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Abstract

A large corpus of existing literature in grid comping shows the presence of
higher concentration of research efforts in grid whileware framework development,
grid resource scheduling, grid economy, and griccegty. An important aspect of grid
computing that is missing is the pricing of grid seurces across multiple grids. Existing
research efforts in grid computing that priced grigsources, priced only a single grid
resource in one grid. However, in a real life scai@ subscribed grid resource users
require more than one resource (which are not awile in one grid at all time) to
complete a computationally intensive job. Two chateristic challenges of the
computational grid that make pricing the resourcescross multiple grids a hard
problem are grid resources availability is transiesince they only exists as non-storable
grid compute cycles (gcc) and grid resources arestrifbuted geographically across
dissimilar organizations with diverse resources gsapolices. Therefore, a model that
price grid resource across multiple grids must gaatee resources availability
measured as Quality of Service (QoS). This papepasitioned to present a novel design
of a model to price grid resources across multigléds using the financial option theory
from a real option perspective and value the gridspurces by treating them as real
assets. We integrate our financial option pricinglgarithm into GridSim Toolkit
Simulator to simulate our grid environment.

Keywords: Option Pricing; Trinomial Tree; Computational &irte; Pricing Factor; Compute Cycles.

1.0 Introduction/Background

Like the electrical power grid, a computationaldgfor simply the grid) is defined [1] as a softwaned hardware
infrastructure that provides dependable, consisfgarizasive, and inexpensive access to high-enguatational capabilities
to its subscribers. Over the years, the upsurgaiances in Information Technology (IT) and thelapgions of resource-
intensive computation have grown beyond the capafot locally affordable compute resources. The r8eafor
Extraterrestrial Intelligence (SETI)@Home [2] prcjes one example where computational capacity ededhe locally
available compute power. To support it's locallyadable compute power, SETI@home scavenge CPU syole
computational resources from volunteers in ordesupport high performance computation. Similarlgyeral businesses
now prefer to use the grid resources instead ofélelar updates of their hardware and softwama@tfucture. Business
owners that subscribe to use gird resources hawentabe over those who provide in-house computgtawer — they save
on hardware and software licensing, they save atime maintenance of infrastructures, they alse sav staffing needs.
However, grid resource utilization comes with chatjes which have been largely researched in egilteratures. Some of
these include middleware framework developmentd8} resources scheduling and resource managd#ieaind security
issues [5]. Another grid challenge is the resowreailability constraint. Grid resources are notrade and their use is
limited by uncertainty in their availability henaesource pricing is a concern. Currently, thereascost for utilizing grid
resources especially for research purposes. Thlergsources are available for free because of tergment funding in
establishing grid infrastructures. However, duéhtolarge interest in grid for public computingjevelopment in the use of
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rented services in the grid started recently. Amafar example, introduced a Simple Storage Ser8i@¢6] system and the
Elastic Compute Cloud (EC2) [7] for grid users. Ama's S3 aims at providing data-intensive and loat data storage
system. They provide a benchmark study for dataldlity, data availability, access performance, &ifel download via
BitTorrent. EC2 provides on-demand computing rese@as a virtual machine. One of the drawbackseddlservices is that
the resource prices are not flexible. Requiremenfléxibility in grid resource usage is seen frarapectrum of users' choice
to determine resource usage time. Such choicesdadhe decision to use the grid resources (fomel& in a project, the
decision to use computes resources) at a timeeirptasent or at sometime in the future. The detisio resource usage
between current time and future time is hard teemheine using traditional methods such as Net Préakie (NPV) or
Discounted Cash Flow (DCF) without loosing the istal value of the decision [8]. The reason why tfaglitional schemes
fail to capture the project uncertainties is beeapi®ject uncertainties are often unnoticeablengutie early stages of the
project development.

Generally, we characterize the grid resource abviitha constraint based on the flexibility of resoe use. We consider
three important aspects of the grid resource cheniatics: (i) Grid resource availability is traest and usage is based on
availability (i) to price them, we treat the gridsources as gccs by applying financial option hemd determine best
exercise time for the use of the resources, aindu@ apply the real option to capture uncertasitieat abound in making the
decision to exercise the option.

A financial option is defined (see, for example)[8% the right to buy or to sell an underlying askat is traded in an
exchange for an agreed-on sum. The right to bugetiran option may expire if the right is not exsed on or before a
specific period and the option buyer loses the prampaid at the beginning of the contract. The eiserprice $trike price)
mentioned in an option contract is the stated paicerhich the asset can be bought or sold at adulate. Acall option
grants the holder the right (but not obligation)btey the underlying asset at the specified stritieep On the other hand, a
put optiongrants the holder the right to sell the underlyasget at the specified strike price. American optioncan be
exercised any time during the life of the optiomtract; aEuropean optiorcan only be exercised at expiry. Options are
derivative securities because their value is avddrfunction from the price of some underlying assewhich the option is
written. They are risky securities because theepdt their underlying asset at any future time cartre predicted with
certainty. This means the option holder has norasse the option will bring profit before expiry. r&al option provides a
choice from a set of alternatives. To hold a rgalam means to have a certain possibility for segitime to either choose
for, or against investment decision. For this gfutlese alternatives include the flexibilitiesexfercising, deferring, finding
other alternatives, waiting or abandoning an optiontract. In [10], we designed a financial optiondel and proposed a
justification for price adjustments in [11]. Furthstudy [12] shows that without unnecessarily chraydor grid resource
usage, we can satisfy the user in terms of theitYual Service (QoS) and the providers' incentigeofitability) by using a

global base prices and a control faqrgrf . A single grid resource was assumed in [10], [1bH §2]. However, in real

world scenario, grid resource users often requioeenthan one resource. The request could spansacraléiple grids. This
paper evaluates our financial option based modsgnted in [11] using the GridSim [13] grid simatafThe novelty of this
paper over our previous efforts in [11] is the asien to price multiple resources across multipidsy

The rest of this paper is structured as followsSéttion 2 we review related work. Section 3 desioms the GridSim
toolkit simulator, the middleware, and provide iemplentation of our model using the GridSim. In Setd we present the
mapping between GridSim toolkit simulator and dhid GridSim framework model as a mapping betweemmathematical
model and the GridSim toolkit simulator. Sectiomw® describe the simulation environment and theudision of results of
our experiments. Finally, Section 6 concludes plaiger with a discussion of future work.

2.0 Related Work

A large body of research efforts in grid middlewdramework, resource allocation, resource scheduland grid
economy is relevant to this study. In general, matténtion has been focused on resource distribwtsding market-based
and resource scheduling allocation concepts [1¥do®n [14] provided a solution for proportional ghand allowed users to
differentiate the value of their jobs. A major ltation of the scheme is in the time spent in hawgdihe auction mechanism.
Since the unsuccessful bids takes some of the mes®including communication and computing. Inka lmanner, Stuer et
al. [15] focused on user-based service provisiotiorgthe grid using economic forces of demand amgpk/. Their idea
about a grid equilibrium price is based on theratgon between demand and supply where a prowliigcate a resource
according to a user if the average past price aff thsource is less than the current asking phicthis scheme, providers
may take undue advantage of a higher demand and grakservices less accessible to users. Otheards efforts focus on
contingent bids in auctions [16], and resourcesimqgi[17], [18], and [19]. Researchers under tHesa have followed two
distinct approaches; (a) they extended existingdstadized grid middleware (b) present some novekwsth focus on grid
economy with specific references to resource shatkresource management. Bhargava and Sundare§h®] imodel a
computing utility and examine the possibility tatend the pay-as-you-go pricing scheme using théausystem. Zhang et
al. [19] develop a pricing idea using real optionie Carlo simulation. They focus on resource mamamt which is not
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only about scheduling large and compute-intenspg@ications (or resources), or some form of advdnmeservations but the
manner of putting compute resources to work forktbeefit of the user and owner. However, this s@héid not consider

the effects of critical technological changes tu& capable of determining users' patronage tgride In [20], we provided

a pricing framework for a single asset. Howeveraireal world scenario, a user may want to priceymasources across
multiple platforms.

Chunlin and Layuan [21] presented an optimizatiasda resources pricing algorithm that focus onemsing the grid
providers' effective gain and Sulistio et al. [2Jaluate the effectiveness of grid revenue managem&ng resource
reservations. These studies show that chargingwiiedifferentiated prices will increase the effee total revenue for the
resource in question. They also showed that tledierme guarantees a fair share of the resourcexappits with highest
computing priorities. The focus of the study givernl7], [18], and [22] is on resource sharing aesource scheduling with
references to market economy. In our recent papg}, [we focused on balancing the grid profits asnsé&rom the
perspectives of the grid resources provider. Ij,[@&ing traces from real grids, we enhanced owtehand applied our base
prices. The highlighted research efforts [16], [1a]B], [19], and [21] have common goals; the apgtion of economic
principles to decide a fair share of grid resoure@sl uses the principles of resources redistribudad scheduling.
Currently, there is no charge for using grid resear However, a trend is developing because oé largrest in grid for
public computing and this could lead to a suddeplasion of grid use in near future. In this studye focus on the
evaluation of our model that applies financial opttheory to price grid resources using the Grid&iolkit simulator. The
objective is to keep the grid busy by attractingenpatronage for the provider's incentive and tisfsethe user's QoS.

3.0  GridSim Toolkit Simulator

The GridSim uses four auction types [13] to malsereations; first-price sealed bid auction, cordimsidouble auction,
Dutch auction, and English auction (and their retipe reverses). In a first-price sealed bid auttibe auctioneer sends call
for bids and the bidders send their bids in a dosgm. The auctioneer then waits a given time tfe bids and then
allocates the resource to the bidder who valuesdbeurce highest. On the other hand, the contmdouble auction asks
the bidders and sellers continually to submit laidd asks to the auctioneer. The auctioneer waighwahmatch is found and
then informs the auctioneer and the respectivediddd the seller. The English auction and the IDataction type behave
opposite. In an English auction, the auctioneatsstaith a low price and then gradually increasesrice until one bidder
remains and this last bidder wins the auctionhin@utch, the auctioneer starts with a high prive gradually decreases the
price until a bidder decides to bid. The first leddvilling to accept the price wins the auctiomc® the objective of our
pricing model is to attract more patronage to thd @y lowering the grid resource prices, we disleuresources to the
largest group as we offer the resources for use.

Simulation techniques are often used when it isemamst-intensive to use a real system for evalnatide select the
GridSim toolkit for the simulation of our financialption pricing model because of its flexibility modeling the grid
environments. The GridSim [13] is a general purptdiserete event simulation toolkit that is basedSamJava2. Figure 1
shows the six layered architecture of the GridSins a toolkit that administrates time-variablesaarce assignments. The
first layer (at the bottom of Figure 1) consist davirtual Machine (JVM). The JVM manages events andhponents
interaction in the GridSim. The second layer cdssiH the infrastructure components such as netveortt resource
hardware. This layer also enables the design gerdriation of user interfaces. The third and foleglers are responsible for
the simulation and modeling of computational gniditees. Simulation of the grid resource brokerdsetaplace in the fifth
layer. The top layer consists of the grid scenaniggr requirements, 1/O interface, application mpmrtion, and user
customized codes.
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Figure 1: GridSim Toolkit Layered Architecture [13]
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Grid resources are non-storable compute commodiiesie of the grid compute cycles include CPU cyaleemory,
network bandwidths, throughput, computing poweskslj processor, and various measurements andrnresttation tools.
The GridSim toolkit only administrates time-variabtesource assignments and it is not suitable ifoe-tonstant
assignment. Examples of the time-constant resowafRAM, network bandwidths, throughput, computpoyver, disks,
processor, and various measurements and instrutieentaols. For example, bandwidth parameter isimmeter of both a
grid and a user which determines the connectioadspethe grid and between grid machines.

4.0  Pricing Grid Resources Using GridSim

Several schemes exist in the literature to pricarfcial options. Some of these approaches incijidggglication of the
Black-Scholes (BS) model [23]. The BS model reqaiselution of a partial differential equation whicaptures the price
movements continuously; (ii) application of a deter time and state binomial model of the underlyaisget price that
captures the price movement discretely [24]. In simrulation, we use the trinomial lattice [9], [26] solve the real option
pricing problem. This is a discrete time approachéiculate the discounted expectations in a trinbtree.

Our model objective is to keep the grids busy. Hteeo words, we avoid idle compute cycles by lowgrihe resource

prices. To achieve this objective, we define angha price variant factqip, f). Thepg f is a multiplier and a real

number given a@l< pyf < 10The value of pof depends on changes in technological developments such andew
faster algorithms, faster and cheaper processors, and changes sragtdssand policies. The certainty in predicting the
effects caused by these changes is captured using crisp WAleeset the pof as an index for offering prices to grid

resource users. For example, given a base price of $0.009 dondekiHz processor, we set the price indices as such that
the maximum does not exceed our set base price.

4.1 Grid Resource Matrix (GRM) in GridSim

In our simulation, we set a grid resource base price togerei[$2.00$..$3.00] per CPU cycles/week. We assume that
the price of one type of grid resource is same in all giilis assumption gives all grids a fair share to offer ressur-or
example, if the base price for 1IMHz CPU cycle cost $2.0 per weekear in one grid, this price will be same across all
grids. To price the grid resources using the GridSimkipole distribute the available resources among users useng t
Dutch action. The Dutch auctions have been used in on-lci®as, particularly for commodity-type markets. It begirith
an initial price that is continuously lowered in a pre-spetibidding interval (bidding round — a bidding rousdwhen
every resource is offered to every user for every job) aritdider place a bid. The danger of using the Dutch aucttbatig
malicious user could take advantage of the continuous lowe @and pool all jobs to a resource when the price is cheaper.
In our particular approach, we use the reversed Dutch auctidisdourage the malicious user intent. The reversed Dutch
auction begins at a base price within in a pre-specified conitreetintil a user place a bid. The value of placed bid is then
used to set the offering price. We map the reverse Dutch auctio the trinomial lattice to obtain option values for

individual user resources. In our approach, for eac jipbj,,:-+, j ), the user(u,,u,,---, U, ) select the best resource

and choose whether to exercise the option to use it or notusér fail to make a bid (i.e., select the best a resource at the
offered base price), the user will not be included in the seteof the next-best resources. The user waits for a nevingidd
round when every other job is assigned. At the end of sevigldihg roundsd ) the first (users) would get the resource at

the price paid by the last of user. We assume that the usbkes/ibr is normal they do not speculate cheaper prices.
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Figure 2: Trinomial Lattice
Journal of the Nigerian Association of Mathematic&thysics Volume 25, No. 2 (November, 2013), 55 — 64

58



A Financial Option Based Model for Pricing... Allenotor and Thulasiram J of NAMP

4.2 Trinomial Tree with Reverse Dutch auction

We apply the trinomial-tree model [9] to price mainly Ameristiyle and European-style options on a single underlying
asset. To compute option prices, we build a discrete time ate Isinomial model of the asset price and then apply
discounted expectations [9]. Figure 2(a) shows a trinoméa were S is current asset price and r is the riskless and
continuously compounded interest rate, the risk-neutral Blabki€s model of an asset price paying the continuous
dividend yield of6 for each year [9] is given bgS = (r — J)Sdt— 0Sdz. Consider a trinomial model of asset price in a small

intervald, we set the resource price changesiyTo map the reverse Dutch auction into the trinomialckatttonsider the
interval between bidding rouna& the price changes By, with likelihood of an up movemenp,,, chance of steady move

(without a change)p,,,,and chance of a downward movemgpyj. Figure 2(a) shows a one-step trinomial tree expressed by
o and & and Figure 2(b) shows the corresponding four-step tiaidree.

Pcc®Pcg® --- Pcc™

Pcc,*Pcc,® -+ Pcc,”

(cace, +-cc,) 1)

Pcc,*Pcc,* -+ Pcc,*

m

For several gccs, the amount requested for various commasipessented as a matrix, the price of such commodities
as a vector is shown in Equation (1). Various requestseareas number of rows in the matrix which is also the nunifber

grids (gi Di =12,--- m).The resulting price from the GRM is the correspondingtimpuhe trinomial lattice (see Figure 2)

to compute option value for the resource utilization.

5.0 GridSim Environment and Experimental Setup

In our simulation, we specify the number of users that neerte resources, the number of grids, and number of jobs.
We use GridSim toolkit 5.2.4 to provide resource schedulivig schedule the grid resources based on the reversed Dutch
auction where each round is seen as the time to expiratiominomial tree (see Figure 2(a)). The trinomial-reversed Dutch
auction provides price information about the winners otibde We use the resultant winning price to compute optalnev
in the trinomial tree model. The setup grid consists of sé\jebs, each of which provides resources for the users.
Computational resources (gccs) are seen as compute cyclesrumigtbs in the grid. We run our simulation using esdip
and Windows 8 Service Pack 1. The computer specifications #satsged for this simulation are as follows: 3.6 GHz Dual-
core Intel Corei7, 8GB RAM, 750GB HD. Additionally, wesalused Cloud Garden’s Jigloo Standard Widget Toolkit
(SWT)/swing Graphic User Interface (GUI) Builder for Eclipsel Web Sphere to reduce the development time and enhance
coding. Two important classes in the simulation are theebrakd the gridSimPricing. The broker class receives jobs from
the user, and behaves as an auctioneer. It then implementsvérsed Dutch auction (where jobs are allocated to the
resource provider who makes the bids) and submits tlsetgothe gridSimPricing class after reversed Dutch auctesrl
The simulation is initialized in a configuration setup ivefisteps: (i) Users setup — the user setup specifies theusser,
budget (amount expected to pay for computation) and théngigalicy. The bidding policy could be set for cosioptimal
time for the user. We specify the cost optimal bidding pdiae all users since our objective is to provide resources at
lower affordable price to the users, (ii) Job type — the dfgeb is specified for all users as job name, lengthrét{Mis),
file input size, required RAM, and disk size (MB), (iii) Mamh name — the machine name specifies the individual name of
the machines available for computation, (iv) Simulatiorapeters — we use the simulation parameters (two variables) to
speculate the simulation time and expected delays. the expectddtisimtime specified is expected to exceed the actual
simulation time with minimal delays [13], and (v) Triniainsetup — the trinomial setup consists of strike pricee tfyears),
interest rate, number of time step, and volatility. Aftetisgtup the simulation, users bid to get resources ubimgeverse
Dutch auction. The reverse Dutch auction allocates the jobs basth@ users' requirements (given in i-v). Figure 3nvsho

the resource@®; ), machineg¢M; ), and jobs(J; ) distribution in the simulation. We created three grils g,,andgs;

three userdl;, U, , andu,.
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Figure 3: Experimental Grid Setup

We let the users provide specifications for their jobs. Thersed Dutch auction allocates the jobs based the users'
needs.

5.1 Handling Time-Constant Resources in GridSim

The GridSim simulation toolkit administrates time variabdsource assignments. Some factors affect the overall
simulation. These include speed, which depends on the charaztenidtithe resource (high performance or low
performance), time taken to execute a task, which depenidsvwobusy the resource is and the bandwidth, that indksethe
whole simulation. Any user who wants the offered resommast book the resource for the expected duration of his Aask.
booked resource becomes unavailable to users until the curdeiis empleted. After every user decided to put their job
into some resource (or wait without doing it because thethsiks they are expensive), the resources that were not booked

in the current round get a new offer round, with a discpuice (lowered by a factor o, f ). Users get another chance to

book them. This is repeated until the offered price is ldtem a 10% of the base price. The bidding is complete when every
booked resource executes its task. The process is repeated drtherdinished jobs. Our idea is that whatever a user uses
for computation, the grid is seen as a task oriented aralriéeict a like manner as the GridSim toolkit. The executddtas
would actually be resources like HD and RAM, which woalfféct the amount of instructions of that task (for exanpl
occupying 1MB of RAM implies reading and writing 1IMB &AM at least once. This could be interpreted as 2MB
instructions (assuming RAM read/writing was an instaneration), or more 4MB instructions (using the empirical
assumption that a read or write cycle takes the same tim€R4&) 2nstruction cycles). Hence, our simulation takes allstask
as CPU instructions to enable GridSim accommodate them. Thé & HD therefore acts as a factor which increased
CPU instructions (using more HD or RAM implies manmstructions because accessing HD and/or RAM requires processor
time as well) and also as limiting factors. For example Qiftdsks use 2GB RAM each at the same time, it cannot be
scheduled if availability is only 10GB. This is the renadofle difference with the GridSim toolkit.

5.2 Experimental Results

We setup three gridsQ;, g,,andd;), three usersy,,U,,andu,), and eight jobs {;, j,,"*+, J5). We provided cost
of compute cycles per grid (base prices) as $3.00, $2.500 $& g,, J,,andg, respectively. Users' jobs run on the grid
based on their bids and the set base price. We assume thatetgibass the same for the similar type of resource across
various grids. At the completion of the simulation gdgwith a set base price of $3.0 had only one jol, with a base
price of $2.50 had two jobs, ang, with a set base price of $2.0 had five jobs. The base pricesvalere reversedd;

=$2.0; §,=%$2.50; g, =%3.0). Figure 4 and Figure 5 shows the effect of the chbase prices. These figures depict the

number of individual jobs on the grids. Figure 5 derraitas the reversed base prices for the grids in Figure 4 bdésv@
that there is a higher concentration of jobs executed in gittislower base prices in other words when the price variant
factor is lower. Using a multi-step trinomial for numbédrtime step N = 4, 8, 16, 24, 32, for various strikec@rk and
resources price S, timd (= 0ib years), interest rate (=  0Qgvolatility (g = 0.2), and the number of time steps
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(Nj = 2N +1). We extend our study by varying the volatilityin steps 00.0,0.1,---,0.7, we computed the option values

for the various three gridg),, d,,andd,. In Figure 7, we notice that as the strike price increasecdli option value
decreases.

Jobs Vs, Base Prices

-al

Grid 1=53.0 Grid 2 = §2.5 Grid 2=32.0
Individual Grids and Base Prices

No. of
Individual
Jobs

I -]

Figure 4: Based Prices Setup
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Figure 5: Reversed Base Prices Setup
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Figure 6: Option Value at Base Price of $2.00 in g3

These computed option values from the integrated Grid@nontial behaves as expected. The computed option values
are significantly smaller than value of the specified base prictgandividual grids. The smaller values of these option
values shows that the grid can be made busy while a largerenwibsers are attracted for optimal grid provider incentives.
Figure 6 shows the results of more simulations carriedising same parameters (as above) to verify the effectmefati
exercise and the option values. Figure 6 shows that while th@uted option values remains lower compared to the
specified base prices, early exercise is more profitable. Sinoe users are most likely to exercise early were the option
values are lower than the offered prices, our integrated pragpgoach shows that it supports large user patronage and
hence grid resource utilization can be significantly imprdwe@xtrapolating current usage patterns into the fukigeire 7
shows that despite option values occur at a relatively lowropalue than the specified base prices. A user may decide to
wait longer before exercising. Exercising late does not leadofitgbility for the user because option values may become
higher. For example, at higher time step (24 and 32 irr&ig)y the results of our trinomial option value computatio
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converges and hence it does not profit waiting beyond tiesesteps. We also show a joint plot of strike pricetlierthree

grids under study and compare the option values at increstsikg prices. We varied the value of K between $1.5 and $3.55
in steps of $0.5. We observed that a user can actually congsioerces across the three grids. Higher strike prices gave the
lowest option value across the multiple grids.

Option Value for Compute Cycles
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Figure 7: Option Value at base Price of $2.00 in G1
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Figure 8: Option values at Various Strike Prices for Irtlial Grids

The jobs that ran in the two grids could wait for a lornjae to be allocated resource(s) at a lower price. The users
could be seen to have tradeoff; either to wait longer with ailgbiy of exercising at lower price or pay more to execute
their jobs without waiting.

6.0  Conclusion

This paper presented the integration of a financial option haseidg scheme that prices multiple grid resources using
the GridSim toolkit simulator. Our approach improves owotfrer toolkits without a pricing integrated by usindgpatch
action-like bidding system to allocated grid resources basedens’ specifications and by applying base prices. The applied
base prices and trinomial pricing injected lower option valieesthe grid user. In this paper, we have demonstrated
flexibility in pricing grid resources using the price vatigactor which have the effects of allowing users to take dadgarof
lower prices.

From the results, it can be seen that at any time the compuied walues are low as specified using the base prices.
We also show that the grid resource pricing using finamgébn theory significantly improved resource utilizatiémthe
future, we plan to consider using actual trace from real gvites{ern Canada Research Grid (WestGrid) with a node located
at the University of Manitoba, Shared Hierarchical Academic Reseantip@ing Network (SHARCNet), and Grid5000).

The GRM provides a mapping of gccs to various grids. évipus research efforts [10], [11], and [12] one resource in
one grid or several resources of the same grid was pres&figana et al. in [26] priced cloud resources using financial
economic model. Their model priced a single cloud resourcbelaurrent paper, we priced multiple resources across
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multiple grids whose characteristic features (ownership, currg@adicy, and zonal time) differ. In the grid3;, J,, andd,

we pieced individual and combined resourd, CC,,andCC; of many users. The generated trinomial lattice represents

option value for one grid. Figure 9 shows multidimenalayrid and resource pricing for base prifesp,, -+, P, -

cc

. 987

/.

PEPE P | ‘
P Pée.  Pa :> | ‘ .. “

g . .
\Pec, Pecn Pec, ) .

CCeC, CCY)

-V

Option Value for one goec

Figure 9: Multidimensional Grid and Resource Pricing

We treat each instance [otr%” O pg(gl‘,n in Equation (1) as a trinomial tree whose solution requénege computational

resources of the grid because of its large size. Figure 9 idethizpscing multiple resources across multiple grids.
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