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Abstract

The ®nancial services industry today produces and condwngesamounts of data and the processes involved in analyssg
data have large and complex resource requirements. Themeedlyse the data using such processes and get meaniesyiltsr
in time, can be met only up to a certain extent by current cdemmystems. Most service providers attempt to increasgesi@y
and quality of their service offerings by stacking up moredare and employing better algorithms for data processiogvever,
there is a limit to the gains achieved by using such an apprdane viable alternative would be to use emerging techmegog
such as the Grid. Grid computing and its application to wagidomains have been actively studied by many groups for thare
a decade now. In this paper we explore the use of the Grid i@t@ncial services domain; an area which we believe has eat be
adequately looked into.
0 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Investments in stocks almost always involve a risk-reweadd off. To get higher returns on investment, an investor
must be prepared to take on a higher level of risk. Investipnsta optimise their investment portfolio in order to
minimise the risk and maximise the returns. However, thegenaany variables involved in portfolio optimization
and therefore, it is a very computationally-intensive j@sx In this paper we explore the use of Grid technology
to implement a distributed version of a portfolio optimipat method, based on Value-at-Risk (VaR) estimation by
means of Monte Carlo simulation.

The computational issues of common ®nance industry prahleuth as option pricing, portfolio optimization,
risk analysis, etc. requires the use of high-performanecepeing systems and algorithms. Traditional solutions to
these problems involve the utilization of parallel supenpaters [1,13,24]. This approach has several drawbacks suc
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Fig. 1. Simple scenario illustrating the use of the Grid im@ial markets for portfolio analysis.

as high cost of the systems, highly quali®ed personnel foirastration and maintenance and dif®cult programming
environments (distributed memory or message passing).

In this context, Grid computing [9] is emerging as a prongsinodel for the next generation of distributed com-
puting solutions. This technology is based on the ef®cieantiisg and cooperation of heterogeneous, geographically
distributed resources such as CPUs, clusters, multipgocgsstorage devices, databases and scienti®c instgiment
Computational grids have been successfully used for splgiand challenge problems in science and engineering.
However, the use of this technology for computationally dading applications in economics and ®nance has not
been deeply explored.

A simple scenario for using the Grid in ®nancial markets @wshin Fig. 1. As more data is produced by stock
markets, this data is fed into the Grid, and analysed usiegahious Grid resources. A Grid resource broker acts as
an access point to the Grid for various investors who wishatoyoout portfolio analysis to help them optimize their
®nancial portfolio, make better investment decisions ardteally reap the bene®ts.

The rest of the paper is organized as follows. Section 2 dmscthe portfolio optimization method and the VaR
application. Section 3 presents a brief outline of somereff apply distributed computing to ®nance problems
and also related work in the area of applied Grid computingtirer ®elds such as science. Section 4 talks about
the Grid technologies that were used in our experimentgid®es deals with how the 2VaR° application was Grid-
enabled. In Section 6, we describe the experimental setupsee for evaluating the bene®ts of Grid-enabling the
optimization process. In Section 7, we present the restittseecexperiments conducted. Finally, Section 8 concludes
with a re ection on the whole experiment and the lessonsitgherein.

2. Application description
2.1. Value-at-Risk based portfolio optimization

The aim of this section is to describe the VaR applicatioentidy its computational complexity, and illustrate how
it can bene®t from being Grid-enabled.
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Value-at-Risk (VaR) [6] is an important measure of the expewf a given portfolio to different kind of risks
inherent in ®nancial environments, which can be used fafghioroptimization purposes.

positions of the assets in the portfolio, the price of thafpbo at timet is given by:

X
P.t/D w; ¢S .t/
iD1
The VaR of the portfolio can be de®ned as the maximum expémtedver a holding periodt , and at a given
level of con®dence, i.e.,
Prob 1P .1t/< VaR D1j c;

wherelP .1t/ D P.t C 1t/ j P.t/ isthe change in the value of the portfolio over the time pdib.

In this context, the portfolio optimization problem can batsd either in terms of wealth maximization or in terms
of risk minimization. If we consider the wealth maximizatioriteria, the optimization problem is ®nding the portioli
composition vectoiw which maximizes the expected portfolio yielé .1t/ , subject to a given constraint on VaR:

VaR V
and
Xk
w; D 1:
iD1

On the other hand, if we consider the risk minimization ciétethe optimization problem is ®nding the portfolio
composition vectow which minimizes the expected portfolio VaR, subject to &giconstraint on yield:

IP.1t/ 1Y

and

X
w; D 1:
iD1
Several methods for computing VaR have been proposed:

Parametric modeldike asset-normal VaR, delta-normal VaR, or deltatgamoranal VaR.
Non-parametric modeldike historical simulation or Monte Carlo (MC) simulation

+ I+

The MC approach is based on simulating the changes in thewvaliuthe portfolio assets, and revaluating the entire
portfolio for each simulation experiment. The main advgetaf this method is its theoretical “exibility, becausesit i
not restricted to a given risk term distribution and the graflexactness can be improved by increasing the number
of simulations.

For MC simulation purposes, the evolution of a single as3dt/, can be modelled as a random walk following a
Geometric Brownian Motion:

dS.t/D1S.t/dt C%S.t/dW.t/;

wheredW is a Wiener proces$, is the instantaneous drift addis the volatility of the asset.
Assuming a lognormal distribution and using the It 's lemnitae expression (2) can be transformed into an Arith-
metic Brownian Motion:

i i, e
d'InS.t/ D't | ¥#=2 dtC¥%dW.t/:

Integrating the previous expression over a ®nite timevatett, we can reach an approximated solution for estimating
the price evolution of.t/:

StCH/DSte’ 1 #2ECH 5,

where” is a standard normal random variable.
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coupled price paths:
S.tC+t/DS.t/e’ i %?ﬂﬂc%zipi_“;
whereZ; arek correlated random variables with covariance

cov.Zi;Zj/ Dcov.S;; S/ D % :

matrix .R/:
RDAAT:
where
0 1 1 1 1
a1 Yar CCC Y

Va1 Vz2 CCCY
RD® : Do

Y1 Yo i Vak

is assumed to be symmetric and positive de®Aitis, a lower triangular matrix an_,élT is the transpose k.
Then, applying the matriA to = generates the new correlated random variaBles

ZDA"~

To simulate an individual portfolio price path for a givenldiog periodlt , using am-step simulation path, it is
necessary to evaluate the price path of allritessets in the portfolio at each time interval:

whereztis the basic simulation time-steptD 1t=m.
For each simulation experimet, the portfolio value at target horizon is

Xk
Pi.tC1t/ D wiS;j .t C1t/; 8 D1L:::;N;
iD1
wherew; is the relative weight of the ass8tin the portfolio, andN is the overall number of simulations.
The changes in the value of the portfolio are

1Pj. 1t/ DRt C1t/ j P.t/; 8 D1;:::;N:

The portfolio VaR can be measured from the distribution & kh changes in the portfolio value at the target
horizon, taking thel; c/-percentile of this distribution, whereis the level of con®dence.

The problem of portfolio optimization problem is a compleoxngputational consuming problem, since this MC
simulation must be achieved for different portfolio comiioas vectorw, in order to ®nd that one which maxi-
mizes yield or minimizes risk. There are several technidoebmiting the solution space, and shortening the overall
simulation time, although many times they fall on local miai solutions.

So, in practice, it could be necessary to simulate diffenaxight compositions (several thousand scenarios), more
complex portfolios (several hundred assets), more pritdesg@everal millions), or longer holding periods. Howegver
increase in the number of parameters also increases théasionutime signi®cantly and running several scenarios
could potentially take several hours or even days on a somigputer.

Thus, the long turnaround time of the simulations motivabesuse of High-Performance Computing (HPC) re-
sources within the domain of portfolio analysis. Howevie variable nature of such workloads makes it dif®cult to
provision the right amount of resources for running themer€fore, on demand allocation of resources is required to
handle expansions and contractions in the workload.
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3. Related work

In recent times, the promise of Grid computing has led retess and developers to apply the technology on dif-
ferent scales to a wide range of domains such as Bio-infacsWfi2], High Energy Physics [5,16], Neurosciences [4],
Language Processing [14], and Earth Sciences [2]. A lot ofigs that have made efforts towards scaling up their
applications from Clusters to Grids come from the scienti@omunity. In the commercial world, the area of ®nan-
cial services can bene®t hugely from distributed computiogne companies in the ®nance business have already
reaped good bene®ts from distributing their analysis amer sesource intensive applications across enterprise clu
ters [17+£19].

Grids are the next logical step beyond clusters, and proaitietter solution for large-scale compute and data
intensive applications, spanning across multiple orgdiuas with different policies and varying types of res@s.c
The sharing of such heterogeneous resources in a servergest market paradigm will only bene®t all involved
parties due to the vastly higher potential of the Grid. ABowning and managing a dedicated cluster may not always
be feasible in all cases. One solution to obtaining reseuwoly when needed is to use a Grid which provides services
on-demand.

One of the many different approaches to achieving perfoomaains is to actually rewrite an application using
Message Passing Interface (MPI) or similar paradigms tivilblige the work across multiple processors. In the con-
text of computational economics and ®nance, one such wddsiibed by Abdelkhalek and Bilas [1]. However, this
involves a lot of effort and time and the application canrddyat itself well to changing conditions as are found in
Grids. The approach presented in this paper of composinggpkcation as a bag of independent tasks and letting a
resource broker execute them not only eliminates the nesshiigte applications but also of oads the parallelization
logic on to the broker thus isolating the application depeldfrom the need to factor in the heterogeneous Grid envi-
ronments. Also, the resource broker is capable of allogadsources depending on varying application requirements
thus enhancing scalability and adaptability of the process

4. Background grid technologies

The computational grid is enabled by the use of softwardses\known as Grid-middleware. These services make
possible secure and uniform access to heterogeneouscesaaexecute applications. There are many technology op-
tions, today for running applications on remote computeas are part of a Grid. These include low-level middleware
such as Globus [8], UNICORE (UNiform Interface to COmputRRBEsources) [20] and Alchemi [15] and user-level
middleware or brokers which perform aggregation of Grid/ees and meta-scheduling, such as the Gridbus broker
[16], Nimrod [3], Condor [11] and GRUBER (Grid Resource Us&J A Broker) [7], etc.

For the purpose of Grid-enabling portfolio optimizatiomr @equirements included a system which automates or
makes it easy to conduct the process of distributing theiegtjin, deploying and running it on Grid nodes, monitor
the progress, handle failures and collate the results afugixa. Globus is a good choice of middleware as it is one
of the most widely used low-level Grid middleware systendaioin both research and commercial areas and has
wide community support and an active development group Qifidbus broker, a user-level middleware that supports
the Globus middleware, was chosen for this application asovides simple mechanisms for rapidly formulating
the application requirements and meets the requiremenitioned previously. A brief description of Globus and the
Gridbus broker follows.

4.1. The Globus Toolkit

The open source Globus Toolkit is a set of software servinddibraries for resource monitoring, discovery, and
management, plus security and ®le management. It fagditadnstruction of computational Grids and Grid-based
applications, across corporate, institutional and gguycaboundaries. The toolkit is developed and maintained by
the Globus Alliance, which includes the Argonne Nationabdeatory, USA and others. It allows secure access to
remote computers via GSI (Grid-security infrastructune) enakes the node a part of the Grid, while preserving the
autonomy of the node by using locally set policies to deciie wan access the services offered and when. The toolkit
includes software for security, information infrastrugturesource management, data management, communication,
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fault detection, and portability. It is packaged as a sebofigonents that can be used either independently or together
to develop applications.

4.2. The Gridbus Broker

The Gridbus service broker [16] is a “exible open-sourcefplan-independent resource brokering system, im-
plemented in Java, which provides brokering services fsiributed execution of applications on various low-level
middleware systems including Globus, UNICORE, Alchemi,rki323], and queuing systems such as PBS (Portable
Batch System) [21], and SGE (Sun Grid Engine) [22]. It hides ¢complexity of the Grid by translating a bag-of-
independent-tasks or parameter-sweep type applicatiorjdbs that can be scheduled to be executed on resources,
monitoring those jobs and collating the results of the eienuvhen ®nished. The broker acts as a user-agent and
makes scheduling decisions on where to place the jobs onrile&l€ending on the computational resources charac-

<?xml version="1.0" encoding="UTF-8"?>

<xpml xmins:xsi="http://www.w3.0rg/2001/XMLSchema-in stance"
xsi:noNamespaceSchemalocation="XMLInputSchema.xsd">
<parameter name="scenario" type="integer" domain="rang e">
<range from="0" to="99" type="step" interval="1"/>
</parameter>
<requirement type="node">
<C0py>

<source location="local" file="cholesky.dat" />
<destination location="node" file="cholesky.dat" />

</copy>
<Copy>
<source location="local" file="volat.dat" />
<destination location="node" file="volat.dat" />
</copy>
<Copy>
<source location="local" file="input.dat"/>
<destination location="node" file="input.dat"/>
</copy>
<Copy>
<source location="local" file="var" />
<destination location="node" file="var" />
</copy>

</requirement>
<task type="main">
<copy>
<source location="local" file="positions\_\$scenario. dat"/>
<destination location="node" file="positions\_\$scena rio.dat"/>
</copy>
<execute location="node">
<command value="./var"/>
<arg value="\$scenario"/>

</execute>
<Copy>

<source location="node" file="output\_\$scenario"/>

<destination location="local" file="output\ \$scenari o"/>
</copy>
<Copy>

<source location="node" file="var\_\$scenario"/>

<destination location="local" file="var\_\$scenarioyy ">
</copy>

</task>
</xpml>

Fig. 2. Application description in XML.
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teristics (such as availability, capability, and costg ttsers' quality of service requirements such as the desdliad
budget, and the proximity of the required data or its reglicathe computational resources.

5. Grid Enabling the VaR optimization application

The VaR application is written in the C language, and is a lrppogram that is not directly aware of the Grid by
itself, that is it was not designed to run as a distributedieation.

A single run of the VaR application computes the value-git-for a portfolio ofk assets, by simulatiny price-
paths, of the stock movements over a holding petfibdusing a basic time-step aft. Thek assets are de®ned in a
data ®leyolat.dat with their volatility and drift information. Theholesky.datnput data ®le contains the Cholesky
portfolio composition matrixv. The input parametefs, 1t , and+t are contained in another data ®gut.dat The
output it produces is a frequency distribution, which isdugeget a measure of the portfolio VaR by taking thie &
percentile of the distribution, whereis the level of con®dence.

Grid enabling the VaR application involves running the sapplication over multiple data sets or input para-
meters, for simulating different scenarios of stock movetsieEach run of VaR is independent of another run and
exhibits coarse-grained data parallelism and hence, pipication ®ts nicely into the parameter-sweep paradigm.

To run the application on the Grid using the Gridbus brokes,described the application using the declarative
XML-based eXtensible Parametric Modelling Language (XPMtovided by the broker, as it offered an easy way
to vary the parameters and rerun the application. XPML alow to specify the inputs, executable ®les and outputs
generated by the VaR application. The XPML ®le shown in Fige&cribes the application to be consisting of a
parameteii ranging from 0 to 99 (i.e. 100 scenarios for computing VaR)e Task performed by each job in the
application is described by a sequence of commands which ®gs and execute the VaR program. The XPML
speci®cation largely simpli®es and accelerates the grafetescribing an application to be deployed and run on
distributed resources. XPML allows the user to focus on gleei®cs of the application tasks, and leave the execution
details to the resource broker. More details about the speoi@eriment runs conducted are given in the next section.

6. Experiments and evaluation

To evaluate the bene®ts the Grid brings to this ®nance afplicwe conducted three sets of experiments as shown
in Table 1. For our experiments we varied the input pararaéteholding period) and t (time-step) and useklD 76
assets antN D 500,000 price-paths in which the stocks could vary. The assets derived from a real investment
product and are companies trading on the Madrid Stock ExgghamSpain.

The ®rst set involved running one scenario on one compuagying the holding period parametett (), with
number of simulation® D 500,000, number of assetsD 76, and a basic time step @t D 1 day. These aimed to
investigate the effect of varying input parameters on thpuiliaR computed

Table 2a shows the input parameters of the three experirfrentsthe ®rst set. These simulations were run on a
single computer, with Intel P4 processor at 2.5 GHz, 512 MBWRANd Linux OS.

The second set of experiments conducted aimed to simplyrooti&t Grid-enabling the VaR application was
useful in terms of application performance. Four experimmavith varying number of Grid-nodes were performed,
keeping the application parametdrdN, 1t , and+t constant. The parameter values used in this set of expetsrigen
shown in Table 2b.

Table 1
Description of experiments
No. of experiments Description

Setl 3 Computes VaR on a single computer, running a singiesicewith different
values for thelt (holding period) parameter.

Set2 4 Evaluates application performance in terms of speiti®xed job-size (i.e.
using same parameters) and varying number of Grid nodes.

Set3 3 Evaluates application performance with varying jab and same set of Grid

nodes by computing VaR on a Grid of 5 nodes, running 100 diffescenarios
with different values for thét (holding period), and enables comparison of the
outputs with those from experiment Set 1.
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Table 2a

Parameters for simulation experiments 1+3 (set 1)

Setl No. of assets No. of No. of Holding period Basic time step No. of time steps
k/ scenarios simulations.N/ .1t/ (day) .t/ (day) .m/ D .1t/=.+t/

Exper. 1 76 1 5000 1 1 1

Exper. 2 76 1 50@00 5 1 5

Exper. 3 76 1 5000 10 1 10

Note Total Investment (USDIP 160.8 million.

Table 2b
Grid application parameters used for the performance @xpet with varying number of grid nodes (set 2)
Set2 No. of assets No. of No. of Holding period Basic time step No. of time steps  No. of
K/ scenarios  simulations.N/ 1t/ (day) .xt/ (day) .m/ D .1t/=.+t/ grid nodes
Exper.1 76 100 10000 1 1 1 1
Exper. 2 76 100 10000 1 1 1 2
Exper. 3 76 100 10000 1 1 1 3
Exper.4 76 100 10000 1 1 1 4

Note Total Investment (USDIP 160.8 million.

Table 2c
Parameters for simulation experiments 1+3 (set 3)
Set3 No. of assets No. of No. of Holding period Basic time step No. of time steps  No. of

K/ scenarios  simulations.N/ 1t/ (day) .xt/ (day) .m/ D .1t/=.+t/ grid nodes
Exper.1 76 100 50000 1 1 1 5
Exper.2 76 100 50000 5 1 5 5
Exper. 3 76 100 50000 10 1 10 5

Note Total Investment (USDIp 160.8 million.

Table 3

Resources used in the experiments

Server name Owner organisation Con®guration Grid middewa
belle.cs.mu.oz.au GRIDS Lab, The University of Melbourne BMle-Server with 4 CPUs Globus v.2.4
belle.anu.edu.au Australian National University, Cardber  IBM e-Server with 4 CPUs Globus v.2.4
belle.physics.usyd.edu.au School of Physics, The Urityas§Sydney IBM e-Server with 4 CPUs Globus v.2.4
Icl.apac.edu.au APAC, Canberra 154 node, 156 CPU 2.8 GHPB¢linux cluster Globus v.2.4
manjra.cs.mu.oz.au GRIDS Lab, The University of Melbournex86 Linux cluster with 13 nodes Globus v.4.0

Finally, a third set of experiments, similar to those in thist@as conducted on a Grid of 5 nodes. These involved
running 100 different scenarios on Grid nodes by varyingitipeit parameterelt (holding period). In addition to
serve as an indication of application performance with weygimulation parameters, these tests were also useful to
get outputs, from distributing the VaR application on thédGwhich could be compared with the outputs obtained
running one scenario on a single computer (set 1). The apjaic parameters used for set 3 of experiments is shown
in Table 2c.

For the Grid experiments (set 2 and set 3), the Belle analysidbed Grid [16]Pconsisting of resources distributed
around Australia including Melbourne, Adelaide and Carddewas used. These systems are interconnected via
GrangeNet (Grid and Next generation Network) which is a irgijabit network supporting Grid and advanced
communication services across Australia.

The broker was deployed on a PC at the GRIDS lab (bart.cszrau) at the University of Melbourne, and the
agents were dispatched to other resources at runtime byritieus broker. The performance tests aimed to determine
the effect of increasing number of Grid nodes for a ®xed jpbahd number of jobs. The test bed resources are shown
in Table 3.
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Fig. 3. Frequency graph for set 1: Experiments 1+3 (# of sazsia 1). nariosD 100).

7. Results

Figures 3(a), (b), and (c) plots the frequency distributioaphs resulting from the simulations of the set 1 experi-
ments 1, 2, and 3 respectively, and Table 4 summarizes soRestanation values for different levels of con®detice
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Table 4

VaR values for the three simulation experiments from set 1

Setl VaR (USDk D 90:0% VaR (USD)c D 95:0% VaR (USD)c D 97:0% VaR (USD)c D 99%
(million) (million) (million) (million)

Experiment 1 2 34 38 44

Experiment 2 67 82 91 108

Experiment 3 1a 121 134 158

Table 5

Application performance results (set 2)

Set 2 No. of simulations\/ Holding period.1t/ Basic time stept) No. of grid nodes Time taken (min)

Exper. 1 500000 1 1 1 67

Exper. 2 500000 1 1 2 59

Exper. 3 500000 1 1 3 46

Exper. 4 500000 1 1 4 33

Fig. 5. VaR application performance on a Grid with varyingd3rumber of nodes (set 2).

obtained from the frequency graphs. For example, if we Hudoortfolio investment for 1 day the probability of los-
ing more than 5 million dollars is lower than 1%D 99% . For 5 days, the probability of losing more than 10 million
dollars is around 1%c ¥ 99%/, however if we hold the portfolio investment for 10 days, grebability of losing
more than 10 million dollars is 10% ¥4 90% .

The results for the second set of experiments are shown irbFithis shows the performance of distributing the
simulation over different Grid nodes. The main parametéthis simulation are summarized in Table 5. In this case
we have simulated 100 different scenarios over a holdingpgett/ of 1 day, with a basic time stept/ of 1 day,
and 500,000 price paths per scenahd . As we can see, the simulation of 100 scenarios on a singl@atentakes
around 67 min. If we distribute these simulations over défe Grid nodes, we can obtain a signi®cant time reduction,
for example using 4 computing nodes, the resulting simutetiime is halved (33 min).

The results for experiment set 3, shown in Fig. 4(a)x(c)t thle frequency distribution graphs resulting from the
simulations of the set 3 experiments 113, respectivelys&mesults are similar to those in set 1, as the application
input parameters were varied in the same way, except thaxheriment was conducted over 100 scenarios in each
case, over a Grid. Table 6 summarizes the VaR estimatiorsdtr different levels of con®dence (c), obtained from
the frequency graphs obtained from results of experimes8sdf set 3 (running the VaR on the Grid). The values
that are produced from running the VaR application on thel @Gstbed for 100 scenarios are given in Table 6. This
was done by computing 100 different frequency distribugione for each scenario), and obtaining 100 different VaR
values (for a given level of con®dence). Then, the lowestdlake) value of VaR is selected as the scenario with this
value is likely to be the best one, because the loss of mon#yeahvestment is likely to be lower. Comparing the
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Table 6

VaR values for the three simulation experiments from set 3

Setl VaR (USDy D 90:0% VaR (USD)c D 95:0% VaR (USD)c D 97:0% VaR (USD)c D 99%
(million) (million) (million) (million)

Experiment 1 5 31 35 41

Experiment 2 4 6:9 77 9.0

Experiment 3 8l 9.8 109 127

Table 7

Application performance results (set 3)

Set3 No. of simulationsN/ Holding period.1t/ (day) Basic time steptt/ (day) No. of grid nodes Time taken (min)

Exper.1 500000 1 1 5 46

Exper.2 500000 5 1 5 58

Exper.3 500000 10 1 5 134

values in Table 4 (for 1 scenario) and Table 6, we see thatthothe latter are lower than the former. While the
values are still probabilistic, they are better estimaféh@VaR as more scenarios were considered in the evaluation

Table 7 shows the application performance when run on a Gidnodes simulating 100 scenarios (constituting
100 Grid jobs), while varying the holding period. Here, we $igat there is a sharp increase in the time required to
complete the experiment for a holding period of 10 days frbat bf 5 days. This suggests that the time required
increases exponentially rather than linearly with theéase in the holding period.

8. Summary and conclusion

In this paper, we have explored the application of Grid tetbgies within ®nancial services domain by executing
a portfolio optimization application that estimates théugaat-Risk for a given asset portfolio through Monte Carlo
simulation. We have utilised readily available Grid teclogies and have shown how with the use of a simple, declar-
ative interface and without rewriting the application sifdossible to execute a sequential, single machine applicat
on aggregated Grid resources.

From the results of our execution, it is evident that runrenga Grid reduces the time of execution signi®cantly.
Also, a user is able to run the application for more scenaunmbreceive a better estimation of VaR in a shorter period
of time.

However, this is only one of the ways in which Grid technoésgcan be applied in this domain. While, in our
evaluation, the asset values have been provided in a stati¢ ® possible to visualise a service that will aggregate
information from various stock quote providers and perfofaiR analysis for a given portfolio over a Grid. This
will be able to make use of emerging Service-Oriented Aetttitre (SOA) paradigm that has been realized in Grid
computing through Grid services [10].
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