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Abstract

Grid economyprovides a mechanismor incentivefor
resource owners to be part of the Grid, and encourages
usersto utilizeresourcesoptimallyandeffectively. Advance
reservationtechniqueallows users to requestresourcesin
thefuture. However, few research hasbeendoneon deter-
miningpricing of such reservations.

In this paper, wepresenta novelapproach of usingRev-
enueManagement(RM) to determinepricing of reserva-
tions in Grids in order to increasepro�ts. Hence, the aim
of RM is to periodically updatethe prices in responseto
marketdemands,bychargingdifferentfaresto differentcus-
tomersfor a sameresource. Weevaluatetheeffectivenessof
RMandshowthatbysegmentingcustomers,chargingthem
with differentpricing schemesandprotectingresourcesfor
themwhoarewilling to paymore, will resultin an increase
of total revenuefor thatresource. Moreover, usingRMtech-
niquesensure that resourcesare allocatedto applications
thatarehighlyvaluedby theusers.

1 Intr oduction

Grid [7] andpeer-to-peer(P2P)[19] network technolo-
giesenabletheaggregationof distributedresourcesfor solv-
ing large-scaleandcomputationally-intensiveapplications.
Managingvariousresourcesandapplicationsin highly dy-
namicGrid environmentsis acomplex andchallengingpro-
cess. Resourcemanagementis not only about schedul-
ing large andcompute-intensive applications,but also the
mannerin which resourcesareallocated,assigned,andac-
cessed.In mostschedulingsystems,submittedjobsareini-
tially placedinto aqueueif therearenoavailableresources.
Therefore,thereis no guaranteeasto whenthesejobswill
be executed.This causesproblemsin time-critical or par-
allel applications,suchastaskgraph,wherejobsmayhave
interdependencies.

To addresstheseissuesand to ensurethe speci�ed re-
sourcesare available for application's consumptionwhen

required,researchershave proposedthe needfor advance
reservation (AR) [8, 17, 24, 28]. Commonresourcesthat
canbereservedor requestedarecomputenodes(CNs)and
network bandwidth.AR in a schedulingsystemsolvesthe
above problemby allowing usersto gainsimultaneousand
concurrent accessto adequateresourcesfor the execution
of suchapplications[28]. Currently, several Grid systems
areableto provide AR functionalities,suchasGARA [8],
andICENI [17].

Buyyaetal. [4] introducedaGrid economyconceptthat
provides a mechanismfor regulating demandand supply
of resources,andcalculatespricing policiesbasedon these
criteria.With thisconcept,it offersanincentivefor resource
ownersto bepartof theGrid,andencouragesusersto utilize
resourcesoptimally andeffectively, especiallyto meetthe
needsof critical applications.

Regulatingdemandandsupplyis an importantissuein
AR, becausea studydoneby Smithet al. [24] showedthat
providing AR functionalitiesincreaseswaiting timesof ap-
plicationsin thequeueby up to 37%with back�lling. This
study was conducted,without using any economymod-
els,by selecting20%of applicationsusingreservationson
acrossdifferentworkloadmodels.The�nding impliesthat
without economymodelsor any setof AR policies,a re-
sourceacceptsreservationsbasedona �rst come�rst serve
basisandsubjectto availability. Moreover, it alsomeans
that thesereservationsaretreatedsimilarly to high priority
jobsin a localqueue.

Severalstudieshavebeendoneto improvehandlingand
schedulingof reservationsin Grid systemswith somede-
greeof �e xibilities usingdifferent techniques[11, 22, 23,
26]. However, [22, 23, 26] providea simplepricing model
to determinetheusagecostof eachreservation. Resources
might needto adopta more complex methodto increase
their incentivesor pro�ts. In orderto addressthis problem,
we incorporaterevenuemanagement(RM) techniquesfor
determiningthepricing modelin our on-linealgorithmfor
elasticGrid reservation-basedsystems[26].

Thegoalof elasticGrid systemsis to provideuserswith
suitablereservationoptionssothey canself-selectoffersac-



cordingto their Quality of Service(QoS)parameters,such
asdeadlineandbudget.Similarly, themainobjectiveof RM
is to maximizepro�ts by providing theright pricefor every
productto differentcustomers,andperiodicallyupdatethe
pricesin responseto marketdemands[20]. Therefore,a re-
sourceprovider canapplyRM techniquesto shift demands
requestedby budgetconscioususersto off-peakperiodsas
anexample.Hence,moreresourcesareavailablefor users
with tight deadlinesin peakperiodsthatarewilling to pay
more.As aresult,theresourceprovidergainsmorerevenue
or contributionsin this scenario.

Numerouseconomicmodelsfor resourcemanagement
have beenproposedin the literature. Theseinclude: com-
modity market models[3], tenderingor contract-netmod-
els [13], auctionmodels[21], bid-basedproportionalre-
sourcesharingmodels[12], andcooperativebarteringmod-
els [5]. From thesemodels, RM is more suited to the
commodity market one, where it complementsthe com-
modity's pricing. So far, RM techniqueshave beenwidely
adoptedin variousindustries,suchasairlines,hotels,and
carrentals[16].

Therestof thepaperis organizedasfollows. Section2
mentionsanoverview of RM techniques.Section3 explains
the overall modelandhow a RM systemcanbe incorpo-
ratedinto anexisting Grid system.Section4 describesthe
tacticsof RM. Section5 conductsaperformanceevaluation,
whereasSection6 concludesthe paperandsuggestssome
furtherwork to bedone.

2 Revenue Management Techniques and
Strategy

Revenuemanagement(RM) is applicablewhenthe fol-
lowing requirementsaremet[20]:

� capacityis limited andimmediatelyperishable.Forex-
ample,anemptyhotelroomof todaycannotbestored
to satisfyfuturedemand.

� customersbookcapacityaheadof timeto guaranteeits
availability whenthey needto consumeit.

� the seller managesa set of fare classesand updates
their availability basedonmarketdemands.

From the above criteria, RM is suitablein determining
the pricing of reservationsin Grids, ascomputingpowers
canbe consideredperishable.To successfullyadaptRM,
a resourceprovider needsto have aninitial strategy, estab-
lishesasystemthathandlesbookingsandupdatesits tactics
periodicallybasedon demands[20]. Theseaspectsaredis-
cussednext.

Table 1. An example of market segmentation
in Grids for reser ving jobs.

Class UserCategory Restrictions

1 Premium none
2 Business sameVO, allow cancellation
3 Budget sameVO, non-refundable,only

for a limited numberof CNs

Table 2. Characteristics of diff erent user s.
Budget Business& Premium

Relaxeddeadline Tight deadline
Runlongerjobs Runshort/mediumjobs
Highly pricesensitive Lesspricesensitive
Book earlier Book later
More �e xible Less�e xible
More acceptingof restrictions Lessaccepting

2.1 Mark et Segmentation

This is aninitial stepof RM thatidenti�es differentcus-
tomersegmentsfor a product,andappliesdifferentpricing
to eachof them.Theresourceprovideronly needsto come
upwith astrategy quarterlyor annually. Notethataproduct
meansareservationrequestedby auser.

Theairlinesindustryis a well-known examplethatseg-
ments customersand offers them different fare classes
basedon when their book their �ights prior to departure
times.Eachfare classis a combinationof a priceanda set
of restrictionson who canpurchasetheproductandwhen.
For example,a customerthat booksa �ight oneday prior
to adeparturetimecanbeidenti�ed asabusinesscustomer.
The airline knows from historical datathat businesscus-
tomersareless�e xible to changesandlessprice sensitive
thanleisurecustomerswhobookaweekbefore.Therefore,
theairlinecansellahigherpricetobusinesscustomerscom-
pareto leisurecustomersfor seatsin a same�ight.

In Grids,resourcescanbepartof oneor morevirtual or-
ganizations(VOs). The conceptof a VO allows usersand
institutionsto gainaccessto their accumulatedpool of re-
sourcesto run applicationsfrom a speci�c �eld [9], such
ashigh-energy physicsor aerospacedesign.Table1 shows
an exampleof market segmentationin Grids. The classi-
�cations arebasedon VOs andtime of bookingsprior to
reservations. Moreover, we pro�le eachusercategory in
Table2.

2.2 Price Di�eren tiation

Onceusers' classi�cationsand pro�ling are identi�ed,
restrictionscanbeintroducedto createvirtual productsori-
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Figure 1. An overview of the model for two
Vir tual Organizations (VOs). Resour ce 0 is
par t of VO domain A and B.

entedtowarddifferentmarket segmentsto make additional
pro�ts. As anexample,productsfor theBudget usershave
many restrictions,asshown in Table1, thatmake themun-
suitableand unavailable to userswith tight deadlinesand
from different VOs respectively. As a result, an inferior
productcan be sold to a more price-sensitive segmentof
the market [20]. Therefore,the resourceprovider canset
pricesfor thesameproductto be: p1 > p2 > p3, wherep1

denotesthe price paid by the Premium(class1) usersand
soon. This practiceis commonlyknown in theeconomics
literatureaspricedifferentiationor discrimination.

Themainadvantageof this approachis that theseprices
canbeadjusteddynamicallybasedon demands,sinceGrid
resourcesarelimited. Hence,by increasingtheprice to all
classesduringpeakperiods,it canshift somedemandsfrom
theBudget usersto off-peakperiods.As a result,morere-
sourcesareavailablefor reservationsfor boththePremium
andBusinessusers.

3 Description of the Model

In ourmodel,asdepictedin Figure1,eachresourcehasa
RevenueManagementSystem(RMS).TheRMSis respon-
siblefor handlingrequestsandbookings.Also in themodel,
oneVO consistsof a Grid InformationService(GIS) and
oneor moreresourcesandusers.Figure1 alsoshows the
interactionbetweenrelevantcomponentsin ourmodel.The
explanationof theseinteractionstepsareexplainedbelow:

1. User 0 sendstasksandan initial fund, with a speci-
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Figure 2. Revenue Management System as
par t of a Grid resour ce.

�ed deadlinetime, to his/herbroker. Thesameapplies
to User 1. In this model,themoney is representedin
Grid dollars(G$) term.

2. Eachresourceadvertisesits availability to adesignated
GIS. In Figure1, Resource 0 is partof VO domainA
andB. Hence,this resourceregistersto both GIS of
domainA andB.

3. The broker queriesa list of availableresourcesto the
GIS. In Figure1, the broker of User 0 queriesto the
GIS of domainA, becauseit is runninganapplication
speci�c to domainA only. Likewise for User 1 run-
ninganapplicationin domainB.

4. Beforemakinga booking, the broker queriesto each
resourceabout future availabilities and their prices.
Oncethebrokerhasdecidedonwhichoffersto choose,
it sendstasksandmoney to theseresources.

3.1 Rev enue Managemen t System

Figure2 shows how theRMS canbe integratedinto an
existing Grid resource[26]. With the adoptionof RMS,
theBookingControl (BC) is now responsiblefor handling
usersqueriesandbookings.This is doneby consultingand
checkingbooking limits in the datastructure. A booking
limit is themaximumnumberof CNsthatmaybereserved
at eachfareclass. Oncethe queryyields a list of options,
the Billing System(BS) calculatesa fareclassfor eachof
them. Then, the BS sendsthis information to the useror
his/herbroker. TheBS alsohandlestheuserpaymentand
con�rms his/herbookingby submittingthis informationto
thedatastructure.

ForecastingModule(FM) is responsiblefor generating
andupdatingforecastsof demandsin the future. Initially,
the forecastcanbe doneabouttwo to threeweeksprior to
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bookings.

anopeningof bookings.ThentheFM updatesthis forecast
frequentlyasbookingsandcancellationsarereceivedover
time from theBS.

Theseforecastsarethenusedasinputsby the Booking
Optimizationto re-generatebooking limits for eachuser
class. Hence,if the demandsare deemedto be low, the
bookinglimit for theBudgetusersis setto ahighernumber
in orderto increasethe existing capacity. Forecastingand
optimizationwill bediscussedin moredetailsin Section4.

3.2 Resource

Figure2 alsoshows theopenqueuingnetwork modelof
a resourceappliedto ourwork. In this model,therearetwo
queues:oneis reservedfor AR jobswhile theotheroneis
for parallelandindependenttasks.Eachqueuestoresjobs
waiting to beprocessedby oneof P independentCNs. All
CNs areconnectedby a high-speednetwork. The CNs in
theresourcecanbehomogeneousor heterogeneous.In this
paper, we assumethat a resourcehashomogeneousCNs,
eachhaving sameprocessingpower, memoryandharddisk.

A resourcescheduleris responsiblefor managingincom-
ing jobs andassigningthemto availableCNs. To prevent
starvation amongtasksor jobs that do not utilize reserva-
tions,theresourceprovidermightwantto partitiontheCNs
initially. Then,theschedulercanuseanEASY back�lling
method[18] to schedulethesejobs to emptyCNs that are
usedfor reservations.

3.3 Data Structure

A well-designeddatastructureprovides the �e xibility
andeasinessin implementingvariousalgorithms. Hence,
somedatastructuresare tailored to speci�c applications,
e.g. a tree-baseddatastructureis commonlyusedfor ad-
missioncontrolin network bandwidthreservation[2, 29].

For our model,we usean array-basedstructurefor ad-
ministeringreservationsef�ciently , asshown in Figure4.
It is a time-slottedstructure,whereeachslot containsr v,
the numberof alreadyreserved CNs, anda linked list for
storing reservationsthat start at this time. Thus, it parti-
tionsdur into slotsbasedon a �x edtime interval � . If dur
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Figure 4. A representation of storing reser va-
tions with a sor ted queue and � = 1.

spansmultiple slots,r v oneachof themis updatedaccord-
ingly. Figure4 shows how reservationsarestoredwith a
sortedqueueand� = 1 time interval, by usingtheexample
describedin Figure3. For enablinga fastO(1) accessto a
particularslot,we usethefollowing formula:

i =
�

t
�

�
mod M (1)

wherei is theslot index, t is therequesttime (in minutes),
andM is thenumberof slotsin thedatastructure.Notethat
in ordernot to overlapreservation from differentmonths,
we assumethat no reservationsare mademore than one
month in advance. As a result, the datastructurecan be
reusedfor thenext monthinterval. Hence,it is only going
to bebuilt oncein thebeginning.

To incorporateRM functionalitiesinto thedatastructure,
eachslot containsb1; b2, andb3 denotingthebookinglimit
for class1, 2 and3 respectively.

4 RevenueManagementTactics

RM tacticsare usedin a daily operationalplanningto
calculateandupdatebookinglimits. For thesetactics,we
assumethat class3 (Budget) usersreserve before class2
usersbefore class1 users,asshown in Figure5. This as-
sumptionis usedso that oncea booking limit for class3,
b3, is reached,thenuserswill beoffereda fareclassof the
next one,i.e. class2, andsoon.

4.1 Protection Lev els and Nested Bo oking
Limits

When an initial demandis generated,the Forecasting
Modulesetsprotectionlevels, y1 andy2 for class1 and2
respectively. A protectionlevel is requiredin orderto make
someCNs available for businessand premiumusersthat
mightbooklaterin time,asshown in Figure5.

In orderto preventhigh-farebookingsarebeingrejected
in favor of budgetones,a nestedapproachis usedto deter-
mine bi , wherebi denotesthe bookinglimit for classi , as
shown in Figure5. With this approach,thebookinglimits
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Figure 5. Protection levels (y1; y2) and nested
booking limits (b1; b2; b3) for each time slot.

arealwaysnonincreasing,i.e. b1 � b2 � b3. In addition,
every classhasaccessto all of the bookingsavailable to
lower classes.Hence,b1 denotesthemaximumnumberof
CNsto bereserved.

4.2 Capacit y Allo cation Problem

The capacityallocationproblemin RM is to decidethe
bookinglimit for eachclassuser, in orderto maximizethe
overall expectedtotal revenue. If too many CNs are al-
locatedto lower-classusersduring peakperiods,we may
loosea chanceto earnmorerevenuefrom acceptingfuture
bookingsfrom higher-classusers.Onthecontrary, aninsuf-
�cient quotafor the lower-classusersin off-peakperiods,
mayleadto a lower resourceutilization andrevenue.Thus,
�nding anappropriatecapacityallocationto eachuserclass
atdifferenttimeperiodsis animportantfactorin RM.

Let pi denotesthe price of classi . Sincethe price of
higherclassis more expensive than that of a lower class,
it follows that pi > pi +1 . We assumethat a cumulative
distribution functionof classi 's demandis givenby F i (x),
becausethe capacityallocationanalysisis basedon fore-
castingfuturebookings[16]. Thus,Fi (x) is theprobability
thatthedemandof classi useris lessthanor equalto x.

Let us �rst considera two-classallocationproblemfor
a given capacityC, whereh denotesa higherclassand l
denotesa lower class.We assumethat thecurrentbooking
limit for thelowerclassis bl � 1. Theexpectedrevenue,E ,
canbechangedby increasingthebookinglimit from bl � 1
to bl , i.e. I R(bl ), anddependson thedemanddl of thetwo
classes.If dl � (bl � 1), thentheexpectedrevenueis the
same.However, if dl > (bl � 1), thentherevenuedepends
on dh . In this case,the revenuecanbe increasedby pl , if
dh � (C � bl ). On the contrary, if dh > (C � bl ), the
resourceproviderwill lose(ph � pl ). Theexpectedrevenue
increasefrom bl � 1 to bl is de�ned by thefollowing [20]:

E [I R(bl )] = (1 � Fl (bl � 1)) �

f Fh (C � bl )pl � (1� Fh (C � bl ))( ph � pl )g

= (1 � Fl (bl � 1))f pl � (1 � Fh (C � bl ))ph g

The algorithmto calculatebl is shown in Algorithm 1,

Algorithm 1: BookingLimit (C; ph ; pl ; Fh )

bl  0;
while bl < C do

bl  bl + 1 ;
E [I R(bl )]  (1� F l (bl � 1))f pl � (1� Fh (C � bl )) ph g ;
if E [I R(bl )] � 0 then return bl � 1 ;

end
return bl ;

whereit startsfrom zeroandkeepsincrementinguntil the
expectedrevenuebecomeszeroor negative. As a resultof
Algorithm 1, the protectionlevel of a higherclassis also
determinedby C � bl .

Let usconsiderthecapacityallocationproblemof three
classesin the RMS. We use an expectedmarginal seat
revenue(EMSR) heuristic [1] to determinethe booking
limits of threeclasses,as shown in Algorithm 2. In or-
der to determineb3, the protectionlevels of class1 and
2 needto be calculated�rst, as shown in Algorithm 2.
Then,b2 canbefoundby usingthetwo-classproblemwith
C = maxC N � b3.

Algorithm 2: CapacityAllocation
y1  maxCN� BookingLimit(maxCN, p1; p3; F1) ;
y2  maxCN� BookingLimit(maxCN, p2; p3; F2) ;
b3  max(0; maxCN� y1 � y2) ;
b2  b3+ BookingLimit(maxCN� b3; p1; p2; F1) ;
b1  maxCN;

4.3 Cost and Variable Pricing

As mentionedpreviously, in this model,we differentiate
jobs basedon whetherthey are using reservationsor not.
Therefore,costsfor executingthesejobswouldalsobedif-
ferent.For non-ARjobs,wecalculatetherunningcostas

Cost = dur � numC N � bcost (2)

wheredur denotesthe job runtime,numC N denotesthe
numberof CNsused,andbcostis thebasecostof runninga
jobatonetimeunit. Intuitively, thecostfor jobsthatuseAR
will incur higherdueto theprivilegeof having guaranteed
resourcesat a future time. Hence,therunningcostfor AR
jobsis chargedbasedon thenumberof reservedslotsin the
datastructure.Moreprecisely,

CostAR = numSlot � numC N � bcostAR (3)

bcostAR = � � bcost� � (4)

where numSlot is the total number of reserved slots,
bcostAR is thecostof runningtheAR job at onetime slot,
and� is aconstantfactor(� � 1) to differentiatethepricing.



Table 3. An example of variab le pricing with
diff erent � 1; � 2; and � 3 during the week.

PricingName DayPeriod TimePeriod � 1 � 2 � 3

SuperSaver Weekdays 12am– 06am 1.88 1.56 1.25
Peak Weekdays 06am– 06pm 3.38 2.81 2.25
Off-Peak Weekdays 06pm – 12am 2.63 2.19 1.75

SuperSaver Weekends 06pm – 06am 1.88 1.56 1.25
Off-Peak Weekends 06am– 06pm 2.63 2.19 1.75

Theabove costmodelis consideredto bestaticbecause
it doesnot considerthecasewheredemand�uctuatesover
time in a predictableway. Hence,to increasepro�tability ,
a resourceownerneedsto considervariablepricing for dif-
ferent usersegmentsand time period. Table 3 shows an
exampleof settingdifferent� of equation(4), accordingto
demandsor daily arrival ratefrom severalparallelandGrid
workloadtraces[6, 15]. Note that � 1; � 2; and� 3 denote�
for userclass1, 2 and3 respectively.

4.4 Ov erb ooking

Onceusersbooka certainamountof CNs, the resource
provider expectsthemto submit their jobs beforereserva-
tionsstart.However, in a real-life scenario,usersmaycan-
cel their jobs beforehandor by not submittingat all (no-
show). Overbookingdealswith theseissues,andit canbe
effectively usedto minimizethelossof revenue[16, 20]. In
this paper, we presentpossiblestrategiesfor theoverbook-
ing problemin Grids. However, a detailedanalysiswill be
conductedaspartof futurework.

� A probability-basedpolicy: The amount of over-
bookingcapacityis determinedstatisticallybasedon
the probability of cancellation(pcancel ) andno-show
(pnoshow ). Hence,theFM candeterminethebooking
capacityto bemaxC N = (1 � pcancel � pnoshow ).

� A penalty-basedrisk analysis: We cande�ne various
penaltypoliciesto allow usersto paynominalfeesfor
cancellationsand/orno-shows.

� A compensation-basedrisk analysis: Whenthe RMS
acceptsmore bookingsthan the maximumcapacity,
the resourceprovider shouldoffer compensationsto
the affected users for canceling their reservations.
Thus, a risk analysisis requiredin order to increase
therevenueandto minimizetotal compensationcosts.

� A hybrid scheme: The total revenuecanbe improved
by usingahybridschemebasedontheabovemethods.
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Figure 6. The sim ulated topology of EU Data-
Grid TestBed 1.

5 PerformanceEvaluation

Wecarriedout theperformanceevaluationby usingsim-
ulation, becausewe needto conductrepeatableand con-
trolled experimentsthatwouldotherwisebedif�cult to per-
form in real Grid testbeds. Therefore,we use GridSim
toolkit [27] to createanexperimentbasedon EU DataGrid
TestBed1 [10]. Thetestbedtopologyis shown in Figure6.
Thedetailsof simulationparametersarediscussednext.

5.1 Sim ulation Setups

Table 4 summarizesall the resourcerelevant informa-
tion. In GridSim, a CPU rating of one node is modeled
in the form of MIPS (Million InstructionsPerSecond)as
devised by StandardPerformanceEvaluationCorporation
(SPEC)[25]. Theresourcesettingswereobtainedfrom the
currentcharacteristicsof the real LHC testbed[14]. We
took thedataabouttheseresourcesandscaledthenumber
of nodesof eachresourceby 10. This is becausesimulating
original computingcapacitiesis not possibledueto limited
physicalmemoryin a computer, sincemany resourcesand
jobsneedto becreatedduringthesimulation.

We divide theresourcesinto four VOsbasedon their lo-
cation,asshown in Table4. Moreover, all of themusethe
samedatastructurewith � = 5 minutes,andhasa �x edin-
terval lengthof 30 days. To determinebcostAR , we use�
from Table3 for differenttime period.

We modelincomingjob traf�c at threelevels: resource,
VO and Grid, by using a Poissonmodel with different
lambdasfor peak(� peak ), off-peak(� of f ) andsupersaver
(� sav er ) period,asdepictedin Table4 and5. With these
lambdas,wecansetthepeakperiodto bearriving morefre-
quentlythantheoff-peakperiodandsoon. Thelambdasfor
Grid andVO levelsaretakenfrom [15], wheretheauthors



Table 4. Resour ce speci�cations and their jobs' inter -arriv al rates (� ).
ResourceName(Location) ID # Nodes CPURating VO bcost (G$) � runtime � peak � of f � sav er

RAL (UK) R1 41 49,000 1 0.49 3 hours 0.01670 0.00835 0.004175
ImperialCollege (UK) R2 52 62,000 1 0.62 3 hours 0.01670 0.00835 0.004175
NorduGrid (Norway) R3 17 20,000 2 0.20 3 hours 0.00835 0.004175 0.0020875

NIKHEF (Netherlands) R4 18 21,000 2 0.21 3 hours 0.00835 0.004175 0.0020875
Lyon (France) R5 12 14,000 3 0.14 3 hours 0.00835 0.004175 0.0020875

CERN (Switzerland) R6 59 70,000 3 0.70 3 hours 0.03340 0.00167 0.000835
Milano (Italy) R7 5 7,000 4 0.07 3 hours 0.00418 0.0020875 0.00104375
Torino (Italy) R8 2 3,000 4 0.03 3 hours 0.00167 0.000835 0.0004175
Rome (Italy) R9 5 6,000 4 0.06 3 hours 0.00418 0.00209 0.001045

Bologna (Italy) R10 67 80,000 4 0.80 3 hours 0.03340 0.0167 0.00835

Table 5. mean CPU rating for Grid and VO
level and their jobs' inter -arriv al rates (� ).

Level � Rating � runtime � peak � of f � sav er

Grid 56,000 2 hours 0.13812 0.02290 0.01979
VO 1 56,000 5 hours 0.05087 0.02092 0.01913
VO 2 20,000 5 hours 0.05954 0.00537 0.00295
VO 3 60,000 5 hours 0.15901 0.00097 0.00046
VO 4 68,000 5 hours 0.07098 0.00672 0.00257

useda3-stageMarkov ModulatedPoissonProcess(MMPP)
modelin their workloadanalysis.For job runtime,we use
anexponentialdistributionwith differentmean(� ) for each
level. Sincewe aretrying to simulateBoT applications,we
setthenumberof reservedCNsto be1 for all jobs.

We identify the Grid-level trace to be Premiumusers
with a booking periodof 2 hoursand a searchlimit time
(slt 1) of 2 hours. Thesearchlimit time is usedfor �nding
alternative time slotsif resourcesin theinitial startingtime
areunavailable. We chooseeachresource-level traceto be
Businessuserswith slt 2 of 4 hours.Finally, eachVO-level
traceis set to Budget userswith sl t 3 of 24 hoursbecause
they aremore �e xible. All traceshave the samebooking
periodasin theGrid-level one.

For thePremiumusers,they will choosearesourcefrom
theGrid basedon theearliestjob completiontime,whereas
for the Budget users,they will submit jobs to a resource
within the VO basedon the cheapestprice. Sinceall re-
sourceshavedifferentCPUratings,wescaleeachjob dura-
tion in thetraceaccordingto the� ratingfoundin Table5.
However eachBusinessuser is designatedto submit to a
particularresource,sono scalingis required.For all users,
if a reservation for the currentjob cannot be found, then
we ignorethis job andproceedto thenext one.Overall,we
simulate15 tracesin thisevaluationfor aperiodof 14days.

The main objective of this experimentis to look at the
impactof usingRM in increasingtherevenueof aresource.
Therefore,we have two scenarios:in Scenario1 (S1), we
selectR1 (RAL) andR10 (Bologna)to usea staticpricing

Table 6. Total revenue for each resour ce.
Resource S1(x1000) S2(x1000) % gain/ loss

RAL G$ 834 G$ 31,523 3,678.70
Imperial G$ 66,662 G$ 61,645 -7.53

NorduGrid G$ 2,570 G$4,638 80.44
NIKHEF G$ 4,928 G$5,171 4.94

Lyon G$ 684 G$ 742 8.37
CERN G$ 101,997 G$ 103,529 1.50
Milano G$ 170 G$ 171 0.57
Torino G$ 10 G$13 26.46
Rome G$ 114 G$ 119 4.07

Bologna G$ 2,051 G$ 147,279 7,079.71

Table 7. Initial protection levels, y1 and y2.
Resource Peak Off-Peak SuperSaver

Name y1 y2 y1 y2 y1 y2

RAL 10 20 5 15 3 7
Imperial 12 27 6 20 2 11

NorduGrid 5 8 2 6 1 3
NIKHEF 5 8 2 6 1 3

Lyon 3 6 2 4 0 3
CERN 12 32 6 23 3 11
Milano 1 2 0 2 0 1
Torino 0 1 0 0 0 0
Rome 1 2 0 2 0 1

Bologna 15 35 8 25 4 12

methodwith � s = 1.9(withoutRM), andR2 � R9 to adopt
RM. Then in Scenario2 (S2), all resourcesuseRM. We
comparethesescenarioswith thesamesetof parameters.

5.2 Exp erimen t Results

Table6 shows thetotal revenueearnedby eachresource
in bothscenarios.R1 andR10makeahugepro�t by adopt-
ing RM in S2,insteadof usingastaticpricing in S1.This is
becauseR1 andR10 protectsomenodesfor thePremium
andBusinessusers'bookings.Moreover, theseuserspaya
higherrateof � compareto � s and� 3. However, RM also
providea limited numberof availablenodeswith acheaper
priceto theBudgetusers.Accordingto Table3, theaverage
of � 3 is 1.65or at least15% cheaperthan� s . As a result,
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Figure 7. Total number of bookings.
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Figure 8. Percenta ge of income revenue in
scenario 2 (S2 - all resour ces using RM).

RM is bene�cial to bothtime- andbudget-conscioususers,
andresourceproviders.

Table7 shows theinitial protectionlevels,y1 andy2 for
thePremiumandBusinessusersrespectively for S2.Based
on this table, the Budget usersareallocatedto 25%, 50%
and 75% of total capacityduring peak, off-peak and su-
per saver periodrespectively. Sincey1 andy2 will be re-
forecasteddynamicallybasedon demand�uctuation, ac-
cordingto Algorithm 2, aresourceprovideris only required
to giveaninitial estimation.

Figure7 shows the total numberof bookingsmadeby
eachresourcefor differentuserclasses.WhenR1 usesa
staticpricing (without RM) in S1,althoughbcostof R2 is
moreexpensive, the Budget userspreferto sendtheir jobs
to R2, dueto a cheaperpriceoverall in theVO, asdepicted
in Figure7 (a). However, whenR1 adoptsRM in S2,more
bookingsfrom theseusersarebeingmade.Thesametrend
canbeobservedfor R10 in VO4.

Figure7 (b)and(c) show thebookingsmadeby theBusi-
nessandPremiumusersrespectively. Dueto thefactthatno
protectionlevelsareimposedon R1 andR10 in S1,when
they want to book closerto the reservation time, no avail-
ablenodesarefound.As aconsequence,theBusinessusers
have to canceltheir bookings,andthePremiumusershave

to useotherresourcesin the Grid. This situationis called
dilution, sinceR1 andR10decreasetherevenuethey would
have receivedfrom protectingadditionalnodes,y1 andy2,
for theseusers.

WhenR1 andR10 utilizing RM in S2, the numberof
bookingsaresigni�cantly grown for all userclasses,espe-
cially the Businessand Premiumusers. As a result, R1
andR10 areexperiencinga hugeincreasein the revenue,
as shown in Table 6. However, the increasednumberof
bookingshave an effect in other resources,asdepictedin
Figure7 (a) and(c). This is becausethe Budget andPre-
miumuserscanbook to any availableresourceswithin the
VO andGrid respectively. Amongotherresources,theim-
pactwasfelt by R2 the hardest,with a decreaseof 7.53%
in therevenueasmentionedin Table6, sinceR2 is located
on thesameVO asR1.

Figure8 shows thepercentageof incomingrevenuefor
eachuserclass. For smallerandmedium-sizedresources,
such as Torino (R8) and NorduGrid (R3), the Premium
userscontributemorethan60%of thetotal revenue.Onthe
other hand,the Businessuserscontribute more than 50%
on large-sizedresources,suchasCERN(R6) andBologna
(R10). Hence,from this �gure, boththeBusinessandPre-
miumusersare a major sourceof revenuefor a resource.
Therefore,in a competitive demandandsupplymarket, a
resourceneedsto differentiateitself amongothersto attract
theseusers.

6 Conclusionand Future Work

AdvanceReservation(AR) in aGrid systemallowsusers
to gainsimultaneousandconcurrentaccessto adequatere-
sourcesfor runningtheir applicationsor jobs. Commonre-
sourcesthatcanbereservedarecomputenodesandnetwork
bandwidth. In this paper, we presenta novel approachof
usingRevenueManagement(RM) to determinepricing of
reservationsin a Grid system.

Themainobjectiveof RM is to maximizepro�ts by pro-
viding the right price for every product to different cus-
tomers,andto periodicallyupdatethepricesin responseto



market demands.Therefore,a resourceprovider canapply
RM techniquesto shift demandsrequestedby budgetcon-
scioususersto off-peakperiodsasanexample.As a result,
moreresourcesareavailablefor userswith tight deadlines
in peakperiodsthatarewilling to paymore.

We evaluate the effectivenessof RM and show that
by segmentingusers,charging themwith differentpricing
schemes,andprotectingresourcesfor thosewho arewill-
ing to pay more,will result in an increaseof total revenue
for thatresource.

As for futurework,weneedto considerascenariowhere
the demandsare dependent,suchas budgetusersreserve
computenodesatafull-f areprice,normallyknownasabuy-
up. We alsoneedto considercancellationandoverbooking
strategiesin themodel.

Acknowledgment

This work is partially supportedby researchgrantsfrom
theAustralianResearchCouncil(ARC) andAustralianDe-
partmentof Education,ScienceandTraining(DEST).

References

[1] P. P. Belobaba. Application of a probabilistic decision
modelto airlineseatinventorycontrol.OperationsResearch,
37(2):183–197,1989.

[2] A. Brodnik andA. Nilsson. A staticdatastructurefor dis-
crete advancebandwidthreservations on the internet. In
Proc.of SwedishNationalComputerNetworkingWorkshop
(SNCNW), Stockholm,Sweden,Sep2003.

[3] R.Buyya,D. Abramson,andJ.Giddy. Nimrod-G: An archi-
tecturefor a resourcemanagementandschedulingsystemin
aglobalcomputationalgrid. In Proc.of the4th Intl. Confer-
ence& ExhibitiononHigh PerformanceComputingin Asia-
Paci�c Region (HPCAsia), Beijing, China,May 2000.

[4] R. Buyya,D. Abramson,andS.Venugopal.TheGrid Econ-
omy. Proceedingsof theIEEE, 93(3):698–714,2005.

[5] B. F. Cooperand H. Garcia-Molina. Bidding for storage
spacein a peer-to-peerdatapreservation system. In Proc.
of the22ndIntl. Conferenceon DistributedComputingSys-
tems, Vienna,Austria,July2–52002.

[6] D. Feitelson.Parallelworkloadsarchive.
http://www.cs.huji.ac.il/labs/parallel/workload,2007.

[7] I. Fosterand C. Kesselman,editors. The Grid: Blueprint
for a Future ComputingInfrastructure. MorganKaufmann
Publishers,1999.

[8] I. Foster, C.Kesselman,C.Lee,R.Lindell, K. Nahrstedt,and
A. Roy. A distributedresourcemanagementarchitecturethat
supportsadvancereservationsandco-allocation.In Proc.of
the7th Intl. WorkshoponQualityof Service, London,1999.

[9] I. Foster, C. Kesselman,andS.Tuecke. Theanatomyof the
grid: Enablingscalablevirtual organizations.TheInterna-
tional Journalof SupercomputerApplications, 15(3),2001.
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