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Abstract

TheComputationalGrid is a promisingplatformfor the
deploymenbf varioushigh-performanceomputingappli-
cations. A numberof projectshaveaddressedhe idea of
softwae asa serviceon thenetwork. Thesesystemsisually
implementclient-serverarchitectues with many serves
running on distributed Grid resoucesand havecommonly
beenreferredto as Network-enabledseners(NES).Anim-
portant questionis that of schedulingin this multi-client
multi-serverscenario. Note that in this context mostre-
guestsare computationallyintensiveas they are geneited
by high-performancecomputingapplications. The Bricks
simulationframavork has beendevelopedand extensively
usedto evaluateschedulingstrategiesfor NESsystemsin
this paperwe first presentrecentdevelopmentsind exten-
sionsto theBrickssimulationmodels We discuss deadline
schedulingstrategy that is appropriate for the multi-client
multi-servercase and augmentt with “Load Correction”
and“F allback” medanismswhich couldimprove the per-
formanceof the algorithm. We thengive Bricks simulation
results.Theresultsshowthatfuture NESsystemshoulduse
deadline-sbedulingwith multiple fallbacksandit is possi-
ble to allow usess to male a trade-of betweerfailure-rate
andcostby adjustingthelevel of conservatisnof deadline-
schedulingalgorithms.
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1. Introduction

The emegence of Computa-
tional Grid ervironmentg17, 19] hascausednuchexcite-
mentin the high-performancecomputing(HPC) commu-
nity. Advancesn network technologyhave madeit increas-
ingly possibleto deploy HPC applicationsover the wide-
areatherebyaccessinginprecedentedmountsof compute
and storageresources.Many Grid software systemshave
beendevelopedandit hasbecomepossibleto deploy real
applicationson thesesystemq32, 16, 21, 23]. A crucial
issuefor the efficient deploymentof HPC applicationson
the Grid is that of scheduling[6]. Most schedulingworks
addressingsrid ernvironmentsaim at improving execution
time (or malespan of a singleapplicationexecutedon be-
half of asingleuser[8, 7, 14, 20, 38, 33].

A number of projects pre-dating the adwent of the
Grid have addressedhe idea of software as a service
on the network. Thesesystemshave beentraditionally
called Network-enabledServes (NES) [13, 32, 22, 15|
and are currently in use for mary typesof applications.
These systemsusually implement client-serer architec-
turesand provide userswith an RPC-styleprogramming
model. Userscanthen easily accesqinteractively or via
programs)computationaimodulesand computecycleson
remoteresourcesMany high-profileapplicationsfrom sci-
enceand engineeringare amenableto this programming
model[36, 1,25, 5, 18, 28, 34, 4, 31]. Eachapplicationcon-
sistsof a large numberof more or lessindependentasks.
Despitetheir simple structure,theseapplicationsrequire
tremendousmountsof computationapower. A recentef-



fort aspartof the Global Grid Forum [19] aimsat making
recommendationf®r implementingamiddlevarelayerthat
supportgheseapplicationg26].

An importantissueis then the questionof scheduling
in this multi-client multi-sener scenariovhereseveral ap-
plicationscompetefor the accesso NES resources.One
promising approachto the problemis that of a resouce
economymodel[40, 30, 10]. Theexpectationis thatasthe
Grid becomesnorepenasie,thenotionof aGrid currency
will allow resourceswnersto “charge” for resourcaisage.
At thistime, theseworks aremostly speculatie andno ac-
tual economicamodelis in practicaluseor agreed-upon.

Thework in [2] presents studyof deadline-scheduling
algorithms for a particular economy model. Deadline
schedulingis clearly the right strategyy in our multi-client
scenario:usersspecify deadlinedor the tasksof their ap-
plicationsandcan“spend”moreto gettighterdeadlinegas
seenn [2]).

Given the currentlack of consensu®n Grid economy
models,we take a generalapproach:we assumehateach
requesicomeswith a deadlinerequirementandour goalis
to minimize the overall occurrence®f deadlinemissesas
well astheir magnitude. Our cost-modelassumeghat re-
sourcesarepricedproportionallyto their performancde.g.
$ per MFlops). When a more sophisticatedGrid econ-
omy modelbecomegrominent,we will extendthis work
accordingly As a first steptowardsderiving an effective
schedulingalgorithmthat satisfiessucha requirementwe
proposea simpledeadlineschedulingstrateyy for NESsys-
tems. We proposevariousparametrizationsind stratejies
that we conjecturewould improve the overall scheduling
results,andusethe Bricks simulationframework [37, 3, 9]
for evaluationpurposes.

More specifically we first describeimprovementsto
Bricks that allow for more scalableand realistic simula-
tions of Grid ervironments. We then give a simple dead-
line schedulingalgorithmwhich aimsat minimizing dead-
line misses,and then augmentit with “Load Correction”
and“Fallback” mechanismsvhich could improve the per
formanceof the algorithmin our contet. We focus on
multi-user scenariosand investigatethe relationshipbe-
tweenresourceload, resourcecost, conseratism of per
formanceprediction,andthe efficacy of severalvariantsof
our deadlineschedulingstrategy. We presentresultsfrom
thousandsf simulationruns, obtainedby massve paral-
lel parametessweeprunningof Bricks over a large cluster
of Linux PCs,usinga recentlyavailable Grid middlewvare
product(APST[14]), usingthe clusternodesasGrid com-
puteresources.The resultsshow that future NES systems
shouldusedeadline-schedulingith multiple fallbacksand
it is possibleto allow usersto make a trade-of between
failure-rateandcostby adjustingthe level of conseratism
of deadline-schedulinglgorithms.
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Figure 1. The Bricks Architecture .

2. The Bricks System and the Extension

Bricks is a simulationframework to evaluatethe perfor
manceof client-sener systemsin Grid ervironments. It
is a discreteevent simulatorwritten in Java and consists
of a simulatedGrid Computing Environment, andof a
Scheduling Unit (seeFigurel).

The Grid ComputingEnvironmentprovidesthe follow-
ing setof simulationcomponents:

e SimulatedComputationalsrid topology,

e Variousresourcebehaioral models(e.g. loadtraces,
gueues),

¢ Clientmodel(e.g.requestrrival times,etc.).

The SchedulingUnit consistof the following canonical
Grid schedulingnoduled6]:

e Scheduler

e Predictor

e Resourcemonitor

e ResourcalatabaséDB)

As for the Grid ComputingEnvironment,the components
of the SchedulindJnit arewrittenin Java. We have demon-
stratedn previouswork [37] thatit is easyto “plug in” vari-
ousexternalcomponentinto the SchedulingJnit (e.g. pre-
dictor from the Network WeatherService[39]). We refer
the readerto [3, 37] for evaluationand validation results
concerningBricks.

A problemwith the first versionof Bricks hadbeenits
scalability;In orderto investigatecharacteristicef avariety
of schedulingalgorithmin a more scalable realistic Grid



Figure 2. An Example of Network Topology .

setting,we extendedBricks to incorporatethe scalablenet-
work modelshavn in Figure2. We extendedBricks to sup-
port tree-baseadhetwork structures.Eachnetwork between
aclientandasener consistof intermediatenodesandnet-
work queueswhich represent. ANs and WANSs. This ex-
tensionallows the useof Internettopologygeneratorsuch
asGT-ITM [11], tiers[11], andBRITE [27]. Thesegenera-
torsproduceree-structuretbpologiesvith LAN andWAN
links with fixedbandwidth.

2.1. Simulation of BacgroundL oad

In this sectionwe describehesimulationof background
load on resourceqseners and network links). This load
is generatedy applicationsand usersoutsideour system
(andarenot known to our schedulerandin practicewhat
would be experienceddn a real Grid. In Bricks, resources
are representedvith queuesand backgroundoad can be
simulatedwith oneof thefollowing two models:

Extraneous data/job model Background resource con-
gestionis modeledby artificially injectingexternalre-
guestsinto the system. Resource$iave constantper
formancecharacteristic§3].

Tracemodel In this model, the performancecharacteris-
tics of resourcege.g. CPU load) are modeledaf-
ter traces(vectorsof time-stampsvalues). Typically,
those traces come from measurement®n real re-
sourceg37] (e.g.with the NWS [39]).

In the extraneousdata/jobmodel, one needsto specify
only several parameterdeforethe simulation. However, it
is difficult to control the varianceof the congestiongspe-
cially for network queues.In the tracemodel, the simula-
tion costis lower thanin the former model. Note that Grid

topologyconfigurationgequirelarge amountsof tracedata
if thetracemodelis to beusedfor all resources.

All the simulationresultsin this paperusethe extrane-
ousjob modelfor seners(with Poissoninter-arrival time)
and the trace model for network links. We took adwan-
tage of Paxsons high-quality self-similar network traffic
tracedq29] for all network simulations.This methodmakes
it possibleto generatea variety of realistic network traffic
with arelatively small setof parametergssinput. We did
not have accesgo a wide variety of high-qualitytracesfor
modelingsenerload. Therefore we optedfor the extrane-
ousjob modeland generatederiesof randomextraneous
requests.

3. Deadline Scheduling

Currently deployed NES systems(NetSohe [13] and
Ninf [32]) usethe greedyon-line schedulingalgorithmde-
scribedin [24] asMCT (Minimum completionTime). For
eachincoming request,the schedulerassignsthe request
to the sener that completest the earliest. This is an ag-
gressve approachwhich doesnot take into accountpossi-
ble deadlinerequirementdrom the user In the restof the
paperwe call this algorithmGreedy. As NES systemse-
comemorewidely deployed on the ComputationalGrid, it
becomesecessaryo fully supportthe notion of deadline.
Deadlineschedulingis a strat@y which aims at meeting
usersuppliedjob deadlinespecifications.We first shov a
simpledeadlineschedulingalgorithm.We thenproposewo
mechanismshatimprove the performancef thealgorithm
in our context.

3.1. A Deadline Scheduling Algorithm

We proposean on-line schedulingalgorithm with the
goal of minimizing the numberof misseddeadlines. The
algorithmis invokedat every job arrival:

1. ComputeTyntj| deadline®S

Tuntil deadline= Tdeadline=ow (1)

where Tyaagline IS the job’s deadlinespecification,
andnow is thecurrenttime.

2. Estimatethejob processingime T's, oneachavailable
senerS; (0 < i < n).

Ts, = Wsend Psengt™ Wrecv/ Precv

+Ws/Pserv 2
whereWgeang Wrecw andWs denoteto thedatasizes

transmittedrom aclientto asenerandfromthesener
to the client andlogical computation‘cost” (in some



arbitraryunits) of thejob. Pggpnq Precy; Pservdenote
predictednetwork throughputsfrom the client to the
sener, from thesenerto theclient,andthesenerper

formance(in unitspersecond)respectiely.

3. Computethetargetprocessindime Tigrget as:

Ttarget=Tyntil deadline* Opt
with0 < Opt < 1 3)

Opt is a parameterthat denotesthe expectedaccu-
ragy of performancepredictionin the simulatedGrid
ervironment. In general,schedulersuse prediction
concerningthe performanceof Grid resources.Such
predictionsare available throughsystemssuchasthe
NWS [39] andcontainsomeerror.

Opt allows to specifyhow conservativeahe algorithm

is. SettingOptto 1 meanghatonehashigh confidence
in thepredictions.Smallervaluesaccountor expected
errorsin performancerediction. Therationaleis that

if Optis low, thenschedulingshouldbe moreconser

vative and selectresourceghat might be fasterthan

what is needed,at a higher cost. For instance,set-

ting Optto 0.5 meansthat the algorithmwill attempt
to have taskscomplete‘twice sooner'thantheir dead-
lines. Futurework will addressautomatictuning of

Opt For instancethe schedulecould maintaina his-

tory of obsened predictionerrorsandusethat history
to dynamicallyincreasingor decreasinghe value of

Opt

4. selecta suitablesener S; whoseTs, is not over and
nearesto Tiarget:

Diff = Ttarget—Ts;, >0
Diff is smallest 4)

However, if therearenot ary seners.S; which satisfy
Diff > 0, thenselecta sener with the smallest Diff|.

3.2. A Load Correction M echanism

We have mentionedthat the schedulerusesload mea-
surementgor predictions)from deployed servicessuchas
the NWS [39]. Thealgorithmasis it describedn the pre-
vioussectionusessuchpredictionsbut in factpossessesd-
ditional knowledgeaboutthe usageof resources.Indeed,
previous schedulingdecisionsmight have beenmadethat
will leadto anincreasen load of a givenresource.In ad-
dition, monitoring systemsdo not perceve load changes
instantaneously Let us take an exampleto illustrate this
problem.Assumethatwe have two resourcespneof them
twice asfastasthe other andthatwe have 3 identicaltasks
to scheduleIf the scheduledoesnot keeptracksomehav

of previous schedulingdecisionsall 3 taskswill be sentto
the fastestresource. However, the optimal schedules to
schedule? taskson the fastestresourceand1 on the other
resource.

A simple way to addressthat issueis to modify the
schedulingalgorithm so that it usescorrectedload val-
ues.This stratgy hasbeenproposedor on-lineschedulers
within NES systems We addresghis problemfor the load
of computationaresourcegseners)andwe leave a Load
Correctionmechanismfor network links as future work.
Theideais to modify load predictionsfrom the monitoring
system,Loadg,, asfollowsto obtaincorrectedoadvalues:

Loadsg; corrected = Loads, + numjobsgs; x pload (5)

wherenumjobsg, is the numberof jobs that have been
scheduledandhave not completed)y our schedulerand
pload is anarbitraryvaluethatdetermineshemagnitudeof
thecorrection.Theresultsin this paperusepload = 1. The
rationalebehindthat choiceis that CPU-boundtasksadd
1 to the CPUload (e.g. the load of a sener runningthree
CPU-boundtask shouldbe 3.0. For now, we assumehat
our applicationsconsistof CPU-boundasks.)

3.3. A Fallback Mechanism

The schedulingalgorithmusesestimationgpredictions)
for datatransfertimesand computationtimesfor eachre-
quest. In certaincases,t may be possiblethat oncethe
input datahasreachedhe senerthatseneris actuallyun-
ableto completehetaskby its deadline.Thismaybedueto
errorsin theestimatiorof inputdatatransfertimes. Further
more,we assumehatthe senersareusedin aFirst Comes
First Sened fashion(FCFS).Due to performancepredic-
tion errors,it may be the casethat tasksare out-of-oder
in a sener’s queue,with respectto what the scheduleiin-
tended.A solutionto that problemis thento pushsomeof
theschedules functionalitiesto the senersthemseles.

Onceinput datafor a task hasreacheda sener, that
sener canestimatewhetherit will be ableto completethe
taskby the requireddeadline.Indeed,a sener hasknowl-
edgeaboutthe currentstateof its queue. If the sener de-
terminegthatthetaskwill notmeetthedeadline thenit can
notify the correspondinglient thatwill thenre-submitthe
taskto the system.Suchnotification-resubmissiomecha-
nismis calledthefallback. Weimposealimit onthenumber
of timesa taskcanbenefitirom the Fallbackmechanism.

The conditionsunderwhich a taskfallbacks are asfol-
lows:

Tuntil deadline< Tsend+ ETexec+ ETrecv  (6)

Ntallbacks < Nmax.fallbacks: ()

whereT | niil deadlineis determinedn Eq. (1). Tsendisthe
obseneddurationof the datatransferfrom the clientto the



sener. ETrecyis anestimationof the durationof the out-
put datatransfer ETexec denoteshe job processingime
estimatedy thesenerattheinput datatransfercompletes.
Nallbacks IS the numberof fallbacksthat the task hasal-
readygonethrough,and Ny ax fallbadks IS the maximum
numberof fallbacksallowed. Of course the original dead-
line is usedfor resubmissionandthe schedulerepeatedly
processethestepl to 4 in Section3.1for eachsubmission.

The simulationresultsin this paperimposelimits of 1
to 5 fallbacksfor eachtask. Note thatit is possiblefor a
sener to decideto still executea taskif its deadlineit not
“too overdue”.Onecould definea thresholdbeyondwhich
ataskmustfallback.

4. Experiments

We now describethe performanceof the Deadline
schedulingalgorithm using the extended Bricks system.
UsingthePrestdl cluster(Dual Pentiumlll 800MHz, x 64
nodes)at the Tokyo Instituteof Technologywe performed
approximately2,500runsof Bricks simulationsvaryingthe
algorithm, client, sener, network topology Opt, and the
load of the system.Onesimulationtakesabout30-60min-
utesfor simulating75 nodesfor 24 hours,usingthe Java 2
RuntimeEnvironment(1.3.0) andthe Java HotSpotClient
VM. Simulationswere run usingthe APST software [14]
to easilydeploy andschedulehe variousexperimentsn a
parallelparametessweepfashionover the availablecluster
resources.

4.1. Smulated Environment

The goal of our simulationis twofold. First, we wish
to comparethe Greedyalgorithmto our Deadlineschedul-
ing. Secondwe studytheimpactof the Opt parameterthe
Load CorrectionandFallbackmechanismen the numbers
of deadlinemissesandexperiencedesourcecosts.

Featuref the simulatedervironmentareshown in Ta-
ble 1. Using Grid ComputingEnvironmentparametersve
generated differentervironments. All experimentalre-
sultsare averagedover those5 ervironments. LAN/WAN
throughputduring the simulationsare determinedby self-
similartracegSection2.1)whosestandardieviationis 10%
of theaveragethroughput.

The Client Job Characteristicsin Table1 aregenerated
duringthe simulations.In orderto simulatea mixed setof
jobs, the numberof logical job instructionsis setto 1.5-
1080 [Gops] making the processingtime 5-60 [min] for
theaverageunloadedsener performancé300[Mops/sec]).
The averagerequestinter-arrival time, Int, allows to study
high-workload(Int = 60), medium-workload(Int = 90),and
low-workload(Int = 120)scenarios.

The deadlinespecificationfor eachjob is simulatedas
follows. For eachjob, we computethe time to completion
on ahypothetical'average”unloadedsener. We thenscale
thattime by afactor DF , thatis uniformly distributedover
theinterval 1-3. This allows usto generatea mix of jobs
with variousdeadlinespecifications.

4.2. Simulation Results

Figure 3 shaws the Failure Ratefor the Greedyalgo-
rithm and of the Deadlinealgorithmwith differentvalues
of Opt (denotedby D-Opt on the x axis). The Failure Rate
is definedas the percentagef requestshat missedtheir
deadlines.Resultsare shovn for the threedifferentwork-
load conditionsmentionedin Section4.1. Four versions
of eachschedulingalgorithmwere used: with or without
the Load Correctionmechanismand with or without the
FallbackmechanismThisis denotedon the graphsin Fig-
ure 3 by x/x, L/x, x/F, andL/F where’L’ is Load Correc-
tion, 'F’ is Fallback, and’x’ is not used Theseexperi-
mentsusea maximumnumberof fallbacksequalto 1. With
this notation,the Greedyalgorithmis x/x (no Load Correc-
tion andno Fallback).In thethreeworkloadconditionsone
canmake the following two obsenations: (i) the Fallback
mechanismeadsto dramaticreductionsof the failurerate;
(i) the Load Correctionmechanisnieadsonly to marginal
failure rateimprovements.Obsenation (ii) is dueto inac-
curaciesn resourceperformanceredictions.Jobsinvoked
by usersoutsideour systemcausethe resourceutilization
to changeunexpectedlyandthe sameis true for communi-
cation delaysas we model network links with traces(see
Section2.1). Thereforeaccordingto our resultsthe Load
Correctionmechanisnmay not be usefulfor NES systems
in scenariawith alargenumbersof clientsandseners.

Of coursethe Deadlinealgorithmleadsto betterfailure
ratesvhenOptis small(sincethealgorithmtriesto enforces
stricterdeadlinethanwhatis necessary)This mustbe put
in perspectie by looking attheresourcecosts however.

Figure 4 shavs the averageresourceCost over all re-
guestsfor the samesimulationrunsasin Figure 3. Here
againone can make two obsenations: (i) the Greedyal-
gorithm leadsto high coststhan the Deadline algorithm;
(i) costsdecreasevhenOptincreasessthealgorithmbe-
comedessconserative. Themainresulthereis thatevena
consenative deadlineschedulingalgorithmis preferableto
whatis currently beingimplementedwithin NES systems.
Furthermorepsingtheresultsin Figures3 and4, it is pos-
sibleto make a"trade-of” betweerfailure-rateandcostby
adjustingthe level of conseratism of the Deadline algo-
rithm.

Figures5 and6 are similar to the previous two Figures
but shav experimentswith no Load Correctionanddiffer-
entvaluesfor the maximumnumberof allowed fallbacks



Table 1. Parameter s used in the experiments.

Grid ComputingErnvironment

AverageL AN throughput
AverageWAN throughput

# of localdomains 10
# of localdomainnodes 5-10
Ratioof clientsandseners 1:1

50-100[Mbits/s]
500-1000[Mbits/s]

Sener performance 100-500[Mops/s]  Uniform distribution
Averagesenerload 0.1 Fixed
# of extraneougob instructions | 50[Mops] Fixed
Logical pacletsize 10[Mbits] Fixed

Fixed
Uniform distribution
Fixed
Uniform distribution
Uniform distribution

ClientJobCharacteristics

Transmitteddatasize(send/recv)
# of job instructions

Intenal of job invocationg(Int)
Deadlinefactor(DF)

100-5000[Mbits]
1.5-1080[Gops]
60/90/120[min]
1.0-3.0

Uniform distribution
Uniform distribution
Poissorarrivals

Uniform distribution

SchedulingJnit

SchedulingAlgorithm

Opt

Load Correctionmechanism
Fallbackmechanism N,

Deadline/Greedy
0.5/0.6/0.7/0.8/0.9
on/ off

max.fallbadks

=0/1/2/3/415

(0 to 5). From Figure 5 one can seethat muchimprove-
mentcanbegainedby allowing for multiple fallbacksin all
threeworkloadscenariosfor all the schedulingalgorithms.
Figure6 shavs thatallowing for multiple fallbacksleadsto
smallincreasesn resourcecosts. The mainresulthereis
thatschedulersvhicharepartof NESsystemshouldallow
for multiple fallbacksaspartof their standardnechanisms.

5. Related Work

Nimrod [2] is a Grid systemfor parametersweepap-
plicationsandusesa self-schedulethatallocategasksinto
lower priority (andperformancegenersatfirst, collectsex-
ecutionresultsfor the next schedulingandthen malkesall
tasksmeetthe applicationdeadline.Experimentsn actual
ervironments(see[2]) shaved that the scheduleitendsto
selecthigh priority resourcesisthedeadlinegetcloser By
contrasto our work, schedulingn Nimrod targetsparame-
ter sweepapplicationdrom a singleuser

Also, therehave beenseveral Grid performancesvalua-
tion systemsMicroGrid [35] emulatesvirtual Globus[16]
Grid on clusterof actualmachines.MicroGrid softwareis
not publicly available at the time this paperis beingwrit-
tenandit will not beusablefor runningvery large number
of long-termexperiments.Indeed,MicroGrid is anemula-
tor andrunsactualapplicationcode,which would leadto
prohibitive simulationtimesin our contect. Simgrid[12] is
atrace-basediscreteeventsimulationtoolkit andprovides
primitivesfor simulationof applicationschedulingn Grid
ervironments. At this time, Simgrid doesnot provide the
network-modelingfeaturesnecessaryo run simulationsin
topologiessuchastheonein Figure2.

6. Conclusions and Future Work

We proposeda deadlineschedulingalgorithmandLoad
CorrectionandFallbackmechanismghatimprovethealgo-
rithm'’s efficagy. We investigatedts performancen multi-
client multi-sener scenariosvith theimprovedBricks sim-
ulationframework. The experimentsshaved:

e A Greedyalgorithmleadsto highercoststhan Dead-
line.

e Consenrativedeadlineestimation(smallvaluesof Opt)
resultsin lessfailure ratesat the expenseof resource
costs.

e The Load Correctionmechanismmay not be useful
pendingfurthersimulations.

e TheFallbackmechanismeadsto drasticreductionsof
failureratesandmultiple fallbacksdo notleadto much
costincrease.

The resultssuggestthat future NES systemson the Grid
usedeadline-schedulingyith multiple fallbacksasmultiple
userswill competefor resources.Furthermorethe results
shaw thatit is possibleto allow usersto make a trade-of
betweerfailure-rateandcostby adjustingthe level of con-
senatism of deadline-schedulinglgorithms. The current
NESAPIsdonotsupportsuchafeatureasno Grid resource
economymodelis currentlyenforced.However, this work
will becomeemminentlyapplicableas soonas somecon-
sensugoncerningesourceeconomyis reached.

For future work, we planto make Bricks supportmore
sophisticateéconomymodelsasthey becomeavailable,in-
vestigatetheir feasibility, andthen,implementthe deadline



schedulingalgorithmwithin actualNES systemg(starting
with Ninf [32]).
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Figure 3. The failure rate for the Greedyalgo-
rithm and of the Deadlinealgorithm with dif-
ferent values of Opt(denoted by D-Opton the
X axis) (Nmax.fallbacks = 1, Int = 60 (top), 90
(middle), 120(bottom)). Four versions of each
scheduling algorithm were used: x/x, L/X, x/F,
and L/F where 'L’ is Load Correction, 'F’ is
Fallback, and 'x’' is notused
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Figure 5. The failure rate for the Greedyalgo-
rithm and of the Deadlinealgorithm with dif-
ferent values of Opt with multiple fallbac ks
(Nmax.fallbad<s: 0,1,2,3,4,5, Int =60 (top),
90 (medium), 120(bottom)).
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Figure 6. The average resour ce cost over all
requests (Nmax.fallbacks=0: 1, 2,3, 4,5, Int=
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