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Abstract

TheComputationalGrid is a promisingplatformfor the
deploymentof varioushigh-performancecomputingappli-
cations. A numberof projectshaveaddressedthe idea of
softwareasa serviceonthenetwork.Thesesystemsusually
implementclient-serverarchitectures with many servers
runningon distributedGrid resourcesandhavecommonly
beenreferredto asNetwork-enabledservers(NES).An im-
portant questionis that of schedulingin this multi-client
multi-serverscenario. Note that in this context most re-
questsare computationallyintensiveas they are generated
by high-performancecomputingapplications. The Bricks
simulationframework hasbeendevelopedand extensively
usedto evaluateschedulingstrategiesfor NESsystems.In
this paperwe first presentrecentdevelopmentsand exten-
sionsto theBrickssimulationmodels.Wediscussa deadline
schedulingstrategy that is appropriate for the multi-client
multi-servercase, andaugmentit with “Load Correction”
and“F allback” mechanismswhich could improve theper-
formanceof thealgorithm. We thengiveBrickssimulation
results.TheresultsshowthatfutureNESsystemsshoulduse
deadline-schedulingwith multiple fallbacksandit is possi-
ble to allow users to make a trade-off betweenfailure-rate
andcostbyadjustingthelevelof conservatismof deadline-
schedulingalgorithms.

1. Introduction

The emergence of Computa-
tional Grid environments[17, 19] hascausedmuchexcite-
ment in the high-performancecomputing(HPC) commu-
nity. Advancesin network technologyhavemadeit increas-
ingly possibleto deploy HPC applicationsover the wide-
area,therebyaccessingunprecedentedamountsof compute
andstorageresources.Many Grid softwaresystemshave
beendevelopedandit hasbecomepossibleto deploy real
applicationson thesesystems[32, 16, 21, 23]. A crucial
issuefor the efficient deploymentof HPC applicationson
the Grid is that of scheduling[6]. Most schedulingworks
addressingGrid environmentsaim at improving execution
time (or makespan) of a singleapplicationexecutedon be-
half of asingleuser[8, 7, 14, 20, 38, 33].

A number of projects pre-dating the advent of the
Grid have addressedthe idea of software as a service
on the network. Thesesystemshave been traditionally
called Network-enabledServers (NES) [13, 32, 22, 15]
and are currently in use for many types of applications.
Thesesystemsusually implement client-server architec-
turesand provide userswith an RPC-styleprogramming
model. Userscan then easily access(interactively or via
programs)computationalmodulesandcomputecycleson
remoteresources.Many high-profileapplicationsfrom sci-
enceand engineeringare amenableto this programming
model[36, 1,25, 5, 18, 28, 34, 4,31]. Eachapplicationcon-
sistsof a large numberof moreor lessindependenttasks.
Despitetheir simple structure,theseapplicationsrequire
tremendousamountsof computationalpower. A recentef-



fort aspartof theGlobal Grid Forum [19] aimsat making
recommendationsfor implementingamiddlewarelayerthat
supportstheseapplications[26].

An important issueis then the questionof scheduling
in this multi-client multi-server scenariowhereseveralap-
plicationscompetefor the accessto NES resources.One
promisingapproachto the problem is that of a resource
economymodel[40, 30, 10]. Theexpectationis thatasthe
Grid becomesmorepervasive,thenotionof aGrid currency
will allow resourcesownersto “charge” for resourceusage.
At this time, theseworksaremostlyspeculative andno ac-
tualeconomicalmodelis in practicaluseor agreed-upon.

Thework in [2] presentsa studyof deadline-scheduling
algorithms for a particular economy model. Deadline
schedulingis clearly the right strategy in our multi-client
scenario:usersspecifydeadlinesfor the tasksof their ap-
plicationsandcan“spend”moreto gettighterdeadlines(as
seenin [2]).

Given the currentlack of consensuson Grid economy
models,we take a generalapproach:we assumethateach
requestcomeswith a deadlinerequirementandour goal is
to minimize the overall occurrencesof deadlinemissesas
well as their magnitude.Our cost-modelassumesthat re-
sourcesarepricedproportionallyto their performance(e.g.
$ per MFlops). When a more sophisticatedGrid econ-
omy modelbecomesprominent,we will extendthis work
accordingly. As a first steptowardsderiving an effective
schedulingalgorithmthat satisfiessucha requirement,we
proposeasimpledeadlineschedulingstrategy for NESsys-
tems. We proposevariousparametrizationsandstrategies
that we conjecturewould improve the overall scheduling
results,andusetheBricks simulationframework [37, 3, 9]
for evaluationpurposes.

More specifically, we first describeimprovementsto
Bricks that allow for more scalableand realistic simula-
tions of Grid environments. We thengive a simpledead-
line schedulingalgorithmwhich aimsat minimizing dead-
line misses,and then augmentit with “Load Correction”
and“Fallback” mechanismswhich could improve the per-
formanceof the algorithm in our context. We focus on
multi-user scenariosand investigatethe relationshipbe-
tween resourceload, resourcecost, conservatism of per-
formanceprediction,andtheefficacy of severalvariantsof
our deadlineschedulingstrategy. We presentresultsfrom
thousandsof simulationruns, obtainedby massive paral-
lel parameter-sweeprunningof Bricks over a large cluster
of Linux PCs,usinga recentlyavailableGrid middleware
product(APST[14]), usingtheclusternodesasGrid com-
puteresources.The resultsshow that future NES systems
shouldusedeadline-schedulingwith multiple fallbacksand
it is possibleto allow usersto make a trade-off between
failure-rateandcostby adjustingthe level of conservatism
of deadline-schedulingalgorithms.
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Figure 1. The Bric ks Architecture .

2. The Bricks System and the Extension

Bricks is a simulationframework to evaluatetheperfor-
manceof client-server systemsin Grid environments. It
is a discreteevent simulatorwritten in Java and consists
of a simulatedGrid Computing Environment, and of a
Scheduling Unit (seeFigure1).

The Grid ComputingEnvironmentprovidesthe follow-
ing setof simulationcomponents:

U SimulatedComputationalGrid topology,

U Variousresourcebehavioral models(e.g. load traces,
queues),

U Client model(e.g.requestarrival times,etc.).

TheSchedulingUnit consistsof thefollowing canonical
Grid schedulingmodules[6]:

U Scheduler

U Predictor

U Resourcemonitor

U Resourcedatabase(DB)

As for the Grid ComputingEnvironment,the components
of theSchedulingUnit arewritten in Java. Wehavedemon-
stratedin previouswork [37] thatit is easyto “plug in” vari-
ousexternalcomponentsinto theSchedulingUnit (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 investigatecharacteristicsof avariety
of schedulingalgorithmin a morescalable,realisticGrid
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Figure 2. An Example of Network Topology .

setting,we extendedBricks to incorporatethescalablenet-
work modelshown in Figure2. WeextendedBricks to sup-
port tree-basednetwork structures.Eachnetwork between
aclientandaserverconsistsof intermediatenodesandnet-
work queueswhich representLANs andWANs. This ex-
tensionallows theuseof Internettopologygeneratorssuch
asGT-ITM [11], tiers[11], andBRITE [27]. Thesegenera-
torsproducetree-structuredtopologieswith LAN andWAN
links with fixedbandwidth.

2.1. Simulation of BackgroundLoad

In thissection,wedescribethesimulationof background
load on resources(servers and network links). This load
is generatedby applicationsandusersoutsideour system
(andarenot known to our scheduler)andin practicewhat
would be experiencedon a real Grid. In Bricks, resources
are representedwith queuesand backgroundload can be
simulatedwith oneof thefollowing two models:

Extraneous data/job model Background resource con-
gestionis modeledby artificially injectingexternalre-
questsinto the system.Resourceshave constantper-
formancecharacteristics[3].

Trace model In this model, the performancecharacteris-
tics of resources(e.g. CPU load) are modeledaf-
ter traces(vectorsof time-stampsvalues). Typically,
those traces come from measurementson real re-
sources[37] (e.g.with theNWS [39]).

In the extraneousdata/jobmodel,oneneedsto specify
only severalparametersbeforethesimulation.However, it
is difficult to control the varianceof the congestion,espe-
cially for network queues.In the tracemodel,the simula-
tion costis lower thanin theformermodel.Note thatGrid

topologyconfigurationsrequirelargeamountsof tracedata
if thetracemodelis to beusedfor all resources.

All the simulationresultsin this paperusethe extrane-
ousjob modelfor servers(with Poissoninter-arrival time)
and the tracemodel for network links. We took advan-
tage of Paxson’s high-quality self-similar network traffic
traces[29] for all network simulations.This methodmakes
it possibleto generatea variety of realisticnetwork traffic
with a relatively small setof parametersas input. We did
not have accessto a wide varietyof high-qualitytracesfor
modelingserver load. Therefore,we optedfor theextrane-
ous job modelandgeneratedseriesof randomextraneous
requests.

3. Deadline Scheduling

Currently deployed NES systems(NetSolve [13] and
Ninf [32]) usethegreedyon-lineschedulingalgorithmde-
scribedin [24] asMCT (Minimum completionTime). For
eachincoming request,the schedulerassignsthe request
to the server that completesit the earliest. This is an ag-
gressive approachwhich doesnot take into accountpossi-
ble deadlinerequirementsfrom the user. In the restof the
paperwe call this algorithmGreedy. As NESsystemsbe-
comemorewidely deployedon theComputationalGrid, it
becomesnecessaryto fully supportthenotionof deadline.
Deadlineschedulingis a strategy which aims at meeting
user-suppliedjob deadlinespecifications.We first show a
simpledeadlineschedulingalgorithm.Wethenproposetwo
mechanismsthatimprovetheperformanceof 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. Computel until deadlineas

l until deadline m l deadline nporqts (1)

where l deadline is the job’s deadlinespecification,
and orqts is thecurrenttime.

2. Estimatethejob processingtime lruwv oneachavailable
server xry ( z|{~}�� o ).

l u v m
�

send
�w�

send�
�

recv
�w�

recv

�
�

s
�w�

serv (2)

where
�

send,
�

recv, and
�

s denoteto thedatasizes
transmittedfrom aclienttoaserverandfrom theserver
to the client andlogical computation“cost” (in some
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arbitraryunits)of thejob.
�

send�
�

recv�
�

servdenote
predictednetwork throughputsfrom the client to the
server, from theserverto theclient,andtheserverper-
formance(in unitspersecond),respectively.

3. Computethetargetprocessingtime l target as:

l target m l until deadline �������
with z�{ ����� ��� (3)

Opt is a parameterthat denotesthe expectedaccu-
racy of performancepredictionin the simulatedGrid
environment. In general,schedulersuse prediction
concerningthe performanceof Grid resources.Such
predictionsareavailablethroughsystemssuchasthe
NWS[39] andcontainsomeerror.

Opt allows to specifyhow conservativethealgorithm
is. SettingOpt to � meansthatonehashighconfidence
in thepredictions.Smallervaluesaccountfor expected
errorsin performanceprediction.Therationaleis that
if Opt is low, thenschedulingshouldbemoreconser-
vative and selectresourcesthat might be fasterthan
what is needed,at a higher cost. For instance,set-
ting Opt to z�� � meansthat the algorithmwill attempt
to havetaskscomplete“twice sooner”thantheirdead-
lines. Futurework will addressautomatictuning of
Opt. For instance,theschedulercouldmaintaina his-
tory of observedpredictionerrorsandusethathistory
to dynamicallyincreasingor decreasingthe valueof
Opt.

4. selecta suitableserver x y whose l�u�v is not over and
nearestto l target:

Diff m l target n l u v���z
Diff is smallest� (4)

However, if therearenot any servers x�y which satisfy
Diff ��z , thenselectaserverwith thesmallest�Diff � .

3.2. A Load Correction Mechanism

We have mentionedthat the schedulerusesload mea-
surements(or predictions)from deployedservicessuchas
theNWS [39]. Thealgorithmasis it describedin thepre-
vioussectionusessuchpredictionsbut in factpossessesad-
ditional knowledgeaboutthe usageof resources.Indeed,
previous schedulingdecisionsmight have beenmadethat
will leadto an increasein loadof a givenresource.In ad-
dition, monitoring systemsdo not perceive load changes
instantaneously. Let us take an exampleto illustrate this
problem.Assumethatwe have two resources,oneof them
twice asfastastheother, andthatwe have3 identicaltasks
to schedule.If theschedulerdoesnot keeptracksomehow

of previousschedulingdecisions,all 3 taskswill besentto
the fastestresource.However, the optimal scheduleis to
schedule2 taskson the fastestresourceand1 on the other
resource.

A simple way to addressthat issue is to modify the
schedulingalgorithm so that it usescorrected load val-
ues.This strategy hasbeenproposedfor on-lineschedulers
within NESsystems.We addressthis problemfor the load
of computationalresources(servers)andwe leave a Load
Correctionmechanismfor network links as future work.
Theideais to modify loadpredictionsfrom themonitoring
system,� qw��� u v , asfollows to obtaincorrectedloadvalues:

� qw��� u�v�� �¢¡£¡¥¤¦�¨§�¤¦© m � qw��� u�v �ªo�«¬�®�q�¯±° uwv �³²´ qw��� (5)

where o�«¬µ®¶q�¯·° u v is the numberof jobs that have been
scheduled(andhave not completed)by our scheduler, and

²¸´ qw��� is anarbitraryvaluethatdeterminesthemagnitudeof
thecorrection.Theresultsin thispaperuse²¸´ qw���¹m � . The
rationalebehindthat choiceis that CPU-boundtasksadd
� to the CPU load (e.g. the load of a server runningthree
CPU-boundtaskshouldbe 3.0. For now, we assumethat
ourapplicationsconsistof CPU-boundtasks.)

3.3. A Fallback Mechanism

Theschedulingalgorithmusesestimations(predictions)
for datatransfertimesandcomputationtimesfor eachre-
quest. In certaincases,it may be possiblethat oncethe
input datahasreachedtheserver thatserver is actuallyun-
ableto completethetaskby its deadline.Thismaybedueto
errorsin theestimationof inputdatatransfertimes.Further-
more,we assumethattheserversareusedin a First Comes
First Served fashion(FCFS).Due to performancepredic-
tion errors, it may be the casethat tasksare out-of-order
in a server’s queue,with respectto what the schedulerin-
tended.A solutionto thatproblemis thento pushsomeof
thescheduler’s functionalitiesto theserversthemselves.

Once input data for a task has reacheda server, that
server canestimatewhetherit will beableto completethe
taskby the requireddeadline.Indeed,a server hasknowl-
edgeaboutthe currentstateof its queue.If the server de-
terminesthatthetaskwill notmeetthedeadline,thenit can
notify thecorrespondingclient thatwill thenre-submitthe
taskto the system.Suchnotification-resubmissionmecha-
nismis calledthefallback. Weimposealimit onthenumber
of timesa taskcanbenefitfrom theFallbackmechanism.

The conditionsunderwhich a task fallbacks areasfol-
lows:

l until deadline {�l send�ªº l exec �~º l recv (6)»
fallbacks �

»
max.fallbacks� (7)

wherel until deadlineis determinedin Eq. (1). l sendis the
observeddurationof thedatatransferfrom theclient to the
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server. º l recv is anestimationof thedurationof the out-
put datatransfer. º l execdenotesthe job processingtime
estimatedby theserverat theinputdatatransfercompletes.»

fallbacks is the numberof fallbacksthat the taskhasal-
readygonethrough,and

»
max.fallbacks is the maximum

numberof fallbacksallowed. Of course,theoriginal dead-
line is usedfor resubmissionsandtheschedulerrepeatedly
processesthestep1 to 4 in Section3.1for eachsubmission.

The simulationresultsin this paperimposelimits of 1
to 5 fallbacksfor eachtask. Note that it is possiblefor a
server to decideto still executea taskif its deadlineit not
“too overdue”.Onecoulddefinea thresholdbeyondwhich
a taskmustfallback.

4. Experiments

We now describe the performanceof the Deadline
schedulingalgorithm using the extendedBricks system.
UsingthePrestoII cluster(DualPentiumIII 800MHz, � 64
nodes)at theTokyo Instituteof Technology, we performed
approximately2,500runsof Brickssimulationsvaryingthe
algorithm, client, server, network topology, Opt, and the
loadof thesystem.Onesimulationtakesabout30-60min-
utesfor simulating75 nodesfor 24 hours,usingtheJava 2
RuntimeEnvironment(1.3.0)andthe Java HotSpotClient
VM. Simulationswere run using the APST software [14]
to easilydeploy andschedulethe variousexperimentsin a
parallelparameter-sweepfashionover theavailablecluster
resources.

4.1. Simulated Environment

The goal of our simulationis twofold. First, we wish
to comparetheGreedyalgorithmto our Deadlineschedul-
ing. Second,we studytheimpactof theOpt parameter, the
LoadCorrectionandFallbackmechanismson thenumbers
of deadlinemissesandexperiencedresourcecosts.

Featuresof thesimulatedenvironmentareshown in Ta-
ble 1. Using Grid ComputingEnvironmentparameterswe
generated5 different environments. All experimentalre-
sultsareaveragedover those5 environments.LAN/WAN
throughputduring the simulationsaredeterminedby self-
similartraces(Section2.1)whosestandarddeviationis10%
of theaveragethroughput.

TheClient Job Characteristicsin Table1 aregenerated
duringthesimulations.In orderto simulatea mixedsetof
jobs, the numberof logical job instructionsis set to 1.5-
1080 [Gops] making the processingtime 5-60 [min] for
theaverageunloadedserverperformance(300[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”unloadedserver. We thenscale
thattimeby a factor, DF , thatis uniformly distributedover
the interval 1-3. This allows us to generatea mix of jobs
with variousdeadlinespecifications.

4.2. Simulation Results

Figure 3 shows the Failure Rate for the Greedyalgo-
rithm andof the Deadlinealgorithmwith differentvalues
of Opt (denotedby D-Opt on thex axis). TheFailureRate
is definedas the percentageof requeststhat missedtheir
deadlines.Resultsareshown for the threedifferentwork-
load conditionsmentionedin Section4.1. Four versions
of eachschedulingalgorithm were used: with or without
the Load Correctionmechanism,and with or without the
Fallbackmechanism.This is denotedon thegraphsin 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-
mentsuseamaximumnumberof fallbacksequalto 1. With
this notation,theGreedyalgorithmis x/x (no LoadCorrec-
tion andnoFallback).In thethreeworkloadconditionsone
canmake the following two observations: (i) the Fallback
mechanismleadsto dramaticreductionsof thefailurerate;
(ii) theLoadCorrectionmechanismleadsonly to marginal
failure rateimprovements.Observation (ii) is dueto inac-
curaciesin resourceperformancepredictions.Jobsinvoked
by usersoutsideour systemcausethe resourceutilization
to changeunexpectedlyandthesameis true for communi-
cationdelaysas we model network links with traces(see
Section2.1). Therefore,accordingto our results,theLoad
Correctionmechanismmaynot beusefulfor NESsystems
in scenariowith a largenumbersof clientsandservers.

Of course,theDeadlinealgorithmleadsto betterfailure
rateswhenOpt is small(sincethealgorithmtriestoenforces
stricterdeadlinethanwhat is necessary).This mustbeput
in perspectiveby looking at theresourcecosts,however.

Figure 4 shows the averageresourceCost over all re-
questsfor the samesimulationrunsas in Figure 3. Here
againone can make two observations: (i) the Greedyal-
gorithm leadsto high coststhan the Deadlinealgorithm;
(ii) costsdecreasewhenOpt increasesasthealgorithmbe-
comeslessconservative. Themainresulthereis thatevena
conservativedeadlineschedulingalgorithmis preferableto
what is currentlybeingimplementedwithin NES systems.
Furthermore,usingtheresultsin Figures3 and4, it is pos-
sibleto makea ”trade-off” betweenfailure-rateandcostby
adjustingthe level of conservatism of the Deadlinealgo-
rithm.

Figures5 and6 aresimilar to the previous two Figures
but show experimentswith no LoadCorrectionanddiffer-
ent valuesfor the maximumnumberof allowed fallbacks
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Table 1. Parameter s used in the experiments.

Grid ComputingEnvironment
# of local domains 10 Fixed
# of local domainnodes 5-10 Uniform distribution
Ratioof clientsandservers 1:1 Fixed
AverageLAN throughput 50-100[Mbits/s] Uniform distribution
AverageWAN throughput 500-1000[Mbits/s] Uniform distribution
Server performance 100-500[Mops/s] Uniform distribution
Averageserver load 0.1 Fixed
# of extraneousjob instructions 50[Mops] Fixed
Logicalpacket size 10[Mbits] Fixed
Client JobCharacteristics
Transmitteddatasize(send/recv) 100-5000[Mbits] Uniform distribution
# of job instructions 1.5-1080[Gops] Uniform distribution
Interval of job invocations(Int) 60/90/120[min] Poissonarrivals
Deadlinefactor(DF) 1.0-3.0 Uniform distribution
SchedulingUnit
SchedulingAlgorithm Deadline/Greedy
Opt 0.5/0.6/0.7/0.8/0.9
LoadCorrectionmechanism on / off
Fallbackmechanism ¼ max.fallbacks = 0/1/2/3/4/5

(0 to 5). From Figure 5 onecanseethat much improve-
mentcanbegainedby allowing for multiple fallbacksin all
threeworkloadscenarios,for all theschedulingalgorithms.
Figure6 shows thatallowing for multiple fallbacksleadsto
small increasesin resourcecosts. The main resulthereis
thatschedulerswhicharepartof NESsystemsshouldallow
for multiple fallbacksaspartof theirstandardmechanisms.

5. Related Work

Nimrod [2] is a Grid systemfor parametersweepap-
plicationsandusesa self-schedulerthatallocatestasksinto
lowerpriority (andperformance)serversatfirst, collectsex-
ecutionresultsfor the next scheduling,andthenmakesall
tasksmeettheapplicationdeadline.Experimentsin actual
environments(see[2]) showed that the schedulertendsto
selecthighpriority resourcesasthedeadlinesgetcloser. By
contrastto our work, schedulingin Nimrod targetsparame-
tersweepapplicationsfrom a singleuser.

Also, therehave beenseveralGrid performanceevalua-
tionsystems.MicroGrid [35] emulatesavirtual Globus[16]
Grid on clusterof actualmachines.MicroGrid softwareis
not publicly availableat the time this paperis beingwrit-
tenandit will not beusablefor runningvery largenumber
of long-termexperiments.Indeed,MicroGrid is anemula-
tor andrunsactualapplicationcode,which would leadto
prohibitivesimulationtimesin our context. Simgrid[12] is
a trace-baseddiscreteeventsimulationtoolkit andprovides
primitivesfor simulationof applicationschedulingin Grid
environments. At this time, Simgrid doesnot provide the
network-modelingfeaturesnecessaryto run simulationsin
topologiessuchastheonein Figure2.

6. Conclusions and Future Work

We proposeda deadlineschedulingalgorithmandLoad
CorrectionandFallbackmechanismsthatimprovethealgo-
rithm’s efficacy. We investigatedits performancein multi-
clientmulti-serverscenarioswith theimprovedBrickssim-
ulationframework. Theexperimentsshowed:
U A Greedyalgorithmleadsto highercoststhanDead-

line.

U Conservativedeadlineestimation(smallvaluesof Opt)
resultsin lessfailure ratesat the expenseof resource
costs.

U The Load Correctionmechanismmay not be useful
pendingfurthersimulations.

U TheFallbackmechanismleadsto drasticreductionsof
failureratesandmultiplefallbacksdonot leadto much
costincrease.

The resultssuggestthat future NES systemson the Grid
usedeadline-schedulingwith multiple fallbacksasmultiple
userswill competefor resources.Furthermore,the results
show that it is possibleto allow usersto make a trade-off
betweenfailure-rateandcostby adjustingthe level of con-
servatismof deadline-schedulingalgorithms. The current
NESAPIsdonotsupportsuchafeatureasnoGrid resource
economymodelis currentlyenforced.However, this work
will becomeemminentlyapplicableassoonassomecon-
sensusconcerningresourceeconomyis reached.

For future work, we plan to make Bricks supportmore
sophisticatedeconomymodelsasthey becomeavailable,in-
vestigatetheir feasibility, andthen,implementthedeadline

6



schedulingalgorithm within actualNES systems(starting
with Ninf [32]).
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EnabledOptimization System. Technical Report MCS-
P615-1096,Mathematicsand ComputerScienceDivision,
ArgonneNationalLaboratory, 1996.

[16] I. FosterandC. Kesselman.Globus: A MetacomputingIn-
frastructureToolkit. InternationalJournalof Supercomputer
Applications, 11(2):115–128,1997.

[17] I. FosterandC. Kesselman,editors.TheGrid: Blueprintfor
a New ComputingInfrastructure. MorganKaufmann,1999.

[18] A. R. GallantandG. Tauchen.SNP:A Programfor Non-
parametricTimeSeriesAnalysis.Duke economicsWorking
Paper#95-26,Duke University, 1997.v8.6(revised1997).

[19] GlobalGrid Forum.http://www.gridforum.org/.
[20] J.-P. Goux,S.Kulkarni,J.Linderoth,andM. Yoder. An En-

abling Framework for Master-Worker Applicationson the
ComputationalGrid. In Proceedingsof the9th IEEE Inter-
nationalSymposiumonHighPerformanceDistributedCom-
puting(HPDC), pages43–50,1999.

[21] A. S. Grimshaw, W. A. Wulf, J. C. French,A. C. Weaver,
andP. F. Reynolds. Legion: TheNext Logical StepToward
a NationwideVirtual Computer. CS 94-21, University of
Virginia,1994.

[22] N. Kapadia, J. Forter, and C. Brodley. Predictive
Application-PerformanceModeling in a Computational
Grid Environment. In Processingsof the8th IEEE Interna-
tional Symposiumon High PerformanceDistributedCom-
puting(HPDC8), 1999.

[23] M. Litzkow, M. Livny, andM. W. Mutka.Condor- A Hunter
of Idle Workstations.In Proceedingsof the8thInternational
Conferenceon DistributedComputingSystems, pages123–
130,1988.

[24] M. Maheswaran,S.Ali, H. Siegel,D. Hensgen,andR. Fre-
und. Dynamic Mapping of a Classof IndependentTasks
ontoHeterogeneousComputingSystems.Journal of Paral-
lel andDistributedComputing, 59:107–131,1999.

[25] A. Majumdar. Parallel PerformanceStudy of Monte-
CarloPhotonTransportCodeon Shared-,Distributed-,and
Distributed-Shared-MemoryArchitectures. In Proceedins
of the14thParallel andDistributedProcessingSymposium,
IPDPS’00, pages93–99,May 2000.

[26] S. Matsuokaand H. Casanova. Network-EnabledServer
Systemsand the ComputationalGrid, 2000. Global Grid
ForumWhitePaper.

[27] A. Medina,I. Matta,andJ. Byers. On theOrigin of Power
Lawsin InternetTopologies.ComputerCommunicationRe-
view, 30(2):18–28,2000.

[28] W. Nelson,H. Hirayama,andD. Rogers.TheEGS4Code
system. TechnicalReportSLAC-265,StanfordLinear Ac-
celeratorCenter, 1985.

[29] V. Paxson.Fast,ApproximateSynthesisof FractionalGaus-
sian Noise for GeneratingSelf-Similar Network Traffic.
ComputerCommunicationReview, 27(5):5–18,1997.

7



[30] J. S. Plank, R. Wolski, J. Brevik, and T. Bryan. G-
Commerce: The Study and Building of Computational
Economiesfor the ComputationalGrid, 2000. Workshop
onClustersandComputationalGridsfor ScientificComput-
ing
http://www.cs.utk.edu/ don-
garra/lyon2000/
lyon-2000.html.

[31] S. Rogers. A Comparisonof Implicit Schemesfor the In-
compressibleNavier-StokesEquationswith Artificial Com-
pressibility. AIAA Journal, 33(10),Oct.1995.

[32] M. Sato, H. Nakada,S. Sekiguchi,S. Matsuoka,U. Na-
gashima,andH. Takagi. Ninf: A Network basedInforma-
tion Library for aGlobalWorld-WideComputingInfrastrac-
ture. In Proceedingsof HPCN’97(LNCS-1225), pages491–
502,1997.

[33] J. M. Schopfand F. Berman. StochasticScheduling. In
Proceedingsof the 1999ACM/IEEE SupercomputingCon-
ference, 1999.

[34] S.Sciutto.AIRESusersguideandreferencemanual,version
2.0.0.TechnicalReportGAP-99-020,Augerproject,1999.

[35] H. J. Song,X. Liu, D. Jakobsen,R. Bhagwan, X. Zhang,
K. Taura,andA. Chien.TheMicroGrid: aScientificTool for
ModelingComputationalGrids. In Proceedingsof SC2000,
2000.

[36] J. Stiles,T. Bartol, E. Salpeter, , andM. Salpeter. Monte
Carlo simulationof neuromusculartransmitterreleaseus-
ing MCell, ageneralsimulatorof cellularphysiologicalpro-
cesses.ComputationalNeuroscience, pages279–284,1998.

[37] A. Takefusa,S.Matsuoka,H. Nakada,K. Aida, andU. Na-
gashima.Overview of aPerformanceEvaluationSystemfor
GlobalComputingSchedulingAlgorithms. In Proceedings
of the 8th IEEE InternationalSymposiumon High Perfor-
manceDistributedComputing(HPDC), pages97–104,Au-
gust1999.

[38] A. Turgeon,Q. Snell,andM. Clement. Application Place-
mentUsingPerformanceSurfaces.In Proceedingsof the9th
IEEE InternationalSymposiumon High PerformanceDis-
tributedComputing(HPDC), 1999.

[39] R. Wolski, N. Spring, and C. Peterson. Implementinga
PerformanceForecastingSystemfor Metacomputing:The
Network Weatherservice. In Proceedingsof the 1997
ACM/IEEESupercomputingConference, 1997.

[40] T. ZhaoandV. Karamcheti.ExpressingandEnforcingDis-
tributedResourceSharingAgreements.In Proceedingsof
SC2000, 2000.

0

1 0

2 0

3 0

4 0

5 0

6 0

7 0

Gre e d y D -0 .5 D -0 .6 D -0 .7 D -0 .8 D -0 .9

Fa
ilu

re
 R

at
e[

%
] x/x

L /x

x/F

L /F

0

1 0

2 0

3 0

4 0

5 0

6 0

7 0

Gre e d y D -0 .5 D -0 .6 D -0 .7 D -0 .8 D -0 .9
Fa

ilu
re

 R
at

e 
[%

]

x/x

L /x

x/F

L /F

0

1 0

2 0

3 0

4 0

5 0

6 0

7 0

Gre e d y D -0 .5 D -0 .6 D -0 .7 D -0 .8 D -0 .9

Fa
ilu

re
 R

at
e 

[%
]

x/x

L /x

x/F

L /F

Figure 3. The failure rate for the Greedyalgo-
rithm and of the Deadlinealgorithm with dif-
ferent values of Opt (denoted by D-Opt on the
x axis) (

»
max.fallbacks = 1, Int = 60 (top), 90

(mid dle), 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
Fallbac k, and ’x’ is not used.
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Figure 4. The average resour ce cost over all
requests (

»
max.fallbacks = 1, Int = 60 (top), 90

(mid dle), 120(bottom)).
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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
(
»

max.fallbacks = 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 (

»
max.fallbacks = 0, 1, 2, 3, 4, 5, Int =

60 (top), 90 (medium), 120(bottom)).
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