WO 2008/153909PCDTS2008/0117083 TITLE OF THE INVENTION SYSTEM, METHOD AND
PROGRAM FOR AGENCY COST ESTIMATION REFERENCE TO RELATED APPLICATION
[0001]Pursuant to 35 U.S.C. 119(e), this application claims priority to U.S. Provisional Patent
Application Serial No. 60/924,904 filed on June 5, 2007, and U.S. Provisional Patent Application Serial
No. 60/929,929 filgvd %lg}%%(;lg& 2007, the entire contents of each applicatiggpigdnpeieakated herein by
reference. This appﬁca%oﬁ IS @ continuation in part of and claims priority to pending U.S. Patent
Application Serial No, 10/166,719 filed on June 12, 2002, the entire contents of which is incorporated
herein by reference. BACKGROUND OF THE INVENTION Field of the Invention [0002]This invention

relates to systems, methods and computer program products managing executions costs. More

particularly, thmmems, methods and computer program products for creating

and implementing mainsipalieseconameltrmRielR akRioyide sieksinasbales of the price
a given order to tr

impact costs o ade a number of shares of one or more tradable assets, such as

securities, as well as optimization techniques utilizing the cost estimates. Background of the Related
Art REFERENCE TO RELATED APPLICATION

[0001] Pursuant to 35 U.S.C. § 119(e), this application claims priority to U.S.
Provisional Patent Application Serial No. 60/924,904 filed on June 5, 2007, and U.S.
Provisional Patent Application Serial No. 60/929,929 filed on July 18, 2007, the entire
contents of each application is incorporated herein by reference. This application is a
continuation in part of and claims priority to pending U.S. Patent Application Serial No.,
10/166,719 filed on June 12, 2002, the entire contents of which is incorporated herein

by reference.

BACKGROUND OF THE INVENTION

Field of the Invention

[o002] This invention relates to systems, methods and computer program
products managing executions costs. More particularly, the invention relates to
systems, methods and computer program products for creating and implementing
mathematical/econometric models that provide pre-trade estimates of the price impact
costs of a given order to trade a number of shares of one or more tradable assets, such
as securities, as well as optimization techniques utilizing the cost estimates.
Background of the Related Art

[0003] Investment performance reflects both the investment strategy of the
portfolio manager and the execution costs incurred while implementing the objectives of

the investment strategy. Execution costs can be large, especially when compared to
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[0003]Investment performance reflects both the investment strategy of the portfolio manager and the

execution costs incurred

while implementing the objectives of the investment strategy. Execution costs

can be large, especially when compared to 1 WO 2008/153909PCT/U820081007083 gross returns,
and thus can affect performance significantly. Managing execution costs can make or break the

success of a parti%%ar in

vesipent strategy. For institutional traders who traggeg jarge.yghames, implicit

costs, most importantfy(}%e price impact of trading, typically represent a significant portion of total

execution costs. See, for
costs along with discussi

example, Domowitz, Glen, and Madhavan (2002) for various definitions of
ons and analyses. [0004]The importance of accurately measuring execution

costs has grown in recent years due to fragmented liquidity in tod equity markets, algorithmic
7 a0

trading, direct BTaFREEHERS NG SHRLATR BRHYELRISEHIUASHY
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(implemented f, ZA0AL)%/350 NU5LNRGMSMRRIRARIEMAIPURLIIEoFRERLARMand of some

. n L .
legislators andTund share r advocates for better disclosure of commissions and other execution

costs increasegihsis HRQFLIRAGGY QBIfTEReMipRE: dostexmpyle;pbetiathatap@@03)padthis makes the
management of execution costs an important issue for institutional investors whose trades are large

relative to avereagngaiypicalmenrfseobiTHanilicneteqgianceiiaialeeraier ferste\wemddmproved systems
and methods for estimating transaction costs. SUMM@&Z)QF THE

example, Domowitz, Glen, and Madhavan

or varnouy\cld\e{#uznwi-glrg%lf costs along

with discussions and analyses.

[0004]

The importance of accurately measuring execution costs has grown in

recent years due to fragmented liquidity in today's equity markets, algorithmic trading,

direct market access, and structural and regulatory changes such as decimalization

(implemented in 2001) and Reg NMS (implemented in 2007). MoreoVer, the recent

demand of some legisiators and fund share holder advocates for better disclosure of

commissions and other execution costs increases their importance even further (see,

for example, Teitelbaum (2003)). This makes the management of execution costs an

important issue for institutional investors whose trades are large relative to average

daily volume.

[0005]

Thus, there is a continued need for new and improved systems and

methods for estimating transaction costs.

SUMMARY OF THE INVENTION

[0006]

The present invention provides systems, methods and computer program

products for foreoasting the price impact costs of a trade execution that may be applied

to any given trading strategy.



[0006]The present invention provides systems, methods and computer program products for
forecasting the price impact costs of a trade execution that may be applied to any given trading
strategy. WO 2008/ [53909PCT/US20418/007083 [0007]According to aspects of the present
invention, an Agency Cost Estimator ("ACE(r)") system, method and computer program product is
pr_ovio_led that inclu\qvesz:uﬁ }‘]i}ggt(Bart that compr_ises computer-based models tpg,f/ag%m&%gr to obtain
price impact cost eSfimates or any pre-specified strategy, and a second part that comprises
computer-executed mathematical models that generate an optimal trading strategy subject to certain
assumptions about the user's ultimate objectives. [0008]According to aspects of the present invention,
the models include a discretionary model that is based on all trades, including opportunistic trades,

and a non-disdi@flary maePHEGILIFEBEE DANG PSS HpsHlipfs e ﬁé_ﬁ%@’(@@?’,‘éﬁ%’@ﬂﬁsed on data
relating to wpgg;é%%%? st%%&arﬁagngﬁlgdr%ﬁa# lct;b%éﬁj eégfﬁgr%msﬁfr%@c?%n Liilize mogeling,that more

accurately refl S Ing Strategy. cor 0 aspects of the invention, systems,

methods and RIS IR ARHRIOEHAIuRTCREMIARLR theilgiog and&aBpkemesitgHct

discretionary and non-discretionary models. [0010]The present invention will become more fully
understood fropoghestimates for any pre-specified strategy, and a second part that comprises

computer-executed mathematical models that generate an optimal trading strategy
subject to certain assumptions about the user’s ultimate objectives.

{0008} According to aspects of the present invention, the models include a
discretionary model that is based on all trades, including opportunistic trades, and a
non-discretionary model that is baséd only on non-opportunistic trades (i.e., is not
based on data relating to opportunistic trades). As a result, a user of the system can
utilize modeling that more accurately reflects one’s own trading strategy.

[0009] According to aspects of the invention, systems, methods and computer
program products are provided for building and complementing the discretionary and
non-discretionary models.

{0010] The present invention will become more fully understood from the
forthcoming detailed description of preferred embodiments read in conjunction with the
accompanying drawings. Both the detailed description and the drawings are given by

way of illustration only, and are not limitative of the present invention.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] FIG. 1 is a block diagram of a system for forecasting transaction costs for
a proposed trade execution according to a specific trading strategy and according to a

preferred embodiment of the invention;



forthgoming detailed description of preferred embodiments read in conjunction with the accompanying
dravylngs._Both the detailed description and the drawings are given by way of illustration only, and are
not I|m|.tat|ve of the present invention. BRIEF DESCRIPTION OF THE DRAWINGS [0011]FIG. lisa
block diagram of a system for forecasting transaction costs for a proposed trade execution according
to a specific tradin sgﬁ and according to a preferred embodiment of tgegyi ey
IV & erRyentaRisyVO
20(_18/1_53909PC'?_98_ : ﬁ%%/OO?OBB [0012]FIG. 2 is a flow diagram of an exemplary system for
estimating and thlmlzmg the transaction costs of a trade execution carried out under a specific trading
[strategy according to the invention; [0013]FIG. 3 is a graph illustrating a price impact model.
0014]FIG. 4 is a graph illustrating intraday volume f [ [
] [00?2] P FIG. 2 ig a flow dl%lgram of ar? é%%%fa”rg}t%’y? eganorr Ié%timating and
optimizing the transaction costs of a trade execution carried out under a specific trading

strategy according to the invention;

[0013] FIG. 3 is a graph illustrating a price impact model.

[0014] FIG. 4 is a graph illustrating intraday volume for a security and for its
liguidity group.

[0015] FIG. 5 is a graph illustrating intraday bid-ask spread for Atlanta Tele-

Network Inc. and for its liquidity group.

[0016] FIG. 6 is a graph illustrating different trading strategies for buying 300,000
shares of Boeing Co.

[ooi 7] FIG. 7 is a graph illustrating different volume-weighted average price

trading strategies for buying 300,000 shares of a security

[0018] FIG. 8 is a graph illustrating different distributions of transaction cost
estimates.

[6019] FIG. 9 is a graph illustrating an efficient frontier of transaction costs.
[0020] FIG. 10 is a graph illustrating different optimal trading strategies for buying

300,000 shares of a security.

[0021] FIG. 11 is a graph illustrating different neutral optimal trading strategies for
different buy order sizes of a security. |
[0022] FIG. 12 is a table illustrating the expected treading costs, standard
deviation of trading costs, and trading horizons for different values of risk aversion.

[0023] FIG. 13 is a graph illustrating empirical and theoretical permanent price

impact functions.



liquidity group. [00_15]F|G. 5 is a graph illustrating intraday bid-ask spread for Atlanta Tele- Network
Inc. and for its liquidity group. [0016]FIG. 6 is a graph illustrating different trading strategies for buying
3Q0,000 ghares of B‘oelng Co. .[0017]FIG. 7 is a graph illustrating different volume-weighted average
g_rfl]f:e traddl_ng sérategles for buying 300,000 shares of a security [0018]FIG. 8 is a graph illustrating-
ifferent distributions of transaction cost estimates. [0019]FIG. 9 is a graph, Hiysisasi iCi
_ 1S of transs _ : {hasing a4 efficient
Lron.tler of transachonZ%Uoss}f?.)%OZO]FIG.10 is a graph illustrating different optimal trading strategies for
uying

[0624] FIG. 14 is a graph illustrating empirical and theoretical permanent price

impact functions.

[0025] FIG. 15 is a graph illustrating empirical and theoretical permanent price
impact functions.

[0026] FIG. 16 is a graph illustrating empirical and theoretical permanent price
impact functions.

[0027] FIG. 17 is a graph illustrating intraday price impact comparisons.
[0028] FIG. 18 is a graph illustrating intraday price impact comparisons.
[0029] FIG. 19 is a table reporting countries covered by ACE models.

[0630] FIG. 20 is a graph illustrating average empirical costs.

[0031] FIG. 21 is a graph illustrating average empirical costs.

’[0032] FIG. 22 is a graph illustrating estimated transaction costs.

[0033] FIG. 23 is a graph illustrating estimated transaction costs.

[0034] FIG. 24 is a graph illustrating relative price improvement. |

[0035] FIG. 25 is a graph illustrating relative price improvement.

foo36} FIG. 26 is a graph illustrating generalized t-distributions.

[0637] FIG. 27 is a graph illustrating different calibrated distributions.

[0638] FIG. 28 is a graph illustrating a comparison of estimated versus

discretionary costs.

[0039] FIG. 29 is a graph illustrating a comparison of estimated versus
discretionary costs.

[0040] FIG. 30 is a graph illustrating a comparison of estimated versus non-

discretionary costs.



300,00_0 shares of a security. [0021]FIG. 11 is a graph illustrating different neutral optimal trading
strate_gles for different buy order sizes of a security. [0022]FIG. 12 is a table illustrating the expected
treadllng costs, standard deviation of trading costs, and trading horizons for different values of risk
aversion. [0023]FIG. 13 is a graph illustrating empirical and theoretical permanent price impact

functior_ws. \We; 2q9§/;0§§,%gg;gc I/lU S2008/007083 [0024]FIG. 14 is a graphk-illusirafingsmpirical and
theoretical permanent price impact functions.

[0041] FIG. 31 is a graph illustrating a comparison of estimated versus non-
discretionary costs.

[0042] FIG. 32 is a graph illustrating a comparison of estimated versus non-
discretionary costs.

[0043] FIG. 33 is a graph illustrating a comparison of estimated versus non-
discretionary costs.

[0044] FIG. 34 is a table reporting descriptive statistics of the data for the

calibration/testing of the ACE® model.

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0045] ITG INC., the assignee of the present invention, provides a variety of tools
that help investors minimize their execution costs, and hence maximize their realized
returns. The present invention is directed to features and aspects of ITG's ACE®
(Agency Cost Estimator), which is a product that applies a mathematical/econometric
model that provides a pre-trade estimate of the price impact costs of a given order.
ACE® can measure execution costs using the implementation shortfall approach
introduced by Perold (1988), which defines execution costs as the appropriately signed
difference between the average execution price and the prevailing price at the start of
the order execution. This measure includes both the bid-ask spread as well as the price
impact costs of the order — the two most important cost components. Explicit cost
components, suéh as commissions, can easily be added to the ACE® estimate to obtain
total costs of trading. Components and features of ACE®, including the original ACE®
model, upon which certain aspects of the present invention are based, are disclosed in

.



[0025]FIG. 15 is a graph illustrating empirical and theoretical permanent price impact functions.
[0026]FIG. 16 is a graph illustrating empirical and theoretical permanent price impact functions.
'[0027]F.IG.'17 is a graph illustrating intraday price impact comparisons. [0028]FIG. 18 is a graph
illustrating intraday price impact comparisons. [0029]FIG. 19 is a table reporting countries covered by

ACE m_odels. [OO%%FJQ%{/ lgg)gf)g a graph illustrating average empirical costs p[08dluien7ds is a graph
illustrating average empirical costs. [0032]FIG. 22 is a graph illustrating estimated transaction costs.

[0033]FIG. 23 is a graph illustrating estimated transaction costs.
U.S. Patent Application Serial No. 10/166,719 filed on June 12, 2002, the entire
contents of which have already been incorporated herein by reference above.
[0046] The present invention can be used in conjunction with other pre-trade
anélytic tools in many ways, including:
o to provide accurate cost estimates (e.g., expected execution costs and standard
deviation of execution costs of an order),
. to estimate statistical characteristics of the Adistribution of execution costs,
including distribution percentiles and confidence intervals,
. to form pre-trade cost benchmarks to evaluate the execution performance of
traders and brokers for a variety of common pre-specified strategies (in particular,
Volume Weighted Average Price (VWAP)-strategy — constant fraction of average daily

volume, uniform strategy, ACE® Optimal Strategy) or any arbitrary user-specified

strategy,
. to analyze how the costs of trading depend on the trading strategy,
. to fine-tune a trading strategy in terms of trading horizon, aggressiveness, and

other parameters, and
. to recommend an optimal trading strategy that balances execution costs against

the uncertainty in the realized costs of trading (opportunity costs).

[0047] In addition, ACE® can be used as post-trade cost benchmark for trading
performance.
[0048] Unlike many other conventional products, ACE® includes a dynamic

model that recognizes that a trader or automated system will typically need to break up



[003_4]FIG_. 24 is a graph illustrating relative price improvement. [0035]FIG. 25 is a graph illustrating
relqtlve price improvement. [0036]FIG. 26 is a graph illustrating generalized t-distributions. [0037]FIG.
27 is a graph illustrating different calibrated distributions. [0038]FIG. 28 is a graph illustrating a
comparison of estimated versus discretionary costs. [0039]FIG. 29 is a graph illustrating a comparison

of estimated v_erswodi'%y%tj%ary costs. [0040]FIG. 30 is a graph illustratingca,cemmpasieen of estimated
versus non- discretionary costs.

a large order into several smaller trades to minimize price impact costs. There are three
critical features of ACE® that merit special attention:

1. ACE® recognizes that traders incur price impact costs because a trade moves
the price adversely in the market when it is executed. It is the cost of demanding
liquidity. Price impact has both a permanent and a temporary component. The
permanent component is information-based: it captures the persistent price change as a
result of the information the occurrence of a trade conveys to the market. The temporary
price impact is transitory in nature: it is the additional price concession necessary fo get
the liquidity provider to take the other side of the order. The permanent price impact
implies that the first trade of a multi-trade order will affect the prices of all subsequent
sub-blocks sent to the market. Modeling this dynamic link is a key element of computing
the price impact for a sequence of trades spread over time.

2. ACE® recognizes that there is no such thing as “the” cost estimate of atrade. In
reality, trading costs are a function of the trader’s strategy or execution approach. The
more aggressive the trading strategy, the higher the costs are. Trading aggressiveness
can be measured in terms of how rapidly the trader wants to execute the trade given the
trade’s size relative to normal volume. Thus, the ACE® estimate is based on a particular
frading strategy.

3. ACE® can also be used to find an “optimal strategy” that balances price impact
costs against opportunity costs. Such an ACE® optimal strategy represents a solution
of a very general optimization problem (with time-varying parameters) for both the single
name and the portfolio case. Opportunity costs are fargely due to price volatility, which

creates uncertainty in the realized costs of trading as it does for the realized returns of



WC_) 20081153909PCI17US2008/11071183 [0041]FIG. 311s a graph illustrating a comparison of
est!mated versus non- discretionary costs. [0042]FIG. 32 is a graph illustrating a comparison of
est!mated versus non- discretionary costs. [0043]FIG. 33 is a graph illustrating a comparison of
estimated versus non- discretionary costs. [0044]FIG. 34 is a table reporting descriptive statistics of

the data for the cgligratiofigsting of the ACE@ model, DETAILED DESCRRIIQNs@FoFHE
PR_EFERRED EMBODIMENTS [0045]ITG INC., the assignee of the present invention, provides a
variety of tools

investing. When executing an agency order, the balance between price impact and
opportunity costs is chosen on the basis of the motivation for the order, which is
ultimately given by the investment manager. Passive managers are mainly concerned
about price impact while growth or momentum managers are more worried about
opportunity costs. Reference is made to the investment manager’s sensitivity to
opportunity costs as weight on risk, or risk aversion, just as is done for an investment
manager’s sensitivity to investment risk. ACE® estimates the expected costs and the
standard deviation of the costs of the agency trading strategy that optimally balances
the trade-off between paying price impact costs and incurring opportunity costs for a
given level of risk aversion and trading horizon. The trading horizon can either be
chosen by the user or ACE® can determine an optimal time horizon for a given order.
In ACE®, the user can define the weight on risk. To allow for this, ACE® formulates the
trading problem as a multi-period stochastic control problem. The solution to this
stochastic control problem is the optimal strategy that minimizes the weighted sum of
price impact and opportunity costs. ACE® provides the expected costs and standard
deviation of the costs for the resulting optimal strategy. This strategy is recommended
for traders who want to weigh the opportunity costs associated with trading over a long
interval of time consistent with their weight on risk.

[0049] The ACE® model is not a purely econometric model calibrated based on
transaction cost data. Rather, it is a structural model that uses parameters estimated
econometrically. In particular, ACE® relies on stock-specific econometric models of
volatility, price impact, and price improvement, as well as a risk model. In addition, a

purely econometric model based on empirical data would not allow one to provide cost



~that help investors minimize their execution costs, and hence maximize their realized returns. The
present invention is directed to features and aspects of ITG's ACE@ (Agency Cost Estimator), which
is a product that applies a mathematical/econometric model that provides a pre-trade estimate of the
price impact costs of a given order. ACE@ can measure execution costs using the implementation

shortfall approach jatradugcssl by Perold (1988), which defines execution cegty@sdi@@maropriately
signed difference between the average execution price and the prevailing price at the start of the order
execution. This measure includes both the bid-ask spread as well as the price impact costs of the
order - the two most important cost components. Explicit cost components, such as commissions, can
easily be added to the ACE(r) estimate to ohtain total' costs of tradino% omgp\g?ontﬁa and features of

ACED, includifgifRa'SFiginar St snIBET NSEHINP Le AS T aLh 8eis SRR hrasartinvention are
based, are d‘38182%‘3'(3513A’é(&%%%%’é&%?f?%%%@%ﬂ&%@@@&ﬁﬁa%d&r@t@ﬁ@\&s&'@m@h@erial No.

10/166,719 filed on June 12, 2002, the entire contents of which have already been incorporated herein
by reference apaverdifle461The present invention can be used in conjunction with other pre-trade
analytic tools in many ways, including: to provide accurate cost estimates (e.%.?, expected execution

costs and stanl@f®Heviatibhofcr&inns vedtsidhansraatnve et bds QARG g% e fAtteristics of

the distribution of executio cos%/s ' l#ugi IStri utlon erchile§ %%gf}qeed‘ugﬁ j%%r\{?ls to form
i ¢ 210 , f > g

pre-trade cost B& 51’!2%%{603 érful% e h%gggg o i%?’]'%rér SGrmance of traders and brokers for a variety
of common presgpecified strategies (in particular, Volume Weighted Average Price (VVVAP)-strategy -
constant fraction of average daily volume, uniform strategy, ACE(r) Optimal Strategy) or any arbitrary
user-specified glostggy, to Reddyreghowighe cosieaf tnavlingaepetiwh opsttraidmigsenagy,'1  to
fine-tune a trading strategy in terms of trading horizon, a%gressiveness, and other parameters, and

can be provided on a communication network 10. The network 10 may be a public

network or a private dedicated network. A server 11 can be programmed with

transaction cost estimation and optimization computer program products, and has

access to various trading mechanisms or exchanges through the network 10, such as

the New York Stock Exchange (NYSE) 18, the POSIT® intra-day equity matching

system 20, the over-the-counter (OTC) market 22 (including, but not limited to, the

NASDAQ stock market), or an electronic communications network (ECN) 24.

[0052] According to preferred embodiments of the present invention, the server

11 is configured to be electronically accessible directly by customers through the

network 10. This access can be either through a personal computer (PC) 12 or a

dedicated client terminal 16 which is electronically connected to the network 10 such as

via the Internet or a dedicated line. Alternatively, clients could interact with the network

via a trading desk 14 through which a customer can perform a transaction cost analysis.

Particularly, the trading desk is a user interface that provides comprehensive agency

trading services utilizing multiple liquidity sources.
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to recommend an optimal trading strategy that balances execution costs against the uncertainty in the
realized costs of trading (opportunity costs). [0047]In addition, ACE(r) can be used as post-trade cost
benchmark for trading performance [0048]Unlike many other conventional products, ACE(r) includes a
dynamic model that recognizes that a trader or automated system will typically need to break up WO
2008/153909PCT. %%&9@&9@7083 a large order into several smaller tradegdgurinignizesprice impact
costs. There are three critical features of ACE(r) that merit special attention: 1. ACE(r) recognizes that
traders incur price impact costs because a trade moves the price adversely in the market when it is
executed. It is the cost of demanding liquidity. Price impact has both a permanent and a temporary

component. The permanent component is information-based: jt captures the persistent price change
as a result of {98%1‘0rmatiﬁﬁ%@‘%&h?f&f?é&e%%%%%@%ﬁ\9%9&8'%’?3é:inig?’ é‘ﬁ R e

The temporary price

impact is transjtory in natre: b i ilinaalRrise ReResRSiaMm REERSSARY toraakHhg; iauidity provider
to take the othééjir?es%]é %?%eésoﬁt(]:le%;qreﬁg%%rmanent price impact implies that Ehe first trade of a

multi-trade ordgywilipffessdhe s efgrding dbs et sidesslacksrisentauptberiatarkadinglodeling this
dynamic link is a key element of computing the price impact for a sequence of trades spread over time.
2. ACE(r) recdgnizesativhvatieve flestieniepomimpnicatigfenaiwetisstifneHedP el tayeUpMbAlity, trading

costs are a function of the trader's strategy or. execytion approach. The mor ressive the trading
strategy, the h?@?%}sﬁ%p%g?g%}ré‘%m%@bfé’r TN W'RPaWbS oSHEJNEN AUl ‘

ressiveness ca measured in terms of how rapidly

the trader wanis \g exqquis. N LalaAKERLNGOHRAE & siee elalivh IRAIBELYRMMaIR BRI the ACE()

estimate is based on a particular trading strategy.
network 10 and processes and analyzes the execution according to the user-selected

preset trading strategy algorithm being run by the server 11. The server 11 then
executes the transaction cost analysis and optimization and preferably transmits the
execution results to the customer in real time.

[0054] By providing such servers, a significant advantage over the prior art
system (where analyses are executed manually by human traders or by computer using
outdated information) is achieved. The server 11 cah handle much more complex
trades including trades involving large volumes and many more different equities.
Additionally, the server 11 can provide expert results for a very large number of equities,
unlike a trader who may be able to concentrate on or follow only a relatively small
number of equities at once. A server according to the present invention has a further
advantage over a human trader in that it can be electronically connected via the network
10 to a real time market information provider 15 as Well as sources providing historical
and derived market data such that it can receive and process multiple indicators on a
continuous basis. Further, multiple requests for transaction cost analysis having
different desired trading strategies (e.g., levels of risk aversion) can be simultaneously

executed by routing proposed portfolio trade orders to the appropriate server 11.
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3. ACE(r) can also be used to find an "optimal strategy' that balances price impact costs against
opportunity costs. Such an ACE(r) optimal strategy represents a solution of a very general optimization
problem (with time-varying parameters) for both the single name and the portfolio case. Opportunity
costs are largely due to price volatility, which creates uncertainty in the realized costs of trading as it
does for the realiz\%g%? 38f WO 2008/153909PCT/US218181007083 ipvgstings AN executing
an agency order, the balance between price impact and opportunity costs is chosen on the basis of the
motivation for the order, which is ultimately given by the investment manager. Passive managers are
mainly concerned about price impact while growth or momentum managers are more worried about
opportunity costs. Reference is made to the investment zanagg{ry‘]s sen%tivi% to og\ggtr.tugw costs as

weight on risk [##55k aver5iBH S @Rl -GS ANS RFPIR P SRS THh B LraTag A4 Oy BiAiiYe stment

isk. ACE() eS/Imptes Ihe,XBSRIEA.cpsis ARCHING SIRRURIAAEVRIPNAAISE GASisRf he agency trading

strategy that optlrr{gﬁ)‘c? alances the trade-off between paying price impact costs and incurring

opportunity cogishiakfogivesdevslefinisteaversininand tradingdiorizoat ddtienttastirgdiorizon can either
be chosen by the user or ACE(r) can determine an optimal time horizon for a given order. In ACK), the
user can definepteizasigheionritieks Pocineselsr BisIETED AR EEIHE theaMd-Hroblem as a
multi-period stochastic control ?[;)_robl_em. The solution tg this stoci&asg}%&%r}tn[a%l roblem is é@% optimal

strategy that nTAIFREHEHREShETYMRIP L GRT SPE R IR X AR S BRUNILY Costs. ACE@ provides the
expected st a1 AU JRHEAPTHOHIF 51 B HedEsRRa DAL Stls: Friategy i
or tra

recommended ers who want to weigh the opportunity costs associated with trading over a long
interval of timeggRnsistens witsibein weighhaipsaskTIOAX9] The ACE@ model is not a purely ,
econometric model calibrated based on transaction cost data. Rather, it is a structural model that uses

parameters esiifaédd ecorfsemstinainthis pathed it AR teRCYBAMEoR RISFEERRCECHI hetric

models of volatility, price impact, and price improvement we I el ition, a purely
econometric mYGeF é%’gé'o Oémrr\?gég,&a%ust GUTaheY gl‘l%ﬁ%o & ?Smﬂ“éﬁggg e !)qfv%c‘?Lg Y

awould no W one to provi cost

2008/153909PLF/CR20NB0R083 estidtales fatirse pridapaisyncaIteqts SiE areraes many

observations for large orders (diBartolomeo (2006)). By employing a structural model, ACE(r) does
mitigate this presiemetiQBAThef ACE()efianeeweek ahthe qurese aetihrendifauluirigeowhied Bystem and
methods introduced in U.S. Patent Application Serial No. 10/166,719 filed on June 12, 2002.

preferably 0.3. At step 203, the customer specifies the optimal trading time horizon,

e.g., selling 1 million shares of XYZ security over 7 days. Atstep 204, the program

retrieves market parameters, e.g., security master information (i.e., ticker symbol, cusip,

exchange) closing price, volatility, and trading volume. At step 205, estimations are

calculated for the customer's set of parameters and system inputs based on the most

recent market data. At step 206, the results are displayed to the customer as a table of

expected costs and standard deviation of costs for different RAP values. At step 207,

the customer selects a pair of values (expected cost and standard deviation) from the

table that are most appropriate in the particular case, and a value of RAP corresponding

to the chosen pair of values. At step 208, the customer inputs the new RAP value

(while maintaining the other parameters) to see a new set of expected cost and cost

standard deviation. This establishes a range of cost estimates. At step 209, optimal
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[0051]Referring to Figure 1, one or more transaction cost optimization servers 11 can be provided on a
communication network 10. The network 10 may be a public network or a private dedicated network. A
server 11 can be programmed with transaction cost estimation and optimization computer program
products, and has access to various trading mechanisms or exchanges through the network 10, such
as the New York 8%051%%%”99 (NYSE) 18, the POSIT(r) intra-day equitydpatehiggapstem 20. the
over-the-counter (OTC) market 22 (including, but not limited to, the NASDAQ stock market), or an
electronic communications network (ECN) 24. [0052]According to preferred embodiments of the
present invention, the server 11 is configured to be electronically accessible directly by customers

through the network 10. This access can be either through a personal.co ter (PC) 12 ora
dedicated cIieﬁﬁfﬁﬁfﬁﬁgi%s\ﬁfﬁfﬁ[%’@@&%ﬁé&iﬁ{%@f?ﬁ(g&&d@%iﬂ% ﬁért‘ﬁl%lr%ﬁ?ét% t)eég’ \f/cr;%r?he
Internet or a deglicated ling, APTRANLENGLRRIS ALY IRSLIRE WD LRINEFS MR ading desk 14
through which a customer can perform a transaction cost analysis. Particularly, the trading desk is a
user interface fiabfgpvides comprehensive agency trading services utilizing multiple liquidity sources.
WO 20118/153909PCT/U52008/007083 [0053]According to preferred embodiments of the present
invention, a nuiEH of différeersbpeesn oMY HIIRISEER MRIRRRBNISYRIRM SRSk fer 11
running a transaction cost analysis program and hayving access to,various appropri ing forums
and various eIé‘c?PSH?B%B’ﬁﬁ%Hﬁ%@a?f%r? haRuRY as.rﬂxogﬁﬁg(t)hr#gﬂ%%@sgsu %ﬁgg sbgr%{i)g(?s%g %E)éﬁgolio trade
execution for analysis wWithAny,SREEHc QRR AfdhRcasivednd induirneid benrriNestbrerigposed
portfolio trade execution from the customer over the network 10 and processes and analyzes the
execution accasgiagtith thectsen sedantadipngsetcratihg statefgy ddgeriechntidreing run by the server 11.
The server 11 then executes the transaction cost analysis and optimization and preferably transmits

the execution 988 to the bLsBRRER RFRAFRHACIBEHIR) brAREMYETdR RRBRSY dgnificant
advantage over the égf’é%ﬁ%;r% i (here E‘é‘r‘f"%%S%&%%%odé@r?ﬁ&@éﬁ&%:hgwé&é@ders or by
e .

computer usincj’%ﬂf mation) IS achieve e server 11 can handle much more complex

trades including jrades invRlviggdararNotmescrashpanycamseaifierans egidties. cdeditipozy, the

server 11 can provide expert results for a very large number of equities, unlike a trader who may be
able to concentiadarenstmbioweidyicn BRI cittacoshebtirecfasgqaitisadnositaiegy dedt/er according
to the present invention has a further advantage over a human trader in that |§5 caﬁobz electronically

connected via #RématyoplaTeRtBe EaRRIAK RRRYRER RRYANANGR BIRRTHEP F8 SRR TP

r
sources

providing historjcal and derived market dat ot B GaRrecRive adiRiacrag i \iiplgdndicators on
a continuous b};'l ‘i’s'c.“ L(Igl’ mear?(f&Sﬂﬁagcyéar&%@ﬁ@é%%sasction cost ar?agl%/sl,is having different desired
trading strategigsq(f<dt. JRY eisRiJ iskrRYRI 1AL £an Kiecsirustanenusiydxe puibidh aseutinti-proposed

portfolio trade orders to the appropriate server 11.
period stochastic control problem. It then calculates the expected cost and the standard
deviation of the cost for the resulting optimal strategy.
[0059] The execution costis a sigﬁed (i.e., positive or negative) difference
between the value of a security or portfolio of securities at the beginning and the end of
the specified trading horizon. ACE® can estimate the expected cost of the agency
trading strategy as follows:
[0060] " In an exemplary method, the trading horizon is first divided into a number

of bins, or time periods of equal duration. For example, in the U.S. market, ACE®

preferably considers thirteen bins of 30 minute duration per trading day. However, any
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WO 2008/153909PC1711152008/007083 100551Figure 2 illustrates one example of a system for
estimating and optimizing the transaction costs of a trade execution according to the invention,
wherein transaction costs are estimated according to a transaction cost estimation and optimization
algorithms and models. Customers wishing to execute the ACE(r) transaction cost estimation and
optimization for pr&&\g@@% ﬂg%folio trades input requests for analyses and gapsifothergsslirectly to the
ACE(r) server. The (r) server performs one or more transaction cost analyses (TCA).
100561According to this method, at step 201 the customer's order specifications are retrieved. For
example, a customer may wish to sell 1 million shares of security XYZ. At step 202, the customer
specifies (and inputs) a value for the risk aversion parameter (RAP)I.),If no vallfle is retrieved, the

program sets thangeraliRiDaRIAWINEFIOR PRTY AR BESOAPRIS 203 PIH RALERIR Pipecifies the optimal
trading time horizon, e,g,, selling 1 millign. aLes fXueh SPRUTNAVEhddaY Mdiceianseon, the
program retriefe¥ tharke parameters, e.g., security master information (i.e., ticker symbol, cusip,
exchange) closingBri¢sqiNg @iy waRGi adinaryaiuiag Ainsiema Gt estiradiendiray dicatcikated for the
customer's set of parameters and system inputs based on the most recent market data. At step 206,
the results arelaispiaythéartvie cuseoineatefised tatjte widinpbefEprdsgatidetIntRr 8 vifion of costs
for different RAP values. At step 207, the customer sel??ts ap ir qf values (gégﬁctgg gggg and
standard devigtishyaring sHategy SaMeare fhSRe o phsteRR ¢ ) :

e ﬁéﬁigﬁ%} case, ana a value of RAP

corresponding o, e, hagen ek AINALES,AIRIFRALEHBR IR b B dRgaKLTARYalue (while

maintaining the other parameters) to see a new set of expected cost and cost standard deviation. This
establishes a rgjagespbemat gatimates. At step 209, optimal WO 20118/153909PCT/U52008/007083
trade strategies are calculated and displayed for a customer's inputted parameters, from which the

customer may [#868ke the Bricremprovaririsisies ntiescaceberabisrhelits ianiba e atB9)As can be

seen from Figure 2, the ACE(r) method and system can include.a computer: set of statistical
models that fordieSt8-fheP RSP rggétgrgfy 'é%’%l gu x%rcﬁt;)On. i G,{%'&’(r(ﬁ, %%i%rs?%ﬁegmeasured as the

difference bew‘s’:‘%ﬁ&éﬁ%ﬂ%ﬁ‘s’%@&éﬁ%&&% price.al the peovnifigadiise qidkepRtart Rbaeder, execution.

[0058]An important aspect of ACE(r) is that it can be used to recommend a particular trading strategy
for a user. ACE{palrrnesdiin reysideratiensstexpaeteticostionthatdhe ardvaidiviagebmhe ACE(r)
model can estimate the expected cost ("E(C)") and the standard deviation ("SD(C)") of the cost of the
agency tradingaswtaaggelahthsgimeie Daienees BReFAIMSIP SUEIERABLYRE P '%T{B%ﬁin

consideration for liquidit %m nd) and incurrin ortuni gt:f,nf AHeep-specified weights on cost
and risk, and tr%ff?@'h&%& %.eﬁe oee%egg%ﬁ}rg%gé%&%%dt e t%ﬁng‘] p%blem as a multi-period stochastic

control problemygistiien calgylalgy s ¥easied vshanmdhsisiamianydeviesionfiehtiig bpstrior the

resulting optimal strategy.
within the same trading day. The volume and volatility distributions by bin are

determined statistically and taken into account when estimating transaction costs and
generating an optimal strategy. While volume and volatility distributions for a particular
stock ideally should be used when estimating transactions costs for that stock, research
has demonstrated that such distributions may be unstable, even for very liquid stocks,
because of market noise. Consequently, as an alternative aggregated bin distributions
of a larger number of stocks may be used. Such aggregated distributions have been

shown to be much more stable.

[0063] The total realized transaction costs C can be defined as:
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[0059]The execution cost is a signed (i.e., positive or negative) difference between the value of a
security or portfolio of securities at the beginning and the end of the specified trading horizon. ACE(r)
can estimate the expected cost of the agency trading strategy as follows: [0060]' In an exemplary
method, the trading horizon is first divided into a number of bins, or time periods of equal duration. For
example, in the U$§o marke ;,O@CE(r) preferably considers thirteen bins of 3Q-fiRuis ei16ation per
trading day. However, any WO 2008;153909PCPUS201.18/007083 number of bins of any duration
may be used so long as the bin parameters are appropriately configured for the chosen duration. The
trading horizon may consist of several trading days, with an arbitrary starting bin in the first day and
ending bin in the last day. The trade order is defined by its trading horizon, trade side (buy or sell), size
and trading strategy (sequence of share quantities per bin for a given trading horizon). Trading of all
share quantities spedifiedfist@act{direistassiuhed to be completed within the respeétive bin.
[0061]Price improvement"‘i:é a price received that is better than the prevailing prices (i.e., bid for a sell
order or ask for a buy order). Generally, all buyer/seller initiated orders are expected to execute at the
prevailing ask/hegubte B EURSHRSNABURIPIRABYen may receive a better execution price than
the prevailing ask/bid %J%oég r1ice at the timga;g order was placed, due to sudden and unpredictable
ter

market moves Suct’ eC&iVEd PRce s Uetined as a price improvement. 100621For any given

security, volume_and nrice yalatide\@nngignificantly by bin within the same trading day. The volume
and volatility distributions by bin are determined statistically and taken into account when estimating

transaction cosis-aactigeneiatidiiarbeptsiat daategy. While volume and volatility distributions for a
particular stock ideally should be used when estimating transactions costs for that stock, research has
demonstrated thasindesiseiaime fally BEGHBIH8, even for very liquid stocks, because of market

noise. Conseauenily, g AnalleralNe AReaa B itz iReligas«pbadajer number of stocks may
be used. Such aggregatéd distributions have been

xi = residual at the end of day i.

[0064] The mean or expected cost EC may be considered as simply an average

value of total cost if the execution could be repeated many times, since the total

execution cost C is a stochastic or random variable rather than a deterministic value or

number. This is so because total execution cost is subject to a large number of

unknown factors, including uncertain behavior of other market participants, market

movements related to macroeconomic or stock-specific factors, etc. EC may be defined
as
s 2
EC = Z[ECim) + (ex; + Tinx;)l, 2

=1
where

N
Eci(ni)=}:[cj-n§j+(aj+yjni'j)ii.j]+(ao+1)ni, (3)
=1

¢j = linear coefficient for temporary price impact for bin

aj = standard deviation of price change in bin j
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shown to be much more stable. [0063]The total realized transaction costs C can be defined as: WO
20118'15390Pc17uS2008/907083 C. = E[C,(ni) 4 (a + Eiff Tini)xij(1) 1=1 where ni = total number of
shares traded on day i ci = cost on day 1 for trading ni shares a = expected daily price change El =
random price disturbance for day i a = standard deviation of daily price change

WO 2008/153909 PCT/US2008/007083

a0 = standard deviation of price change between closing and opening
yj = linear coefficient for price impact persistence after trade in bin j
ni,j = shares traded in bin j of day i
J = half bid-ask spread
xi,j = residual for the day after bin j of day i
N = number of bins in trading horizon.
[0065] In the first use, computing a cost of a pre-specified trading strategy,
equations (2) and (3) are used to generate a predicted cost. Specifically, given a pre-
specified distribution of shares across the trading horizon, by bin, given by {n}, the
expected price in each bin is computed using e.g., (3) and then sum across bins
(weighting by ni) using e.g., (2) to get total cost. A proprietary daily risk model is used
to get a forward looking estimate of the variance of cost, allowing for the possibility of
price movements across bins.
[0066] In the second use of ACE®, the optimal trading strategy, denoted by {n"},
is computed by solving a particular optimization problem that balances expected cost
against variance of cost. The optimization problem of ACE® is then given as:

PD = min {(1- A JEC + A*Var C},
where A is a non-negative parameter called the risk aversion parameter (or weight on
opportunity cost), and Var C is the variance or square of the standard deviation of cost
C. The weight on opportunity cost is typically input by the user and is a number
between 0 and 1; very low weights correspond to styles of trading where opportunity

costs are not a significant consideration (e.g., a value trader without information),
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Ti = linear coefficient for price impact persistence after trade on day i xi = residual at the end of day i.
[0064]The mean or expected cost EC may be considered as simply an average value of total cost if
the execution could be repeated many times, since the total execution cost C is a stochastic or random
variable rather than a deterministic value or number. This is so because total execution cost is subject

to a large number\% g&gﬂ%{(} factors, including uncertain behavior of othegdpakkeisparéigipants,
market movements related to macroeconomic or stock-specific factors, etc. EC may be defined as EC

= [EC,;(nr) .4- (ax; =(2) 1=1 where N r EC, (n) = ar +73n,.3)5EL,1 (a, +J)n, , (3)
whereas high values correspond to aggressive trading styles (e.g., a trader who is
concerned about adverse price movements) where trading is accomplished rapidly.
[0067] According to the present invention, ACE® can reliably forecast transaction
costs and estimate their statistical characteristics for any scenario selected by a user.
ACE® estimates depend on the user’s strategy and the underlying price impact model
parameters. The user’s strategy is reflected in trading style and aggressiveness. The
price impact model parameters can be calibrated using proprietary ITG PEER GROUP
data in order to be in line with “typical” costs of large institutions. The trading style can
be characterized by the aggressiveness (participation rate) and the level of opportunistic
trading.
[0068] Further examples and details regarding aspects of the base ACE®
system, method and computer program product are disclosed in U.S. Patent Application
Serial No. 10/166,71@ filed on June 12, 2002.
[0069] | The inventors have discovered that realized costs for opporfunistic traders
do not match with the realized costs of traders that have to execute most of the times
(i.e., non-opportunistic or non-discretionary traders). In order to better account for this
discrepancy, the present invention improves upon the original ACE® invention by
providing two cost estimates: one called ACE® Discretionary and another one called
ACE® Non-Discretionary.
[0070] As the names indicate, for ACE® Discretionary, all executions are used for
the building (also called calibration) of the ACE® model, i.e., even orders for which the
traders can postpone or abandon trading to take advantage of market conditions. For

ACE® Non-Discretionary, opportunistic executions are excluded from the building of the
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cj = linear coefficient for temporary price impact for bin j aj = standard deviation of price change in bin |
wO 2008 53909PCT/11820(18i007083 a0 = standard deviation of price change between closing and
opening yj = linear coefficient for price impact persistence after trade in bin j ni,j = shares traded in bin j
of day i J = half bid-ask spread - xi,j = residual for the day after bin j of day i N = number of bins in

trading horizon 5 008/153900 PCT/US2008/007083

model and only execution data are included for orders that traders do not have much

" discretion and must execute regardless of whether market conditions are favorable.
[0071] ACE® can be implemented for equities or for non-equity asset classes.
[0072} The ACE® model can be estimated for each exchange of each country
separately. This approach is necessary since transaction costs vary significantly
between different countries and exchanges (see, for example, Munck (20086)).
{0073} ACE® can distinguished between the market price, defined as a stock
mid-quote price, and the average execution price, at which a given bin's shares are
executed. The average execution price differs from the market price since it includes
temporary price impact costs and average price improvement. For small orders this
difference is typically only half of the prevailing bid-ask spread, net of any price
improvement. Price improvement is defined as receiving a price better than the
prevailing prices (bid for a sell or ask for a buy) at the time the order was placed. For
larger orders that exceed the bid/ask size, the execution price reflects both permanent
and temporary price impacts. Permanent price impact captures the information content
of the order, while the temporary price impact is the cost of demanding liquidity. Trade
execution affects not only the trade price, but the market price as well. Large size
trades move the market price not only within the execution period, but have a persistent
effect on the market price to the end of the trading day. Such an effect is usually called
a permanent price impact. The market price is also affected by other factors that are
captured in a stochastic disturbance term. Of course, both the temporary price impact

and the permanent price impact increase with the number of shares traded within a bin.
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[0065]In the first use, computing a cost of a pre-specified trading strategy, equations (2) and (3) are
used to generate a predicted cost. Specifically, given a pre-specified distribution of shares across the
trading horizon, by bin, given by {n), the expected price in each bin is computed using e.g., (3) and
then sum across bins (weighting by ni) using e.g., (2) to get total cost. A proprietary daily risk model is
used to get a forwgyd Jaakigg, estimate of the variance of cost, allowing forstheysessibilitysof price
movements across bins. [0066]In the second use of ACE(r), the optimal trading strategy, denoted by
{n*}, is computed by solving a particular optimization problem that balances expected cost against
variance of cost The optimization problem of ACE(r) is then given as: PD = min {(1- A )EC + A*Var
where A is a hon-negative parameter called the risk aversjon param i portunity
cost), and Vai®®8lthe vafiREEGP gaﬁ(f\gr%agfb the°s é%%dgpc? " eé%&fSR%i%%ﬁ%@%@k@gﬁt on
opportunity cqst s, typicallynevLhYetBeks sloakdtita rugnbrigastwe endingnbdioresydae weights
correspond to styles of trading where opportunity costs are not a significant consideration (e.g., a
value trader Withesdrfsonation)icAVe 6(@8x 53908 FEH 6 2008/ ETOBBslithend 48™\RIN values
correspond to aggressive trading styles (e.g., a trader who is concerned abqut advers\ieaé%ice
t

movements) Vidrtets rvdived §'dBe AR ST IO TR AR IO TR VS EL BA TS IStion, ACE(r)
liably f tt ti ts.and esti ' isti jSti '
EZ&%‘? bg; ;Erengcﬁl_ﬁ &éaé'%@gb?&aﬁa%a'r?ﬁ%wnot € %‘?{ﬁg@%ﬂﬁ%&%ﬁ\%@ﬁé&'%t@% dMmhscenario

stimates depe e user's strategy and the underlying price impact

model parameegs; TheHssHnsBRIaEH e liegias indadinaretiveang aggrensitentganiioe price
impact model parameters can be calibrated using proprietary ITG PEER GROUP data in order to be in
line with "typicgbgasisiatlarge institutions. The trading style can be characterized by the

aggressiveness (participation rate) and the level of opportunistic :
: [0075] FIG. 3 provides an illustration to the above-described concepts and terms.

The temporary and permanent price impact applies to both single and multiple
executions. FIG. 3 illustrates the concept behind the ACE® price impact model for a sell
trade. The execution price of the stock is lower than the pre-trade price as the law of
supply and demand suggests. The larger the size of the trade, the more likely the sale
price will be lower. The difference between pre-trade market price and execution price
consists of two parts — permanent and temporary price impact. While the temporary
price impact only affects the price of the trade itself, the permanent price impact has a
persistent effect on the market price.

[0076] Providing reliable estimates of the model’s parameters presents a special
challenge, and indeed is the most difficult aspect of creating and maintaining the ACE®
model. Stock market dynamics are complex and are subject to a variety of institutional
features. For example, price impact is extremely difficult to measure given the low
signal-to-noise ratio induced by intraday price volatility, and very comprehensive
statistical techniques to extract the “useful” signal are needed. in short, the econometric

implementation of ACE® is the most critical element of the model development.
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trading. [0068]Further examples and details regarding aspects of the base ACE(r) system, method and
computer program product are disclosed in U.S. Patent Application Serial No. 10/166,719 filed on
June 12, 2002. [00691The inventors have discovered that realized costs for opportunistic traders do
not match with the realized costs of traders that have to execute most of the times (i.e.,

non-opportunistic\% DaRdisgsetionary traders). In order to better account fpshis:gliserapancy, the
present invention improves upon the original ACE(r) invention by providing two cost estimates: one
called ACE(r) Discretionary and another one called ACE(r) Non-Discretionary. [0070]As the names
indicate, for ACE(r) Discretionary, all executions are used for the building (also called calibration) of
the ACE(r) model, i.e., even orders for which the tradéers can os{ ne or.abandon {rading to take

advantage of FA&FREt condMoMSERIPRIEBEH ISRSISLFERNARS BFot AL PARE RS are excluded
from the buildie(r;'girgfa hes WO LS 1390 ARk HRZ0hiRNRS QB3 medel fadaniv fxpeution data are

included for orders that traders do not have much discretion and must execute regardless of whether
market conditigipeareiayeerisle cfAZIJACIHE beatbbe tanpteayteddsingguitiesd tstimafeequity asset

classes.
for volatility, average trading volume, and bid-ask spread of each security.
{0078} The volatility is preferably the historical 60-day price volatility where the
daily returns are adjusted by the VIX level. VIXis the ticker symbol for the Chicago
Board Options Exchange Volatility Index, which is a measure of the implied volatility of
S&P 500 index options. It represents one measure of the market's expectation of
volatility over the next 30-day period. Average trading volume is estimated as the
median daily dollar volume for the 21 most recent trading days. The bid-ask spread is
computed as the 5-day time-weighted average daily bid-ask spread. The estimation
methodologies for average trading volume and bid-ask spread are selected to balance
the latest trends in stock behavior against fluctuations generated by market news,
earnings announcements, and other temporary factors. Itis worthwhile noting that any
other estimation approaches can be used as well, if so desired.
[0079] The ACE® framework is preferably built in such a way that the market
price behavior of a stock may depend on its expected intraday stock returns. By default,
these returns are set to zero, but client-specific “alpha” models may be included in the
ACE® analysis.
[0080] Besides estimating transaction costs for single name trades, ACE® may

also be used efficiently for pre- and post-trade analysis of portfolios. In all ACE®

implementations, correlations between stock returns are preferably estimated using iTG
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[0072]The ACE(r) model can be estimated for each exchange of each country separately. This
approach is necessary since transaction costs vary significantly between different countries and
exchanges (see, for example, Munck (2006)). [0073]ACE(r) can distinguished between the market
price, defined as a stock mid-quote price, and the average execution price, at which a given bin's
shares are execu@g.z,‘&gﬂﬁy@rage execution price differs from the market gariggssipgaitdncludes
temporary price impact costs and average price improvement. For small orders this difference is
typically only half of the prevailing bid-ask spread, net of any price improvement. Price improvement is
defined as receiving a price better than the prevailing prices (bid for a sell or ask for a buy) at the time
the order was g_laced. For larger orders that exceed the bi r?st(r ;i;zeqfsi[h% g)éercrlégiopngir' e reflects both
permanent anBiEs sy BAREENANLE B SIRENERER D AL fiie ihformation content of

captures
the order, whilg the t(’agg%%gr rBr&g,img@&@%@&@bg@@emanding liquidity. Trade execution affects
not only the trade prPfce, ut'the’market price as well. Large size trades move the market price not only
within the exe¢yidigf) periodsHapraaser ipansistestesfieotanading tharketipdo@itortberser] of the trading
day. Such an effect is usually called a permanent price impact. The market price is also affected by
other factors thvatadility capdurideair apsegRastic disturbance term. Of course, both the temporary price
impact and the permanent price igyoati;in reaseg\{irtahdmed?iumber of shares traded within a bin. WO
2008/153909P'CI/U5%@@6@?6@ [6'5 E] ReCUtion costs can be considered the appropriately signed
difference between the market nrice Qfthesipgk at the beginning of the trading horizon and the
average execution price for the order. Since there are both deterministic and random factors involved
in the dynamic.analysis,stoskesisniticosts are stochastic in nature and should be analyzed by statistical
methods. Further, given the multi-period nature of the optimization control problem, the analysis also
requires the use of sesefielstivelypaRieceryeRaligHitRPBiPS8IEIE. 3 provides an illustration to the
above-described concepts a?%%g{m%i Tflléa temporary and permanent price impact applies to both

single and multiple Q8o & ﬁ‘l‘l‘usﬁ%cflelsm%é concept behind the ACE@ price impact model for

a sell trade. T%&?‘@CU“OH Aicldhe stealois IpwerfRandnainge dradpirdce amtbertaasafalipply and
demand suggests. The larger the size of the trade, the more likely the sale price will be lower. The

difference betwesrfrairacttimanebimiceihind/sXe sudshestivation diealyf fwaeiaiesdstérmanent and
temporary price impact. While the temporary price impact only affects the price of the trade itself, the
permanent pric@ﬂ*ﬁﬁ&tﬁ?ﬁé%farp?e?é%'ﬁemeéﬁéé’f’%WHWaYQ@XB%S?d Spre;dré:‘smbupons for e

particular stock should be used. The research, however, demonstrates that such
distributions are unstable for less liquid stocks due to both market and stock-specific
fluctuations. FIGs. 4 and 5 show intraday volume andt spread distributions for Atlantic
Tele-Network Inc. (ATNI) during several time periods. Atlantic Tele-Network Inc. has
been selected for illustrative purposes at random. The stock belongs to the category of
relatively illiquid stocks, its market capitalization is $394.2 million and the median daily
share volume is 50,000 shares as of May 1, 2007.

[0083] FIG. 4 shows the intraday volume pattern for Atlanta Tele-Network Inc.
(ATNI) for the months January, February, and March of 2007. The stock is a relatively
illiquid stock, its market capitalization is $394.2 'million, and the median daily share volume

is about 50,000 shares as of May 1, 2007. The distributions show some fluctuations,
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[0076]Providing reliable estimates of the model's parameters presents a special challenge, and indeed
is the most difficult aspect of creating and maintaining the ACE(r) model. Stock market dynamics are
complex and are subject to a variety of institutional features. For example, price impact is extremely
difficult to measure given the low signal-to-noise ratio induced by intraday price volatility, and very

comprehensive stg;g)s%g]h;%t;niques to extract the "useful” signal are neegedkshoriodhe
econometric implementation of ACE@ is the most critical element of the model development. WO

20081153909PCT/1182008/007083 [0077]All ACE(r) implementations preferably use stock-specific
parameters estimated from the most recent market data, including security master information (ticker,

cusip/sedol, exchange), the previous trading days closing price, and estimates for volatility, average
trading volumesegriphRHER @QH‘%F@%éh%‘éEﬂﬁﬁf,tt@d%%’?ﬂg’%i‘ﬁﬂ%orrg%?%fg%%ﬁ%é%storicaI

60-day price volatljly whete (e dally EAie AISBAIIALTE B LA eHeol i aesiteer symbol for
(0}

the Chicago BUAd pt%’r%a%?('crﬁgng atility Index, which is a measure of the implied volatility of

S&P 500 index gRiiensd li(AREESRAIS RNETRIC ARy abtevmatketiswepettatioa-obutiatidover the
next 30-day period. Average trading volume is estimated as the median daily dollar volume for the 21
most recent tradingatampsy bHéabitl-28R7%spread is computed as the 5-day time-weighted average daily

bid-ask spread. The estimation methodologies for ayerage trading, volume, and bid-as d are
selected to baf§f8lthe Iat@&-tf’eﬁlﬁ’?ﬁ#%‘fd@ﬁ%ﬂ%?sg% ARG ?&23%%3%%@ eiﬁréga{f;‘ket news,

camings amnouncEIeR2, AR ASLISmRaRT Aciak. dhimpeuris rotioeioat ry other ectimation
, IT SO

approaches cah be used as we esired. [0079]The ACE(r) framework is preferably built in such

a way that the gaskel Rligadabawotdinaraindamalzatepend e itsreikipecied intraddipsitail returns. By
default, these returns are set to zero, but client-specific "alpha" models may be included in the ACE(r)

analysis. [008GjBesidesestimbtnpRMN8amsASRses HYslngRO hrathe HsHbs s (9 hIaNe
fluctuations, especially at the beginning and at the end of the trading day. The bold line
represents the smoothed average intraday bid-ask spread distribution for all stocks
which belong to the same market and liquidity group as ATNI. The average was taken
over the three-month period from January to March, 2007.
[o085} Note, in the remainder of this document, if not specified otherwise, all
ACE® numbers presented in tables and figures are based on the ACE® Non-
Discretionary embodiment. Clearly, with such variation, for example, in the intraday
volume or spread pattern for ATNI, one cannot be certain that using the latest available
distribution calculated from, e.g., March data will be a good estimate for April. A
possible alternative for less liquid stocks is to use aggregated distributions based on a
significant number of stocks, for example, all stocks included in similar markets
(NYSE/AMEX, Nasdaqg) and liquidity groups. These distributions are much more stable
as demonstrated by the bold lines in FIGs. 4 and 5, and they provide more robust
forecasts. IT is assumed that distributions of trading volume, volatility, and spreads are,

respectively, averages of trading volume, volatility, and spread distributions across
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also be used efficiently for pre- and post-trade analysis of portfolios. In all ACE(r) implementations,
correlations between stock returns are preferably estimated using ITG WO
200S1153909PCT/US20081007083 Risk Models. Depending on the stock universe in the trade list,
the corresponding country, region, or global ITG Risk Model is used. [0081]The present invention

takes into _accoun%%&&@%g volume, price vo_IatiIity, and bid-ask spreadsvfary:gignifigantly within the
same tradln_g day, change over the course of time, are stock-specific, are relatively stable for very
liquid securities, and are not stable for illiquid securities.
individual stocks on an equally-weighted basis. All stocks included in this distribution are
of equal importance. This makes sense, since the main purpose of the aggregation is to
get meaningful and stable estimates for illiquid stocks. The same approach is applicable
to international markets. Volume, volatility and spread distributions are updated
monthly, based on the most recent available trade and quote data. Both stock-specific
and aggregated distributions are smoothed to control for market noise.
[0686] In general, trading strategies can be subdivided into two categories:
structured and opportunistic trading strategies.
[0087] Opportunistic trading strategies do not strictly follow a pre-specified
trading schedule. Instead, these strategies are continuously searching for liquidity and
opportunities for favorable execution based on real-time information. The success of
such algorithms requires reliable quantitative forecasts of price movements and liquidity
patterns, as well as intelligently combined use of trading venues and alternative order
types (such as discretionary limit orders, Immediate-Or-Cancel (I0C) orders, or pegged
orders). Opportunistic trading strategies work well for orders that do not have to be
completed. However, they are not suitable for orders that need to be executed in full
within a certain time horizon.
[0088] In contrast, structured, or more precisely scheduled, strategies are
generally linked to a certain benchmark, for instance Volume Weighted Average Price
(VWAP) or implementatfon shortfall, and are mostly based on historical data and their
underlying analytics like the historical intra-day volume, volatility, and spread patterns.
At the macro-level, these algorithmic trading strategies suggest how to optimally slice a

large order in different time intervals within a specified horizon, but additional intelligent
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10082]The intraday variations in volume, volatility, and spreads can be measured statistically and
incorporated within ACE's cost estimation. Ideally, if one intends to estimate costs for a stock, the
intraday volume, volatility, and spread distributions for the particular stock should be used. The
research, however, demonstrates that such distributions are unstable for less liquid stocks due to both
market and stock-\%g%%ﬁsqg@tuations. FIGs. 4 and 5 show intraday volumeand spgeadsdistributions
for Atlantic Tele-Network Inc. (ATM) during several time periods. Atlantic Tele-Network Inc. has been
selected for illustrative purposes at random. The stock belongs to the category of relatively illiquid
stocks, its market capitalization is $394.2 million and the median daily share volume is 50,000 shares

Qanta Tel 6lﬁ\|‘etwork Inc.

as of May 1, 2007. [0083)FIG. 4 shows the intraday volume pattern for
(ATM) for the H%Gﬁt?%vﬁéﬂﬁﬁrﬁ}?@efﬁrﬁ’é‘?%tﬁr?@ﬁf%ﬁOgﬁ%?)ﬁni%‘?ﬁeogggrcés'?rsquﬁ\fe INGRid stock, its

market capitalizcatigﬂtis $394.2 million, and the median daily share volume is about 50,000 shares as
of May 1, 2007 The distributions show some fluctuations, WO 2008/153909PCI/U52008/007083
especially at the begipniogashatshaigridiohthe kagiestethitrading bolddine (repeetianms,the smoothed
average intraday volume distributions for aft stocks which belong to the same market and liquidity
group as ATNKeFRéicvetaye was taken over the three-month period from January to March, 2007.
[0084]FIG. 5 shows the intraday bid-ask spread pattern for Atlanta Tele-Network | ) for the
months January, FeBFﬁ%{rypgn%&ﬁ%{'l%rhiﬁT Bﬁgﬁr hnéaéESEEr%ég’ Ygig%lr\%@nm%ij\fgésr%ér::al%s(fﬁigsarﬂnarket
capitalization i§r§§%4gc_ illion and the median daily share volume is about 50,000 shares as of May 1,
2007. The distributions show some fluctuations, especially at the beginning and at the end of the
trading day. The bolgdifieg eprasantsdium ssncotbetbaveragetintadale bidtwskesparaithbie piingtion for all
stocks which belong to the same market and liquidity group as ATNI. The average was taken over the
three-month peri@dofetrroIahuegip #esad ihidod7. [0085] Note, in the remainder of this document, if not
specified omeniig; ! ACRIAMWIOER LIESENSAIL ARISS N4 RS AERASRE ARG SICE()

Non-Discretior{gP)?gmbodimen ear such variation, for example, in the intraday volume or

spread pattern fouATNL ARG ARBALRAea RN alsiNe R Inseshmeiabimeliswibutinncalculated
from, e.g., March data will be a good estimate for April. A possible alternative for less liquid stocks is to

use aggregatedotisttibttichs asehiomasigrificanttraiegelassiicatlensfapérelenienssdisb iR included

in similar markets (NYSE/AMEX, Nasdaq) and liquidity groups. These distrjibutions %‘8 uch more
stable as demcREEEERPISHIIRS HRIARTBETIRSEHER 'Y BRI S PRV G AN ECRR PP oIS {STecasts. IT

is assumed tha¢ distrib H’.o 3 ading volume, volatility, and spreads are, respectively, averages of
: anq; ?né‘] !U?] . . . .
trading volume, votatility, and sptead distributions across ‘

[0090] ACE® uses trading strategies that belong to the class of structured

strategies. In ACE®, a strategy is defined as a sequence of number of shares that

should be executed within an execution period according to a bin scheme. Abinis a

30-minute period during a trading day. For example, in the U.S., 9:30-10:00 a.m. is bin 1

of day 1, 10:00-10:30 a.m. is bin 2 of day 1, ..., 3:30-4:00 p.m. is bin 13 of day 1; for

multi-day strategies, 9:30-10:00 a.m. is bin 1 of day 2, etc.

[0081] There are several standard strategies that can be expressed by the bin

scheme of ACE:
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WO 2011S/1539119PCT/US20118/11117083 individual stocks on an equally-weighted basis. All
stocks included in this distribution are of equal importance. This makes sense, since the main purpose
of the aggregation is to get meaningful and stable estimates for illiquid stocks. The same approach is
applicable to international markets. Volume, volatility and spread distributions are updated monthly,

based on the mo%{)ezqﬁg}%%@ilable trade and quote data. Both stock-specificraneagagregated
distributions are smoothed to control for market noise. [0086]In general, trading strategies can be

subdivided into two categories: structured and opportunistic trading strategies. [00871O0pportunistic
trading strategies do not strictly follow a pre-specified trading schedule, Instead, these strategies are
continuously searching for liquidity and opportunities for favarable executjon based on real-time

information. The success dMSUBRIaN, SR a6 &Y PERLEId DS HRGIREYErdOisel aFgYican
movements and el RIS, eIl a3 BisHiosAy sombiped yss.Abadngen eadnd

alternative order {ypese su cretionary limit orders, Immediate-Or-Cancel (I0C) orders, or
pegged orders), QERPMURESESHagng strategies work well for orders that do not have to be completed.
However, they are not suitable for orders that need to be executed in full within a certain time horizon.
[0088]In contrast, structuretheo nifores Siteasrmpssseeiulbel Samatagnalea i saierdMpPfinked to a certain

benchmark, for instance Volume Weighted Avera%e Price gVVVAP pr im lem rgtgtzignsshortfall, and
are mostly basB@BHeHiLoAESN LA ERHE R FATNERIRG an A R TRE the I StSricaldhtta-day volume,

volatlty, and spyed paLELRS, AL 1S MACLRRITATe B5A ABELNRIG RABOG g B paeSt how to

optimally slice @’ large order in different time intervals within a specified horizon, but additional

intelligent the uniform strategy suggests executing 50,000 shares within each bin (bins 2 to 7).
Bertsimas and Lo (1998) propose uniform strategies to minimize expected costs of
trading fixed number of shares.
. The VWAP Strategy by Horizon. For each order input, ACE® generates a
prediction of the stock’s volume pattern over the desired time horizon, whether partial-
day, full day, or multi-day. For each order, the VWAP Strategy by Horizon is a trading
strategy that matches the volume pattern of the underlying stock over the desired time
horizon, participating more heavily during the periods when volume is expected to be
heaviest. This helps to minimize the impact of trading during thin volume periods and
allows the order to benefit from.the most liquid conditions. FIG. 6 presents the VWAP
Strategy by Horizon for a trade of 300,000 shares of stock Boeing Co. (BA) that
executes between 10:00 a.m. and 1:00 p.m. Boeing Co. has been selected for
ilustrative purposes at random. The stock is a relatively liquid stock; its market
capitalization is $73.7 billion and the median daily share volume is 3.5 million shares as
of May 1, 2007.
[0092] FIG. 6 shows different typeé of trading strategies for buying 300,000

shares (approximately 8.5% of ADV) of Boeing Co. (BA) between 10:00 a.m. and 1 p.m.
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WO 2111M/153909PC17U8290810071183 rules have to be used to execute each part of the original
order, taking specifically into account how close one should follow the suggested trading schedule
(order timing, deviation rule), order type selection (limit orders, market orders, discretionary orders,
and IOC orders, etc.), trading venue selection (smart order routing to execute at the best available

price and to disco\\%r Zlﬂélgllig}g@sed liquidity). [0089]Most of the rules requirgstheapsiivgal-time
information and depend on models/algorithms that can be used to search for the best price with the

fewest time constraints. For more information about strategy classifications and selections given the
specific objectives and scenarios, see for example, Domowitz and Yegerman (2005) or Yang and Jiu

(2006). [0090]ACE(r) uses trading strategies that belong to the class of structured strategies. In
ACE(r), a straf@@ﬁé’%ﬁ‘ﬂ@ﬂgééoa%%%aﬁ@ﬂ%’ g Fﬁfﬁﬂlﬁ@y%ﬁ@fiﬁ?gg%é&ssrﬂ%ﬁ% B%Oggi‘(%zgﬁl ergdlsvvithin an

execution peri rding to. a bin INJSIGmORiBULE RANed duriagavEgdingoday. For
example, in th %aégﬁgogéh(gt%%erﬁggs%ﬁ?fﬁﬁggé1 16:00-10:30 a.m. is bin 2 o??jd;y 1,, 3:30-4:00
p.m. is bin 13 &g ashnictmuli gy ategiananssn10:00sa tradisdin Lbif daiye2 €60 0091] There are

several standard strategies that can be expressed by the bin

10:30 a.m.). The uniform strategy assumes the same number of shares to be executed
for each bin within the trading period. The VWAP strategies by horizon and by 30%

~ participation rate match the intraday volume pattern of the stock. As the intraday volume
suggests, more shares are executed in the early morning.
[0083] ADV is the median daily dollar volume for the 21 most recent trading days.
The VWAP Strategy by Horizon is compared to the Instant Strategy, Uniform Strategy,
and VWAP Strategy by Participation Rate with 30% participation rate. 300,000 shares of
Boeing Co. represent approximately 8.5% of average daily volume (ADV) as of May 1,
2007.
[0084] FIG. 7 shows VWAP trading strategies with varying participation rates
(5%, 10%, 20%, and 30%) for buying 300,000 shares (approximately 8.5% of ADV) of
Boeing Co. (BA). The stock belongs to the category of relatively liquid stocks, its market
capitalization is $73.7 billion and the median daily share volume is 3.5 million shares as
of May 1, 2007. In contrast to a VWAP trading strategy by horizon, the trade horizon is
not fixed but rather depends on the participation rate. The lower the participation rate,
the longer it takes to fill the order.
. The VWAP Strategy by Participation Rate is defined similarly to the VWAP
Strategy by Horizon. For each order, the trading strategy is formed using the volume
pattern of the underlying stock by participéting proportionately with the specified

participation rate in the estimated day’s volume. If the fraction of order size relative to
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scheme of ACE: WO 21108/153909PCMIS2008/007083 The Instant Strategy trades all shares
in the staffing bin. This strategy can be invoked in ACE(r) by setting any of the other strategies
supported by ACE(r) to start and end in the same bin. The Uniform Strategy assumes the same
number of shares to be executed for each bin within the trading horizon. For example, if the order size

is 300,000 shares\%go@ﬁs@&%ge should be completed between 10:00 a.m. gaghkek ks the uniform
strategy suggests executing 50,000 shares within each bin (bins 2 to 7). Bertsimas and Lo (1998)

propose uniform strategies to minimize expected costs of trading fixed number of shares. The
VWAP Strategy by Horizon. For each order input, ACE(r) generates a prediction of the stock's volume

pattern over the desired time horizon, whether partial-day, full day, or multi-da[%g ‘F(g each order, the
VVVAP Stratel{ 8y s daistadiagimy friiefidbam ARFNEELLAHEIN 8 Yhe underlying

stock over the degied (i hotizon, pepic/RRIAS Al U6AHlY oA {1cRerads wbeRAlIme Is

expected to be heaviest elps to mihimize the impact of trading during thin volume periods and

allows the orde¢0 pangfis,kesarthemosiiineiks opdidansdiks. Map esentsithenvpatikRBtmategy by
Horizon for a trade of 300,000 shares of stock Boeing Co. (BA) that executes between 10:00 a.m. and

1:00 p.m. Boeirme€ (5%hatile 9 %ctodtaersofil bumiata@Hapscdeses oaRGomhetiadistodi YA relatively

liquid stock; its market capitalization is $73.7 b_i_llion‘getrlgwthe g%?l n daﬂgﬁnare olume is 3.5 million

shares as of M%%Bmsﬂﬁd‘?f%ﬁgﬁ']lﬁlﬁét '8 B‘r‘n‘o%?/s (S'ﬁfg 3 %ﬁ'ﬁg stra?epﬁe'é:' 5}'%'&{/%% 300,000

shares (approxmalely 5540/ AR VAL AOFIBH GOUEALREIFERAL AR arma)d 1 p.m.

. The ACE® Optimal Strategy represents a solution of a very general
optimization problem (with time-varying parameters). The ACE® model estimates the
expected costs and the standard deviation of the costs of the agency trading strategy
that optimally balances the trade-off between paying price impact costs and incurring
opportunity costs (for a given level of risk aversion and trading horizon.)

[0095] The crucial question facing traders is how to define and quantify trading
objectives in order to implement them in an appropriate strategy. This question is non-
trivial since common trading objectives often compete with each other and cannot be
completely satisfied simultaneously. For example, a cost-minimizing strategy is not
necessarily the ideal solution. A trader who minimizes costs by breaking up a trade over
a very long time horizon faces risk from significant market movements. But conversely,
trading aggressively to control risk implies “front-loading” the order and typically raises
costs. Therefore, an optimal strategy should balance both costs and risk. From this
perspective, the ACE® Optimal Strategy is a valuable trading tool because it provides a
mathematically derived optimal solution given certain model assumptions. These

assumptions are discussed in detail below.
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WO 2008/153909PCT/US2008/1107083 The stock belongs to the category of relatively liquid stocks,
its market capitalization is $73.7 billion and the median daily share volume is 3.5 million shares as of
May 1, 2007. The instant strategy places all the shares in the first trading bin (bin 2, i.e. 10:00 am. -
10:30 am.). The uniform strategy assumes the same number of shares to be executed for each bin

within the trading \%rﬁgy]‘{g%VVVAP strategies by horizon and by 30% paktigipasimneate match the
intraday volume pattern of the stock. As the intraday volume suggests, more shares are executed in
the early morning. [00931ADV is the median daily dollar volume for the 21 most recent trading days.
The VWAP Strategy by Horizon is compared to the Instant Strategy, Uniform Strategy, and VWAP

Strategy by Participation Rate with 30% participation rate. 300,000 shares of Boein present
approximately[8986} of avErEGUtPRIRPILI TS RIBI %8 BFGAY TP EE)BP?\.’ g‘b‘b"ﬁ’ji‘?éf“?s%%e\,% VWAP

trading strategies with varying pagticipation;fates, (0%4.:1 Q0@ 129%vidnst 0% )fardarying 300,000 shares
gl I REUPY |

(approximately 8.5% of oeing Co. (BA). The Stock belongs to the category of relatively liquid
stocks, its market; GapiialaiiparceSmdvehiins ranbthe mectiascdadiyisiasdonsiapesiic B189rillion shares
as of May 1, 2007. in contrast to a VVVAP trading strategy by horizon, the trade horizon is not fixed
but rather depéngisnpnstigetrtivigetidhthase. fFeerolerraie pamecreanlrn ECHRNGAYE AR fakes to fil

the order. The VWAP Strategy by Participation Rate is defined similarly, to the VY VAR, strategy by
Horizon. For eSEHYRETIaRe f?é‘b‘?ﬁﬂ"gﬂégz‘@ ?§ef(r5}'rrﬁ(seltéf dg{‘ﬁ%?ﬁé’“&g%ﬁrﬁggnérﬁ of the underlying

stock by particg%%“”&rg{é)é{m%tﬁ)M&&%&%%@Gﬁéﬂﬁitﬂé@i@@@%%@é@mrsh@nasti matesnday's

volume. If the ffaction of drdersize relative to WO 20118/153909PCT/US21108/907083
circumstances. Generally, a probability distribution is characterized by a number of
parameters. In particular, the mean and standard deviation are widely used in statistics
as such parameters. Note that these parameters, in general, do not define a distribution
uniquely, but if one assumes certain distributions, it is sufficient to consider only these
two parameters to identify the distribution. The normal distribution is one widely used
example of such distributions. The mean of the distribution of costs may be interpreted
simply as the average value of costs if the execution could be repeated many times.
The standard deviation of costs characterizes how much the value of costs may deviate
from the expected costs. Therefore, selecting a strategy best suited for given trading
objectives is equivalent to selecting the best suited distribution of costs. |
[0097] Clearly, every trader prefers both lower expected costs and lower risk
(standard deviation of costs). Hence, both of these parameters enter the optimization
objective function. To find the optimal trading strategy, we need to balance the trade-off
between expected costs and the variance of costs. This yields the ACE® optimization

problem

[o098] (1= A)-E(C)+ A-Var(C) — min, (4)
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the average daily trading volume is larger than the participation rate, a multi-day strategy with the
same intraday stock-specific volume pattern for each day is employed. FIG. 7 displays four VWAP
Strategies by Participation Rate with different participation rates (5%, 10%, 20% and 30%) for buying
300,000 shares of BA. The trading always begins at 10:00 a.m. (i.e., in bin 2). The plot shows that the
higher the particiRgﬁj%mjglqg%@, the shorter the time horizon and thus the mqre @aggressive the strategy.
The ACE@ Optimal Strategy represents a solution of a very general optimization problem (with
time-varying parameters). The ACE@ model estimates the expected costs and the standard deviation
of the costs of the agency trading strategy that optimally balances the trade-off between paying price

impact costs and incurring opportunity costs (for a given level| of ris jon and trading horizon.)
[0095]The crul8P8LestionhishG tP488/9R ﬁ’é%“[tbo%gﬁﬁté 8?1%‘% Hﬁn%fagfréﬁsﬁnﬂdeo%)fggﬁ%gs in order to

implement thei, i), an anpr Q&‘O\Eﬁ StRte gy Fhis fvestions nantuvighainsarrRMAMEading objectives
often compete With €ach other and cannot be completely satisfied simultaneously. For example, a
cost-minimizingstiategy]is kahreeessathsiheddeal selytioon Askadee whibvmisthitesicdsts by
breaking up a trade over a very long time horizon faces risk from significant market movements. But
conversely, traditigasipresshvenons edirelaussifaipi e enset-RIAHR St RERSZRIDically raises
costs. Therefore, an optimal strateé{%xgsho% bslartl_ce pgtrtl (g:olsr'][i)ﬁnd risk. From this perspective, the
ACE@ Optimé[@t%@%&némm EREN] gO B BecAlse it provides a mathematically derived

0
optima) solutiogiygy) criaig. medel asismrsiane,TReke SR ARScHhileauRReblardaiall below.
WO 2008/153909 /U S2008/007083 [0096]Execution costs are subject to a large number of
unknown factos). khessynelpsiearforesanapliatheeunaeitaidbpeadsed thy trrddehevigeittisther market
participants and market movements related to macroeconomic or stock-specific factors. It is

impossible to raotitiesetpeisd fakayarsionrararetelbpsadraleiABAYGeS 204 WRESHh variable

rather than as a deterministic value or numbher. In rds e strategy, mayprovide different
results if it is eXBUGRY F@ﬁé‘é{ff’éﬁ@“&ﬁa‘é@‘iﬁé&)’ E%rr%net%tﬁgérﬁ gwggtsé?@gg}ersélly, a probablility distribution

is characterizeg| by ApUMRRLQLPREAMS iscihBaRiGaTothR memm andrshasslan sievialionare widely
used in statistics as such parameters. Note that these parameters, in general, do not define a

distribution unigagiyhditifaesituassames certain distributions, it is sufficient to consider only these two
parameters to identify the distribution. The normal distribution is one widely used engmé)le of such

distributions. THOH&hN of The aiderstivRed @ERIRG B e AR B AABNESIRE 8% e value of
costs if the execufgiog could be repegted many imes. The, siapdard Jevigion AbrosiR ahigcterizes

i
how much the V&ilfe 8?‘76%%?snmay deviate front %he expected costs. Therefore, selecting a strategy best

suited for givery tadingiahiss Amie v AleR dogeleringtheghestsyidedalistiptitioexpéctests.
[0097]Clearly, every trader prefers both lower expected costs and lower risk
costs, but a lower standard deviation of costs. Both, a shorter trading horizon and a
higher value of risk aversion correspond to a more aggressive trading strategy. FIG. 8
shows several probability distributions of execution costs for different risk aversions with
a fixed one-day horizon for an order to buy 300,000 shares of Boeing Co. (BA). The plot
reveals that a higher risk aversion provides lower expected costs but higher standard
deviation and thus, greater uncertainty. Therefore, a user should make a selection
based on appropriate values of both expected costs and standard deviation of costs.

[00102] FIG. 8 illustrates the distributions of Non-Discretionary transaction cost

estimates based on different values of risk aversion (0, 0.3, 0.6, 0.9, and 1) for an order
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(standard deviation of costs). Hence, both of these parameters enter the optimization objective
function. To find the optimal trading strategy, we need to balance the trade-off between expected costs
and t.he variance of costs. This yields the ACE(r) optimization problem [0098](l - A). E(C) + 2 Vat- (C)
->min,(4) WO 1008/153909PCIIU S2008/001083 [0099]where C is the total execution costs of the

trade, E(C)_ is the_g/éoz%&%}egsy%lue of C, and Var(C) is the variance of C. A isdhgdiglgamession
parameter in the interva t ,11. A can also be considered as "weight on risk: The optimal solution is the

tra.tdling strategy, among all st.rategies for a given set of trade side, trade size, and trading horizon that
minimizes the objective function in (4). [00100]The ACE(r) Optimal Strategy is the solution of the

optimization problem in (4). it is very impartant to realize that the solution d the trade
Pt R IRENr e

characteristics QP AROQME Sy ¢RefPRRIGKBH APt A VSiREFSI H4QED 2ticS and different

s heut Ol G (e St e e oot o each partcular

situation. [001@adhersiANThsipR iR jertctaetisdatizgifengreaten ideavarmjopgieoitte
higher expected costs, but lower standard deviation of costs and, thus, potentially less
opportunity costs.
[oD103] The following example demonstrates how to make such a selection:
Suppose we need to buy again 300,000 shares of the stock Boeing Co. (BA) in one day.
We could trade the order using a variety of strategies — some more passive and some
more aggressive. Each of these strategies has a corresponding risk aversion
parameter. FIG. 9 shows the possible expected cost/risk outcomes for various risk
aversions. For most traders, a risk aversion of zero is too passive: while the expected
costs are low the risk is very high. The high risk due to the long trading horizon implies
the possibility of executing at inferior prices — potentially destroying any alpha that a
particular investment was anticipated to capture. However, if volatility in transaction
costs is of no concern, then this strategy is the best since it will, over many orders,
average to the lowest costs. Conversely, a risk aversion of one produces a very low-risk
trading strategy, but with exceptionally high costs — yet another way to destroy alpha.
The solution to avoiding these two extreme outcomes is to choose a risk aversion that
balances costs and risk somewhere between the extremes.
[00104] FIG. 9 graphically displays ACE® Optimal Strategies for different risk
aversions for an order to buy 300,000 shares (approximately 8.5% of ADV) of Boeing
Co. (BA) using Non-Discretionary. The 300,000 share order corresponds to about 8.5%

of ADV. Obviously, there are many choices of optimal strategies between the two
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trade horizon and the risk aversion parameter. In order to select them more effectively, it is useful to
be reminded that more aggressive trading strategies have higher expected costs, but a lower standard
deviation of costs. Both, a shorter trading horizon and a higher value of risk aversion correspond to a
more aggressive trading strategy. FIG. 8 shows several probability distributions of execution costs for

different risk avergigns with,g,fixed one-day horizon for an order to buy 30pcaaishasemsof Boeing Co.
(BA). The plot reveals that a higher risk aversion provides lower expected costs but higher standard
deviation and thus, greater uncertainty. Therefore, a user should make a selection based on
appropriate values of both expected costs and standard deviation of costs. [00102]FIG. 8 illustrates

the distributions of Non-Discretionary transaction cost estimajes has i alues of risk
aversion (0, 0 8688 Y, ARIF'18° HGS{é@rWéCﬂ%’li%ﬂss@té’Hﬁ%lﬂeﬁ?’s 0”2'%?/'%%%&83 to buy 300,000
shares (appmélgag%&é%w BMEIRIR A ORI PEHAD OIS BeiBe G dRaynThendistributions are

based on ACE(r) Optimal Strategies with a one-day trading horizon. The plot suggests that the choice
of a greater riskoauessian pevigesiighlnexpertstheastmhhightioss seiededdisiedkiwnnof costs and,
thus, potentially less opportunity costs. [00103]The following example demonstrates howég make such

a selection: Supbsse fremeeitittoBhY ARFFRTBBECNT SRR HGHEsiRlBIAIAG o SBRATR one day.
We could trade the order usjng a variety of strategies - ] hgore
aggresusive. Eé@??}efcttﬁc&gggi?egfe%}{éasdWgs&artac%w i R BME MOLEABaRMGIbr Same

esponding risk aversion parameter. FIG. 9 shows the

possible expecjed cast/isk Uicamas{givariatsisinkranpssiensafaichwsidsaders saatsgyaversion of
zero is too passive: while the expected costs are low the risk is very high. The high risk due to the long

trading horizonrimpliegttentssibigyofe@uningtamaferiek fracebe [mserieali) 8822F%Ang any alpha
that a particular investment was anticigated to capture. However, if \g,latg%(/ in tran‘gacr:tion costs is of

no concern, th&ANFRSIARERYS & WeEhdTSHREdR%iR, dEPRTARPEBHES 3

on,
ve agento ﬁ'le lowest costs.

Conversely, a risk a"%ﬂ?@?ﬂé%{u?”& [9SlUCe s 8 VR W&E@%ﬁﬁﬂ?ﬁﬂ&%{é&%@%@%ﬁé@i%%@aptionalIy |
high costs - yef;%nr?Bﬁﬁ'er way o%esr%ro a?p%m. Tﬁe solution to avoiding these two extreme outcomes is
to choose a risk aygssigndthat halansesnesisdng siskapmevherddeteeefhersitretress

they are not optimal: There are trading strategies with lower expected transaction costs

with the same standard deviation of transaction costs, or there are trading strategies

with the same expected transaction costs, but lower standard deviation of transaction

costs. Note, for all strategies the trading horizon was restricted to one trading day (with

potential start in the first bin). For the VWAP By Participation Strategies, the order size

is sufficiently small to ensure that the trading horizon is less than one trading day.

[00105] As FIG. 9 demonstrates, trading strategies based on high risk aversion

have low opportunity costs (opportunity costs are measured as the standard deviation of

the transaction cost distribution). This lower standard deviation is achieved by trading

more shares earlier in the trading horizon — which is closer to the decision price. The

decision price is the prevailing price at the time the decision to place the order is made.

This “front-loading” tends to move the stock price more rapidly in the unfavorable

direction than an order executed more patiently. In the ACE® framework, this
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[00104]FIG. 9 graphically displays ACE(r) Optimal Strategies for different risk aversions for an order to
buy 300,000 shares (approximately 8.5% of ADV) of Boeing Co. (BA) using Non-Discretionary. The
300,000 share order corresponds to about 8.5/0 of ADV. Obviously, there are many choices of optimal
strategies between the two WO 2008/153909PCT/U52008/007083 extremes of minimizing expected
transaction costs £50i9$3§31}3%51)d minimizing the standard deviation of transactiopssasin{Beint A). Each
point on the efficien(t)?rontler corresponds to a specific risk aversion. The graph highlights selected risk
aversion values. From left to right, one can see that one can incrementally reduce the expected
transaction costs of a trading strategy (relative to the most expensive) by assuming more risk.
Somewhere along this "efficient frontier" of transaction costs js a s rateagstlpe 6b%)6$nguw ich, begins

to accumulate ASRIGEKIFHER HRCFRIGRAD ARTKEE JBRRSH TRFEIR ol XULES R W PPRIE Wauld be a
desirable choice of ;fgk %Vgrﬁggfgﬁmh%%negﬁ% Jrading siatesies LIS RERG) Pogmal

Strategies are 4136 nclude xpected, theses alternative trading strategies do not lie on the

efficient frontiegasrthgreare pey apkenakildergpatedsedingystraiegidsngith kespoexpteted transaction
costs with the same standard deviation of transaction costs, or there are trading strategies with the

same expectedtteansat iorinmkrgerenlicat PRRaAitpit ¢Rsifation SR ARHSHIEDSISONINR, for all
strategies the trading horizon was reggticted t%(gni trading day (with potential start in the first bin). For
the VVVAP Bng‘émiéﬂﬁia"{’iﬁ?ﬁdé‘fpe“@bq AP A& Sze is sufficiently small to ensure that the trading

horizon is less than gne trading gy OHRBAASE 159 damansiatesAtrringAimieaissnaased on high

risk aversion have low opportunity costs (opportunity costs are measured as the standard deviation of
the transactiongasiyhstibodoo)sHEnis lapeosiantiyd.d¢viahdnscaBueve Chy(Balinitpinete shares
earlier in the trading horizon - which is closer to the decision price. The decision price is the prevailing
price at the timesthe \dbssiofriek recsiane R dRBid Hidtd. Frfrend it B drgeEmytadMove the stock

price more rapidly in the unfavorable directign than an order executed n Qﬂi\ bﬂg&the ACE(r)
framework, thié"\?\?@ﬁ"ﬁ%ﬂ%@ﬁ%%% |c§a§¥0€§/ r%réz\?grr\ﬂvgrﬁefnotere]&s@é% pr?cr:]é IS market impact.

Therefore, if yoy degite QY ARRAGIAIL, SO AW dSRIGIN b dRaihetransrelioBugesissa low standard

deviation) then you must be prepared to pay more market impact costs. If you are willing to keep open
the chance of haxdagntaegsgiredisied \oppbetbadiypwostss, theradinglowizbretorisireike e Wdwn and
avoid high market impact costs. [00106]FIG. 10 shows the ACE@ Optimal Strategies of ACE/2
Non-Discretioné®§t$or buying 300,000 shares (approximately 8.5% of ADV) of Boeing Co. (BA)

obtained using ey o IS AVRISION L ke :PABS0 SR AN Y NG dRMIARROTzOn

Also shown is e[(\‘} P Strategy by Horizon with a one-day trading horizon. The ACED Optimal
Strategy for large ok QYRISIDMBRIANBIEIH-MARSUIERRIS tadrada masel agostssivisly at the

beginning of the trading horizon to minimize opportunity
Boeing Co. (BA) and different order sizes (15, 20%, 100%, and 1000% of ADV). FIG.9
also shows the trading distribution for a one-day VWAP trading strategy. The chart
shows that risk aversion 0.3 yields ACE® Optimal Strategies that are close to a VWAP
trading strategy. Moreover, the ACE® Optimal Strategy becomes more and more back-
loaded with increasiﬁg order size due to market impact costs.
[00108] Such a selection becomes more complicated if the trading horizon needs

to be selected in addition to the risk aversion parameter, but the approach remains the

same. As an alternative, ACE® can be configured to determine an “optimal” trading
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costs. [00107]FIG. 11 illustrates different ACE@ Optimal Strategy trading distributions for risk aversion
0.3 (ACE/2 Non-Discretionary Neutral) and fixed one-day horizon for Boeing Co. (BA) and different
order sizes (15, 20%, 100%, and 1000% of ADV). FIG. 9 also shows the trading distribution for a
one-day VWAP trading strategy. The chart shows that risk aversion 0.3 yields ACE@ Optimal
Strategies that ar%‘,gl%%%‘ ~VVAP trading strategy. Moreover, the ACE@-QArbmadoisategy
becomes more and more back-loaded with increasing order size due to market impact costs.
[00108]Such a selection becomes more complicated if the trading horizon needs to be selected in
addition to the risk aversion parameter, but the approach remains the same. As an alternative, ACE(r)
can be configured to determine an "optimal” trading WO 20 1E§(A53909PC'I't/‘_‘USOZPl138(‘2/907083 horizon
for an order, tHerey feadiherRe thersydrANgR SRR &5 TRE B G083 &R Rput parameter.
1001091The sselgclgg igf Eﬁ:ﬁ ati[g\rgi%grhorizon for an order is another parameter users need to choose.
ACE(r) can proel e an optimal trading horizon. The solution of finding such an optimal trading horizon
may vary in pragiedsituatipeschiiescensidednpghentsifésdbaniderid anaheringrametral different
approaches, the following method proved to be the best suited for ACE@ implementations. ACE@
continues to incsermentdre shaviser AEEB B PENECATIOPENSk Jadies hriReacldr e84tiohEquation (1)
of the optimization problem decreases by less than a threshold valye..In other ds, the method
suggests that fHABISH ABORIBAHRATIHS LGRS HEFY IR (r)arééﬁag rsﬁtgraél%asy'i&f%[%e benefit of

extending the orizan s NALHANTCATNG §lgzwgfﬁr’gfh%%$a¢§ﬂ¢émm@_ﬁﬂaaa@ﬁe%l,qaa%%\kmag accounts
for order size, costs, an% volatility. The order-dependent threshold adjusts so that very large orders
have a low coshtarshgiewalue ratiseasshsetbolid; whE®@ aspienaidatonieriGR@eentiighetcost to share
ratio as threshold. Additionally, more volatile names have a higher threshold since adding an additional
trading day willnpremearkthaevakanedampyiRifiedhtie RRFSIRS 4PTRRELMLRPS!SAS 8P8ARY3-5 bps but

can be lower f%)\/gf%claacl; tellrr?l.!::g'ﬁcrms g%l%lem decreases by less than a threshold value. In other

words, the method suggests that there is no need to extend the trading horizon for one
more day if the benefit of extending the horizon is not significant. This significance is
determined by an algorithm that accounts for order size, costs, and volatility. The order-
dependent threshold adjusts so that very large orders have a low cost to share value
ratio as threshold, whereas smaller orders have a higher cost to share ratio as
threshold. Additionally, more volatile names have a higher threshold since adding an
additional trading day will increase the variance term significantly. In general, thresholds
are around 3-5 bps but can be lower for very large order sizes.

[00110] FIG. 12 illustrates the expected treading costs, standard deviation of trading
costs, and trading horizons for differént values of risk aversion for ACE® Discretionary and
ACE® Non-Discretionary, respectively. The underlying order is to buy a) 300,000 shares
(approximately 8.5% of ADV) or b) 1,500,000 shares (approximately 42.5% of ADV) of

stock BA (Boeing Co.). The cost estimates are based on ACE® Optimal Strategies. Panel
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[00110]FIG. 12 illustrates the expected treading costs, standard deviation of trading costs, and trading
horizons for different values of risk aversion for ACE@ Discretionary and ACE@ Non-Discretionary,
respectively. The underlying order is to buy a) 300,000 shares (approximately 8.5% of ADV) or b)
1,500,000 shares (approximately 42.5% of ADV) of stock BA (Boeing Co.). The cost estimates are
based on ACE@ Q t;ilm Ilg%gtegies. Panel 9%\0 2008/153909PCT/US213}08/0&6R3-4sseports values
in cents and Panel B'in"basis points. ACED is computed based on information as of May 1, 2007.
[00111]According to aspects of the present invention, client-specific "alpha" models may be included
into the ACE(r) analysis through input of intra-day expected returns. However, using non-zero
expected returns to generate ACE(r) Optimal Strategies has otential om Iicgtion. ACED may
suggest optimé r%%éd@%%m&?%ﬂj’{éj BPaLRIbY @m?'d%%% on %Wﬁﬁieoftﬁ%eo%rall order. For
example, consider a sell or me constant positive expected intraday returns. As the stock
price is expect'(re‘qé) 0 t?grh?ﬁhg(f}'(ﬂagtgtﬁéa%ﬁ?i of the day, a profitable strategy for a trader is to buy shares at
the beginning pfgherflay andsbemgal sapeenticethosidesrainhendonl of¢hesdesifat ‘albigher price. Such a
strategy is an optimal solution of the ACE(r) optimization problem, but users view it as undesirable
since the strategdemoidythetodedrsinteoie MorCanalysirchRIeiRA Oh RIEREDHERERIRA is not what

ACE(r) is built for. ACE(r) can be constrained to reqyire that all bin executj .the ACED Optimal
Strategy are ofFtHESAIWEYEE BFW%WFEEQ.W&%%@@?%%W A r?ne\%%grn@e% c%'r}\%atqraints can be

added to the ogfimization.aroblery sheh asiAdingraiens) hao anghLBpsa YAt istoriscaverage bin

Al
share volume in rea%ﬁ bin. [00112]The modeling of both temporary and permanent price impact is the

most complex prRlEsLsRBartaphASE dvatiotsonbytsobfrepmcifpingrdeprice-égragieflwastigiercan be
found in the academic literature. The simplest method is to assume a linear relationship between the

(absolute or refefhasyigrardciraHge candant Bysiiveearadiriradeaeins. ASHIESIPCHRINE Sze is the
number of Shares eXeTUITES Siner M ARSASF i 8:F WRIRABRAG SR R LRART R buy

shares at the beginning of the day and then sell the entire position at the end of the day

at a higher price. Such a strategy is an optimal solution of the ACE® optimization
problem, but users view it as undesirable since the strategy would try to benefit from
short-term price movement predictions, which is not what ACE® is built for. ACE® can
be constrained to require that all bin executions of the ACE® Optimal Strategy are on
the same side of the market. Moreover, additional bin volume constraints can be added
to the optimization problem such as trading at least 1% and at most 20% of historic
average bin share volume in each bin.

[060112] The modeling of both temporary and permanent price impact is the most
complex and crucial part of ACE. Various ways of specifying a price-impact function can
be found in the academic literature. The simplest method is to assume a linear
relationship between the (absolute or relative) price change caused by a trade and the

trade’s size. Typically, trade size is the number of shares executed, either in absolute
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terms or relative to the average (or median) total number of shares traded throughout the trade's
duration. 100113]Examples of articles that assume a linear price-order flow relation are Kyle (1985),
Bertsimas and Lo (1998), Breen, Hedrick and Korajczyk (2002), and Farmer, J. D. (2002). Kyle
presents one of the seminal market microstructure models that derives equilibrium security prices
when traders havg gsﬁ@ﬁqg}égc information. In Bertsimas and Lo, the authgspitHegimeegs price impact
model and apply Stochastic ynamic programming to derive trading strategies that minimize the
expected costs of executing a portfolio of securities over a fixed time period. Breen, Hodrick and
Korajczyk develop a measure of liquidity and quantify the change in a stock price by the observed net
trading volume. Farmer studies the internal dynamics of markets - for example, volatility clustering -
proposing a nderegailitiRiYe A deeraYRTagR FPFIMSClaoL LI MIHIBRRY Pl RREM Ak &F BVR:%’H%pact were
linear with res&xgc} t% tragingty%lume, empirical evidence shows existence of non-linearities. Hasbrouck
(1991a), (1991 ?lﬁ eesf‘lgg g€%on-linearities in the impact of trades on midquotes and reports an
increasing, copggygsfelationhpivines prickitRacsnd orrioptergavenahstoeksriradedien the
NYSE. De Jong, Nijman and Roell (1995) use data on French stocks traded on the Paris Bourse and
SEAQ Internatio9es )aBerstimasthad the teInseeon biodritkeand ifpraiazgk 628625 8RdTRIESTIsIncorrect.
Kempf and Korn (1999) use intraday data on German index futures to come t Itsht%;ta(!ge conclusion.

tur
Zhang (1999) 62802 h&yHsREeRING QB TdNS SRR SR KTA MRS IS U st R FetiSeussions of
empical o1 Cong I Or 0GR A AT SR BB SO

(1992) or Char &h onis 3). Nonlinear price impact models WO

21108/153909PE MISRARSOMT8accanphed atpstt ivbinstancepily Seppaioamabarclay and Warner
(1993), Keim and Madhavan (1996), and Chen, Stanzl and Watanabe (2002). While Seppi, and Keim

and Madhavarpfogusronitibéoditfeve traitingesitatesipfobie trainiaizmierranesterhersissi prREENBarclay and

Warner justify the non-linearity in the price-order flow relation by the 'stealth-trading’' hypothesis. This
hypothesis cIaiﬁf?fﬁﬁ‘ﬂ%ﬂ@%‘?@W‘ﬁ‘ﬁfo?méa? PO BRUSATARS é—f?‘%é% 20 &l eVer

12
es In medium size range.

Since medium-asi%%atga%eaf%%ia gripiediitvintosmed fradinshiarasHradesmds slatvely little

additional information. This results in a concave price-order flow relation. [00115]ACE(r) supports two
different price ippae} voRmels, membngtbels the ikSnantyiatercsationaliketarkéisexa@ii¢l and ACE/2.
Both methodologies belong to the nonlinear class of models discussed above. ACE(r) allows for
non-linear tempolatititueldstrsinganeappsics anpaeAiiRigAL IFOIBPIETEM Qises an enhanced version
of the original A[\&E(I%price }\rlrt]tﬁ)&%th initial models of price impact were linear with respect to trading
volume, empirical evidence shows existence of non-linearities. Hasbrouck (1991a),
(1991b) investigates non-linearities in the impact of trades on midquotes and reports an
increasing, concave relation between price impact and order flow for several stocks
traded on the NYSE. De Jong, Nijman and Roell (1995) use data on French stocks
traded on the Paris Bourse and SEAQ International and show that the assumption of a
linear impact of orders on prices is incorrect. Kempf and Korn (1999) use intraday data
on German index futures to come to the same conclusion. Zhang (1999) offers a
heuristic derivation of a non-linear market impact rule. For more discussions of

empirical evidence concerning non-linearity of market impact, see, e.g., Hausman, Lo

and McKinlay (1992) or Chan and Lakonishok (1993). Nonlinear price impact models
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model. The original model assumed that price impact is a linear function of trade size, with coefficients
based on stock-specific volume and volatility estimates. While this original version was only applicable
for relatively small orders not higher than 30% of the stock's ADV, the enhanced ACE/1 methodology
provides meaningful transaction cost estimates beyond a 30% of ADV order size. [00117]The ACE/2
price impact model is a s;gg&)i(sticated mathematical/econometric model thatigig.lingwith recent
academic empiric%tvlofi’ﬁ’a’fngs. It uses an econometric technique to estimate price impact functions
based on market tick data. This technique is at the core of ACE/2 and depends on several
stock-specific parameters that are estimated daily and monthly using market data for every stock in

WO 20081153909PCMJS211118/1107083 the ACE(%%Jniverﬁge.yglethogﬁgggv%gfegn%y the ITG
Financial EngisrrebnipyreuiopRsianeeaitarae ESiRafaaiay afbYeATSedmant e universe
(exchange-specific and jquidity group, Thy [ ingLfarliguich serksmnd varying
methodologiem %%ii@éqggﬁé‘é‘gr%ﬁﬁs’ %*a%iﬁﬁéﬁﬁ%rgrﬁﬁgﬂﬁ% c%%éggtgeﬁjstics. Permanent
price impact ceeffigienisarasiinaiaddranamhaens veak sackckndatarsisnitades tneprivethod in
Hasbrouck and Seppi (2001). In particular, we aggregate trading for each stock over 30-minute
intervals and reeasayepdivéacamigatyukmuombngadtei niik poresrselo WG vl end of each

interval. The observed price changes (normalized by the histarical volafility for the bin) are regressed
against the cof‘@gﬂ%ﬂﬁ?@&dwq%ﬁg%nzgg Q}%OHEEB%S;(I i a%éaaa% pnvalteJ o7 gdetrgcﬂa)ré

y a corncave, bin-specific function.

Assuming market equiliprium ip.the AGR(T), Same yorkaHie. Sekingdunsionsicardaeised to forecast
p

the accumulatganprlce impact within a 30-minute interval caused by partial fills of the order.

[001181Figs. 13 iRrpual Wfh Shownthereaipiicabantaecsaticabh@E (e ruditieral prcematipact
functions for bin 1 for four different stock segments: the most liquid U.S. Listed stocks, all Listed
stocks, the moghlapsisliBTCastookayapiicatPOFTIRbE#a!ioThe graphs show that the empirical functions

become noisier when one restricts the stock upjverse. Nevertheles Il s o I%%qwq%%qgggical functions
exhibit the sam@YdRAvior %@18%@85%@8?%#3@% 764 by ﬁ?fergoégr%drﬁéggré the slope s, the value x

tha_lt representsatrboei %rqu t_ﬁ%& ﬁ{a%igu%@ﬁvgyd%@r@aggtm&ﬁmygwpg&mgtertm;:rm, Empirical
evidence suggests that this behavior holds for all liquidity groups and all time intervals of the day.

linear class of models discussed above. ACE® allows for non-linear temporary and

permanent price impact functions.

[00116] ACE/1 uses an enhanced version of the original ACE® price impact

model. The original model assumed that price impact is a linear function of trade size,

with coefficients based on stock—speciﬁc volume and volatility estimates. While this

original version was only applicable for relatively small orders not higher than 30% of

the stock’s ADV, the enhanced ACE/1 methodology provides meaningful transaction

cost estimates beyond a 30% of ADV order size.

[00117] The ACE/2 price impact model is a sophisticated

mathematical/econometric model that is in line with recent academic empirical findings.

It uses an econometric technique to estimate price impact functions based on market

tick data. This technique is at the core of ACE/2 and depends on several stock-specific

parameters that are estimated daily and monthly using market data for every stock in
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WO 2008/15390cPCI7U52008/007083 [00119]FIG. 13 shows the empirical permanent price impact
function in bin 1(9:30 a.m. - 10:00 a.m.) for the most liquid, U.S. Listed stocks (solid line). The
empirical permanent price impact function is obtained by segmenting the observations in trade
imbalance groups and then taking averages in each group. The empirical permanent price impact is
linear until some poinf when if becomes concave. This behavior is the samg-{asadhdimadntervals,
liquidity groups, and markets and can be observed for both permanent and temporary price impacts.
Consequently, all theoretical price impact functions in ACE(r) are characterized by three parameters:
the slope s, the value x that represents the order size at which concavity starts, and the concavity

parameter alpha. The dashed line shows the fitted theoretical permanent price impact function.
[00120]FIG. 1@%%&@H@\@ﬁﬁirﬁ@%ﬁ*}@8ﬁﬁﬁﬁ@ﬂ?ﬁiéé‘f?ﬁé&@t‘ﬂﬁ?&‘fb%%ﬁ%&i?@%%%a‘%. - 10:00 a.m.)

for the all U.S.isied stagks (ol iaeloT R mpLicA ARUBAREII RIS S BRact fyaciands cbtained by

segmenting thE observations in trade imbalance groups and then taking averages in each group. The
empirical permagentiRiikayHRAS) iT liraasiistihestroeapeiging herlighiecsinoks saheayingl his behavior is
the same for all time intervals, liquidity groups, and markets and can be observed for both permanent
and temporarymtivedinagiastsrCanmlieddentsoratinisad et witt diffarpatli o e mCIRORIES-are
characterized by three parameters: the Icége s, the ¥alue tEhat e nrglg,‘entésa't,heoprdke(r:l ize at which
concavity startSSEH e Qﬂft‘?da\ﬂﬂ?tp%ﬁ% A &S TR 8583 TN Shows (8 H#ted theoretical
bermanent pricg PACH AEIIL (ABAALAA I Sedst 208 AP IALASHUANRSYrBgiae Impact function
is much smoother due to the aggregation over all U.S. Listed stocks. WO

200W153909Rfadifd S0 hRTRER, 4081 21ARGhtdS Shansteasmpiricalgpenyemesitgtice impact
function in bin 1(9:30 am. - 10:00 am.) for the most liquid, U.S. OTC stocks (solid line). The empirical
permanent pricaidtapeidtiointgiahine SpeIALG BYSs AR YR B SERG ARFSE/RY PHER ShABE R ce
groups and then taking averages in each gr The empirical perma price impact is linear until
some point Wh@?rff]%%tﬂ%’ééh%o 'E{é\'}'ecfifhlg %l'% Qe is'rt]}s:(aerga{e L osreg]lgﬁéﬁgﬁ%rvals, liquidity groups,
and markets g GANJRLSRAHH R KL BRIRARAANALBBRN laar RIS Gransequently, all
theoretical price impact functions in ACE(r) are characterized by three parameters: the slope s, the
value x that represerits) thergstiequiibeiah ihich ACE@Hratyestarks b shtinp funatitpspeaabteter alpha.
The dashed line shows the fitted theoretical permanent price impact function. [00122]FIG. 16 shows
the empirical pé?ﬁﬁ’éﬁé?ﬂeﬁﬁ@éhmﬁ%ét‘wwéﬁ%ﬁriﬁebmpfc(g’f’ﬁb"&ﬁﬁq"fﬁ‘.% ntervAsPHELIM.S. oTC
stocks (solid Iin?._'l’lt}ﬁ erp%gig%germanent price impact function is obtained by segmenting the
observations i3 ImBalahes groups and then taking averages in each group. The empirical
permanent priggdpyagct is npan bRt M PeRpivh Wheshibbesiaine sHeorsrve ATHI® peharientis the same
for all time intervals, liquidity groups, and markets and can be observed for both permanent and
temporary pricernepagsct@ontiensiérthjn alfehBuratitedeptiseshnprarnemtiiba s psiAgEdY are
characterized by three parameters: the slope s, the value x that represenils%tp order sjze at which
concavity startd/sefiReksoAb iR AErsiTetes RPHAYAS IS sHEHINRSHY t%@tﬂ Sdst?fgoretical

permanent price Imaagt et COBRBIEAIREICuddh LRIIEA HRIREREN RcR RPaC

function is muc?]rspmogiher the aggregation over all U.S. OTC stocks.
universe. Nevertheless, all smoothed theoretical functions exhibit the same behavior

and they can be characterized by three parameters: the slope s, the value x that
represents the order size at which concavity starts and the concavity parameter alpha.
Empirical evidence suggests that this behavior holds for all liquidity groups and all time

intervals of the day.
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WO 200S11 53909PCT/ US2008/007083 [00123]FIG. 17 illustrates the intraday pattern of the slopes
of the permanent price impact functions for U.S. Listed stocks, The stocks are segmented into 10
different liquidity groups. Stocks in all liquidity groups show the same intraday pattern. The price
impact is the largest in the morning and is relatively low around noon and at the close. [00124]FIG. 18

illustrates the intra\g§¥ 0%}2‘3 8 of the slopes of the permanent price impact figqgHons iefouronext
stocks. Euronext is the combined market of France, Belgium, Netherlands and Portugal. The stocks

are segmented into six different liquidity groups. Stocks in all liquidity groups show the same intraday
pattern. The price impact is small in the morning, around noon, and at the close. [00125]Extensive

research and testing with U.S. and international execution data have derppns rated t;he1 %ggiéracy of the
approach for ol¥flip to THBYAINMVS Hie SR AR HISRLBETE P REAVAIAIIE 1P The U'S. market

and the most liquid interpational mar ( Wies itk T LGidithistsibe epiiatiies currently
covered by diffae'f?e'ntléélg ?ﬁ"&gﬁ éZ&?%A%%&%H%?%EIZ.%OI%]Ir? AéE/Z, t§he magr?itude of price impact

for each securitgangardsiceizapsdriftaerbi abtaasteply eaiibsatio tie IdtssvagenGnomdatabase. As
such, the price impact functions are sensitive to the orders contained in the database. Since the

database is extngralahctagge: pnanddher EHénts NI A0EE SR «eBnti bR PEINESRRFGHE bnly a wide

spectrum of sizes, brokers, execution venues, zn stotcgegg%rasct%rriggcs, ut geq\rovqgr rapge of trading
behavior stemmiiig FBRFIiR AT h TN RHI N ER L PR R Yot tions, trade motivations, and

news events. This (eGSO ihe Iatapaliaiours e LAIGHS: ARRAHUTAN 1 RiRdRdTenBagtion cost

. S e . .
estimates that fellect more than a "market average" trading behavior.
permanent and temporary price impacts. Consequently, all theoretical price impact

functions in ACE® are characterized by three parameters: the slope s, the value x that
represents the order size at which concavity starts, and the concavity parameter alpha.
The dashed line shows the fitted theoretical permanent price impact function.

{00120} FIG. 14 shows the empirical permanent price impact function in bin 1 (9:30
a.m. - 10:00 a.m.) for the all U.S. Listed stocks (solid line).. The empirical permanent
price impact function is obtained by segmenting the observations in trade imbalance
groups and then taking averages in each group. The empirical permanent price impact
is linear until some point when it becomes concave. This behavior is the same for all
time intervals, liquidity groups, and markets and can be observed for both permanent
and temporary price impacts. Consequently, all theoretical price impact functions in
ACE® are characterized by three parameters: the slope s, the value x that represents
the order size at which concavity starts, and the concavity parameter alpha. The dashed
line shows the fitted theoretical permanent price impact function. Compared to FIG. 13,
the empirical permanent price impact function is much smoother due to the aggregation

over all U.S. Listed stocks.
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WO 20118/1.53909PCT/US2008/007083 [00127]For those seeking cost estimates that reflect what
market participants in aggregate pay, a dataset including all orders is appropriate. The suitability of
each of these estimates is guided by the nature of the orders to be benchmarked, and will vary by
institution and within an institution, by manager or investment style. [00128]To accommodate the need
for two benchmarlﬁ%f%ggllg%gal orders (besides the amount of discretion) pstagtingswitasi CE/2.3, ’
ACE/2 has the abllity to provide two different cost estimates - one based on orders that have been fully
executed no matter how the market conditions were and another based on all executed orders. From a
pre-trade perspective, the ACE(r) Non-Discretionary estimate is highly suitable for vetting trading
strategies and determininggthe feasibility of executing an ordir in its ent(i}c(g%.cj(li'ggzin are, q&_%ral ACE(r)
Discretionary ¢8&12&%timaté Srol?dROYTIRBEPHA REUNRREI REFEEMRE d'transaction costs

or comparing incurre
with what othey Rt L £ RAIRD G PHRIRTB U Y ks (6RY i) PRIGSMERG:ROMPared (o this
number might suggest a trend In an institution's competitiveness. From a post-trade perspective, the
choice of pricepjsrpastropaeishpattlithbeiguidedtbydtiepseyaiintngater etsktiationdén.tde example,
orders that require immediate and continuous trading until completion should be compared against a
cost estimate dwtisleddeaneurpricd pHekind A aeRsBRa gewinTiPREMRBIF BEBFRIGStC trading

(ACE(r) Non-Discretionary). However, an exception to, this might be if the-ir Sfqr.ofder creation
frequently resURESH BN '%BQSW&H@LSSP}%%?ﬁb %errﬁgr %?og)%jﬁ?§ﬁgv§fﬁ%§$§§% are often not fully

executed. [00185%31}*?&%ﬁﬁm@rﬁgrmgqmwg iR e dNAGR LMVoR: Diseiotioaryoamd ACE(r)
Discretionary are derived from different subsets of the same peer group WO 2008/153909PC1/11

S2008/007083atahrseaficihetEirrcbisgration@opseqaeitiyhelidhtirecticabrécseimpatters minus
those eliminated by outer filtering is included in the calibration pro

( cess. For the AC@g)
Non-Discretion@nzinneisl AL EEHPe roafas YEedrydlrastied § theRipRSatetmral gt Mirticipants
that exhibit oppertunistic frading, Ihese metheds. [0t s @nldenl D RALUIARRE P sk Ruders do not
swith'r ( ' er si

meet minimum fRREEATASHSE requiremen espect to Increasing or ize. More precisely, all

orders of clientswho haveHpursaiNe RN eRasR (tansasismeropiRdmp@MendEsshange, liquidity
group, and order size segment are filtered out. Liquidity groups are defined based on the deciles of the

average daily dotiagzplume distribsiimrsftoreaibistat ksrEat siveedapans fitsdinn debined(@s9-19%,

1-5%, 5-10%, 10-25%, 25-50% and >50% of average daily share volume. Th E;g\Jﬂrougn isijustified by
the fact that difféﬂ%nt*é?&%aﬁ‘fs)&rﬁﬁ‘?tﬁlH%Qﬁbé@&ﬁ?}%é‘%%}‘aiﬁ’&%ﬁﬂj AHE BaRe firm.

Actual average costs pf 2 client e congileredn he AbRBLalN R SiaaalRg.pRaIRUC rading) f

2 IS
they are lower {TRA% 'Cltof Tor the specific segmen e cutoff Is determined by two thresholds:
a) based on a cgpiaiRsuiRihakamaIntbaRyesagerhalkspiea fermirerdersainitiptisd ingar certain

factor for the given segment (e.g. the factor is 1 for order sizes around 15% of ADV),
until some point when it becomes concave. This behavior is the same for all time
intervals, liquidity groups, and markets and can be observed for both permanent and
temporary price impacts. Consequently, all theoretical price impact functions in ACE®
are characterized by three parameters: the slope s, the value x that represents the order
size at which concavity starts, and the concavity parameter alpha. The dashed line
shows the fitted theoretical permanent price impact function. Compared to FIG. 13, the -

empirical permanent price impact function is much smoother due to the aggregation

over all U.S. OTC stocks.
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b) based on the average realized costs of all market participants. [00130]If the average trading costs of
a client is less than both of the two thresholds determined by a) and b) above, the client's trading style
for this segment is classified as opportunistic and is filtered out for ACE(r) Non-Discretionary.
[00131]FIG. 20 and FIG. 21 plot the average realized costs curves that are associated with ACE(r)
Discretionary and ﬁ&%&%&? -Discretionary along with the WO 201)8/35309R fack 4482107083
average realized co&f cuinve for opportunistic orders for Listed and OTC stocks, respectively. In both
charts it is apparent that opportunistic orders are very different, they have very low costs, often close

to zero and costs do not increase with order size. The cost curve associated with ACE(r)

Non-Discretionary is above the cost curve associated to ACE(r) Discretionary, as ex ecited. Excluding
the opportunisti®82dkrs pUdfed fH-ebkates sl dR% RALEIL SE % BISPES fﬁ%ﬁé’%ﬁgg At

e curves is
bigger the larger the prder size is ItiS li hatthe, lagasnan arderis, tag morepcasedsapplied and the
more discretiohn}%aé?v%rﬁc?g ?ﬁeﬁ??d%’rﬁ'f%%%%ﬁ%ﬁe underlying eg%{:uti%n data is the IrTG PEER

GROUP Datahsfifipsieashessskadnlemmiodriy i &0y Decemian . a3 3Hel (2 and FIG.

23 show the difference in cost estimates for Atlantic
impact is the largest in the morning and is relatively low around noon and at the close.
[00124] FIG. 18 illustrates the intraday pattern of the slopes of the permaﬁent price
impact functions for Euronext stocks. Euronext is the combined market of France,
Belgium, Netherlands and Portugal. The stocks are segmented into six different liquidity
groups. Stocks in all liquidity groups show the same intraday pattern. The price impact
is small in the morning, around noon, and at the close.
[00125]) Extensive research and testing with U.S. and international execution data
have demonstrated the accuracy of the approach for orders up to 100% ADV. The price
impact methodology is available for the U.S. market and the most liquid international
markets (21 countries in total). FIG. 19 lists the countries currently covered by different
ACE modules, ACE/1 and ACE/2.
[00126] In ACE/2, the magnitude of price impact for each security and order size is
defined by a quarterly calibration to ITG’s Peer Group Database. As such, the price
impact functions are sensitive to the orders contained in the database. Since the
database is extremely large and comprehensive, it contains executions representing not
only a wide spectrum of sizes, brokers, execution venues, and stock characteristics, but .
a broad range of trading behavior stemming from investment management styles,
market conditions, trade motivations, and news events. This richness of the dataset
allows the unique opportunity to provide transaction cost estimates that reflect more

than a “market average” trading behavior.
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Tele-Network Inc. (ATNI) and Boeing Co. (BA) using ACE(r) Non-Discretionary and ACE(r)
Discretionary for various order sizes. In FIG. 22, the cost estimates are based on a VVVAP by Horizon
Strategy with a one-day trading horizon. As expected, transaction costs for orders that need to be
completed are higher than those that reflect a market average amount of opportunistic trading. In FIG.
23, the cost estimgvtgsm%gsg%%ed on a VVVAP By Participation Strategy wip&%%opg‘m@ygation rate. As
a result, orders can span multiple days. Compared to FIG. 22, the cost estimates are higher for very
small orders, but lower for larger orders. The one-day horizon in FIG. 22 forces the execution of an
order into one day even if for larger sizes. This explains the higher costs in FIG. 22 for larger orders

compared to FIG. 23. For very small orders, the logic works the other way around. Whereas the

one-day horizBPHRHG. 27 alibpecrseekivdraet eoimetssibatirglest bl ML AR HEAT¥4 barticipation
rate in FIG. 23 forces the execiion in. W& %9%%@%%1,;%5’%{% 2208004083 thefarky hali-hour

intervals of thea%géaﬁwaéeopaa%"?hls féads fo higher cost estimates %r two reasons: First, the trading is
concentrated if4ag SanaRIsANMEL F)WhPAstinpation miemryteeBNdamAighs HitaRitherpne-day
horizon trading rate in FIG. 22. Second, spread costs are highest early in the morning (see FIG. 3),
and thus the 1B¢nptidteipatidnvitiategynsituisrtiasedrigaer apreasiveststrly in the morning. There is

one more observation in FIG. 23 that needs explanation. For ATNI t?e ACEtSfD INo(p-Discretionary cost
estimates are Eﬂﬂl‘%‘?]declirﬁﬁj‘?ﬁ%‘r‘ﬁ@déﬁé%Pﬁ%ﬁBszﬁ&QW&é AL anation, again, is

due 10 the fact, 134 foemall aerssi, 408 HEFHFIRGHPR G0 Wi sEoby bl aSEIAPR Of the order i

the earl gbe&ﬂ?s b [ [ [

y morning, thereby incurring the spread costs that are highest in the early morning. By
increasing the geslaidagtedrrntalzosositpaitaatemasasily o tmmtisinbavbheaostsigue to spread
costs are declining as the order is spread more and more into the day outweighing any price impact
costs that arisexeithtéarge mutersindhd merkefeeansitinsismegrnthane st LapesrgB AP AEecHIRsact for
larger orders takes over at a certain order size resulggg é%ge_gsual increag&i;rt“;kg%sitS anﬁFion. For

ACE(r) DiscretR5fgisy, HAe SRIEH AL R REEN {8 FEsUgre it orders and

SHumetc raders may use
time their trading, ' 13,60 O0t hAVE AT PRGLANUIG brexieang dRe lower costs
of the opportunsig,'tt?ta:&fl)tﬁf{':\féE?sl,a ﬁcﬁﬁvﬁ%‘gﬁr@gﬁl%?e%ect from the nonggpportunigtf?c traders. [80134]Generally,

all buyer- (sellgyddnitiatesharelgr T serexpgeireal \DE @ Xeotrtaid redriheoprestiniatg prokifieisl price.
However, a trader may often achieve a better execution price and, therefore, realize a price
improvement. Pvicdsnipabisstisaleiay cosmrasingiinpiy stkatirectng maikithevaeisorably during the

time it took to route the order to the exchange, resulting jn a lucky saving. But ther So other
more sophistiCBW'W6W&§H%§8§EE%)E£§Uﬂ%gﬁfd&' )égr &t m?c?gsﬁﬁ%:%?ée% eories why
price improvemenhoccHis  ANSueelqRha VR M fatoRe [RmsbinRhede sraliaR@aleThe

discussion there is focused mostly on price improvement in dealership markets. Petersen and
Fialkowski (1994)spedtiReady (A6i88 pepitaimipeoxistelschaflpbecinderbve henrémaiingtion type
markets like the NYSE through hidden limit orders or stopped orders. For details about hjdden limit

orders and hovraiprelitbe P Yo fiphe R eesdi r erilie immadiia A e iR A % et
conditions, see e§'?ol?nogrllg(ilg\r{asﬂgh{(?gékc%\({?é:??‘ﬁodaégﬁ]r%?g {69000 100 gt Be ot Drizsice
e W Ity the i

Improvement niOder allBws Users to quan ice Improvement of small size orders for different

exchanges and ¥gliemoharaat siflsutsigacAnmdi weisphbrumestal isiagsad o® K- proprietary
execution data for U.S. and the ITG PEER GROUP Database for international orders, respectively.

These sources isevétiortiy nBoessarydnfomaptionttaiodmighhier Kdhpiropetehotorars £5eREOPrice
improvement at any particular moment of trade execution. Not surprisingly, the results indicate that

price improvenfEfieate s MR SPRST e dAtPERle MR PLRgEIC I i L Cers are

often not fully executed.
[00129] The associated price impact coefficients for ACE® Non-Discretionary and

ACE® Discretionary are derived from different subsets of the same peer group
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[00136]Calculation of relative price improvement for different exchanges, trade sides, trade sizes, and
groups of liquidity can be made the equation: (PoP) R=-(P ark-P brd)(5) [00137]where p is the
trade price, pbid and pask are the prevailing bid and ask quotes, respectively, pO = pask and 6 = 1 for
buys”, de: ptﬂd anld 6 :f-l for sells. Such a parameter has a very clear interpretation. For relatively
small trades the value of R usually lies between 0 and 0.5. If a buy (sell) tr ted at th

(bid) price, R is eq\yglztoc()'s&;b?;)é).) there was no price improvement. \}/vé) ) UBRE MR o at the ask
2008/153909PC1/U52008/007083 [00138]FIG. 24 demonstrates that the average empirical relative
price improvement for stocks traded on the NYSE depends on trade size and trade side. The graph is
based ITG proprietary execution data for June 2006. Hig?hest average relative price improvement

occurs for the datatiess tFande AF@leiRusianat/pRRsshe ftreaiabasn PE8TRFS. DAY ports the

average empirical relati rice i ] .
g P t[cmse e ImYl'?a e %I&H{g’vfﬁ@ﬁnng} |f§) Included in the calibration process. For the ACE®

Non-Discretionary model, a sophisticated set of heuristics is used to eliminate database
participants that exhibit opportunistic trading. These methods focus on identifying
participants whose orders do not meet minimum transaction cost requirements with
respect to increasing order size. More precisely, all orders of clients who have
unusually low average transaction costs for a given exchange, liquidity group, and order
size segment are filtered out. Liquidity groups are defined based on the deciles of the
average daily dollar volume distribution from all stocks. Order size segments are
defined as 0-1%, 1-5%, 5-10%, 10-25%, 25-50% and >50% of average daily share
volume. The grouping is justified by the fact that different accounts or portfolio
managers can trade very differently within the same firm. Actual average costs of a
client are considered to be abnormally low (signaling opportunistic trading) if they are
lower than a cutoff for the specific segment. The cutoff is determined by two thresholds:

a) based on a certain cutoff that equals the average half spread for all
orders multiplied by a certain factor for the given segment (e.g. the factor is 1 for order
sizes around 15% of ADV),

b) based on the average realized costs of all market participants.
[00130] If the average trading costs of a client is less than both of the two
thresholds determined by a) and b) above, the client's trading style for this segment is
classified as opportunistic and is filtered out for ACE® Non-Discretionary.
[06131] FIG. 20 and FIG. 21 plot the average realized costs curves that are

associated with ACE® Discretionary and ACE® Non-Discretionary along with the
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stocks traded on the NYSE depending on trade size and trade side. Relative price improvement is
defined in Equation (5) of this document. It lies between 0 and 1, with O indicating no price
improvement and 1 indicating an execution at the other side of the spread. The graph is based on ITG
proprietary execution data for June, 2006. The highest average relative price improvement can be
observed for ordeys in size of less than 100 shares. The larger the order siggy{lis,igasauerage relative
price improvemen\tvgazf)lU & bbserved. On average, sell trades get more price improvement than buy
trades. [00140]FIG. 25 compares average empirical relative price improvement for stocks traded on
the NYSE that belong to different liquidity groups. The plot shows that there is almost a linear relation

between average relative price improvement and liquidity. Relative price igylpéo% ent'is the highest
er,

e
for the most liGURI2SD ERAIEPRHOPR THESCFAPRRHRSECIRIGATS Yok Rie %?rgsthat price
improvement in absalute terms can be still highest for illiguid stoeksdug tgdheganrially much larger
spread. Sell trétedg(gse,C %\ﬁetl Ve'}gzg)% %batrglg}l'?r%oar%e%ice tFr‘?f;{prc!))c\éement than buy tradergs. [00141]As discussed
in the previousgatias, A esHEOBIRhIdesICastdenthesigbuofias indree-offtbatisesiadhe risk of
delayed execution and the cost of immediacy (see also, Hasbrouk and Schwartz (1988)). Much
research has foiseisest onvVe/B 208 F8DATIECDYSEITBRY0TaYIXREVSHRFFSEEEDoN of orders
under various assumptions. Various forms of market imgagt ?%del%gaveg uenqsggr(?i gred by
practitioners, [SPRFHEB R B URTHHIRRP MR S8R e a0 L S et HP RRArket iImpact functions, both
temporary and Bsﬁfg‘%ﬂ%%é?&Né%&’&-s%%éfzsééiéssuem G209 Be LAV BRGIrahe(2003)). A
common featufé of these approaches is the assumption that the uncertainty in transaction costs can
be representeqqgpiirgly ddhaxolatilitg akéhetsaansitiigsesnrardEne jthplivatiorac! thapaliEsimption is
that there is no interplay between trading activity and a security's return volatility. This requires that the
market in the seeUMiy ioreedisegtivibisunyeiLiaibetkasiely, that is, the security's return volatility remains
constant while the return itself is affected by the market | di assH ption of
independence @Pﬁ?@]momgﬁf’swg'f@&xr% %Hg?rri‘bda{a v {WJ)IT&(E LR UBC Al g

ution and trading seems unrealistic. Almgren (2003)

makes some importantadyances.in SR sdepbilirinigigction between trading activity and observed

volatility. He derives optimal execution strategies for cases where volatility increases linearly with
trading rate. AQfog33pkes #idiffezemidaprazcbhoatterdifaremedekngt adiowirigfe itantiovolatility
conditional on trading, ACE(r) models the uncertainté in transaction costs directly as discussed in what

follows. [00142]¢Ww>{b'p@rfﬁﬂ&'hﬁ’@ﬁa%f@mﬁifl:% _}Héj[r@ Mﬁ@l%"&‘rﬂﬁ&r‘ﬁg’é\g%laﬂ‘ét returns (i.e.,
910 loha 52 el cossl. Sueh el BOVEISB o GO SAPEIFAURACIAN Gt Du

also an uncertah ST X AP W n, a moderately volatile stock will exhibit
uncertainty of el 5 BYERAMMICR ARYE WADBHLLE B g henRacied eRigesoagretdomeasure of

the uncertainty in transaction costs resulting from the security's return volatility under liquidity pressure
is crucial to an esgsifateitarshationecost e edelphitkarahighemgpotipssttheldifigp ermaentignce, this

average amount of opportunistic trading. In FIG. 23, the cost estimates are based on a

VWAP By Participation Strategy with 10% participation rate. As a result, orders can

span multiple days. Compared to FIG. 22, the cost estimates are higher for very small

orders, but lower for larger orders. The one-day horizon in FIG. 22 forces the execution

of an order into one day even if for larger sizes. This explains the higher costs in FIG.

22 for larger orders compared to FIG. 23. For very small orders, the logic works the

other way around. Whereas the one-day horizon in FIG. 22 allows for the order to be

spread over the entire day, the 10% participation rate in FIG. 23 forces the execution in
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WO 2008/153909PCT/US2008/007083 same uncertainty about transaction cost estimates is used to
determine the quality of execution. A trading desk manager may ask: "Did 67% of trading costs fall
within one standard deviation of the expected trading costs?" Basing the answer to this question on a
security's return volatility estimates, rather than the actual expected distribution of transaction costs will
be misleading duQvg)Zgagﬂgg)%gribed dependence between return volatility giagiradings139143]A second
concern is that most previous work on optimal trade execution has assumed constant, normal
distributions of security returns during trading. We have shown that a large cross-section of actual
executions.' exhibit fat tails and skewness not accurately described by a normal distribution. Instead,

we find that the distribution of transaction costs can be accurately modeled with an as etric
generalized t-df??tﬁB‘iﬁ’fiBﬂ'.f"f‘ﬂ%r&ﬁ@%ﬁf@ﬂ“%ﬂ%ﬂ%‘?@ﬁ%é%{?rﬁgg&nh@ By Mc Sé'rq]ﬁ?f%ﬁgg Newsy

(1988) and the, skewed extepsianof 1HgsLaRRARY TheodassioHs 4998 16eatubaebasymmetric

generalized t-distributions is very flexible and includes five parameters: two parameters p and q define
the general shaje mhjhe distibhitiner (hiG tHOdlestsatesisomtedamptes 6f@etieraiéredd-distributions
with different choices of p and q), one parameter a defines the asymmetry of the distribution and the
final two pararsetedd eeeisaratiienariceatyie Bier BIvBIEss tAa T HEtehning Y1 HiedR"and variance of the

distribution. The ﬁ‘ﬁ%ri;%@ﬁgﬁ% %s r%gggeétsn&%del%%%}lg?] e(%%ﬂégini ??e%l?ég%nmﬁ%ﬁéd@ﬁépg;gons, amongst

them are the nit and g -4 co) e t- dis ons (p=2 and g --.--

2/3, wheredengtes the deguee.@f frRedan otihe sbidenblarlistib wismT i ane AEE® Reer Group
Database. WO 2008)153909peri1J521.1118/11117083 [00144]FIG. 26 illustrates different generalized

t-distributions gikeretibacheins eftthatpaaestie deatiting i ideelixatavnetansmeatiest etstein the
O e e axpianation, agaie 1o de 1 o fack. thax for &rvall orders, the Sgeg 10 (1€ ormal
participation rate will imply full execution of the order in the early morning, thereby
incurring the spread costs that are highest in the early morning. By increasing ’the order
incrementally, cost estimates actually go down since the costs due to spread costs are
declining as the order is spread more and more into the day outweighing any price
impact costs that arise with larger order size. This effect subsides and the effect of
larger price impact for larger orders takes over at a certain order size resulting in the
uéual increasing cost function. For ACE® Discretionary, this pattern is not observed
since opportunistic traders may use limit orders and time their frading such that the
spread costs do not have an impact on their costs and the lower costs of the
opportunistic traders outweighs the effect from the non-opportunistic traders.
[00134] Generally, all buyer- (seller-) initiated orders are expected to be executed
at the prevailing ask (bid) price. However, a trader may often achieve a better execution
price and, therefore, realize a pricé improvement. Price improvement may appear

simply because the market moved favorably during the time it took to route the order to

the exchange, resulting in a lucky saving. But there are also other more sophisticated
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distribution [00145]The ACE(r) transaction cost distributions are generalized asymmetric t-
distributions with fixed, order-independent coefficients p, g, and a while the location and scale
parameters reflect the expected cost of the order and the security's return standard deviation over the
trading horizon adjusted by the order size relative to the security’'s ADV. The adjustment is in line with

Almgren (2003) a%gmﬂg’gﬁb evidence that predicted standard deviationsyefi{ansgeiingcosts solely
based on the security's return are lower than the empirical standard deviations. The adjustment of the
standard deviation and the shape and asymmetry coefficients are derived from ITC PEER GROUP
data similarly as described in Arellano-Valle et al. (2004). [00146]FIG. 27 presents the fit of the
empirical distribution of the z-scores of all actual costs with the ACEér) z-score distribution (determined

by the three parairitaysBsteaERANeRURSINRYRRSHPRI R AR AR LGRS EThAT Lalibrated

theoretical distibutions, Cleary, dhe generaizsd el siubion winedoumzalabigy disteutions

Statistical tech?ﬁa SUEN'8S the mogorov-Smirnoff test confirm this fact. [00147]FIG. 27

compares the gﬁg(%e,@;g,q gisisthevian of dhete-seasesalactpal ReekDrtags tatd Reselr (8189)ith four
different calibrated distributions: the normal distribution, the asymmetric t-distribution, the symmetric

generalized t-digpiiutionexistetive atpriomisnicoyenenil edctiendiisutiarketsdifetiie Aomfal and the

asymmetric t-distribution do not fit the empirical distribution well. The metric, generalize t- WO
2008/1539119]13(?1%*]§ﬂ§‘fTé‘/@t§?@%in§{ﬁ‘fﬂﬁﬂ)ﬂr%%{5t&r(gs(¥§ﬁa’['ﬁea% @Z?‘{\‘/’né ”E'?%‘Be%rrt%és. ﬁ”u%e

heavytailed, Ispiokuri A, APMBIE e MmEdAn SR a8 eraRRRnI9AaLIn summary,
the ACE(r) cost dlstriBltions are characterized by three fixed
conditions, see e.g., Bongiovanni, Borkovec and Sinclair (20086).
[00135] The ACE® Price Improvement mode! allows users to quantify the price
improvement of small size orders for different exchanges and values of order side, size,
and liquidity. The model is based on ITG proprietary execution data for U.S. and the ITG
PEER GROUP Database for international orders, respectively. These sources provide
the necessary information to obtain market prices and to measure price improvement at
any particular moment of trade execution. Not surprisingly, the results indicate that price
improvement can be very different for quote- and order-driven stock markets.
[00136] Calculation of relative price improvement for different exchanges, trade
sides, trade sizes, and groups of liquidity can be made the equation:
Reg.Pa"P)
(Posk = Phia) . (5)
[00137] where p is the trade price, pbid and pask are the prevailing bid and ask
quotes, respectively, pQ = pask and & = 1 for buys, pQ = pbid and & = -1 for sells. Such
a parameter has a very clear interpretation. For relatively small trades the value of R

usually lies between 0 and 0.5. If a buy (sell) trade was executed at the ask (bid) price,

R is equal to O; i.e. there was no price improvement.
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parameters, the expected transaction costs and the standard deviation of the transaction costs.
However, since the cost distributions are not normal distributions, one needs to use care when
constructing confidence intervals based on mean and standard deviation. The usual interpretation that
mean +/- one standard deviation contains two thirds of the observation no longer applies.
Consequently, it i%ezg&@i]%ighgo also look at percentiles of the distribution. gfigresaqntides of the cost
distribution for a given scenario are part of the output of ACE(r). [00149]As for any model, the key
guestion for ACE(r) is how well the model actually performs. The accuracy of the model is controlled
and validated through a process of calibration and statistical testing. The goal of calibration is to tune

the price impact coefficients derived from market tlg}k-data to achieve a a§J\i/%nment with realized

transaction cof8818h a laFle- ABReEIAIGT MR Ve piice

B8YE e FIRAPELIGIANRISEd to ensure that the

model is returning unbiased results (1.0, LOStRdRASECBOL YSIRMatically-oyRI rakéIsderesimated.)
[00150]Each quarter, ACE(r) is calibrated to ITG's Peer Group Database. A moving two-year span of

data is used, cgapHisashedd aCOplopeaarpex20lich aapr todhate B0S6VEighelicaydyge dahtivs in trades
from over 140 large investment management firms. For more information about the underlying data
see FIG. 53 foptice imostienpsottassus ieitHesaTalirs AR ERF) AN ferEeasoy @S5S $58900PCT
/U52008/007083 [00151]FIG. 28 reports descriptive statistics of the data for the calibration/testing of
the ACE(r) molf&l$8F€bme of the markets in the ACE(r) universe. The statistics are based on the time

period from Japyang2004 {9 Degembeis 2006, REROHSHAS IBREUSPRES Phersesteans: the number of

clusters (or order decisions), the volume of the executions in local currency, the number of stocks
executions areggerys teddonrand NSEtaperdifigbertsda 46 3P dad Gokep ReatiearkceT he countries
are sorted by decreasing number of executions. [00152]Establishiéldg a suitable data set f?br calibration

and testing is a@lwm@méﬁdéévﬁﬁ‘%ﬁ%EQ@?HPM%BEQ‘?MWP@% t?@rpa%ﬁlfgefﬂf?e?f“a&ﬁ’g{ tha.in as
much detailed information as desirable. F%ra%éamﬁ I ?ﬁ%%%t'g{bgﬂ%rqgf"}ﬁ@@tﬁ@%%g{%be missing

or there is no RELFHRGARRIGH MRS (HoR: ying order was a market or a limit order. Secondly,

transaction costs, deperil gr B RoHLR Sraten s Andaeseeiiatrgiestar duik oS CEses, not
formalized by traders and certainly not recorded. Due to numerous factors (e.g., market conditions,

work load, expligihisstavetirs dtativenoitioliopnssmgot Spit e vbpeiiedjorrat erade sizexEdeRR similar
trades very differently over the . .
than 100 shares. The larger the order size, the less average relative price improvement
can be observed. On average, sell trades get more price improvement than buy trades.
[00140] FIG. 25 compares average empirical relative price improvement for stocks
traded on the NYSE that belong to different liquidity groups. The plot shows that there is
almost a linear relation between average relative price improvement and liquidity.
Relative price improvement is the highest for the most liquid stocks and the lowest for
the most illiquid stocks. However, note that price improvement in absolute terms can be
still highest for illiquid stocks due to the generally much larger spread. Sell trades, on
average, obtain more price improvement than buy trades.
[00141] As discussed in the previous sections, the execution of orders can be

thought of as a trade-off between the risk of delayed execution and the cost of

immediacy (see also, Hasbrouk and Schwartz (1988)). Much research has focused on
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course of a year. [00153]Finally, an additional challenge exists in finding an approach to discount
significant market and/or stock-specific movements, allowing for the measurement of the pure
unperturbed magnitude of transaction costs. To this end, ITG carefully establishes a methodology that
reflects the needs of the calibration and testing processes, while being sensitive to challenges

presented by the %%U@g;gglsince investment managers' orders are oftggriareiesioinéessmaller
orders or trades, an aggregation must be performed before arriving at a basic order unit suitable WO
2008/153909PCUUS2008/007083 for analyzing trading activity, its effect on prices and, thus,

comparison with ACE(r) average cost estimates. To perform this aggregation, trade packages (ex-ante
orders) are created that correspond to groups of trades where the sgme ing/estmefnt anager is in the

market for a stBeRPBUIRYISHEENRLYEeE YIGEIANRE BRAIPOPIR e B ToBIPRS Il terization
concept is in lnc il 6adee SIS (RS8P0 GAB AN LeKRNAk BRI A ! a5 industry
practice. The &ntire sequence of trades (ex-ante order) is treated as the basic unit of analysis in order
to determine pyeg\dPRGEARRD £ IPMeasiSiobas fitutitorel, toathngmbolzay tioud perandbest ex-ante
order" is defined to include the manager's successive purchases of the stock. The order ends when

(e.g., ACE/1, ACE/2, Kissell and Glantz (2003), or Almgren et al. (2003)). A common

feature of these approaches is the assumption that the uncertainty in transaction costs

can be represented entirely by the volatility of the security's return. The implication of

this assumption is that there is no interplay between trading activity and a security’s

return volatility. This requires that the market in the security is near equilibrium during

trading, that is, the security’s return volatility remains constant while the return itself is

affected by the market impact due to the trading. The assumption of independence of

the moments of the return distribution and trading seems unrealistic. Aimgren (2003)

makes some important advances in the study of the interaction between trading activity

and obse;ved volatility. He derives optimal execution strategies for cases where

volatility increases linearly with trading rate. ACE® takes a different approach, rather

than modeling a security’s return volatility conditional on trading, ACE® models the

uncertainty in transaction costs directly as discussed in what follows.

[00142] Typically, a portfolio manager will construct a portfolio on the basis of net

returns (i.e., gross alpha less transaction costs). Such a model provides not only

expected transaction costs, but also an uncertainty measure associated with it. Often, a

moderately volatile stock will exhibit uncertainty of equal or even much greater

magnitude than the expected costs, so a good measure of the uncertainty in transaction

costs resulting from the security's return volatility under liquidity pressure is crucial to an

accurate transaction cost model. When analyzing ex-post trading performance, this
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(a) the manager stays out of the market for at least one day, (b) the manager does not execute more
than 2% of ADV, (c) there are no other trades that have been placed as an order within the execution
horizon of the package. [00156]"Sell ex ante orders" are defined analogously. For each ex-ante order,
the trading aggressiveness (participation rate) and the average execution price is determined. Since

§3g nerally not reported, it is assumed that each gxranrtgwekdaikhas been

execution time st%vngyoz%“y
executed according to a VVVAP strategy with the empirically estimated participation rate. In most

cases, this assumption is reasonable since large institutions are often measured against the VWAP
benchmark. [00157]The transaction costs per share are defined as the difference between the average

execution price and the opening price of the order plac 1t date (th h K pri The si
(positive or negfIeeEPHRnlABRULFET8ATERY %&P%ﬂﬁ%%%%ﬁgﬁsl%é% eﬁ%zr%aaré]}g%l%é% pc?s?tli?/g
value represenied g, 5a0\Quigama. GORERASLPHANIRIOMES By Anlaingbolle ehaliqd sansaction

ex O,
costs are compu?e Ao ca ate_d, using the parameters of the ACE(r) model and the actual trading
strategy for eaglRislardaratibe SsHnaipecaxpesied tensacBaningtis. ahkveetetblesiaestinto-one

comparison between ac_tual and estimated transaction costs. [00158]For model calibration and testing,

average actuaboestsamity AGHE(r volatility estimates, rather than the actual expected distribution of
transaction costs will be misleading due to the described dependence between return
volatility and trading.
[00143] A second concern is that most previous work on optimal trade execution
has assumed constant, normal distributions of security returns during trading. We have
shown that a large cross-section of actual executions' exhibit fat tails and skewness not
accurately described by a normal distribution. Instead, we find that the distribution of
transaction costs can be accurately modeled with an asymmetric generalized t-
distribution. The generalized t-distribution was introduced by McDonald and Newey
(1988) and the skewed extension of it was proposed by Theodossiou (1998). The family
of asymmetric generalized t-distributions is very flexible and includes five parameters:
two parameters p and g define the general shape of the distribution (FIG. 49 illustrates
some examples of generalized t-distributions with different choices of p and ), one
parameter a defines the asymmetry of the distribution and the final two parameters are
location and scale parameters that determine the mean and variance of the distribution.
The generalized asymmetric t-distribution contains many families of distributions,

amongst them are the normal distributions (p=2 and ¢ — ) and the Student’s t-
distributions (p=2 and ¢ =2/, where /8 denotes the degree of freedom of the Student t-

distribution).

' From ITG’s Peer Group Database.
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estimates are computed for the data set, segmented by size relative to ADV, by exchange, and by
liquidity group. More specifically, for a given exchange and liquidity group, orders are subdivided into
the following different size categories: 0-1%, 1-2%, 2- 3%, ..., 98-99%, 99-100%. [00159]A two-step
regression approach can be applied to ensure that average actual costs and ACE(r) cost estimates

coincide. Loosely&g%@i jhe calibration procedure adjusts the price impaghaeefficients in such a
way that the average A E%r») cost estimates fit to the actual average costs. The adjustment is applied

uniformly across all bins in order to avoid destroying the intra-day relationship of the price impact
coefficients. As a consequence, low actual average costs will imply low price impact coefficients and

therefore low ACE(r) cost estimates. FIGs. 29 to 34 serve a amples for the goodness-qf-fit of
empirical cost r&?f\gﬂ fromtlf ?ﬁ(ﬂ"ﬁgﬁtﬁséﬁﬁﬂﬁﬁgﬁﬁ?g@ g’éﬁt{ﬁg?&%llsb%vt%% INe; f)r')c%%del.

[00160]FIGs. 29 and 30 show squally; AndidAla-WeIbHR AV BESIR ARG eastsmrd ACE/2

Discretionary cost estimates for different order sizes for all U.S. trades in the ITG PEER GROUP

Database fromyilaspiann 2902 tmPecember 2066quEne ka2and/@-26084/138000P@DUS 20081007083
demonstrate a very good fit for the ACE/2 Discretionary model. Similar fits can be observed for all
other ACE/2 caignitiesoand are available upon request. [00161]FIGs. 31 FIG. 32 show equally- and

dollar-weighted average empirical costs and ACE/2 Non-Discretionary cost gstimaé{%fo[ different
order sizes for[@A45. tradBReiAHHE FensEOR @ﬁ@@ﬁﬂqﬂﬁ?ﬁﬁﬁé%%gﬁ{aﬁgﬁ ARY2055 6 December

2006. The charfs, demonstgtey 3 ver oot (hIanie ACGRLRNOB Ristel Qo mpRekisiaar fits can

be observed fo '%tﬂ'%u[ erA countries and are available uponrequest.
scale parameters reflect the expected cost of the order and the security’s return

standard deviation over the trading horizon adjusted by the order size relative to the
security’s ADV. The adjustment is in line with Almgren (2003) and empirical evidence
that predicted standard deviations of transaction costs solely based on the security’s
return are lower than the empirical standard deviations. The adjustment of the standard
deviation and the shape and asymmetry coefficients are derived from ITG PEER
GROUP data similarly as described in Arellano-Valle et al. (2004).

[00146] FIG. 27 presents the fit of the empirical distribution of the z-scores of all
actual costs with the ACE® z-score distribution (determined by the three parameters p,
q and & ). For illustration purpose we have added some other calibrated theoretical
distributions. Clearly, the generalized t-distribution outperforms all other distributions.
Statistical techniques such as the Kolmogorov-Smirnoff test confirm this fact.

[00147] FIG. 27 compares the aggregated distribution of the z-scores of actual
peer group database costs with four different calibrated distributions: the normal
distribution, the asymmetric t-distribution, the symmetric generalized t-distribution and
the asymmetric generalized t-distribution. Both the normal and the asymmetric t-

distribution do not fit the empirical distribution well. The asymmetric generalize t-
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parameters, the expected transaction costs and the standard deviation of the
transaction costs. However, since the cost distributions are not normal distributions, one
needs to use care when constructing confidence intervals based on mean and standard
deviation. The usual interpretation that mean +/- one standard deviation contains two
thirds of the observation no longer applies. Consequently, it is beneficial to also look at
percentiles of the distribution. The percentiles of the cost distribution for a given
scenario are part of the output of ACE®.
[00149] As for any model, the key question for ACE® is how well the model
actually performs. The accuracy of the model is controlled and validated through a
process of calibration and statistical testing. The goal of calibration is to tune the price
impact coefficients derived from market tick-data to achieve an alignment with realized
transaction costs from a large database of known orders. Statistical testing is used to
ensure that the model is returning unbiased results (i.e., costs that are not
systematically over- or underestimated.)
[00150] Each quarter, ACE® is calibrated to ITG’s Peer Group Database. A'
moving two-year span of data is used, comprised of (as of December 2007)
approximately seven trillion U.S. dollars in trades from over 140 large investment

management firms. For more information about the underlying data see FIG. 53 for the

most important countries of the ACE® universe.
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executions in local currency, the number of stocks executions are recorded for, and the
number of clients in ITG’s Peer Group Database. The countries are sorted by
decreasing number of executions.
[00152] Establishing a suitable data set for calibration and testing is a difficult
endeavor for several reasons. Firstly, execution data often do not contain as much
detailed informétion as desirable. For example, execution and decision times might be
missing or there is no clear declaration if the underlying order was a market or a limit
order. Secondly, transaction costs depend on execution strategies and these strategies
are, in most cases, not formalized by traders and certainly not recorded. Due to
numerous factors (e.g., market conditions, work load, explicit instructions from portfolio
managers) it is very likely that traders execute similar trades very differently over the
course of a year.
[00153] Finally, an additional challenge exists in finding an approach to discount
significant market and/or stock-specific movements, allowing for the measurement of
the pure unperturbed magnitude of transaction costs. To this end, ITG carefully
establishes a methodology that reflects the needs of the calibration and testing
processes, while being sensitive to challenges presented by the data.

[00154] Since investment managers’ orders are often broken into smaller orders or

trades, an aggregation must be performed before arriving at a basic order unit suitable
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in the market for a stock (buying or selling) over a sustained period of time.
[00155] The clusterization concept is in line with academic literature (see e.g.,
Chan and Lakonishok (1995)) as well as industry practice. The entire sequence of
trades (ex-ante order) is treated as the basic unit of analysis in order to determine price
* impact and execution-costs of institutional trading. In particular, a “buy ex-ante order’ is
defined to include the manager’s successive purchases of the stock. The order ends
when
(@) the manager stays out of the market for at least one day,
(b)  the manager does not execute more than 2% of ADV,
(c) there are no other trades that have been placed as an order within the execution
horizon of the package.
[00156] “Sell ex ante orders” are defined analogously. For each ex-ante order, the
trading aggressiveness (participation rate) and the average execution price is
determined. Since execution time stamps are generally not reported, it is assumed that
each ex-ante order has been executed according to a VWAP strategy with the
empirically estimated participation rate. In most cases, this assumption is reasonable
since large institutions are often measured against the VWAP benchmark.
[00157] The transaction costs per share are defined as the difference between the

average execution price and the opening price of the order placement date (the

benchmark price). The sign (positive or negative) of the difference is used so that a
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transaction costs. This enables a one-to-one comparison between actual and estimated

tfransaction costs.

[00158]} For model calibration and testing, average actual costs and ACE®

estimates are computed for the data set, segmented by size relative to ADV, by

exchange, and by liquidity group. More specifically, for a given exchange and liquidity

_group, orders are subdivided into the following different size categories: 0-1%, 1-2%, 2-

3%, ... , 98-99%, 99-100%.

[60159] A two-steb regression approach can be applied to ensure that average

actual costs and ACE® cost estimates coincide. Loosely speaking, the calibration

procedure adjusts the price impact coefficients in such a way that the average ACE®

cost estimates fit to the actual average costs. The adjustment is applied uniformly

across all bins in order to avoid destroying the intra-day relationship of the price impact

coefficients. As a consequence, low actual average costs will imply low price impact

coefficients and therefore low ACE® cost estimates. FIGs. 29 to 34 serve as examples

for the goodness-of-fit of empirical cost curves from the ITG PEER GROUP Database

and the calibrated ACE® model.

[00160] FIGs. 29 and 30 show equally- and dollar-weighted average empirical

costs and ACE/2 Discretionary cost estimates for different order sizes for all U.S. trades

in the ITG PEER GROUP Database from January 2005 to December 2008. The charts
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[00161} FIGs. 31 FIG. 32 show equally- and dollar-weighted average empirical

costs and ACE/2 Non-Discretionary cost estimates for different order sizes for all U.S.
trades in the ITG PEER GROUP Database from January 2005 to December 2006. The
charts demonstrate a very good fit for the ACE/2 Non-Discretionary model. Similar fits
can be observed for all other ACE/2 countries and are available upon request.
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receiving over a network, data defining parameters of a proposed trade execution from a user, and
data specifying a user-selected trading strategy, said trading strategy data including a sequence of
shgre guantities of securities to be traded per time interval for a given trading horizon; 10calculating,
using-a computer, first estimated transaction costs for the received proposed trade execution based on

the u_ser-seI_ected_\y@gd&glgg@‘}egy _and n_1arket data using a first agency cogt-estioaiiersnodel that
considers discretionary and non-discretionary trades; calculating. using a computer, second estimated

transaction costs for the 15r<_aceived proposed trade execution based on the user-selected trading
strategy angl market data using a second agency cost estimation model that considers only
non-discretionary trades; and displaying to the user at least one of the first and second estimated

transaction costs; 20wherein, said. user-selected trading s ' ol | [
predefined tra@ﬁ%‘i%?%‘%&gg\ qggg %"lré%ﬁ?)’/a%%%ﬁgndg 65965‘%@6@?%99&{1!%%1?)%ﬁﬁ’;ﬂ@l{‘WQE&%P ety o
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[00163]) Systems, pracesses, and components described in this document may be
implemented using one or more general purpose computers, microprocessors, or the
like programmed according to the teachings of the present specification, as will be
appreciated by those skilled in the relevant art(s). Appropriate software may be
available that may be customized or used off-the-shelf to perform one or more aspects
of the present invention. Further, aspects of the present invention can be implemented
with one or more computer program modules developed by skilled programmers in
readily available computer languages such as C++, PHP, HTML, XML, etc., based on
the teachings of the present disclosure, as will be apparent to those skilled in the
relevant art(s).

foo164] Similarly, one skilled in the art will understand that the present invention
may be embodied in numerous configurations, including different computer
architectures, such as centralized or distributed architectures.

[60165] One or more aspects of the present invention may includes a computer-

based product, which may be hosted on a storage medium and include executable code
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2. The method of claim 1, wherein the method further comprises steps for generating
recommendations for optimizing the user-selected trading strategy 25based on at least one of the first
and second estimated transaction costs and providing said MCSLLP recommendations to the user
over he network. 3. The method of claim 1, wherein an adjustment factor adjusts for trade difficulty
and market condité%l;o 9/1%951)‘6’ for an accurate comparison of trades perfogneddndas-diferent
circumstances and trading conditions. 4. The method of claim 3, wherein said adjustment factor
provides an expected trading cost for each security for each day based on a statistical analysis of
measures of trade difficulty. 5. The method of claim 2, further comprising a step of receiving a risk
aversion profile and hypothetical trade order ?@%racteristics thrﬁugoh the ne(tjw%rk %nnq t¥v‘g|‘%\1%ein said step
of calculating SRSHPERHABELHIREREHAT RoLR Y s i TR U ORI R BToRIE“And hypothetical
rade order charagierioits6s ThemblotAlke G IPRSPAE Uthe LB ERofos,  Providing 2
user interface {0 allow a USer 1o identify relevant data and trends in a dataset, and to locate factors that
affect transactignrEsuiermagego-optical disks, ROMs, RAMs, EPROMs, EEPROMs, flash memory,

magnetic or optical cards, or any type of media suitable for storing electronic
instructions, either locally or remotely.

[00166] While this invention has been described in conjunction with specific
embodiments thereof, many alternatives, modifications and variations will be apparent
to those skilled in the art. Accordingly, the preferred embodiments of the invention as
set forth herein, are intended to be illustrative, not limiting. Various changes may be
made without departing from the true spirit and full scope of the invention as set forth

herein.
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7. The method of claim 6, wherein a user is able to change a subset of the dataset under consideration
and perform real-time analytic calculations without additional pre- processing. 8. The method of claim
6, wherein a user may add new user aggregates, without additional pre-processing. 9. I hod of
claim 1, wherein the server is adapted to provide a direct 5interface to a securities price ata"base to
enable the display of transaction cost analysis results in real-time. 10. The method of claim 1, wherein
a transaction cost algorithm allows for intra-day calculation of price-based benchmarks. 10 11. The
method of claim&%mding: a step of building the first agency cost estimation model using
historical trans%téoaé%ta for all executions, including trade data for trade executions for which traders
can postpone or abandon trading to take advantage of market

1. A computer-implemented method for estimating transaction costs of a
security tfrade execution according to a trading strategy selected by a user,
5  comprising the steps of: |
receiving over a network, data defining parameters of a proposed trade
execution from a user, and data specifying a user-selected trading strategy,
said trading strategy data including a sequence of share quantities of securities
to be traded per time interval for a given trading horizon;

10 ‘calculating, using a computer, first estimated transaction costs for the
received proposed trade execution based on the user-selec’céd trading strategy
and market data using a first agency cost estimation model that considers
discretionary and non-discretionary v’trades;

calculating, using a computer, second estimated transaction costs forthe

15  received proposed trade execution based on the user-selected trading strategy
and market data using a second agency cost estimation model that considers
only non-discretionary trades; and

displaying to the user at least one of the first and second estimated
fransaction costs;

20 wherein, said user-selected trading strategy is selected from among a

plurality of predefined trading styles, or specifically defined by said user.

2. The method of claim 1, wherein the method further comprises steps for
generating recommendations for optimizing the user-selected trading strategy
25  based on at least one of the first and second estimated transaction costs and

providing said
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15conditions; and a step of building the second agency cost estimation model using historical
transaction data for executions only for trades for which traders do not have discretion and spyst
execute regardless of whether market conditions are favorable, and excluding data for opportunistic
trade executions. 20 12. A nontransitory computer program product including computer executable
instructions stored on a computer readable medium, for estimating transaction costs of a security trade
execution according to a trading strategy selected by a user, by execution of operations comprising the

steps of: M&%‘n’wﬁendaﬁ%ﬁ@i InAOVEL A etk Latudefining parameters of a proposed trade
p ANge

execution from a user, and data specifying a user-selected trading strategy, said trading strategy data
including a sequence of share quantities of securities to be traded per time interval for a given trading
horizon: calculating first estimated transaction costs for the received proposed trade execution
based on thg uselFseleeteddraiditgnsttateyyramhmackettoata fsity adjvstatpsrngdeattiiestivnation
model that considers discretionary and non-discretionary trades; calculating second estimated
transaction @ostsddetrondtione ttpudet araare eRée GaOIPBHERY Vrirare B 8erSER et delding
strategy and market data using a second agency cost estimation model that considers only
non-discretHar sk e G RadiHgd eneidEPLE 1east one of the first and second estimated

transaction costs,

4. The method of claim 3, wherein said adjustment factor provides an expected
trading cost for each security for each day based on a statistical analysis of measures of

trade difficulty.

5. The method of claim 2, further comprising a step of receivfng a risk aversion
profile and hypothetical trade order characteristics through the network and wherein
said step of calculating second estimated transaction costs factors said risk aversion

profile and hypothetical trade order characteristics.

6. The method of claim 1, comprising the further step of:
providing a user interface to allow a user to identify relevant data and trends in a

dataset, and to locate factors that affect transaction performance.

7. The method of claim 6, wherein a user is able to change a subset of the dataset
under consideration and perform real-time analytic calculations without additional pre-

processing.
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wherein, said user-selected trading strategy is selected from among a plurality of predefined trading
styles, or specifically defined by said user. 13. The computer program product of claim 12, wherein
operations further comprises steps for generating recommendations for optimizing theliSéi-sElected
trading strategy based on at least one of the first and second estimated transaction costs and
providing said recommendations to the user over the network. 14. The computer program product of
claim 12, wherein an adjustment factor adjusts for trade difficulty and market conditions to allow for an
accurate compérison dheadethadCs claimparidrarethumdeediffeneatidinemssarcaggiadatesling
conditions.. 15. The computer program product of claim 14, wherein said adjustment factor provides
an expected tr&ﬂ?ﬁa%{%ﬁ‘g&% Lol '&hch day based on a statistical analysis of measures of
trade difficulty. 16. The computer program product of claim 12, further comprising operations for
performing a step of receiving a risk aversion profile and hypothetical trade order characteristics

through the netvork ahidenvheteivdsaictistiep Ofwhioeiatitrg senosd iesitaated trapsaciienacostsfactors
said risk aversion profile and hypothetical trade order characteristics.
interface to a securities price database to enable the display of transaction cost

analysis results in real-time.

10.  The method of claim 1, wherein a transaction cost algorithm allows for
intra-day calculation of price-based benchmarks.

10
11. The method of claim 1, further including:

a step of building the first agency cost estimation model using historical
transaction data for all executions, including trade data for trade executions for
which traders can postpone or abandon trading to take advantage of market

15 conditions; and

a step of building the second agency cost estimation model using
historical transaction data for executions only for trades for which traders do not
have discretion and must execute regardless of whether market conditions are
favorable, and excluding data for opportunistic trade executions.

20
12. A nontransitory computer program product including computer
executable instructions stored on a computer readable medium, for estimating
transaction costs of a security trade execution according to a trading strategy

selected by a user, by execution of operations comprising the steps of:
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17. The computer program product of claim 12, comprising operations for performing the further step
of: providing a user interface to allow a user to identify relevant data and trends in a dataset, and to
locate factors that affect transaction performance. 18. The computer program product of claim 17,
wherein a.user is able to change a subset of the dataset under consideration and perfornM%ﬁF—ﬁﬁ]e
analytic calculations without additional pre-processing. 19. The computer program product of claim 17,
wherein a user may add new user aggregates, without additional pre-processing. 20. The computer
program product of claim 12, wherein a direct iﬁ?égrf,ace isgrovidedoio a securi%et%{&rice datg&ase to

enablg the displa&e&efyéﬂ%ﬁgﬁéﬁ B Y aﬁ@% URGiRYalisivie 21 F‘]‘yﬁgocsoempu et %ﬁga?am product
b L T e e e
performing:qaa fsieRf Ruiidingthedfiist agenen oast estmatinednodel tisieg histarcaldiansaction
data for all executions, including trade data for trade executions for which traders can postpone or
abandon tragtirgdiodake:adyaniagenof market conditions; and
calculating first estimated transaction costs for the received proposed trade
éxeoution based on the user-selected trading strategy and market data using a first
agency cost estimation model that considers discretioﬁary and non-discretionary
trades;
calculating second estimated transaction costs for the received proposed trade
execution based on the user-selected trading strategy and market data using a second
agency cost estimation model that considers only non-discretionary trades; and
displaying to the user at least one of the first and second estimated transaction
costs;

wherein, said user-selected trading strategy is selected from among a plurality of

predefined trading styles, or Speciﬁcaliy defined by said user.

13.  The computer program product of claim 12, wherein operations further comprises
steps for generating recommendations for optimizing the user-selected trading strategy
based on at least one of the first and second estimated transaction costs and providing

said recommendations to the user over the network.

14.  The computer program product of claim 12, wherein an adjustment factor adjusts

for trade difficulty and market conditions to allow for an accurate comparison of trades
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a step of building the second agency cost estimation model using historical transaction data for
executions only for trades for which that traders do not have discretion and must execute regardless of
whether market conditions are favorable, and excluding data for opportunistic trade executions. 23. A
system for estimating transaction costs of a security trade execution according to a tradM&%@eﬁegy
selected by a user, comprising: means for receiving over a network, data defining parameters of a
proposed trade execution from a user. and data specifying a user-selected trading strategy, said
trading strategy data including a sequence of share %uargities of securities to be traded per time

interval for BRGIOERaFHNIGTBHER! CIrCiRiARGSS BRRIRHIAG FPEPESRiated transaction costs for the

received proposed trade execution based on the user-selected trading strategy and market data using
a first agency cost estimation model that considers discretionary and non-discretionary trades;

means for calculating 88%%%?(?%?&%9 SransactonGests fakbheiresatyed psepesetidrade execution

based on the user-selected trading strategy and market data using a second agency cost estimation

model that gonsidlers oRly-BeRisssRlipResy iRges: anelirity meemsiforyispiaging tosthtstiser at least
one of the first and second estimated transaction costs: wherein, said user-selected trading

strategy is sglggiad drancasiengc phaalitifiot yedefined trading styles, or specifically defined by said
user. 24. The system of claim 23, wherein the system further comprises means for generating
recommendations for optimizing the user-selected trading strategy based on at least one of the first

and second estimated transaction costs and providing said recommendations to the user over the
network. 16.  The computer program product of claim 12, further comprising operatons Tor

performing a step of receiving a risk aversion profile and hypothetical trade order
characteristics through the network and wherein said step of calculating second
estimated transaction costs factors said risk aversion profile and hypothetical trade

order characteristics.

17.  The computer program product of claim 12, comprising operations for performing

the further step of:

providing a user interface to allow a user to identify relevant data and trends in a

dataset, and to locate factors that affect transaction performance.

18.  The computer program product of claim 17, wherein a user is able to change a
subset of the dataset under consideration and perform real-time analytic calculations

without additional pre-processing.

19.  The computer program product of claim 17, wherein a user may add new user

aggregates, without additional pre-processing.
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25. The system of claim 23, wherein an adjustment factor adjusts for trade difficulty and market
conditions to allow for an accurate comparison of trades performed under different circumstances and
trading conditions. MOSLLP 26. The system of claim 25, wherein said adjustment factor provides an
expected trading cost for each security for each day based on a statistical analysis of WeasSulk€s of
trade difficulty. 27. The system of claim 24, further comprising means for receiving a risk aversion
profile and hypothetical trade order characteristics through the network and wherein said means for
calculating second estimated transaction costs factors said risk aversion profile and hypothetical trade
order characteristics. 28. The system of claim 23, further comprising means for providing a user

nterace to glow fuser to Ko evaNL e A0g end A sinRseLcRiRIRlosate rar tha

affect transattion system aim 28, wherein a user is able to change a subset

of the dataset gy gongidesalionAd pedorEly el imaanslvimsaiguleonsawithoutiadditional
. e

preprocessing. ystem of claim 28, wherein a user may add new user aggregates, without
additional pgerREpeassing. 31. The system of claim 23, further comprising a server adapted to provide
a direct interface to a securities price database to enable the display of transaction cost analysis
results in real-time 32. The system of claim 23, wherein a transaction cost algorithm allows for

intra-day calculation of price-based benchmarks. . . ‘
21.  The computer program product of claim 12, wherein a transaction cost algorithm

allows for intra-day calculation of price-based benchmarks.

22, The computer program product of claim 12, further inciuding operations for
performing:

a step of building the first agency cost estimation model using historical
transaction data for all executions, including trade data for trade executions for which
traders can postpone or abandon trading to take advantage of market conditions; and

a step of building the second agency cost estimation model using historical
transaction data for executions only for trades for which that traders do not have
discretion and must execute regardiess of whether market conditions are favorable, and

excluding data for opportunistic trade executions.

23. A system for estimating transaction costs of a security trade execution according

to a trading strategy selected by a user, comprising:
means for receiving over a network, data defining parameters of a proposed
trade execution from a user, and data specifying a user-selected trading strategy, said

trading strategy data including a sequence of share quantities of securities to be traded
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33. The system of claim 23, further comprising: means for building the first agency cost estimation
model using historical transaction data for all executions, including trade data for trade executions for
which traders can postpone or abandon trading to take advantage of market conditions; and

means for building the second agency cost estimation model using historical transWétfdr-Hata for
executions only for trades for which that traders do not have discretion and must execute regardless of
whether market conditions are favorable, and excluding data for opportunistic trade executions. 34. A

system for esti atinr% traq§action costs of a ﬁecurity trade execution according to a trading strategy
erJT'me interval1or a given tradin IO Wi : .
selected byoa SeF, comprising: a server coupled with an electronic data network configured to

receive over a nefwark, gata.fallning RAAMREIEIR0f A REQRASE A JEAdR RO, ORI AYSE! and data

specifying a user-selected trading strategy, said trading strategy data including a sequence of share
quantities of securiliagit bR deded peridneskierval fatmgiendtaoing Ruizend salclatedirst
estimated transaction costs for the received proposed trade execution based on the user-selected
trading strafieghyagaccmerket siatatising @i sh @agemsjoeos testiatatian rnod elothal coetsiters
discretionary and non-discretionary trades, calculate second estimated transaction costs for the
received préposed trade MCSIAP execution based on the user-selected trading strategy and market
data using a second agency cost estimation model that considers only non-discretionary trades, and

transmit, for displA}FARe i tAAdERL R ARE ASER R IHERIRTI XD SRS R USEGRER electronic data
network; wherein, said user-selected trading strateqy i lected from among a plurality of
predefined Prtaogﬁsgegr&%%f 8%%%“&8?1;%5}%?% mg B§,esrés|§%%%§e§g. THE tsrégei%%agf? C a%prr'r%eéé?a%/{v erein the

System urther GOmRHaRs AR (L0ENRrARN RSO HENIAons K APHENRG gy selected

trading strategy’based on t one of the first and second estimated transaction costs and
providing sgidgecqmmendations to the user over the network. 36. The system of claim 34. wherein
said server is further configured to build the first agency cost estimation model using historical
transaction data faicah&XeCHiBens hacikieied tade Bale rcttadeLiecdtians tonwbighrisasters can
postpone or abandon trading to take advantage of market conditions, and to build the second agency
cost estimatransamidel acsityy historical transaction data for executions only for trades for which that
traders do not have discretion and must execute regardless of whether market conditions are
favorable, and exelbaiai deais fosspisteainstiadinmateeaytronslected from among a plurality of

predefined trading styles, or specifically defined by said user.

24. The system of claim 23, wherein the system further comprises means for
generating recommendations for optimizing the user-selected trading strategy based on
at least one of the first and second estimated transaction costs and providing said

recommendations to the user over the network.
25.  The system of claim 23, wherein an adjustment factor adjusts for trade difficulty

and market conditions to allow for an accurate comparison of trades performed under

different circumstances and trading conditions.

66



MCSLLP

26. The system of claim 25, wherein said adjustment factor provides an expected
trading cost for each security for each day based on a statistical analysis of measures of

trade difficulty.

27.  The system of claim 24, further comprising means for receiving a risk aversion
profile and hypothetical trade order characteristics through the network and wherein
said means for calculating second estimated transaction costs factors said risk aversion

profile and hypothetical trade order characteristics.

28. The system of claim 23, further comprising means for providing a user interface
to allow a user to identify relevant data and trends in a dataset, and to locate factors

that affect transaction performance.

29. The system of claim 28, wherein a user is able to change a subset of the dataset
under consideration and perform real-time analytic calculations without additional pre-

processing.

30. The system of claim 28, wherein a user may add new user aggregates, without

additional pre-processing.
31.  The system of claim 23, further comprising a server adapted to provide a direct

interface to a securities price database to enable the display of transaction cost analysis

results in real-time.
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32.  The system of claim 23, wherein a transaction cost algorithm allows for intra-day

calculation of price-based benchmarks.

33. The system of claim 23, further comprising:
means for building the first agency cost estimation mode! using historical
transaction data for all executions, including trade data for trade executions for which
traders can postpone or abandon trading to take advantage of market conditions; and
means for building the second agency cost estimation model using historical
transaction data for executions only for trades for which that traders do not have
discretion and must execute regardiess of whether market conditions are favorable, and

excluding data for opportunistic trade executions.

34. A system for estimating transaction costs of a security trade execution according
to a trading strategy selected by a user, comprising: |

a server coupled with an electronic data network configured to receive over a
network, data defining parameters of a proposed trade execution from a user, and data
specifying a user-selected trading strategy, said trading strategy data including a
sequence of share quantities of securities to be traded per time interval for a given
trading horizon, calculate first estimated transaction costs for the received proposed
trade execution based on the user-selected trading strategy and market data using a
first agency cost estimation model that considers discretionary and non-discretionary

trades, calculate second estimated transaction costs for the received proposed trade
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execution based on the user-selected trading strategy and market data using a second
agency cost estimation model that considers only non-discretionary trades, and
transmit, for display, the first and second estimated transaction costs to a user via the
electronic data network;

wherein, said user-selected trading strategy is selected from among a plurality of

predefined trading styles, or specifically defined by said user.

35.  The system of claim 34, wherein the system further comprises means for
generating recommendations for optimizing the user-selected trading strategy based on
at least one of the first and second estimated transaction costs and providing said

recommendations to the user over the network.

36. The system of claim 34, wherein said server is further configured to build the first
agency cost estimation model using historical transaction data for all executions,
including trade data for trade executions for which traders can postpone or abandon
trading to take advantage of market conditions, and to build the second agency cost
estimation model using historical transaction data for executions only for trades for
which that traders do not have discretion and must execute regardless of whether

market conditions are favorable, and excluding data for opportunistic trade executions.
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