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Abstract: Thispaperdescribesan approach for optimising
tradeexecutionin a limit order market. Theway a trade
is executedbecomesimportantwhenthe tradeis a signifi-
cant proportion of the daysturnover in a particular secu-
rity. Under thesecircumstanceslimited liquidity leadsto
a significanttransactioncostreferred to as tradeshortfall.
Wedescribea methodfor calculatinga tradeexecutionplan
which balancesintra-dayvariationsin thesupplyof liquid-
ity againsttherisk of adversefuture price movements.Our
trade executionplans correspondto solutionsof discrete
timedynamicprogrammingproblems.Thisformulationad-
mits thespecificationof transactioncostswithin a valueat
risk framework. Thetradeexecutionplansare derivedand
testedfor threepopularstocks on theAustralian Stock Ex-
change(ASX).Theperformanceof theplansis evaluatedon
anoutof sampletestsetof thelimit orderbookfor each se-
curity andcomparedto threesimplertradeexecutionstrate-
gies.

Keywords: Algorithms,tradeexecution,dynamicprogram-
ming, transactioncosts

1 INTRODUCTION

Whena large equity fund managermakesa decisionto
purchaseor liquidatea holding in a particularsecuritythe
realisationof the transactionor its executionis not straight
forward, as is the casefor the small investor. The quality
of executionis measuredby transactioncosts.Thereis no
formaldefinitionof thebestexecution[9], but in practiceit
meansexecutionatthemostfavourableprices.Treynorsug-
gestedthata performancedifferencebetweena realportfo-
lio andapaperportfolio beusedasameasureof transaction
costs[12]. A paperportfolio is a theoreticalportfolio which
could be tradedwithout transactioncosts. Perold called
theabove differencean implementationshortfall [11]. The
shortfall canbedivided into two components.Theexplicit
componentrepresentsbroker feesand taxes. The implicit
componentcapturesmarket impactcost,opportunitycost,
andbid-askspread.To correctlycalculatetransactioncosts,

however, onealsoneedsto includeotherfactorslike invest-
ment managertype, investmentstyle, risk aversion, trade
difficulty, choiceof a pre-tradebenchmark,broker reputa-
tion, market sensitive announcements,seasonality, andoth-
ers.

Best executionis difficult to achieve in practicedue to
limited liquidity andpricevolatility in the market over the
time period that the transactionis to be completed. Lim-
ited liquidity implies that asa large tradeis attempted,the
traderbecomesa large demanderof liquidity andasa re-
sult will incur a premiumto completethe trade. This pre-
mium representsthe costof immediacy, a transactioncost
which we will refer to asthe tradeexecutionshortfall (the
differencein the priceof thesecuritywhenthe tradecom-
mencesand the averageprice achieved for the completed
tradefor a sell andvisaversafor a buy) [4]. Thegoalof a
tradeexecutionstrategy is to minimisethe tradeexecution
shortfall subjectto time andspecifiedrisk level constraints.
Intuitively, oneobservesthatby distributingtradingvolume
acrosstimeandchoosingpeaksin liquidity, to theextentthat
they areknown, tradingshortfall canbereducedat therisk
thatthepriceof thesecurity(asmeasuredby themidpointof
thebid-askspread)movesadverselyin relationto the type
of transactionto be completed.Hence,we areseekingto
balancedifferentsourcesof risk, namelya risk characteris-
ing ouruncertainknowledgeof futureliquidity versusarisk
correspondingto our uncertainknowldegeof futureprices.
Therealisationof a particularstrategy is thenin turn,deter-
minedby our propensityto take risksto minimisethetrade
executionshortfall.

In this paper, we considerthe problemof tradeexecu-
tion in the context of a fully electroniclimit ordermarket,
namely, theAustralianStockExchange(ASX). A survey of
equity trading transactioncostsin the US context is pro-
vided in [7]. The methodwe proposeis an extensionof a
framework derivedby AlmgrenandChriss[1, 2] which in
turn builds on work by [3]. Theorginal framework andour
extensionsof it aredescribedin section2. Hubermanand
Stanzl[6] minimise the meanand varianceof the cost of
buying a block of shares.Their objective function is simi-



lar to theonein [1] but it refersto thetotal costof trading,
not only transactioncosts. A solutionfor a non-stationary
market impactfunction is providedasa recursive formula.
This modeldoesnot includeliquidity risk, however, when
market impact itself is stochastic. Hisataand Yamai [5]
adoptedthetransactioncostsmodeldevelopedby Almgren
andChriss[2], but changedtheobjective functionto match
theValueat Risk (VaR)framework. They pointout thatthe
traditionalVaR framework doesnot includemarket impact
costandliquidity constraints.By incorporatingthesefactors
they formulateda Liquidity-adjustedValueat Risk frame-
work (L-VaR).They obtainclosed-formsolutionsfor opti-
mal executiontime with linear and non-linearmarket im-
pactcosts.Themain limitation of their model,however, is
theassumptionthatthetradingspeedis constant.Numerical
exampleswith L-VaRandtraditionalVaRcalculationswere
presented,suggestingthat the traditionalapproachoveres-
timatesthe risk for very liquid stocks,while understimat-
ing it for illiquid stocks.A stochasticmarket impactmodel
wasalsoconsidered,with solutionsfound throughnumeri-
calmethods.

Obtaininghigh performancetradeexecutionplansalso
dependson our ability to predictany patternsin the secu-
rity’s behaviour. Section3 describesthe methodswe use
to characterisea security’s liquidity andpricebehaviour. In
section4 we will compareour resultswith threeothertrade
executionbenchmarkswhichwedenoteasone-interval,uni-
form andVWAP execution. One interval executionis in-
tendedasarisk aversestrategy, wherewe takethecurrently
availableliquidity andavoid therisk of futurevolatility and
liquidity risk. A uniformtradeexecutionstrategy recognises
aneedto reducethepeakdemandfor liquidity, but is agnos-
tic with respectto the intra-daylevels and patternsin the
security’s liquidity and price. A VWAP strategy seeksto
minimisethe differencein volumeweightedaverageprice
of thetransactionandthevolumeweightedaveragepriceof
the entiremarket for the securityandtypically usesa his-
torical tradingvolumeasa proxy for liquidity [8] andmay
incorporatetechnicalrulesto take into accountany knowl-
edgeof pricebehaviour. Hence,aVWAPstrategymakesuse
of intra-dayliquidity andpricepatterns,however, it differs
fromouroptimalapproachin thesensethatit hasanimplicit
approachto thetransactionrisk andmaynot necessarilyin-
volve the optimisationof a tradeexecutionobjective. We
comparethe four tradeexecutiontechniquesby measuring
thetradeshortfalls on anout of sampleinterval of thelimit
orderbook for the respective securities,NationalAustralia
Bank (NAB), BHP-Billiton (BHP) andTelstra(TLS). The
next sectiondescribesour generalapproachto tradeexecu-
tion shortfall minimisation.

2 MINIMISING EXECUTION SHORTFALL

The formulationof the optimal tradeexecutionproblem
describedin thissectionbuildson thework of Almgrenand
Chriss[1, 2]. The formulationcanbe summarisedas fol-
lows. Firstly, wewill definea priceprocessfor thesecurity.
Herewe adopta discretetime arithmeticrandomwalk pa-

rameterisedby thevolatility over a time interval. This is a
reasonableapproximationto the moreplausiblegeometric
randomwalk over the intra-daytime scaleswe areconsid-
ering. Next we will introducea temporarymarket impact
functionwhichmeasurestheaveragepriceconcessionwhen
we sell a givenquantityof shares(from this point onwards
we will considerthe liquidation of a securityfor the pur-
poseof explanation,howeverthebuy casefollowsdirectly).
Associatedwith themarket impactfunctionis a measureof
uncertaintyof themarket impact,whichwewill call impact
risk. Given normally distributed randomshocksfor price
andmarketimpactwecandeterminetheexpectedexecution
shortfall andthevarianceof theshortfall. A utility function
is thenconstructedfrom the meanandvariancewhich is a
risk constrainedshortfall to beoptimised.For certainforms
of thevolatilty andmarket impactfunctionstradingtrajec-
toriescanbederivedanalytically[1, 2]. Here,weextendthe
formulation to include non-stationarymarket impact, im-
pact risk and volatility which requirenumericalsolution,
for which we employ deterministicdiscretetime dynamic
programming[10]. Finally, we will show the connection
betweenthemean/varianceutility functionfor shortfall and
thevalueat risk objective.

Let
�

denotethe quantity of shareswhich we wish to
sell in a time � . We wish to derive tradeexecutionplans
which specify the numberof sharesto sell at � discrete
time intervals. Let �������	� denotethe lengthof thetime
intervals. Let 
 be an index over the � time intervals. A
tradingtrajectoryis thendefinedby a list ���������������� where��� is the numberof shareswe still hold after time interval
 , ���� �

andwe require
� ����� . Equivalentlywe can

specifya tradeby a list of sharesto be tradedat eachtime
interval specifiedby � � ��� ��� � �! #" . Thepriceprocesswe
will assumefor thesecurityis,$ � � $ �! %"'&)( � "+*+,.- � � (1)

where
$ � is thesecuritypriceat time interval 
 , ( is the

volatility and - � is a setof IID zeromeanunit variancenor-
mal randomvariables. In contrastto [1], for the purposes
of ourempiricalwork presentedin this paper, we do notat-
tempt to characteriselong term market impact. However,
we will considertemporarymarket impact. By temporary
market impact,we meanthat aswe tradewe may exhaust
theliquidity availableat a seriesof pricelevelsleadingto a
lowerpriceaswesellduringagiventimeinterval 
 . Weas-
sumethat theeffect of our liquidity consumptionis limited
to eachindividual tradinginterval, with a new equilibrium
price being establishedat the start of the next interval as
if we hadn’t traded.Theprice thatwe achieve asa conse-
quenceof this temporarymarket impactis givenby,/$ � � $ �0 %"1�3254 � �� 6 & �  %"+*7,!8 4 � �� 6 /- � � (2)

where
/- � are zero mean,unit variancenormal random

variablesindependentof the - � . In section3 we will in-
dicate how 294 6 and 8 4 6 can be determinedempirically.
Hence,thetotal tradingrevenueon completionof all trades



is : � �	;5" /$ �0�9� . The tradeexecutionshortfall is therefore
givenby, � $ � � �<�	;5" �9� /$ � (3)

Fromthis wecandeterminetheexpectationandvariance
of theshortfall with respectto therandominnovationsof the
priceprocess- , = 4 � 6 ��� �<�	;5"?> � 254 > � 6 (4)

@ 4 � 6 � ( , � �<�A;5" � , � & � �<�	;B"?> ,� 8 4 > � 6 , (5)

wherewe have used > �C�D�9�E�F� . We now constructa
utility function, G 4 � 6 � = 4 � 6 &IH @ 4 � 6 (6)

For 254 > 6 of the form 294 > 6 �KJ > L where M is an integer,
G 4 � 6 canbe minimisedanalytically [1]. In this paperwe
considertwo practicalextensionsof thismodel.To account
for thebid-askspreadandthefactthatmarketimpactisfixed
below a critcal volume 2ONP� (seealsoFigure1) we consider254 > 6 of theform,254 > 6 �RQ J 4 > �S2 NP� 6 &UT >WV 2 NP�T >WX 2 NP� (7)

Further, we condiderthe casewherethe market impact
function 254 > 6 hasa volumedependentuncertaintyassoci-
atedwith it. Following Almgren’s approachandextending
it to take take into accountthe bid-askspreadandcritical
volumewedefinetheimpactrisk by a function,8 4 > 6 �YQYZ 4 > �U2ONP� 6 &)[ >WV 8 NP�[ >WX 8 NP� (8)

This non-linearityin 254 > 6 requiresus to minimise

G 4 � 6
numerically. Secondlywe considerthe casewhere J 4 
 6 ,(�4 
 6 arefunctionsof time asmeasuredby index 
 . When254 > 6 hasa linear form 294 > 6 ��J 4 
 6 > and 8 4 > 6 is constant
with respectto volume traded 8 4 > 6 � [ , we can obtain
an analyticalsolution to the trading trajectoryas follows.
By writing > �\�]���! #" � ��� anddifferentiating

G 4 � 6 with
respectto each��� weobtain,^ G 4 � � 6^ ��� �`_ba HO( ,� ��� �c4 Jd� &)HO[ ,� 6 4 ���! #" � _F��� & ���	eB" 6	f

(9)
wherewe have shown thesubscript
 to indicatethepa-

rametersasafunctionof time. Thesetof equationsin � � are
secondorderdifferenceequations.To solve the equations
we imposetheboundaryconditions,�O�g� � and ���R��� ,
implying an initial holding of

�
sharesandcompleteliq-

uidationof the holding by time step � . Given thesecon-
straintsthe ratio h 4 
 6 definedby �i�C�jh 4 
 6 ���! #" can be
derived,

h 4 
 6 � k �l i�k �l i�m& k �l i�	eB"n&IH( ,�o %� � k �l i�	e5" h 4 
 �cp 6(10)
wherek � is givenby,

k 4 
 6 ��Jd� &)HO[ ,� (11)

Although(10) doesnot take into accountnon-linearities
in the impact function, it doesnonethe lesstake into ac-
countthenon-stationaritiesin theparameters,andhenceis
useful for rapidly calculatingapproximatestrategies for a
largenumberof securities.

In order to computemore accurateoptimal trading tra-
jectorieswe employ thefollowing rewardfunctionandtwo
dimensionalstate spacemodel (the model is defined in
the context of a sell program,a buy formulation follows
straightforwardly).Denotethestatevariablefor theproblem
to be

$ � 4rq0" � q!, 6 where qF" representsthestockbeingheld
and q., measurestime intervals(half hourbins). Let s � de-
notetheactionvariable,specifyingthenumberof sharesto
besoldateachtimestepwith theconstraint� X s � X q0"t4 
 6implying that we never buy sharesand we can never sell
moresharesthanwecurrentlyhold. Let u 4 $ �7s 6 denotethe
reward function which is a function of the currentstate

$
andtheactiontakenby theagentsb� ( s?�v�C�9� ). Then,uw� = 4 $ �+s 6 &IH @ 4 $ �7s 6 (12)

where
= 4 6 and

@ 4 6 have thegeneralform of (4) and(5)
respectively and,

qF"F4 
 6 � q0"E4 
 �cp 6 � s 4 
 6q.,�4 
 6 � q!,t4 
 �Ip 6 &xp (13)

For asellprogram,thestatesareinitialisedas q " 4yp 6 � �
and q , 4yp 6 � p . Note, the time interval q , 4 
 6 is modelled
explicitly aspartof thestatespacedueto thereward func-
tion u dependingon the non-stationaryimpactcoefficientJ 4 
 6 andthenon-stationaryvolatility (�4 
 6 andtheotherpa-
rametersusedto modelmarket impact.Numericalsolutions
werecomputedusinga Matlab discretedynamicprogram-
mingtoolbox[10] incorporatingthenon-linearimpactfunc-
tion (7).

3 MEASURING SECURITY CHARACTERISTICS

In our experimentswe considera threeweektradingpe-
riod for eachsecurityin orderto parameteriseour models.
This providesuswith fifteendaysof tradingdatawhich we
treatidentically(we have chosento ignorepossibleweekly
seasonaleffects).We divideeachtradingdayinto half hour
intervals, giving us 12 intervals, since the ASX opensat
10amandclosesat 4pm. For the datawe considerwe ig-
nore off-market trades,crossingsand undisclosedorders.
For eachsecuritywe thencollectthefollowing data:z totaldaily tradingvolumefor eachof the15days.



Figure1: Transformednormalisedcumulativeordervolume
for NAB stockaveragedover a 3 weekperiod. This plot is
derivedfrom theorderbookby takingthetimeweightedav-
erageof theordervolume,normalisingit by thedaily traded
volume(y-axis),andthencalculatingthevolumeweighted
price impact per share(x-axis) for respective volumesat
eachpricetick.

z thedifferencein midpointquoteat thestartandendof
eachhalf hourinterval.z theaverage,normalised,timeweightedcumulativeor-
der volume available at eachprice tick in the order
bookrelative to themidpointprice, for eachhalf hour
interval. Normalisationis with respectto the daily
tradedvolume.

Figure1 showsanexampleof thetransformednormalised
cumulative ordervolumeasa function of price ticks from
themidquotefor a particularhalf hourbin. This providesa
volumenormalised,price invariantmeasureof market im-
pactasafunctionof tradedvolume.Figure2 showsaverage
intradayimpactcoefficient J 4 
 6 , volatility (�4 
 6 andimpact
risk [{4 
 6 . Note, J is derivedfrom the inverseof theslope
from thecorrespondingdataexemplifiedin Figure1.

Given thesemeasurementsthe expectedshortfall and
varianceof theshortfall maybewritten:= 4 $ �7s 6 �C� �<�	;B" s �F254 s � ��J � � T	� � 2O�	NP� 6 (14)

@ 4 $ �7s 6 ��� �<�	;5" ( ,� 4rq " 4 
 6 � s?� 6 , &� �<�	;5" s , � 8 , 4 s � � Z � � [|� � 8 �ANP� 6 (15)
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Figure2: Intradayimpactcoefficient J , volatility ( andim-
pactrisk [ for NAB stockaveragedovera 3 weekperiod.

4 SIMULATED TRADING PERFORMANCE

By parameterisingtherewardfunction u asdescribedin
the previous sectionwe are then able to computeoptimal
tradingtrajectoriesfor a givenstock. Threetypical trading
trajectoriesareshown in Figure3.

Givena tradingtrajectory� it thenremainsto testits per-
formance.We dothisby considering63daysof tradingim-
mediatelyafter the threeweekstraining periodwhich was
usedto parameteriseourmodels.Eachof thetradingtrajec-
torieswe calculatesetshalf hour tradingtargetsduring the
day. We thensimulatetradingover thehalf hourby trading
afixedfractionof thetradingtargetagainsttheordersavail-
ablein thescheduleeveryfiveminutes.Thisentailsthefol-
lowing difficulties. It is possiblethatwe matchagainstthe
sameordersa numberof times. It alsoassumesthatorders
we consume,don’t ultimately influencefutureorderflows,
i.e., we only take accountof instantaneousmarket impact.
To assesstheperformanceof theoptimalapproachthatwe
have presentedin this paperwe alsoevaluateda numberof
simplerstrategies:z Oneinterval (ONEINT): weliquidateall thestockdur-

ing thefirst half hourof trading.z Uniform (UNIFORM): we liquidateour holding uni-
formly throughouttheday.z (VWAP) trader: we use historical fractional trading
volumesaveragedover the 3 week training periodas
targetsfor thehalf hourintervals.z Optimal (Lambda1, Lambda2): the algorithm pre-
sented in this paper, constrainedto trade all the
holding in one day, at two different risk settings H
(Lambda1=p �  i} , Lambda2=p �  %" ).
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Figure3: Two trading trajectoriescomputedfor the NAB
stockwith the risk parameterH � p �  �} and H �~��� p re-
spectively. H � p �  i} correspondsto thecasewheretherisk
of adverseprice movementsandour uncertaintyaboutfu-
tureliquidity later in thedayarenegligible andis therefore
a risk neutralstrategy. H �K��� p correspondsto a shortfall
valueat risk

@ s�h 4�� 6 ���t� c/share,with � �~�� �d� imply-
ing that this shortfall is predictedto beexceededpF� of the
time. Note that for this secondtrajectory, the first two in-
tervalstrade20%,which is dueto a rule we introducedthat
limits tradingin a half hourperiodto a maximumof 2% of
forecastdaily volume.Wedid this to ensureour impactwas
temporary. The VWAP trajectoryis basedon the average
fractionof tradingvolume,tradedin thestockoverthethree
weektrainingperiodat thattimeof day.

In orderto quantifytradingperformanceweconsidertwo
metrics.Thefirst is executionshortfall asgivenin (3). The
secondis a volumeweightedaveragepricemetric,� @�� ko� ��a @�� ko�5���P�A�	�@�� ko�B�m�	� � ��� �Ip f{� p �E� (16)

where
@�� ko�5���P�A�	� ��: � /$ � � � and the units are ba-

sis points ( ""y�+� th of a percent). Execution shortfall di-
rectlymeasuresthetransactioncostsresultingfrom trading.� @�� kl� on the otherhandmeasuresthe tradingperfor-
manceagainstthe rest of the market. For the execution
shortfall measurewe are also able to calculatea value at
risk for any given tradeexecutionstrategy. We do this as
follows. Firstly, wedetermine,H N�� � ^ =^ @��� (17)

for any tradingstrategy � . We thencalculate,

� �`�)�!�� � 4�� 6�  � (18)

where � 4�� 6 is thestandardnormaldensityfunctionand
thevalueat risk is givenby

@ s�h 4�� 6 � = 4 � 6 &)H N @ 4 � 6 �� .
Theresultsareshown in tables1, 2 and3. We notethat

the varianceof percentagevolumetradedis not taken into
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Figure 4: Intradaymidquotepricesat 5 minute intervals
for 10 tradingdaysof the out of sampletestperiod. Note
the suddenprice jumps, someof which are intraday, oth-
ersovernight. In this paperwe do not estimateovernight
volatility.

accountin forecastingthevarianceof theshortfall. We will
take this into accountin later work. We testour strategies
for both the buy andsell casesso asto reveal any bias in
ourresultsdueto thespecificoutof sampletestperiodused.
We notethat the oneinterval strategiesfor eachstockcor-
respondto high risk strategiesasindicatedby low or zero
valuesof � , with correspondinglylow or negative transac-
tion costs. (We note that in a small numberof instances
ourvalueat risk calculationappearsspurious,whichwebe-
lieve is dueto the non-differentiablenatureof our market
impactfunctionshown in (7). Theseareindicatedin theta-
blesby a ’-’). We seethat for eachof the threestocksthe
UNIFORM, VWAP andLambda1strategiesproducesimi-
lar shortfall forecastsandmeasuredshortfallsandthevalue
at risk calculationshows that they are often closeto risk
neutralstrategies(� �¡�� ¢ ). The Lambda2strategiescor-
respondto more risk aversestrategiesas indicatedby the
valueat risk forecastsandstandarddeviationsof shortfall
forecasts.We note that the measuredtransactioncostsdo
show reducedstandarddeviations,but not to theextentthat
our simplemodelpredicts.Comparingthethreestocks,we
observe thatTLS is very liquid, in thesensethatat all trad-
ing levels,theforecastshortfallsarein mostcases0.5ticks,
indicatingthat thereis largeordervolumein thefirst price
tick of the orderbook. We subsequentlyobserve that the
resultingmeasuredshortfallsareindependentof thevolume
traded.

Wenotethatvolatility effectsaredominantin our results.
Thissuggests,thatin orderto improveourtradingstrategies,
we wouldneedanimprovedpriceprocessmodelwhichex-
ploits intradayserialcorrelationin prices.Figure4 givesan
indicationof the level of volatility of the threestocksover
10 tradingdaysof thetestperiod.



Table1: Performanceof TradeExecutionStrategiesfor BHPstock.Resultsareprovidedfor thetwo naivestrategiesONEINT
andUNIFORM,theVWAP heuristicandtheoptimalapproachwith H � p �  �} and H � p �  %" . Eachof thestrategiesaretested
at nominally1%, 5% and10%of averagedaily tradedvolume( £@¤ ).

@O¤
is actualaveragedaily tradedvolumefor the test

period.VaR(p)is theshortfall upperboundthatcanbeachievedwith probability � . £q 8 and q 8 aretheforecastshortfall and
measuredshortfall in centspersharetradedrespectively.

� @�� kl� indicatesthe fractionaldifferencein volumeweighted
price achieved for the whole tradeagainstthe entire market for the day expressedin percentagebasispoints. Standard
deviationsover the63 tradingdaytestperiodappearin brackets.

TradeType ¥¦?§ ¦?§
p VaR(p) ¥¨A© sf ª ¦o«c¬{

(Units) (%) (%) (c/share) (c/share) (c/share) (basispts.)
ONEINT

Buy 1 1.3 0.00 -5.8 2.0(1.7) -4.6(19.1) 11.3(50.3)
Sell 1 1.3 0.23 -5.6 1.4(9.5) 6.3(19.1) -3.5(50.3)
Buy 5 6.7 0.00 -6.1 9.5(3.1) -3.1(19.2) 23.9(50.2)
Sell 5 6.7 0.22 -5.7 7.3(17.2) 7.6(19.0) -15.4(50.7)
Buy 10 13.5 0.00 -6.2 18.8(4.8) -1.0(19.6) 42.7(53.4)
Sell 10 13.5 0.22 -5.7 14.7(26.7) 9.8(18.7) -34.5(53.1)

UNIFORM
Buy 1 1.3 0.60 2.9 0.5(9.5) -5.2(20.4) 5.6(9.2)
Sell 1 1.3 0.60 2.9 0.5(9.5) 6.3(20.4) -3.9(9.3)
Buy 5 6.7 0.69 5.4 0.6(9.5) -5.1(20.4) 6.2(9.2)
Sell 5 6.7 0.64 3.9 0.5(9.5) 6.4(20.4) -4.5(9.3)
Buy 10 13.5 0.86 11.3 1.1(9.5) -5.1(20.4) 6.8(9.2)
Sell 10 13.5 0.83 10.1 0.9(9.5) 6.4(20.4) -5.1(9.3)

VWAP
Buy 1 1.3 0.59 2.4 0.5(8.6) -5.2(20.3) 5.8(6.2)
Sell 1 1.3 0.59 2.5 0.5(8.7) 6.3(20.3) -3.8(6.2)
Buy 5 6.7 0.69 5.1 0.8(8.6) -5.1(20.3) 6.5(6.2)
Sell 5 6.7 0.66 4.3 0.7(8.7) 6.4(20.3) -4.5(6.3)
Buy 10 13.5 0.83 9.8 1.5(8.6) -5.0(20.3) 7.4(6.4)
Sell 10 13.5 0.83 9.7 1.3(8.8) 6.5(20.3) -5.5(6.2)

Lambda1
Buy 1 1.3 0.60 2.9 0.5(9.9) -4.8(19.7) 9.6(27.7)
Sell 1 1.3 0.60 3.0 0.5(9.8) 6.0(19.4) -1.0(36.1)
Buy 5 6.7 0.69 5.5 0.6(9.9) -5.2(20.6) 5.8(9.7)
Sell 5 6.7 0.64 4.2 0.5(9.9) 6.4(20.5) -4.6(8.7)
Buy 10 13.5 0.84 11.0 1.1(9.9) -5.1(20.6) 6.5(9.7)
Sell 10 13.5 0.82 10.0 0.9(9.8) 6.4(20.5) -5.1(9.8)

Lambda2
Buy 1 1.3 0.86 3.8 1.4(2.2) -4.7(19.1) 10.6(46.3)
Sell 1 1.3 - - 0.6(6.2) 6.0(19.3) -1.3(38.4)
Buy 5 6.7 0.86 8.3 2.1(5.7) -4.6(19.5) 10.8(28.8)
Sell 5 6.7 1.00 33.6 1.6(7.3) 6.2(19.5) -3.3(27.5)
Buy 10 13.5 0.93 13.4 1.9(7.8) -4.8(19.9) 9.3(15.9)
Sell 10 13.5 0.96 15.7 1.6(8.0) 6.4(19.9) -4.5(17.6)

5 CONCLUSIONS

Thisstudyhasshown thata relatively simplemodelfore-
caststhevarianceof tradingshortfallsof thestaticstrategies
testedin this paperwell, andshows that without more in-
formationon futureprices,thatstandarddeviationsof trad-
ing shortfalls aremany multiplesof theexpectedshortfalls
up to moderatelevels of trading(10% of daily tradedvol-
ume). We alsoseethat price trendsin the test periodare
having a stronginfluenceon results. We plan to investi-
gatethe modellingof thesetrends. The samemodelmay
alsobe usedto computeoptimal strategiestaking into ac-
count non-stationaryvolatilility and liquidity effects and
non-linearitiesin themarket impactfunction. We notethat
highpricevolatility makestransactioncostsdifficult to fore-
castwithout a directionalview of prices. The modelspre-
sentedin this paperarestaticmodels.In thefuture,we will
investigatestatespacemodelswhichalsoincludestatevari-
ablesfor priceandliquidity. Investigationof how oftenthe
modelsshouldberecomputedis alsoimportant.We envis-

ageextendingourmodelsto includeimproveddaily trading
volume forecasts,improved price processmodelsencom-
passingnon-gaussianinnovations,price jumps and serial
correlation,mediumterm and permanenttrading impacts
andeffectsof undisclosedorders.
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testedat nominally 1%, 5% and10% of averagedaily tradedvolume( £@ ¤ ).

@ ¤
is actualaveragedaily tradedvolumefor

the test period. VaR(p) is the shortfall upperboundthat canbe achieved with probability � . £q 8 and q 8 are the forecast
shortfall andmeasuredshortfall in centspersharetradedrespectively.

� @�� kl� indicatesthefractionaldifferencein volume
weightedpriceachievedfor thewholetradeagainsttheentiremarketfor thedayexpressedin percentagebasispoints.Standard
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