 (1 + log (� p)) � log(h(p)) (7)

where f (y j� )) is the likelihood function for the model
� = (� 1; :::; � p; � 2) over then observeddatapoints(y =
y1; :::; yn ), with p + 1 = k model parameters.jI (� )j is
thedeterminantof theexpectedFisherinformationmatrix,
� p is aspacequantisinglatticeconstant,h(p) is aprior over
themodelorder, p, and� is anestimateof datameasurement
error.

Theseparameters,alongwith the estimationof the AR
parameters,aredescribedbelow. They aresubstitutedinto
equation(7) to give themessagelengthin termsof theau-
toregressive order, p. The shortestmessagelength for a
givenstringof pastpricesis thenusedto determinetheap-
propriateorderof AR modelusedin forecastingthe next
price,andtheestimatedstandarddeviationof this forecast.

3.1.1 Fisher Inf ormation

The Fisher information matrix, I (� ), is obtained from
the secondpartial derivatives of the log-likelihood (10),
E @2 l

@� i @� j
. Its valueis approximately[12, p303][28]

np+1

2� 4 jM p j � 1 (8)

For the non-stationarycase,the partial expectedFisher
informationis used

I yp +1 ;:::;y n (� ) �
�

� � 2X 0X 0
0 n � p

2� 4

�
(9)

3.1.2 BayesianPriors

For a stationaryAR time series,the messagelengthgiven
by equation(7) is calculatedby substitutingin theexpected
Fisherinformation(8), the likelihood(10), priors over the
numberof parametersh(p) (over which we assumea uni-
form prior)4, andh(� ) / 1

R p

1
� 2 , theprior over theparam-

eterspaceR; thestationarityregion of theAR series.The
stationarityregion for p > 3 is complicated[47, 7]. As
given in [28, equations21 and22], we usean(uninforma-
tive)uniformprior over theparameterspace,sinceasnoted
above andalsoin [28, footnote4, page4], the rangesused
for p and� 2 donotaffect themodelselectionin thisexperi-
ment,althoughin variouscircumstanceswheretheabsolute

4This uniform prior over someparameterrangewill obviously affect
themessagelength(in termsof anadditive constant),but for thepurposes
of comparingbetweendifferentmessagelengthsfor differentAR models,
the prior chosenwill simply cancelout, andnot affect the �nal message
choice. The rangeof parametersover which the prior is chosenis hence
arbitrary, andhenceh(p) is setto unity for thecalculations.



messagelengthis importantit will be necessaryto usean
alternative,e.g.,a Betadistribution [44]. Thehypervolume
of theparameterspaceis givenby Piccolo[49] in termsof
thefollowing recursion:

R1 = 2 M 1 = 2

Rp = (M 1M 3 � � � � � M p� 1)2 for p even

M p+1 =
p

p + 1
M p� 1 Rp+1 = RpM p+1

3.1.3 Lattice Constants

As explainedin [63, p178,subsection3.3.4](also[39, p15-
16]), in consideringthesetof possibleintervalsthat thees-
timatesof � can take within � , we regard this setas be-
ing representableby regular lattice structures,whereeach
such possibleset has the samegeometry. The most ef-
�cient encodingof this structure, that is, the most ef�-
cient packingof 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 threedimensions,but is boundedabove
by � < ((p=2)!)2=p(2=p)!=� , and from below by � >
((p=2)!)2=p=((p+ 2)� ). ConwayandSloane[22, p61]give
someof thebestknown quantizinglattices. The�rst eight
arereproducedin table1.

p � p

1 1=12
2 5=(36

p
3)

3 19=(192� 21=3)
4 0:076603
5 0:075625
6 0:074244
7 0:073116
8 0:071682

Table 1. Quantizing lattice constants, � p.

3.2 Parameter Estimation

GivenanAR timeseries(eq.1) de-trendedto insurethat
the meanis zero(� = 0) andassumingnormality for the
� 's,we canwrite theexactlog-likelihoodas([12, p299])

l (� ; � � jy ) = �
n
2

ln( � 2
� ) +

1
2

ln jM p j �
S(� )
2� 2

�
(10)

where

S(� ) = y 0
pM p yp +

nX

t = p+1

(yt � � 1yt � 1 � ::: � � pyt � p)2

(11)
(M n )� 1� 2

� is then � n autocovariancematrix of they's,

2

6
6
6
4


 0 
 1 � � � 
 n � 1
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 n � 2
...

...
...


 n � 1 
 n � 2 � � � 
 0

3

7
7
7
5

Sincethe maximumlikelihoodestimatesof � obtained
from @l

@� j
(j = 1; 2; :::; p) generallyrequireanalyticsolu-

tionswhichdonotalwaysconverge[14], weuseconditional
leastsquares(OLS) estimates,which do. Thelikelihoodof
yp+1 ; :::; yn conditionaluponthe�rst p valuesof y is given
by ([12, p297])

p(yp+1 ; :::; yn jyp; � ; � � ) = (2� � 2
� )� (n � p)=2�

exp
h
� 1

2� 2
�

P n
t = p+1 (yt � � 1yt � 1 � � � � � � pyt � p)2

i
(12)

which, if thelog is taken,andthepartialderivativewith
respectto � � setto zero,yieldstheconditionalleastsquares
estimatefor � 2

� ,

�̂ 2
� =

1
n � p

nX

t = p+1

(yt � �̂ 1yt � 1 � � � � � �̂ pyt � p)2 (13)

The minimisationof the sumin the above estimateyields
the OLS estimatesfor � , ([12, p301]) b� = D � 1

p d, where
D ij =

P n
t = p+1 yt � i yt � j anddi =

P n
t = p+1 yt � i yt .

4 Results

Figures1 and2 show averagewealthlevels for the dif-
ferent classesof tradersacross10 simulations,wherethe
resultsfor eachindividual simulationare averagesacross
eachagentclassover150tradingrounds.Within eachtrad-
ing roundtherearebetween3,600and8,200individualpo-
tential tradingopportunitiesfor eachof the 100 agentsin
eachsimulation.

In our �rst simulationinferenceagentsattemptto model
an AR time seriesfrom the pricesgeneratedby the noise
tradersandtheir interactionwith them. As onemight ex-
pect,with little or no signalto detect,the wealthlevelsof
theinferencetradersdon't show muchvariation;they man-
ageto take most of the noisetraders'wealth from them,
but their own wealth,affectedby thedecliningpriceof the
stockthey aretrading,doesnot increasesigni�cantly after
aninitial, highly volatile tradingperiod.



Figure 1. Random noise trader s and inf erence
agents average wealth.

Figure 1 shows the averagewealth levels for the ran-
dom (AVG randtrade)and inferenceagents(AVG all IC),
for approximately150 tradingrounds,wherewealthlevels
areaveragesacross10 simulations,eachsimulationtherein
averagingtheresultsfor eachtraderclass.Randomtraders'
wealth levels are on the left axis (log scale),and show a
rapid declineas the inferenceagentscapturetheir wealth.
Averageinferenceagents'wealth,shown on theright 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. The typeof inferencetraderthatcapturesmostof the
wealthappearsto �uctuate randomly, anddid not show any
clearoutperformeracrossmany simulations.

In the secondsimulationwith a noisy AR signalbeing
generated,inferencetechniquetradersdo signi�cantly bet-
ter thanin thepresenceof only randomtraders.Eachof the
10 individualsimulationshasa differentrandomlyselected
autoregressivemodelbuilt in to thenoisyAR signaltraders
within it.

As can be seenin �gure 2, wealth levels for AR se-
ries modelling inferencetradersarehigher, andmoresta-
ble, for longer, thanin the previoussimulation. It is dif�-
cult to detectmuchdifferencebetweentheperformanceof
inferenceagentsembodyingnon-MML techniques,which
show slight variationbaseduponthe sophisticationof the
informationcriteria (IC) they use,but in generalthe more
sophisticatedICs outperformthe simplerones. Using the
labels from 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 MMLs) falling off to drift towards
the IC traders,whilst the MML inferencetechniquethat
assumesnon-stationarity(AVG MMLns) signi�cantly out-
performs.Thecollapseof wealthlevelstowards200trading
roundsrepresentsthealmostcompletetransferof wealthto
theMML agents.

The third simulationregardsonly the inferencetraders'
interactionswith eachother, in the absenceof any noise
traders. The inference tradersact like Gaussiannoise
traderswhen they cannotdetecta signal in the pastprice
series. In this scenariothe non-stationaryMML infer-
encetradersigni�cantly outperformedthe otherclassesof
traders.Figure3 depictstheaveragesof theaveragewealth
level of the inferenceagentclass across10 simulations
eachcontaining100tradersover 200tradingrounds.Once
again using the agentclass labels from section2.3, we
have the MML non-stationaryinferenceagent(AVGavg-
MMLns) outperformingall other agentclasses. The sta-
tionary MML agent(AVGavgMML) camenext, capturing
thesecondgreatestamountof wealth. Thesuddendrop in
the wealth level of the stationaryMML agentsnearto the
170throundre�ects this wealthlevel existing by this point
in only oneof thetenaggregatedsimulations,andthis par-
ticular simulationhalting, or taking too long to continue,
at this point. The correctedAIC agentclass(AVGavg-
CAIC) alsostoodout, capturingthe third greatestpropor-
tion of wealthbeforethesinglesimulationremainingwith
this agentoutperformingcameto a halt. With this scenario
halting,or taking too long to continue,only 4 of theorigi-
nal10simulationscontinuedrunning.With thecessationof
thestationaryMML out-performancescenario,thisdropped
to threewhich completed200 trading rounds. The only
otheragentclassto show any potentialin this scenariowas
theBIC (MDL) agent(AVGavgBIC), whichbrie�y outper-
formedall but thenon-stationaryMML agentin earlytrad-
ing rounds(< 27). Fromthatpoint forwardtheBIC agent's
decliningwealthsharewasboundedabove by the decline
of the AIC agentclass(AVGavgAIC), andfrom below by
theworstperformingagents,theHQ inferenceagents(AV-
GavgHQ). It is interestingto note the underperformance
of HQ agentsin this scenarioversuseven the simpleAIC
traders. In seven out of ten of the underlyingsimulations,
the MML non-stationarytraderwas the bestperformerat
the cessationof execution. The other threeto outperform
were,asmentioned,CAIC, BIC, andstationaryMML. The
high rate of halting or time overrun in thesesimulations,
which do not explicitly includenoisetraders,is dueto the
greaterrisk of liquidity loss;under-performingtraderstend
to gobroke.



Figure 2. AR noise trader s and inf erence agent wealth levels by type .

5 Conclusions

Wehavedemonstratedasimulatedstockmarketin which
tradingagentsembodya classof differentAR time series
inferencetechniques,andshown that in the presenceof a
noisy signal, MML-inference techniquebasedagentssig-
ni�cantly outperformothertradersusingdifferentinference
techniques.We have shown suchperformanceadvantages
to bepersistentaslong asthereexistsa noisysignalto ex-
ploit, andthata level of outperformanceexistsamongstin-
ferentialagentsevenin theabsenceof anexplicit noisysig-
nal. Suchtypesof agent-basedhybrid inferencetechnique
modelsappearto bea reasonabletechniqueto applyto real
markets,andin futurework we intendto combineinferen-
tial agentswith geneticalgorithmbasedsearchtechniques
in building superiorsimulationsof empiricalmarket char-
acteristics,andto demonstratetheability of suchmodelsto
performin realtradingenvironments.

The performanceof the MML-based inference tech-
niqueshereis not surprisinggiventhesuccessof 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] andreferencestherein)and,we hope,providesfurther
impetusto greaterrecognitionof this methodologyandits
relevanceto practicalstatisticalinference.

In termsof market ef�ciency, we seeherethatanagent
usinga superiorinferencetechniquewill consistentlyout-
performa lesserone.Furthermore(recallingsection1, and
asstatedin [24]), sincein mostmarketswecanneverprove
that our inferencetechniqueis superior, we canneitherin
generalestablishthat theredoesnot exist some(asyet un-
used)tradingtechniquethatwill outperform,nor in general
thata market is ef�cient 5 6.
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