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Abstract DataGrids seekto harnessgeographicallydistributedresourcesfor large-scale
data-intensiveproblemssuchasthoseencounteredin highenergyphysics,bioin-
formatics,andotherdisciplines. Theseproblemstypically involve numerous,
loosely coupledjobs that both accessand generatelarge datasets. Effective
schedulingin suchenvironmentsis challenging,becauseof a needto address
a variety of metricsand constraints(e.g., resourceutilization, responsetime,
globalandlocalallocationpolicies)while dealingwith multiple,potentiallyin-
dependentsourcesof jobsandalargenumberof storage,compute,andnetwork
resources.

We describea schedulingframework thataddressestheseproblems.Within
this framework, datamovementoperationsmay be eithertightly boundto job
schedulingdecisionsor performedby a decoupled,asynchronousprocesson
the basisof observed dataaccesspatternsand load. We develop a family of
job schedulinganddatamovement(replication)algorithmsandusesimulation
studiesto evaluatevariouscombinations. Our resultssuggestthat while it is
necessaryto considerthe impact of replicationon the schedulingstrategy, it
is not alwaysnecessaryto coupledatamovementandcomputationscheduling.
Instead,thesetwo activities canbeaddressedseparately, thussignificantlysim-
plifying thedesignandimplementationof theoverall DataGrid system.

Keywords: DynamicDataReplication,Grid, DataManagement,LoadBalancing,Schedul-
ing, Simulation
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A Grid is a distributedcollectionof computerandstorageresourcesmain-
tainedtoservetheneedsof somecommunityorvirtual organization (VO) [FK99,
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FKT01]. Any of the potentiallylarge numberof authorizeduserswithin that
VO hasaccessto all or someof theseresourcesandis ableto submit jobs to
theGrid andexpectresponses.Thechoiceof algorithmsusedto schedulejobs
in suchenvironmentsdependson the targetapplication.Our focushereis on
schedulingalgorithmssuitablefor large-scaledata-intensiveproblems,suchas
thosethatarisein thehigh-energy physicsexperimentscurrentlybeingdevel-
opedatCERN[htta] thatwill generatepetabytesof scientificdataby 2006.In
theseexperiments,a communityof hundredsof physicistsaroundthe world
will ultimatelysubmitmillions of jobs,with eachjob accessingsomesubsetof
thatdata.

Schedulingis a challengingtask in this context. The data-intensive na-
ture of individual jobs meansit can be importantto takedatalocation into
accountwhendeterminingjob placement.Replicationof datafrom primary
repositoriesto otherlocationscanbeanimportantoptimizationstepto reduce
the frequency of remotedataaccess.And the large numberof jobs and re-
sourcesmeansthatcentralizedalgorithmsmaybeineffective.Thus,for exam-
ple,schedulingalgorithmsthatfocusonly onmaximizingprocessorutilization
by mappingjobsto idleprocessors(disregardingcostsassociatedwith fetching
remotedata)areunlikely to beefficient.

To addressthis problem, we define a generaland extensiblescheduling
framework within whichwe caninstantiatea wide varietyof schedulingalgo-
rithms.We thenusesimulationstudiesto exploretheeffectivenessof different
algorithmswithin this framework.

We assumea systemmodel in which many userssubmit requestsfor job
executionfrom any oneof a largenumberof sites.At eachsite,weplacethree
components:an external scheduler(ES), responsiblefor determiningwhere
to sendjobssubmittedto thatsite; a local scheduler(LS), responsiblefor de-
termining the order in which jobs areexecutedat that particularsite; anda
datasetscheduler(DS), responsiblefor determiningif andwhento replicate
dataand/ordeletelocal files. The choiceof algorithmsfor eachcomponent
definesa particularschedulingsystem.

Within this framework, we have defineda family of five ES andfour DS
algorithms,LS algorithmsbeingwidely researchedin thepast[SHK95]. Our
ESalgorithmsdispatchjobsto arandomsite,theleastloadedsite,a randomly
selectedlessloadedsite, the local site, or a site whererequireddataalready
exists. Our DS algorithmsperformno explicit replication(only caching),or
alternatively, choosea randomor the leastloadedneighborfor replicationof
populardatasets(we shall usefile anddatasetinterchangeablyfor the restof
the chapter). In the caseof no replication,a job executionis precededby a
fetchof therequireddata,leadingto astrongcouplingbetweenjob scheduling
anddatamovement. By contrast,the other replicationstrategiesare loosely
coupledto job execution.
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To studytheeffectivenessof thesedifferentschedulingalgorithms,wehave
developeda modularandextensiblediscreteevent DataGrid simulationsys-
tem,ChicagoSim(theChicagoGrid Simulator)[Chi]. In this chapter, wesyn-
thesizeandextendsimulationresultspresentedin otherarticles[RFar,RF02].

Our simulationresultsshow a markedimprovementin Grid performance
whentheright combinationof looselycoupledreplicationandschedulingpoli-
ciesareused.Our resultsalsoshow thatevaluatingschedulingalgorithmson
their own, without consideringthe impactof replicationtechniques,canlead
to suboptimalchoices.

Theoutlineof thechapteris asfollows. Section2 reviews relevantwork in
the arenasof Web cachingandreplication,distributedfile systems,andGrid
resourcemanagement.In Section3, we briefly touch uponalternative Grid
schedulingframeworksandprovide detailsof our proposedmodel. Section4
describesthe schedulingandreplicationalgorithmsthat we evaluate. Simu-
lation detailsarediscussedin Section5 while Section6 containsresults.We
concludeandpoint to futuredirectionsin Section7.
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Our work is relatedto two distinct areas:replication/cachingon the Web
anddatamanagementin distributedfile systems.We discussrelatedwork in
theseareasandtheir applicability to datamanagementin Grids. We alsotalk
aboutrelatedresearchin thearenaof Grid computing.
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Replication/cachingof files hasprovedbeneficialto reduceaccesslatency,
server load, andnetworkbandwidthconsumptionon the Internet. Dynamic
replicationstrategiesareusefulwhen userbehavior changesover time, thus
facilitatingautomaticcreationanddeletionof replicas.

Push caching, proposedby [GS95],usesaccesshistoryto replicatefiles on
remoteservers. A server knows how popular its files are andso it decides
whento pushoneof its popularfiles to a remotefriend server. Thenetworkis
dividedinto subnets,anda server hasa recordof how many requestsfor a file
weregeneratedby eachsubnet.Dependingonthenumberof requests,aserver
calculatestheoptimalsubnetto replicatea file. A similar strategy canbeused
for Grids.An entity (suchastheproposeddatasetschedulerin our framework)
cankeeptrack of file popularityat storagecentersin the Grid andreplicates
popularfiles to lessloadeddatacentersor to datacentersnearpotentialusers,
thusreducinghotspotsandaccesslatency.

Both [BC96] and[RA99] proposetechniquesto exploit geographicaland
temporallocality exhibited in Web client accesspatterns,by moving popular
datacloserto potentialusers. Bestavros et al. usethe informationavailable
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in theTCP/IPrecordrouteoption is usedto put togethera treeof nodes.The
server (host)is the root, the variousotherproxies(replicationsites)form the
nodesof the tree,andthe clients form the leaves. The server keepstrack of
thepopularityof eachdocumentandwheretherequestscomefrom in thetree.
It then periodically createsreplicasof the files down the tree dependingon
a popularity function. RaDar[RA99] (ReplicatorandDistributor andRedi-
rector)usestheinformationavailablein routersto move datacloserto clients.
Whenarequestfor datais generatedfromaclient toaserver, theroutetakenby
therequestis notedandusedto generatewhat is known asa preference path.
The hostcomputespreferencepathsperiodically from information from the
system’srouter. If oneparticularnodeappearsfrequentlyonafile’spreference
path,it is consideredagoodchoiceto replicatethefile at thatnode.

Of particularimportanceis the issueof whetherGrid useraccesspatterns
exhibit somedegreeof temporal,geographical,or spatiallocality. Suchin-
formationcanthenbeexploitedfor intelligentreplicationstrategies,similar to
thosedescribedabove. Initial studiesof potentialGrid userlogs [IR03] sug-
gestthat interestingpatternsof locality do exist. Earlier [RF01] we studied
differentfile replicationstrategiesfor Grid scenarios,with theaim of exploit-
ing locality propertiesin userbehavior, but wedid notconsiderjob scheduling.
Hereweconsidertheeffectof usingsuchreplicationstrategiesin combination
with certainjob schedulingstrategies.
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ProjectssuchasOceanStore[KBC à 00],Pangaea[SK01] andFreenet[CSWH00]
aim to spantheglobeandfacilitatelarge-scaledatasharing,with anemphasis
on security, reliability, availability, or anonymity. Otherssuchas MojoNa-
tion [MOJ], Gnutella[wwwa], andNapster[wwwb] focusonpeer-to-peerfile-
sharingwithout muchconcernfor securityor locality. We discussheresome
of the datamanagementtechniquesemployedby two suchsystemsandtheir
applicabilityto Grid datamanagement.

OceanStoreusestwo approaches,clusterrecognitionandreplicamanage-
ment, to increasethe efficiency of the system. Clusterrecognitioninvolves
periodicallyrunningaclusteringalgorithmthatattemptsto identify closelyre-
latedfiles. This helpsto pre-stageclustersof files that are likely to be used
together. Replicamanagementinvolvestrackingthe loadcreatedby a partic-
ular file andcreatingmorereplicasfor thatfile on nearbynodeswhenaccess
requestsoverwhelmit. Both methodsareapplicableto datamanagementin
Grid computing.

Pangaeafocusesonachieving ahighavailability of filesby massive,decen-
tralizedandoptimisticreplication[SK01]. Sincethedevelopersof Pangaeabe-
lievethatpredictingaccesspatternsfor wide-areatransfersis difficult, Pangaea
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aggressively createsa replicaof a file, whenever andwherever it is accessed.
Pangaeamaintainsa sparelyconnectedgraphof all replicasfor eachfile that
aidsin updatingor deletingreplicas.Replicasaredeletedwhenthedisk is out
of spaceor a replicais inactive. To ensurea minimumnumberof replicasfor
a file, Pangaeaclassifiesreplicasaseithergoldor bronzeandtriesto maintain
gold replicason thedisk for aslongaspossible.

Aggressivereplicationin Gridsmaybea viableoption,especiallyif access
patternscannotbe predictedaccurately. Sincefiles arereplicatedonly when
they areaccessed,unneededdatatransfersareavoided. Moreover, disk space
is occupiedonly aslongasthereis no betterusefor it. Widespreadreplication
in a Grid could,however, causethrashingof disks. If a job wassentto a site
becauseof thedatait contained,andthatdatawasquickly expunged(to make
room for new replicas)beforethe job could run, the job would have to be
transferredelsewhere,or thefileswouldhave to befetchedagain.
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A numberof projectsdealwith Gridresourcemanagement.Thainetal. [TBAD à 01],
for example,describea systemthat links jobs anddataby binding execution
and storagesitesinto I/O communitiesthat reflectphysical reality. An I/O
communityconsistsof a storagedevice andseveral computedevicesassoci-
atedwith that storagedevice. Jobsthat run on thosecomputeelementsare
encouragedto usetheir own community’s storagedevice for accessingand
storingdata. Thus,similar applicationscould form a communityandreduce
usageof wide-arearesources.Sincethework of Thainetal. presentsbuilding
blocksfor suchcommunitiesbut doesnot addresspolicy issues,our work on
schedulingpoliciescomplementsthateffort.

ExecutionDomains[BLM00] is a framework thatdefinesbindingsbetween
computingpoweranddataresourcesin aGrid suchthatapplicationsaresched-
uledto runatCPUsthathaveaccessto requireddataandstorage.Again,since
this work is concernedwith building sucha systemas opposedto defining
schedulingpolicies,ourwork canbeput to usehere.

Anotherrecentproject,theDaP(DataPlacement)Scheduler[DAP], aimsto
intelligentlymanageandscheduledatato decreaseI/O wait timeandresponse
time andincreasedisk usageandthroughputin Grid communities.AppLeS
(ApplicationLevel Scheduling)[BWF à 96], involvesschedulingfrom theper-
spectiveof anapplication.Informationsuchasthecomputation/communication
ratio, memoryrequired,andnatureof applicationdatastructuresis all taken
into accountwhile generatingschedules.Casanova et al. [COBW00] describe
an adaptive schedulingalgorithmXSufferage,for parametersweepapplica-
tions in Grid environments,underthe AppLeSguidelines.Their approachis
to placefiles strategically for maximumreuse.The basicdifferencebetween
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theirwork andoursis thatourheuristicalsoactively replicates/pre-stagesfiles.
In addition,while [COBW00] makesschedulingdecisionscentrally, we con-
centrateon a decentralizedandpresumablymorescalablemodel,whereeach
sitedecideswhereandwhento placeits job anddata.
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Onecanenvisionthreebasiccategoriesof schedulingarchitectures[HSSY00]
for a distributedwide-areacommunity: centralized,hierarchical,anddecen-
tralized. In centralized scheduling,all jobs,no matterwherethey originate,
aresubmittedto a centralschedulerfor thewholeGrid. Thecentralscheduler
thendecideswhich machineto run eachjob on,dependingon thestateof dif-
ferentremotemachines.Theadvantageof a centralizedschemeis potentially
veryefficientschedules,sinceglobalstateknowledgeis usedto generatework-
loads. A drawbackof the centralizedschemeis the bottleneckcausedby all
theschedulingfunctionalitybeingpresentatoneentity. As thesizeof theGrid
grows,thecentralschedulermustmanagemoreandmorecomputingelements
andthusdoesnot scalewell. Anotherdisadvantageof a centralizedscheme
is the conflict in administrative domains. Local administrationmustgive all
machinehandlingrights to thecentralschedulerthatdecideswhat job to run
on any machinein theGrid.

A solution to the administrative problemis to usea hierarchical scheme.
In a hierarchicalscheme,both local andglobalpoliciescanbe in place.Jobs
are submittedto a centralglobal scheduler, which then sendsthe jobs to a
local schedulerpresentat asite. Thelocal schedulerallocatesthosejobsto its
machinesdependingon its local policy.

In thedecentralized framework, jobsaresubmittedto morethanoneglobal
or externalschedulers.Theseexternalschedulersthenselecta local scheduler
for eachjob. An advantageis that the failure of a singlecomponentdoesnot
adverselyaffect thewholesystem.Also, this schemescaleswell, animportant
featurewhenwe have thousandsof userssimultaneouslysubmittingjobs.The
disadvantageis that schedulersmay have to reply on partial informationor a
restrictedview of the Grid to maketheir decisions.Coordinationamongthe
external schedulersmay help minimize the so-calledherdbehavior [Dah99]
of multiple entitiessubmittingsimultaneouslyto a desirablesite,causingit to
overload.

A typicalDataGrid maybecomposedof many differentadministrativedo-
mainsand may ultimately serve hundredsof siteswith thousandsof users.
Intelligentdatamanagementtechniquescanplay a crucial role in maximizing
theefficiency of Grid resourcesfor sucha DataGrid. Keepingtheabove fac-
tors in mind, we definea Grid schedulingframework that facilitatesefficient
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datamanagement,allowspriority to localpolicies,andis decentralizedwith no
singlepoint of failure. Weadoptadecentralizedarchitecture,but theproposed
framework couldalsohandletheothertwo architecturesdescribedearlier. The
schedulinglogic is encapsulatedin threemodules(seeFigure1.1):
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External Scheduler (ES): Userssubmit jobs to the external scheduler
they areassociatedwith. TheESthendecideswhich remotesiteto send
thejob todependingonsomeschedulingalgorithm.It mayneedexternal
informationsuchastheloadat a remotesiteor thelocationof a dataset
in orderto makeits decisions.

Local Scheduler (LS): Oncea job is assignedto run at a particularsite
(and sentto an incoming job queue),it is then managedby the local
scheduler. TheLS of asitedecideshow to scheduleall jobsallocatedto
its usingits local resources.

Dataset Scheduler (DS): TheDS ateachsitekeepstrackof thepopular-
ity of eachdatasetlocally available.It thenreplicatespopulardatasetsto
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remotesitesdependingon somealgorithm. TheDS mayneedexternal
informationsuchaswhetherthedataalreadyexistsat a siteor theload
ata remotesitebeforemakinga decision.

Dif ferentmappingsbetweenusersandexternalschedulersleadto different
scenarios.For example,in a one-to-onemappingbetweenexternalschedulers
andusers,theusersmakeschedulingdecisionson their own, whereashaving
a singleESin thesysteminvolvesa centralschedulerto which all userssub-
mit their jobs. For our experimentswe assumedoneES persite. We plan to
studyothermappingsin the future. Theexternalinformationa moduleneeds
canbeobtainedeitherfrom aninformationservice(e.g.,theGlobusToolkit’s
Monitoring and Discovery Service[CFFK01] or the Network WeatherSer-
vice [Wol97]) or directly from thesites.
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We are interestedin two distinct functionalities: external schedulingand
datareplication. For each,we defineandevaluatea rangeof differentalgo-
rithms.

Our framework allowseachsiteto have its own local schedulingpolicy that
is implementedby theLS. Managementof internalresourcesis aproblemthat
hasbeenwidely researched[FR01,SHK95]. We useFIFO (first-in first-out)
asa simplification.

An externalschedulerselectsa remotesiteto which to senda job, basedon
oneof five algorithms:

Random: A randomlyselectedsite.Eachsitehasanequalprobabilityof
gettingselected,andtheexpectednumberof jobs assignedto eachsite
is thesame.

LeastLoaded: Thesite thatcurrentlyhasthe leastload. Variousdefini-
tionsfor loadarepossible;herewe defineit simply astheleastnumber
of jobswaiting to run, thatis, theshortestjob queue.

RandLeastLoaded: A site randomlyselectedfrom the n least-loaded
sites. This is a variationof LeastLoadedwith the aim of minimizing
any hotspotscausedby thesymmetryof actionsof varioussites.

DataPresent: A sitethatalreadyhastherequireddata.If morethanone
sitequalifies,theleastloadedoneis chosen.

Local: The site wherethe job originated. That is, a job is alwaysrun
locally.
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In eachcase,any datarequiredto runa job is fetchedlocally beforethetask
is run,if it is notalreadypresentatthesite.For thedatasetscheduler, wedefine
four algorithms:

DataCaching: Noactivereplicationtakesplace.Datasetsarepre-assigned
to differentsites,andno dynamicreplicationpolicy is in place. Data
maybe fetchedfrom a remotesite for a particularjob, in which caseit
is cachedandmanagedusinga leastrecentlyused(LRU) algorithm. A
cacheddatasetis thenavailableto theGrid asa replica.

DataRandom: The DS keepstrack of the popularityof the datasetsit
contains(by trackingthe numberof jobs that have neededa particular
dataset);and when the site’s load exceedsa threshold,thosepopular
datasetsarereplicatedto a randomsiteontheGrid.

DataLeastLoaded: TheDSkeepstrackof datasetpopularityandchooses
the leastloadedsiteasa new hostfor a populardataset.Again it repli-
catesonly whentheloadat its siteexceedsa threshold.

DataRandLeastLoaded: This is avariationof DataLeastLoadedwherea
randomsiteis pickedfrom thetopn leastloadedsitesto avoid symmetry
of behavior amongsites.

In all cases,datais alsocached,andthefinite storageat eachsite is managed
by usingLRU.

We thushavea totalof 5x4 = 20 algorithmsto evaluate.
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Wehaveconstructedadiscreteeventsimulator, ChicagoSim,to evaluatethe
performanceof differentcombinationsof job andtaskschedulingalgorithms.
ChicagoSimis built on top of Parsec[httb], a C-basedsimulationlanguage.
We describein turn thesimulationframework andexperimentsperformed.
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We modela DataGrid asa setof sites,eachcomprisinga numberof pro-
cessorsanda limited amountof storage;a setof users,eachassociatedwith
a site; anda setof files, eachof a specifiedsize,initially mappedto sitesac-
cording to somedistribution. We assumethat all processorshave the same
performanceandthatall processorsatasitecanaccessany storageat thatsite.
Eachusergeneratesjobsaccordingto somedistribution.Eachjob requiresthat
a specifiedsetof files beavailablebeforeit canexecute.It thenexecutesfor a
specifiedamountof timeon asingleprocessor.

In the absenceof real tracesfrom real DataGrids, we model the amount
of processingpower neededperunit of data,andthesizeof input andoutput
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datasets,on theexpectedvaluesof CMS experiments[Hol01], but otherwise
generatesyntheticdatadistributionsandworkloads,aswenow describe.

Table1.1 specifiesthe simulationparametersusedfor our study. Dataset
sizesareselectedrandomlywith a uniform distribution between500MB and
2 GB andwith initially only onereplicaperdatasetin the system.Usersare
mappedevenlyacrosssitesandsubmitjobsaccordingto aPoissondistribution
with aninter-arrival timeof 5 seconds.Eachjob requiresasingleinputfile and
runs for 300D seconds(estimatedjob characteristicsfor CMS experiments),
whereD is thesizeof theinputfile in gigabytes.Thetransferof inputfilesfrom
onesite to anotherincursa costcorrespondingto the sizeof the file divided
by thenominalspeedof thelink. Sincejob outputis oftenmuchsmallerthan
input wedisregardoutputoptimizationfor now.

The jobs (i.e., input file names)neededby a particularuseraregenerated
randomlyaccordingto a geometricdistribution with thegoalof modelingsit-
uationsin which acommunityfocusesonsomedatasetsmorethanothers.We
notethatwe donot attemptto modelchangesin datasetpopularityover time.

� bY�p�{^1òVó@òVó
Simulationparametersusedin study

Numberof sites/users 30/120
Computeelementspersite 2-5
Totalnumberof datasets 1000
Connectivity bandwidth 10 MB/sec
Sizeof workload 6000jobs

ù��p» ¼����±Ë�Ö§Ô�Í�Ë4É�Å
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A particularData Grid execution (DGE) is definedby a sequenceof job
submissions,allocations,andexecutionsalongwith datamovements.A DGE
canbecharacterizedaccordingto variousmetrics,suchaselapsedtime, aver-
ageresponsetime, processorutilization, networkutilization, andstorageuti-
lization. Theschedulingproblemfor a DataGrid is to definealgorithmsthat
will produceDGEsthatarebothcorrectandgoodwith respectto oneor more
metrics.

We usethefollowing metricsfor ourexperiments:

Averageamountof datatransferred(bandwidthconsumed)perjob

Averagejob completiontime (max (queuetime, datatransfertime) +
computetime)

Averageidle time for a processor
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Theamountof datatransferredis importantfrom theperspective of overall
resourceutilization, while systemresponsetime is of moreconcernto users.
Sincethedatatransferneededfor a job startswhile the job is still in thepro-
cessorqueueof asite,theaveragejob completiontime includesthemaximum
of thequeuetimeandtransfertime, in additionto theexecutiontime.

Theidle timeof processorshelpsmeasurethetotalutilization of thesystem
underthedifferentalgorithms.A processoris idle becauseeitherthejob queue
of thatsiteis emptyor thedatasetsneededfor thejobsin thequeuearenotyet
availableat thatsite.

Weraneachof our5x4= 20 pairsof schedulingalgorithmsfive times,with
differentrandomseedsin orderto evaluatevariance.In practice,we foundno
significantvariation.

��� �0¼�Ý � ½h� Ý-¿0��� � �£ÝL¡¢��ÝLÝ��
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Figures1.2, 1.3,and1.4 show theaverageresponsetime, datatransferred,
and averageidle time of processorsfor the systemparametersof Table 1.1
for thedifferentcombinationsof thedatareplicationandjob schedulingalgo-
rithms. Theresultsaretheaverageover five experimentsperformedfor each
algorithmpair. The accesspatternsfollow a geometricdistribution with � =
0.98.

ñ t �Bo]du^hòeó
	Yó
Averageresponsetime for differentcombinationsof schedulingandreplication

strategies.

When plain caching(DataCaching)is used,algorithm RandLeastLoaded
(sendjob to a randomlyselectedleastloadedsite)performsthebestin terms
of responsetime,andalgorithmDataPresent(computewherethedatais) per-
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Averagedatatransferredperjob for thedifferentschedulingandreplicationcom-

binations.

ñ t �Yo]d�^Ìòeó �có
Averageidle time of processorsfor thedifferentstrategies.

formstheworst.RandomandLocalperformworsethantheleastloadedalgo-
rithmsbut significantlybetterthanDataPresent.This resultcanbe explained
asfollows.Althoughdatais uniformly distributedacrosstheGrid, thegeomet-
ric distributionof datasetpopularitycausescertainsitesto containoften-used
datasets.Whenthe algorithmDataPresentis used,thesesitesget more jobs
thanothersandhencetendto getoverloaded.This overloadingleadsto long
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queuesat thoseparticularsitesandhencea degradationin performance.Since
thereis no active replication,theamountof datatransferredis zeroin thispar-
ticular case(Figure1.3). Also, RandLeastLoadedeffectively minimizesthe
negative impactof symmetryof decisionsmadeby differentsites. This fact
explains the significantimprovementin responsetimesof RandLeastLoaded
ascomparedwith LeastLoaded.

Oncewe introduceareplicationpolicy, however, DataPresentperformsbet-
ter thanall theotheralternatives(Figure1.2). It doesnotseemto matterwhich
particularreplicationstrategy is chosen,aslongasoneof themis employed.In
termsof datatransfer(Figure1.3), thebestcombinationis againDataPresent
andDataRandomsincetheamountof bandwidthusedin thiscaseis almostten
timeslessthantheotherjob allocationchoices.Similarly, theidle timeof pro-
cessorsis significantlysmaller(Figure1.4) for DataPresentwith replication.

Clearly, in this case,dynamicreplicationhelpsreducehotspotscreatedby
populardataandenablesload sharing. The significantlybetterperformance
of strategy DataPresentwhencombinedwith any replicationpolicy canbeex-
plainedasfollows.

Theschedulingstrategy by itself generatesminimaldatatransfer, sincejobs
arescheduledto thesitewherethedatathey needis alreadypresent.Datasets
aremoved only asa resultof explicit replication. This strategy ensuresthat
thenetworkdoesnotgetoverloaded.Moreover, sincetheinputdatais already
presentat thesite, jobsarenot heldup waiting for the requireddatato arrive;
hence,responsetimesareshorter. We notethat oncewe extendour work to
considerjobs that requiremore than one dataset,thesestatementsmay not
alwaysbe true, sincea job may be sentto a nodethat hasonly someof the
datasetsrequiredby that job. The replicationpolicy ensuresthat jobs do not
accumulateatafew sitesthatcontainpopulardata(by replicatingpopulardata
to othersites).Thusthecomputingpoweratasitedoesnotcauseabottleneck.
However, thereplicationalgorithmsstudieddonothaveany significanteffects
on theotherthreeschedulingalgorithms.

As Figure1.3 illustrates,thedifferencein theaverageamountof datatrans-
ferredbetweenalgorithmDataPresentandtheothersis large. Clearly, if data
locality issuesare not considered,even the bestschedulingalgorithmsfall
prey to datatransferbottlenecks.Theseresultspoint to the following. If the
schedulingalgorithmsarestudiedby themselves(usingplain caching),Ran-
dLeastLoadedappearsto bethebestchoice.Whenthealgorithmsarestudied
alongwith the effect of replicationstrategies,however, we seethat DataPre-
sentworksmuchbetterthanany otherchoice. Similarly, a replicationpolicy
thatmight work well by itself maynotguaranteethebestoverall performance
of theGrid. Only by studyingtheeffectsof thecombinationof differentrepli-
cationandschedulingpolicieswerewe ableto comeup with a solutionthat
worksbetterthaneachisolatedstudy.
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In termsof idle time,DataRandomperformsmuchworsethantheothertwo
replicationpoliciesDataLeastLoaded,andDataRandLeastLoaded.
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(replicationalgorithmusedis DataRandLeastLoaded).

The large amountsof datatransfersthat takeplaceseemto imply that the
bandwidthavailable to processeshasa direct impact on performance. In-
deed,we find that if networkbandwidthis decreasedfrom 10 MB/sec to 1
MB/sec(Figure1.5), theperformanceof all algorithmsthat involveextensive
datatransfer(Random,LeastLoaded,RandLeastLoaded,andLocal) degrade
sharply. DataPresentperformsmoreor lessconsistently, sinceit doesnot in-
volve a large amountof datamovement. Similarly, whenthe networkband-
width is increased,thefour algorithmswith largedatatransfersperformmuch
better. Thepoint to benotedhereis thatunderthesenew conditionsof ample
bandwidth(100MB/sec),RandLeastLoadedperformsalmostaswell asDat-
aPresent.Thus,while we believe that thesystemparametersof Table1.1 are
realisticfor a globalscientificGrid, wemustbecarefulto evaluatetheimpact
of futuretechnologicalchangeson our results.
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Wehaveaddressedtheproblemof schedulingjob executionsanddatamove-
mentoperationsin a distributedDataGrid environmentwith thegoalof iden-
tifying both generalprinciplesand specific algorithmsthat can be usedto
achieve goodsystemutilization and/orresponsetimes. In supportof this in-
vestigation,we have developeda modularandextensibleDataGrid schedul-
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ing framework. We have instantiatedthis framework with five different job
schedulingalgorithmsandfour differentreplicationalgorithmsandthenused
a DataGrid simulationsystem,ChicagoSim,to evaluatethe performanceof
differentalgorithmcombinations.

Our resultsareasfollows. First, the choiceof schedulingalgorithmhasa
significantimpacton systemperformance.Second,it is importantto address
both job anddataschedulingexplicitly: for example,simply schedulingjobs
to idle processors,and then moving dataif required,performssignificantly
lesswell than algorithmsthat also considerdatalocation when scheduling.
Third, and most interesting,we can achieve particularly good performance
with anapproachin whichjobsarealwaysscheduledwheredatais located,and
a separatereplicationprocessat eachsiteperiodicallygeneratesnew replicas
of populardatasets.We notethatthisapproachhassignificantimplementation
advantageswhencomparedwith (say)approachesthat attemptto generatea
globally optimal schedule:first, it effectively decouplesjob schedulingand
datareplication,sothatthesetwo functionscanbeimplementedandoptimized
separately, andsecondit permitshighly decentralizedimplementations.

Theseresultsarepromising,but in interpretingtheir significancewe have
to bearin mind thatthey arebasedon syntheticworkloadsandsimplifiedGrid
scenarios.In futurework, weplanto investigatemorerealisticscenarios(e.g.,
multiple inputfiles)andrealuseraccesspatterns.Wearecurrentlyworkingon
usingworkloadsfrom FermiLaboratory[httc].

Wealsoplanto validateoursimulationresultsonrealGrid testbeds,suchas
thosebeingdevelopedwithin theGriPhyNproject[AF01] andby participants
in theInternationalVirtual DataGrid Laboratory[AFG à 01].

Furthermore,we plan to exploreadaptive algorithmsthatselectalgorithms
dynamicallydependingon currentGrid conditions. For example,slow links
andlargedatasetsmight imply schedulingthejobsat thedatasourceandusing
areplicationpolicy similar to thoseweusedfor ourstudies.Ontheotherhand,
if the datais small andnetworkslinks arenot congested,moving the datato
thejob.
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