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Abstract

Grid economyprovidesa medanismor incentivefor
resouce ownes to be part of the Grid, and encounges
usessto utilize resoucesoptimallyandeffectively Advance
reservationtechniqueallows usess to requestresoucesin
thefuture. However, few reseach hasbeendoneon deter
mining pricing of suc reservations.

In this paper we presenta novel approad of usingRev-
enueManagement(RM) to determinepricing of reserva-
tionsin Grids in order to increasepro ts. Hence theaim
of RM is to periodically updatethe pricesin responsdo
marketdemandsbhy chargingdifferentfaresto differentcus-
tomessfor asameresouce We evaluatetheeffectivenessf
RM andshowthat by segmentingcustomes, chargingthem
with different pricing schemesand protectingresoucesfor
themwhoare willing to paymore, will resultin anincrease
of total revenueor thatresouce Moreover, usingRMtech-
niguesensue that resoucesare allocatedto applications
thatare highly valuedby theuses.

1 Intr oduction

Grid [7] and peerto-peer(P2P)[19] network technolo-
giesenableheaggreyationof distributedresource$or solv-
ing large-scaleand computationally-intensie applications.
Managingvariousresourcesndapplicationsn highly dy-
namicGrid ervironmentds acomplex andchallengingpro-
cess. Resourcemanagements not only about schedul-
ing large and compute-intensie applications but alsothe
manneilin which resourcesreallocated assignedandac-
cessedIln mostschedulingsystemssubmittedjobs areini-

tially placedinto aqueusef thereareno availableresources.

Therefore thereis no guaranteeasto whenthesejobs will
be executed. This causegproblemsin time-critical or par
allel applicationssuchastaskgraph,wherejobs may have
interdependencies.

To addresgheseissuesandto ensurethe speci ed re-
sourcesare available for applications consumptionwhen

2Dept. of InformationScience
GyeongsanglationalUniversity, Korea
khkim@gnu.ac.kr

required,researcherbave proposedhe needfor adwvance
resenation (AR) [8, 17, 24, 28]. Commonresourceghat
canberesenedor requestedrecomputenodes(CNs)and
network bandwidth. AR in a schedulingsystemsolvesthe
above problemby allowing usersto gain simultaneousnd
concurientaccesso adequataesourcedor the execution
of suchapplicationg28]. Currently several Grid systems
areableto provide AR functionalities,suchasGARA [8],
andICENI [17].

Buyyaetal. [4] introduceda Grid economyconcepthat
provides a mechanisnfor regulating demandand supply
of resourcesandcalculategricing policiesbasedn these
criteria. With thisconceptijt offersanincentivefor resource
ownersto bepartof theGrid, andencouragessergo utilize
resource®ptimally and effectively, especiallyto meetthe
needwf critical applications.

Regulatingdemandand supplyis animportantissuein
AR, because studydoneby Smithetal. [24] shovedthat
providing AR functionalitiesincreasesvaiting timesof ap-
plicationsin the queueby up to 37%with back lling. This
study was conducted,without using ary economymod-
els, by selecting20% of applicationsusingresenationson
acrosdifferentworkloadmodels.The nding impliesthat
without economymodelsor ary setof AR policies, a re-
sourceacceptgesenationshasedna rst come rst sene
basisand subjectto availability. Moreover, it alsomeans
thattheseresenationsaretreatedsimilarly to high priority
jobsin alocal queue.

Severalstudieshave beendoneto improve handlingand
schedulingof resenationsin Grid systemswith somede-
greeof e xibilities usingdifferenttechniqueqd11, 22, 23,
26]. However, [22, 23, 26] provide a simplepricing model
to determinethe usagecostof eachresenation. Resources
might needto adopta more complex methodto increase
theirincentivesor pro ts. In orderto addresshis problem,
we incorporaterevenuemanaement(RM) techniquegor
determiningthe pricing modelin our on-line algorithmfor
elasticGrid resenation-basedystemg26].

Thegoalof elasticGrid systemss to provide userswith
suitableresenationoptionssothey canself-selecbffersac-



cordingto their Quality of Service(QoS)parameterssuch
asdeadlineandbudget.Similarly, themainobjective of RM
is to maximizepro ts by providing theright pricefor every
productto differentcustomersandperiodicallyupdatethe
pricesin respons¢o marketdemand$20]. Thereforeare-
sourceprovider canapply RM techniquego shift demands
requestedy budgetconsciouausersto off-peakperiodsas
anexample. Hence,moreresourcegre availablefor users
with tight deadlinesn peakperiodsthatarewilling to pay
more.As aresult,theresourcerovidergainsmorerevenue
or contritutionsin this scenario.

Numerouseconomicmodelsfor resourcemanagement
have beenproposedn the literature. Theseinclude: com-
modity market models[3], tenderingor contract-neimod-
els [13], auctionmodels[21], bid-basedproportionalre-
sourcesharingmodelg[12], andcooperatie barteringmod-
els [5]. From thesemodels,RM is more suited to the
commodity market one, where it complementghe com-
modity's pricing. Sofar, RM techniquesave beenwidely
adoptedin variousindustries,suchasairlines, hotels,and
carrentals[16].

The restof the paperis organizedasfollows. Section2
mentionsanoverview of RM techniquesSection3 explains
the overall modeland how a RM systemcan be incorpo-
ratedinto an existing Grid system.Section4 describeghe
tacticsof RM. Sections conductsa performancevaluation,
whereasSection6 concludeghe paperand suggestsome
furtherwork to bedone.

2 Revenue Management Techniques and
Strategy

RevenuemanagementRM) is applicablewhenthe fol-
lowing requirementarremet[20]:

capacityis limited andimmediatelyperishable For ex-
ample,anemptyhotelroom of todaycannotbe stored
to satisfyfuturedemand.

customerdookcapacityaheadf timeto guarantedés
availability whenthey needto consumat.

the seller manages set of fare classesand updates
their availability basedon marketdemands.

From the above criteria, RM is suitablein determining
the pricing of resenationsin Grids, ascomputingpowers
can be consideredperishable. To successfullyadaptRM,
aresourceprovider needgo have aninitial strategy, estab-
lishesa systenthathandleshookingsandupdatests tactics
periodicallybasedon demandg20]. Theseaspectaredis-
cussedext.

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

| Class| UserCataory | Restrictions |

1 Premium none

2 Business sameVO, allow cancellation
3 Budget sameVO, non-refundablepnly
for alimited numberof CNs

Table 2. Characteristics of diff erent users.
| Budget Businessk Premium |
Relaxeddeadline Tight deadline
Runlongerjobs Runshort/mediunjobs
Highly pricesensitie Lesspricesensitve
Book earlier Book later
More e xible Less exible
More acceptingf restrictions| Lessaccepting

2.1 Mark et Segmentation

Thisis aninitial stepof RM thatidenti es differentcus-
tomersegmentsfor a product,andappliesdifferentpricing
to eachof them. Theresourceprovider only needgo come
upwith astrategy quarterlyor annually Notethataproduct
meansaresenationrequestedby auser

The airlinesindustryis a well-known examplethat sey-
ments customersand offers them different fare classes
basedon when their book their ights prior to departure
times. Eachfare classis a combinationof a price anda set
of restrictionson who canpurchasehe productandwhen.
For example,a customerthat booksa ight oneday prior
to adeparturdime canbeidenti ed asabusinessustomer
The airline knows from historical datathat businesscus-
tomersareless e xible to changesandlessprice sensitve
thanleisurecustomersvho bookaweekbefore. Therefore,
theairline cansellahigherpriceto businessustomergom-
pareto leisurecustomerdor seatdn asameight.

In Grids,resourcegsanbepartof oneor morevirtual or-
ganizationgVOs). The conceptof a VO allows usersand
institutionsto gainaccesdo their accumulategool of re-
sourcesto run applicationsfrom a speci ¢ eld [9], such
ashigh-enegy physicsor aerospacéesign.Table1 shovs
an exampleof market sggmentationin Grids. The classi-

cations are basedon VOs andtime of bookingsprior to
resenations. Moreover, we pro le eachusercateory in
Table?2.

2.2 Price Dieren tiation

Onceusers'classi cationsand pro ling areidenti ed,
restrictionscanbeintroducedo createvirtual productsori-
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Figure 1. An overview of the model for two
Virtual Organizations (VOs). Resource O is
part of VO domain A and B.

entedtoward differentmarket sgmentsto make additional
pro ts. As anexample,productsfor the Budget usershave
mary restrictionsasshavn in Table1, thatmake themun-
suitableand unavailableto userswith tight deadlinesand
from differentVOs respectiely. As a result, an inferior
productcan be sold to a more price-sensitie sggmentof
the market [20]. Therefore, the resourceprovider canset
pricesfor the sameproductto be: p; > p, > psz, wherep;
denoteghe price paid by the Premium(class1) usersand
soon. This practiceis commonlyknown in the economics
literatureasprice differentiationor discrimination.

The mainadwantageof this approachs thattheseprices
canbeadjusteddynamicallybasedon demandssinceGrid
resourcesrelimited. Hence by increasinghe priceto all
classesluringpeakperiods,jt canshift somedemandd$rom
the Budget usersto off-peakperiods. As a result,morere-
sourcesareavailablefor resenationsfor boththe Premium
andBusinessisers.

3 Description of the Model

In ourmodel,asdepictedn Figurel, eachresourcérasa
RevenueManagemengystem(RMS). TheRMS is respon-
siblefor handlingrequestaindbookings.Also in themodel,
one VO consistsof a Grid Information Service(GIS) and
oneor moreresourceandusers. Figure 1 alsoshows the
interactionbetweerrelevantcomponenti our model. The
explanationof theseinteractionstepsareexplainedbelow:

1. User0 sendstasksand an initial fund, with a speci-
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Figure 2. Revenue Management System as
part of a Grid resour ce.

ed deadlingtime, to his/herbroker. The sameapplies
to User 1. In this model,the money is representeéh
Grid dollars(G$) term.

2. Eachresourceadwertisests availability to adesignated
GIS. In Figurel, Resouce0 is partof VO domainA
and B. Hence,this resourceregistersto both GIS of
domainA andB.

3. Thebroker queriesa list of availableresourcedo the
GIS. In Figure 1, the broker of User.0 queriesto the
GIS of domainA, becausét is runninganapplication
speci ¢ to domainA only. Likewise for User.1 run-
ninganapplicationin domainB.

4. Before makinga booking, the broker queriesto each
resourceabout future availabilities and their prices.
Oncethebrokerhasdecidedbnwhichoffersto choose,
it sendg¢asksandmoney to theseresources.

3.1 Revenue Managemen t System

Figure 2 shavs how the RMS canbe integratedinto an
existing Grid resource[26]. With the adoptionof RMS,
the BookingControl (BC) is now responsibldor handling
usersqueriesandbookings.This is doneby consultingand
checkingbookinglimits in the datastructure. A booking
limit is the maximumnumberof CNsthatmayberesened
at eachfareclass. Oncethe queryyields a list of options,
the Billing System(BS) calculatesa fare classfor eachof
them. Then,the BS sendsthis informationto the useror
his/herbroker. The BS alsohandlesthe userpaymentand
con rms his/herbookingby submittingthis informationto
thedatastructure.

ForecastingModule (FM) is responsibldor generating
and updatingforecastof demandsn the future. Initially,
the forecastcan be doneabouttwo to threeweeksprior to
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Figure 3. An example of existing reservation
bookings.

anopeningof bookings.Thenthe FM updateghis forecast
frequentlyasbookingsandcancellationsarerecevved over
time from the BS.

Theseforecastsare thenusedasinputs by the Booking
Optimizationto re-generatébooking limits for eachuser
class. Hence,if the demandsare deemedto be low, the
bookinglimit for the Budget usersis setto a highernumber
in orderto increasethe existing capacity Forecastingand
optimizationwill bediscussedn moredetailsin Section4.

3.2 Resource

Figure2 alsoshaws the openqueuingnetwork modelof
aresourceappliedto ourwork. In this model,therearetwo
gueuesoneis reseredfor AR jobswhile the otheroneis
for parallelandindependentasks. Eachqueuestoresjobs
waiting to be processetby oneof P independen€Ns. All
CNs are connecteddy a high-speechetwork. The CNsin
theresourcecanbe homogeneousr heterogeneousn this
paper we assumehat a resourcehashomogeneou€Ns,
eachhaving sameprocessingpower, memoryandharddisk.

A resourceschedulers responsibléor managingncom-
ing jobs and assigningthemto available CNs. To prevent
stanation amongtasksor jobs that do not utilize resena-
tions,theresourceprovider might wantto partitionthe CNs
initially. Then,the scheduleccanusean EASY back lling
method[18] to schedulethesejobs to empty CNsthatare
usedfor resenations.

3.3 Data Structure

A well-designeddata structureprovides the e xibility
and easines$n implementingvariousalgorithms. Hence,
somedatastructuresare tailored to speci ¢ applications,
e.g. a tree-basedlatastructureis commonlyusedfor ad-
missioncontrolin network bandwidthresenation[2, 29].

For our model,we usean array-basedtructurefor ad-
ministeringresenationsef ciently, asshavn in Figure 4.
It is a time-slottedstructure , whereeachslot containsrv,
the numberof alreadyresered CNs, anda linked list for
storing resenationsthat start at this time. Thus, it parti-
tionsdur into slotsbasedona x edtimeinterval . If dur
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Figure 4. A representation of storing reserva-
tions with a sorted queue and =1.

spananultiple slots,rv on eachof themis updatedaccord-
ingly. Figure 4 showvs how resenationsare storedwith a
sortedqueueand =1 timeinterval, by usingthe example
describedn Figure 3. For enablingafastO(1) accesgo a
particularslot, we usethefollowing formula:

iz L modm 1)

wherei is theslotindex, t is the requestime (in minutes),
andM is thenumberof slotsin thedatastructure Notethat
in ordernot to overlapresenation from differentmonths,
we assumethat no resenations are mademore than one
monthin advance. As a result, the datastructurecan be
reusedor the next monthinterval. Hencei,it is only going
to bebuilt oncein thebeginning.

ToincorporateRM functionalitiesinto thedatastructure,
eachslot containgy ; by, andb; denotingthe bookinglimit
for classl, 2 and3 respectiely.

4 RevenueManagementTactics

RM tacticsare usedin a daily operationalplanningto
calculateand updatebookinglimits. For thesetactics,we
assumehat class3 (Budget) usersresere befor class?2
usersbefore classl users,asshowvn in Figure5. This as-
sumptionis usedso that oncea bookinglimit for class3,
bz, is reachedthenuserswill be offereda fareclassof the
next one,i.e. class2, andsoon.

4.1 Protection
Limits

Levels and Nested Bo oking

When an initial demandis generatedthe Forecasting
Module setsprotectionlevels,y; andy; for class1l and2
respectiely. A protectionlevelis requiredin orderto make
someCNs available for businessand premiumusersthat
mightbooklaterin time,asshavn in Figure5.

In orderto preventhigh-farebookingsarebeingrejected
in favor of budgetones,a nestedapproachs usedto deter
mine by, wherely denoteghe bookinglimit for classi, as
shawvn in Figure5. With this approachthe bookinglimits
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Figure 5. Protection levels (y1;y2) and nested
booking limits (by; by; bz) for each time slot.

arealwaysnonincreasingi.e. by b,  bs. In addition,
every classhasaccesgo all of the bookingsavailable to
lower classesHence,b; denoteghe maximumnumberof
CNsto beresened.

4.2 Capacit y Allo cation Problem

The capacityallocationproblemin RM is to decidethe
bookinglimit for eachclassuser in orderto maximizethe
overall expectedtotal revenue. If too mary CNs are al-
locatedto lower-classusersduring peakperiods,we may
loosea chanceto earnmorerevenuefrom acceptinguture
bookingsfrom higherclassusers.Onthecontrary aninsuf-
cient quotafor the lower-classusersin off-peakperiods,
may leadto alower resourceutilization andrevenue.Thus,
nding anappropriatecapacityallocationto eachuserclass
atdifferenttime periodsis animportantfactorin RM.

Let pi denotesthe price of classi. Sincethe price of
higher classis more expensve thanthat of a lower class,
it follows thatp; > pi+1. We assumethat a cumulatve
distribution function of classi's demands givenby F; (x),
becausehe capacityallocationanalysisis basedon fore-
castingfuturebookings[16]. Thus,F;(x) is theprobability
thatthedemandf classi useris lessthanor equalto x.

Let us rst considera two-classallocationproblemfor
a given capacityC, whereh denotesa higher classand|
denotesa lower class.We assumehatthe currentbooking
limit for thelowerclassish 1. Theexpectedevenue E,
canbechangedy increasinghebookinglimit fromb 1
toh,i.e. | R(hh), anddependonthedemand], of thetwo
classeslf d (b 1), thenthe expectedrevenueis the
same.However, if d > (b 1), thentherevenuedepends
ond. In this casetherevenuecanbeincreasedy p, if
dn (C h). Onthecontraryif dy > (C h), the
resourcgoroviderwill lose(pn  pi). Theexpectedevenue
increasédromb  1toh is de ned by thefollowing [20]:

E[IR(b)] 1 F(b 1)
fFR(C b)p (1 Fa(C b))(pn P19
1 F((b 21)fp

The algorithmto calculatel is shovn in Algorithm 1,

(1 Fn(C Db))png

Algorithm 1: BookingLimit (C; pn; pi; Fn)

bh O

whileh < C do
bh b+1;
EOR()] @@ R 1)fp (@ Fn(C b))png;
if E[IR(h)] Othen returnh 1;

end

returnb ;

whereit startsfrom zeroandkeepsincrementinguntil the
expectedrevenuebecomeseroor negative. As aresultof
Algorithm 1, the protectionlevel of a higherclassis also
determinedbyC b.

Let us considerthe capacityallocationproblemof three
classesin the RMS. We use an expectedmarginal seat
revenue (EMSR) heuristic [1] to determinethe booking
limits of three classesas showvn in Algorithm 2. In or-
der to determinebs, the protectionlevels of class1 and
2 needto be calculated rst, as shavn in Algorithm 2.
Then,b, canbe foundby usingthetwo-classproblemwith
C = maxCN bs.

Algorithm 2: CapacityAllocation

y1 ~ maxCN BookingLimit(maxCN pz; ps; F1);
y»  maxCN BookingLimit(maxCN pz; ps; F2);
b  max0; maxCN yi1 Vy2);

b,  bg+ BookingLimit(maxCN  bs; p1; p2; F1);
by maxCN,;

4.3 Cost and Variable Pricing

As mentionedpreviously, in this model,we differentiate
jobs basedon whetherthey are using resenationsor not.
Therefore costsfor executingthesgobswould alsobe dif-
ferent.For non-ARjobs,we calculatetherunningcostas

Cost= dur numCN bcost (2)

wheredur denoteghe job runtime,numCN denoteghe
numberof CNsused,andbcostis thebasecostof runninga
jobatonetime unit. Intuitively, thecostfor jobsthatuseAR
will incur higherdueto the privilege of having guaranteed
resourcest a futuretime. Hence therunningcostfor AR
jobsis chagedbasedn the numberof reseredslotsin the
datastructure More precisely

Costar = numSlot numCN  bcoshg 3)

bcoshr = bcost 4

where numSilot is the total number of resened slots,
bcosir is the costof runningthe AR job at onetime slot,
and isaconstanfactor( 1) to differentiatehepricing.



Table 3. An example of variable pricing with
different 1; ,;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 | 0O6pm—12am | 2.63 | 2.19 | 1.75
SuperSaver Weelends | 06pm—-06am | 1.88 | 1.56 | 1.25
Off-Peak Weelends | 06am—-06pm | 2.63 | 2.19 | 1.75

The above costmodelis consideredo be statichecause
it doesnot considerthe casewheredemanductuatesover
time in a predictableway. Hence,to increasepro tability,
aresourcewnerneeddo considewariablepricing for dif-
ferentusersggmentsand time period. Table 3 showvs an
exampleof settingdifferent of equation(4), accordingto
demand®r daily arrival ratefrom several parallelandGrid
workloadtraces[6, 15]. Notethat ;; »; and 3 denote
for userclassl, 2 and3 respectiely.

4.4 Overbooking

Onceusersbook a certainamountof CNs, the resource
provider expectsthemto submittheir jobs beforeresena-
tionsstart. However, in areal-life scenariousersmay can-
cel their jobs beforehandor by not submittingat all (no-
show). Overbookingdealswith theseissuesandit canbe
effectively usedto minimizethelossof revenuef16, 20]. In
this paper we presentpossiblestratgiesfor the overbook-
ing problemin Grids. However, a detailedanalysiswill be
conductedaspartof futurework.

A probability-basedpolicy.: The amount of over
booking capacityis determinedstatisticallybasedon
the probability of cancellation(pcancel ) and no-shav
(Pnoshow )- Hence the FM candeterminethe booking
CapaCitytO bemaxCN = (1 Pcancel Pnoshow )

A penalty-basedisk analysis We cande ne various
penaltypoliciesto allow usersto pay nominalfeesfor
cancellationgnd/orno-shavs.

A compensation-basetsk analysis Whenthe RMS
acceptsmore bookingsthan the maximum capacity
the resourceprovider should offer compensationso
the affected usersfor cancelingtheir resenations.
Thus, a risk analysisis requiredin orderto increase
therevenueandto minimizetotal compensatioicosts.

A hybrid scheme The total revenuecanbe improved
by usinga hybrid scheméasedntheabore methods.
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Figure 6. The simulated topology of EU Data-
Grid TestBed 1.

5 PerformanceEvaluation

We carriedouttheperformancevaluationby usingsim-
ulation, becausave needto conductrepeatableand con-
trolled experimentghatwould otherwisebedif cult to per
form in real Grid testbeds. Therefore,we use GridSim
toolkit [27] to createan experimentbasedon EU DataGrid
TestBedl [10]. Thetestbedopologyis shovn in Figure6.
Thedetailsof simulationparameterarediscusseadhext.

5.1 Simulation Setups

Table 4 summarizesll the resourcerelevant informa-
tion. In GridSim, a CPU rating of one nodeis modeled
in the form of MIPS (Million InstructionsPer Second)as
devised by StandardPerformanceEvaluationCorporation
(SPEC)[25]. Theresourcesettingswereobtainedfrom the
currentcharacteristicof the real LHC testbed[14]. We
took the dataabouttheseresourcesandscaledthe number
of nodesof eachresourcéby 10. Thisis becaussimulating
original computingcapacitiess not possibledueto limited
physicalmemoryin a computey sincemary resourcegnd
jobsneedto be createdduringthe simulation.

We divide theresourcednto four VOsbasedn their lo-
cation,asshowvn in Table4. Moreover, all of themusethe
samedatastructurewith =5 minutes,andhasa x edin-
terval length of 30 days. To determinebcosig , we use
from Table3 for differenttime period.

We modelincomingjob traf ¢ atthreelevels: resource,
VO and Grid, by using a Poissonmodel with different
lambdasfor peak( peak ), off-peak( of + ) andsupersaver
( saver) period,asdepictedin Table4 and5. With these
lambdaswe cansetthe peakperiodto bearriving morefre-
guentlythantheoff-peakperiodandsoon. Thelambdador
Grid andVO levelsaretakenfrom [15], wherethe authors



Table 4. Resour ce speci cations

and their jobs' inter-arriv al rates ( ).

| ResourcdName(Location) | ID [ #Nodes| CPURating | VO [ bcost(G$) | runtime | peak | of t | saver |
RAL (UK) R1 41 49,000 1 0.49 3 hours 0.01670 | 0.00835 0.004175
Imperial College (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 3hours 0.03340 | 0.00167 0.000835
Milano (ltaly) R7 5 7,000 4 0.07 3 hours 0.00418 | 0.0020875| 0.00104375
Torino (ltaly) R8 2 3,000 4 0.03 3hours 0.00167 | 0.000835 | 0.0004175
Rome (lItaly) R9 5 6,000 4 0.06 3hours 0.00418 | 0.00209 0.001045
Bologna (Italy) R1I0O | 67 80,000 Z 0.80 3hours | 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 | peax of f | saver
Grid 56,000 2 hours 0.13812 | 0.02290 | 0.01979
VO1 56,000 5hours 0.05087 | 0.02092 | 0.01913
VO 2 20,000 5hours 0.05954 | 0.00537 | 0.00295
VO3 60,000 5hours 0.15901 | 0.00097 | 0.00046
VO 4 68,000 5hours 0.07098 | 0.00672 | 0.00257

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

useda 3-stageMarkov ModulatedPoissorProces§MMPP)
modelin their workloadanalysis.For job runtime,we use
anexponentialdistributionwith differentmean( ) for each
level. Sincewe aretrying to simulateBoT applicationswe
setthenumberof resened CNsto be 1 for all jobs.

We identify the Grid-level traceto be Premiumusers
with a booking period of 2 hoursand a searchlimit time
(sli1) of 2 hours. The searchimit time is usedfor nding
alternatvve time slotsif resourcesn theinitial startingtime
areunavailable. We chooseeachresource-leel traceto be
Businessuserswith sl of 4 hours.Finally, eachVO-level
traceis setto Budget userswith sli3 of 24 hoursbecause
they aremore e xible. All traceshave the samebooking
periodasin the Grid-level one.

For the Premiumusersthey will choosearesourcdrom
the Grid basedntheearliestob completiontime, whereas
for the Budget users,they will submitjobs to a resource
within the VO basedon the cheapesprice. Sinceall re-
sourcedhave differentCPUratings,we scaleeachjob dura-
tion in thetraceaccordingto the ratingfoundin Table5.
However eachBusinesauseris designatedo submitto a
particularresourceso no scalingis required.For all users,
if a resenation for the currentjob cannot be found, then
weignorethis job andproceedo the next one.Overall, we
simulatel5 tracedn this evaluationfor aperiodof 14 days.

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

Table 7. Initial protection levels, y; and ys.

Resource Peak Off-Peak || SuperSaver
Name vi [ y2 [[yr [y2 [[yi] vy
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 ¢ =1.9(withoutRM), andR2 R9 to adopt
RM. Thenin Scenario2 (S2), all resourceuseRM. We
comparehesescenariosvith the samesetof parameters.

5.2 Exp eriment Results

Table6 shawvs thetotal revenueearnedoy eachresource
in bothscenariosR1 andR10make ahugepro t by adopt-
ing RM in S2,insteadof usingastaticpricingin S1. Thisis
becausdr1 andR10 protectsomenodesfor the Premium
andBusinesaisers'bookings.Moreover, theseuserspay a
higherrateof compareto s and 3. However, RM also
provide a limited numberof availablenodeswith a cheaper
priceto the Budgetusers. Accordingto Table3, theaverage
of 3 is 1.650r atleast15% cheapethan 5. As aresult,
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Figure 8. Percentage of income revenue in
scenario 2 (S2 - all resour ces using RM).

RM is bene cial to bothtime- andbudget-conscioussers,
andresourceproviders.

Table7 shawvs theinitial protectionlevels,y; andy, for
the PremiumandBusinesaisersrespectiely for S2. Based
on this table, the Budget usersare allocatedto 25%, 50%
and 75% of total capacityduring peak, off-peak and su-
per saver periodrespectiely. Sincey; andy, will bere-
forecasteddynamically basedon demand uctuation, ac-
cordingto Algorithm 2, aresourcerovideris only required
to give aninitial estimation.

Figure 7 shavs the total numberof bookingsmadeby
eachresourcéor differentuserclasses.WhenR1 usesa
staticpricing (without RM) in S1,althoughbcostof R2 is
more expensve, the Budget userspreferto sendtheir jobs
to R2, dueto acheapepriceoverallin the VO, asdepicted
in Figure? (a). However, whenR 1 adoptsRM in S2,more
bookingsfrom theseusersarebeingmade.The sametrend
canbeobsenedfor R10in VQ4.

Figure7 (b) and(c) shav thebookingsmadeby theBusi-
nessandPremiumusersrespectrely. Dueto thefactthatno
protectionlevels areimposedon R1 andR10in S1,when
they wantto book closerto the resenationtime, no avail-
ablenodesarefound. As aconsequenceheBusinessisers
have to canceltheir bookings,andthe Premiumusershave

to useotherresourcesn the Grid. This situationis called
dilution, sinceR1 andR10decreas¢herevenuethey would
have recevved from protectingadditionalnodesy; andyo,
for theseusers.

WhenR1 andR10 utilizing RM in S2, the numberof
bookingsaresigni cantly grown for all userclassesespe-
cially the Businessand Premiumusers. As a result, R1
and R10 are experiencinga hugeincreasein the revenue,
asshawn in Table 6. However, the increasechumberof
bookingshave an effectin otherresourcesas depictedin
Figure7 (a) and(c). Thisis becausdhe Budget and Pre-
miumuserscanbookto ary availableresourcesvithin the
VO andGrid respectiely. Amongotherresourcestheim-
pactwasfelt by R2 the hardestwith a decreasef 7.53%
in therevenueasmentionedn Table6, sinceR2 is located
onthesameVO asR1.

Figure 8 shaws the percentagef incomingrevenuefor
eachuserclass. For smallerand medium-sizedesources,
suchas Torino (R8) and NorduGrid (R3), the Premium
userscontribute morethan60%of thetotal revenue.Onthe
other hand, the Businesauserscontribute more than 50%
on large-sizedresourcessuchas CERN (R6) andBologna
(R10). Hence from this gure, boththe BusinesaindPre-
mium usersare a major sourceof revenuefor a resource.
Therefore,in a competitve demandand supply market, a
resourcaneeddo differentiateitself amongothersto attract
theseusers.

6 Conclusionand Future Work

AdvanceReseration(AR) in aGrid systemallowsusers
to gainsimultaneousindconcurientaccesgso adequatee-
sourcedor runningtheir applicationsor jobs. Commonre-
sourceghatcanbereseredarecomputenodesandnetwork
bandwidth. In this paper we presenta novel approachof
using RevenueManagemen{RM) to determinepricing of
resenationsin a Grid system.

Themainobjective of RM is to maximizepro ts by pro-
viding the right price for every productto differentcus-
tomers,andto periodicallyupdatethe pricesin responseo



market demandsTherefore a resourceprovider canapply

RM techniquego shift demandsequestedy budgetcon-

scioususersto off-peakperiodsasanexample.As aresult,

moreresourcesre availablefor userswith tight deadlines
in peakperiodsthatarewilling to paymore.

We evaluate the effectivenessof RM and showv that
by sggmentingusers,chaging themwith differentpricing
schemesand protectingresourcegor thosewho are will-
ing to pay more,will resultin anincreaseof total revenue
for thatresource.

As for futurework, we needto considerascenariovhere
the demandsare dependentsuchas budgetusersresene
computenodesatafull-f areprice,normallyknown asabuy-
up. We alsoneedto considercancellatiorandoverbooking
stratgyiesin themodel.

Acknowledgment

This work is partially supportedy researchgrantsfrom
the AustralianResearctCouncil (ARC) andAustralianDe-
partmenbf Education ScienceandTraining (DEST).

References

[1] P P. Belobaba. Application of a probabilistic decision
modelto airline seatinventorycontrol. OpeiationsReseath,

37%):183—1971989.
A. Brodnik andA. Nilsson. A staticdatastructurefor dis-

crete advance bandwidthresenations on the internet. In
Proc. of SwedisiNational ComputerNetworkingWorkshop

[('E‘SNCNW)Stockholm,SwedenS_epZOO_S. )
.Buyya,D. AbramsonandJ.Giddy. Nimrod-G: An archi-

tecturefor aresourcananagemerandschedulingsystemin
aglobalcomputationagrid. In Proc. of the4th Intl. Confer
ence& Exhibitionon High PerformanceComputingn Asia-

Paci ¢ Region (HPC Asia), Beijing, China,May 2000.
[4] R.Buyya,D. AbramsonandS. Venugopal.The Grid Econ-

omy. Proceeding®f the IEEE, 93(3):698-7142005.
[5] B. F. Cooperand H. Garcia-Molina. Bidding for storage

spacein a peerto-peerdatapreseration system. In Proc.
of the 22ndIntl. Confeenceon Distributed ComputingSys-

tems Vienna,Austria, July 2-52002.
[6] D. Feitelson.Parallelworkloadsarchive.

http://www.cs.huji.ac.il/labs/parallel/@rkload,2007.
[7] 1. Fosterand C. Kesselmaneditors. The Grid: Blueprint

for a Future Computinginfrastructue. MorganKaufmann

Publishers1999. ]
[8] I. FosterC.KesselmanC.Lee,R.Lindell, K. Nahrstedtand

A. Roy. A distributedresourcenanagemerdrchitecturehat
supportsadvanceresenationsandco-allocation.In Proc. of

the 7th Intl. Workshopon Quality of Service London,1999.
[9] I. Foster C. KesselmanandS. Tuecle. Theanatomyof the

grid: Enablingscalablevirtual organizations. The Interna-

tional Journal of SupecomputerApplications 15(3),2001.
[10] W. Hoschek,F. J. J&n-Martnez, A. Samay H. Stockinger

andK. Stockinger Datamanagemerih aninternationadata
grid project.In Proc. of the 1stiIntl. Workshopon Grid Com-
puting Bangalore]ndia, Dec.17 2000.

(2]

(3]

[11] N.R.Kaushik,S.M. Figueira,andS.A. Chiappari.Flexible
time-windaws for adwanceresenation scheduling.In Proc.
of the 14thIntl. Symposiunon Modeling Analysis,and Sim-

ulation éMASCO’S) California, USA, Sep.11-132006.
[12] K. Lai, B. A. HubermanandL. Fine. Tycoon:A Distributed

Market-basedResourceAllocation System. TechnicalRe-

portarXiv:cs.DC/0404013P Labs,USA, Apr. 2004.
[13] S.Lalis andA. Karipidis. JaWS:An OpenMarket-Based

Framavork for Distributed Computingover the Internet. In
Proc. of the 1stIEEE/ACM Intl. Workshopon Grid Comput-

[lg Bangalore]ndia, Dec.17 2000.

[14] G computingfabric.

http://lcg-computing-dbric.webcern.ch 2005.
[15] H.Li andM. Muskulus. Analysisand modelingof job ar
rivalsin aproductiongrid. SIGMETRIC$erformanceEval-

uation Review, 34(4):59-702007.
[16] J.I. McGill and G. J. V. Ryzin. Revenue Management:

ResearctOverviev andProspects.TransportationScience

33(2):233-2561999.
[17] S.McGough,L. Young,A. Afzal, S.Newhouse andJ. Dar

lington. Work ow enactmentn ICENI. UK e-Sciencell

HandsMeeting pages894-900Sep2004. ] ]
[18] A. W. Mu'alemandD. G. Feitelson.Utilization, Predictabil-

ity, Workloads,and User RuntimeEstimatesn Scheduling
thelBM SP2with Back lling. IEEE Transaction®n Paral-

lel and DistributedSystemsl2(6):529-5432001. )
[19] A. Oram,editor Peerto-peer:HarnessinghePowerof Dis-

ruptive Technolggies O'Reilly Press2001.
[20] R.L. Phillips. Pricing and RevenueOptimization Stanford

University Press2005.
[21] O. Regev and N. Nisan. The POPCORNMarket - An

Online Market for ComputationalResources. In Proc. of
the 1st Intl. Confeenceon Information and Computation

EconomiegICE), CharlestonlUSA, 1998.
[22] T. Roeblitz,F. Schintle, andA. Reinefeld. Resourcaeser

vationswith fuzzy requestsConcurencyand Computation:

Practice& ExperiencCCPE) 18(13):1681-170%006.,
[23] M. Siddiqui, A. Villazon, andT. Fahringer Grid capacity

planningwith negotiation-base@dwanceresenationfor op-
timizedQoS. In Proc. of the 2006 ACM/IEEE confeenceon

Supecomputing(SC'06) Florida, USA, Nov 2006.
[24] W. Smith,|. FosterandV. Taylor. Schedulingvith advanced

resenations. In Proc. of the Intl. Parallel and Distributed

ProcessingSglmposiur,rCancunMexi_co, May 1-52000.
[25] SPEC.StandardPerformancévaluationCorporation.

http://www.spec.og, 2007.
[26] A. Sulistio, K. H. Kim, and R. Buyya. On Incorporat-

ing an On-line Strip Packing Algorithm into Elastic Grid
Reseration-basedSystems. In Proc. of the 13th Intl.
Confeenceon Parallel and Distributed SystemgICPADS)

Hsinchu,Taiwan,Dec.5-72007.
[27] A. Sulistio, G. Podual, R. Buyya, and C.-K. Tham. On

IncorporatingDifferentiated_evels of Network Serviceinto
GridSim. Future Geneation ComputerSystems23(4):606—

615,May 2007. )
[28] A. Sulistio, W. Schifmann, and R. Buyya. Advanced

Reseration-basedSchedulingof Task Graphson Clusters.
In Proc. of the 13th Intl. Confeenceon High Performance

Computing(HiPC), Bangalore]ndia, Dec.18-212006.
[29] T. WangandJ.Chen. Bandwidthtree— a datastructurefor

routingin networks with advancedresenations. In Proc. of
the21stintl. PerformanceComputingandCommunications
Confeence pages37—-44,Phoenix,USA, 2002.



