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Abstract DataGrids seekto harnesgjeographicallydistributed resourcegor large-scale
data-intensie problemssuchasthoseencountereéh highenegy physics bioin-
formatics, and other disciplines. Theseproblemstypically involve numerous,
loosely coupledjobs that both accessand generatdarge datasets. Effective
schedulingin suchernvironmentsis challenging,becausef a needto address
a variety of metricsand constraints(e.g., resourceutilization, responsdime,
globalandlocal allocationpolicies)while dealingwith multiple, potentiallyin-
dependensourcef jobsandalarge numberof storage compute andnetwork
resources.

We describea schedulingramework thataddressetheseproblems.Within
this framewvork, datamovementoperationamay be eithertightly boundto job
schedulingdecisionsor performedby a decoupled,asynchronougprocesson
the basisof obsered dataaccesatternsandload. We develop a family of
job schedulinganddatamovement(replication)algorithmsand usesimulation
studiesto evaluatevariouscombinations. Our resultssuggesthat while it is
necessaryto considerthe impact of replicationon the schedulingstrateyy, it
is not alwaysnecessaryo coupledatamovementand computationscheduling.
Instead thesetwo actiities canbe addressedeparatelythussignificantly sim-
plifying the designandimplementatiorof the overall DataGrid system.

Keywords:  DynamicDataReplication,Grid, DataManagement,_.oad Balancing,Schedul-
ing, Simulation

1. INTRODUCTION

A Grid is a distributedcollectionof computerandstorageresourcesnain-
tainedto senetheneedsf somecommunityor virtual organization (VO) [FK99,
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FKTO1]. Any of the potentiallylarge numberof authorizeduserswithin that
VO hasaccesgo all or someof theseresourcesindis ableto submitjobsto
the Grid andexpectresponsesThe choiceof algorithmsusedto schedulgobs
in suchervironmentsdependn the target application. Our focushereis on
schedulingalgorithmssuitablefor large-scaladata-intensie problemssuchas
thosethatarisein the high-enegy physicsexperimentscurrentlybeingdevel-
opedat CERN[htta] thatwill generateetabyteof scientificdataby 2006.In
theseexperiments,a community of hundredsof physicistsaroundthe world
will ultimatelysubmitmillions of jobs,with eachjob accessingomesubsebf
thatdata.

Schedulingis a challengingtaskin this context. The data-intensie na-
ture of individual jobs meansit can be importantto take datalocation into
accountwhendeterminingjob placement.Replicationof datafrom primary
repositoriedo otherlocationscanbe animportantoptimizationstepto reduce
the frequeng of remotedataaccess.And the large numberof jobs andre-
sourcesneanghatcentralizedalgorithmsmay beineffective. Thus,for exam-
ple,schedulingalgorithmsthatfocusonly on maximizingprocessotitilization
by mappingjobsto idle processorgdisregardingcostsassociatedvith fetching
remotedata)areunlikely to be efficient.

To addresshis problem, we define a generaland extensible scheduling
framework within which we caninstantiatea wide variety of schedulingalgo-
rithms. We thenusesimulationstudiesto explorethe effectivenesf different
algorithmswithin this framewvork.

We assumea systemmodelin which mary userssubmitrequestdor job
executionfrom ary oneof alarge numberof sites.At eachsite,we placethree
components:an external schedulerES), responsibldor determiningwhere
to sendjobs submittedto thatsite; alocal schedule(LS), responsibldor de-
termining the orderin which jobs are executedat that particularsite; anda
datasetscheduler(DS), responsibldor determiningif andwhento replicate
dataand/ordeletelocal files. The choiceof algorithmsfor eachcomponent
definesa particularschedulingsystem.

Within this framavork, we have defineda family of five ES andfour DS
algorithms LS algorithmsbeingwidely researcheih the past{SHK95]. Our
ESalgorithmsdispatchjobsto arandomsite, the leastloadedsite,arandomly
selectedessloadedsite, the local site, or a site whererequireddataalready
exists. Our DS algorithmsperformno explicit replication(only caching),or
alternatively, choosea randomor the leastloadedneighborfor replicationof
populardatasetgwe shall usefile anddataseinterchangeablyor the restof
the chapter). In the caseof no replication,a job executionis precededy a
fetchof therequireddata,leadingto a strongcouplingbetweerjob scheduling
and datamovement. By contrast,the otherreplicationstratayies are loosely
coupledto job execution.
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To studythe effectivenesof thesedifferentschedulingalgorithms we have
developeda modularand extensiblediscreteevent Data Grid simulationsys-
tem, ChicagoSim(the ChicagoGrid Simulator)[Chi]. In this chapterwe syn-
thesizeandextendsimulationresultspresentedhn otherarticles|RFar, RF02].

Our simulationresultsshov a markedimprovementin Grid performance
whentheright combinatiorof looselycoupledreplicationandschedulingpoli-
ciesareused.Our resultsalsoshawv that evaluatingschedulingalgorithmson
their own, without consideringthe impactof replicationtechniquescanlead
to suboptimakhoices.

Theoutline of the chapteiis asfollows. Section2 reviews relevantwork in
the arenasof Web cachingandreplication,distributedfile systemsand Grid
resourcemanagementln Section3, we briefly touch uponalternative Grid
schedulingramevorks and provide detailsof our proposedmodel. Sectiond
describeghe schedulingandreplicationalgorithmsthat we evaluate. Simu-
lation detailsarediscussedn Section5 while Section6 containsresults. We
concludeandpointto futuredirectionsin Section?.

2. RELATED WORK

Our work is relatedto two distinct areas:replication/cachingyn the Web
anddatamanagemenin distributedfile systems.We discussrelatedwork in
theseareasandtheir applicability to datamanagemenin Grids. We alsotalk
aboutrelatedresearchn thearenaof Grid computing.

2.1 Data Management on the Web

Replication/cachingf files hasproved beneficialto reduceaccesdateng,
sener load, and network bandwidthconsumptioron the Internet. Dynamic
replicationstratgies are usefulwhen userbehaior changesover time, thus
facilitating automaticcreationanddeletionof replicas.

Push caching, proposedyy [GS95],usesaccessistoryto replicatefiles on
remoteseners. A sener knows how popularits files areandso it decides
whento pushoneof its popularfiles to aremotefriend sener. The networkis
dividedinto subnetsanda sener hasa recordof how mary requestdor afile
weregeneratedby eachsubnet.Dependingonthenumberof requestsasener
calculateghe optimalsubneto replicateafile. A similar stratayy canbe used
for Grids. An entity (suchasthe proposediataseschedulein our framework)
cankeeptrack of file popularity at storagecentersin the Grid andreplicates
popularfiles to lessloadeddatacentersor to datacentermearpotentialusers,
thusreducinghotspotsandaccesdateng.

Both [BC96] and[RA99] proposetechniguego exploit geographicabnd
temporallocality exhibitedin Web client accesgatternspy maoving popular
datacloserto potentialusers. Bestaros et al. usethe informationavailable



4

in the TCP/IPrecordrouteoptionis usedto puttogethera treeof nodes.The
sener (host)is theroot, the variousother proxies(replicationsites)form the
nodesof the tree, andthe clientsform the leaves. The sener keepstrack of
the popularityof eachdocumentaindwheretherequestcomefrom in thetree.
It then periodically createsreplicasof the files down the tree dependingon
a popularity function. RaDar[RA99] (Replicatorand Distributor and Redi-
rector)usestheinformationavailablein routersto move datacloserto clients.
Whenarequesfor datais generatedrom aclientto asener, theroutetakenby
therequests notedandusedto generatavhatis known asa preference path.
The host computespreferencepathsperiodically from information from the
systemsrouter If oneparticularnodeappearsrequentlyon afile’s preference
path,it is consideredi goodchoiceto replicatethefile atthatnode.

Of particularimportanceis the issueof whetherGrid useraccesgatterns
exhibit somedegree of temporal,geographicalor spatiallocality. Suchin-
formationcanthenbeexploitedfor intelligentreplicationstratejies,similarto
thosedescribedabove. Initial studiesof potentialGrid userlogs [IR03] sug-
gestthat interestingpatternsof locality do exist. Earlier[RF01] we studied
differentfile replicationstratgyiesfor Grid scenarioswith the aim of exploit-
ing locality propertiesn userbehaior, but we did notconsidetjob scheduling.
Herewe considettheeffect of usingsuchreplicationstrateiesin combination
with certainjob schedulingstratagies.

2.2 Distributed File Systems

ProjectssuchasOceanStor§KBC*00], PangaedSK01] andFreenefCSWHOOQ]
aimto spanthe globeandfacilitatelarge-scalalatasharing with anemphasis
on security reliability, availability, or anorymity. Otherssuchas MojoNa-
tion [MOJ], Gnutellajwwwa], andNapstefwwwb] focuson peerto-peeffile-
sharingwithout muchconcernfor securityor locality. We discussheresome
of the datamanagementechniquesemployedby two suchsystemsandtheir
applicabilityto Grid datamanagement.

OceanStoraisestwo approachesglusterrecognitionandreplicamanage-
ment, to increasethe efficiengy of the system. Clusterrecognitioninvolves
periodicallyrunninga clusteringalgorithmthatattemptgo identify closelyre-
latedfiles. This helpsto pre-stageclustersof files that are likely to be used
together Replicamanagementvolvestrackingthe load createdby a partic-
ular file andcreatingmorereplicasfor thatfile on nearbynodeswhenaccess
requestooverwhelmit. Both methodsare applicableto datamanagemenin
Grid computing.

Pangaedocusesn achieving a high availability of files by massie, decen-
tralizedandoptimisticreplication[SK01]. Sincethedevelopersof Pangaede-
lievethatpredictingaccespatterndor wide-aredransferds difficult, Pangaea
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aggressiely createsareplicaof afile, whenever andwherever it is accessed.
Pangaeanaintainsa sparelyconnectedyraphof all replicasfor eachfile that
aidsin updatingor deletingreplicas.Replicasaredeletedwhenthediskis out
of spaceor areplicais inactive. To ensurea minimum numberof replicasfor
afile, Pangaealassifiegeplicasaseithergold or bronzeandtriesto maintain
goldreplicason thedisk for aslong aspossible.

Aggressvereplicationin Grids maybe a viable option, especiallyif access
patternscannotbe predictedaccurately Sincefiles arereplicatedonly when
they areaccessed)nneededlatatransfersareavoided. Moreover, disk space
is occupiedonly aslong asthereis no betterusefor it. Widespreadeplication
in a Grid could, however, causethrashingof disks. If ajob wassentto a site
becaus®f thedatait containedandthatdatawasquickly expunged(to make
room for new replicas)beforethe job could run, the job would have to be
transferrectlsavhere or thefiles would have to befetchedagain.

2.3 Resource Management for Grids

A numberof projectsdealwith Grid resourcenanagemenfThainetal. [TBAD*01],
for example,describea systemthatlinks jobs and databy binding execution
and storagesitesinto 1/O communitiesthat reflect physicalreality. An I/O
communityconsistsof a storagedevice andseveral computedevicesassoci-
atedwith that storagedevice. Jobsthat run on thosecomputeelementsare
encouragedo usetheir own communitys storagedevice for accessingand
storingdata. Thus, similar applicationscould form a communityandreduce
usageof wide-arearesourcesSincethework of Thainetal. presentsuilding
blocksfor suchcommunitiesbut doesnot addresgolicy issuesour work on
schedulingpoliciescomplementshateffort.

ExecutionDomaingBLMOO] is aframeavork thatdefinesbindingsbetween
computingpoweranddataresource# a Grid suchthatapplicationsaresched-
uledto runat CPUsthathave acces$o requireddataandstorage Again, since
this work is concernedwith building sucha systemas opposedto defining
schedulingpolicies,our work canbe put to usehere.

Anotherrecentproject,the DaP(DataPlacementschedulefDAP], aimsto
intelligently manageandscheduledatato decreas¢/O wait time andresponse
time andincreasedisk usageandthroughputin Grid communities. AppLeS
(ApplicationLevel Scheduling]BWF*96], involvesschedulingrom the per
spectveof anapplication.Informationsuchasthecomputation/communication
ratio, memoryrequired,and natureof applicationdatastructuress all taken
into accountwhile generatingschedulesCasanwa et al. [COBWO0O] describe
an adaptve schedulingalgorithm XSufferage,for parameteisweepapplica-
tionsin Grid ernvironments,underthe AppLeSguidelines. Their approachs
to placefiles stratgically for maximumreuse. The basicdifferencebetween
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theirwork andoursis thatourheuristicalsoactively replicates/pre-stagdies.
In addition,while [COBWO00] makesschedulingdecisionscentrally we con-
centrateon a decentralizedndpresumablymore scalablemodel,whereeach
sitedecidesvhereandwhento placeits job anddata.

3. ARCHITECTURES FOR SCHEDULING
ON DATA GRIDS

Onecanervisionthreebasiccateyoriesof schedulingarchitecturefHSSY00]
for a distributedwide-areacommunity: centralized hierarchical,and decen-
tralized. In centralized schedulingall jobs, no matterwherethey originate,
aresubmittedto a centralschedulefor thewhole Grid. The centralscheduler
thendecidesvhich machineto run eachjob on, dependingon the stateof dif-
ferentremotemachines.The advantageof a centralizedschemds potentially
very efficient schedulessinceglobalstateknowledgeis usedto generatavork-
loads. A dravbackof the centralizedschemads the bottleneckcausedy all
theschedulindgunctionalitybeingpresentatoneentity. As thesizeof the Grid
grows, thecentralschedulemustmanagenoreandmorecomputingelements
andthusdoesnot scalewell. Anotherdisadwantageof a centralizedscheme
is the conflict in administratve domains. Local administrationmustgive all
machinehandlingrightsto the centralschedulethat decideswhat job to run
onary machinen the Grid.

A solutionto the administratve problemis to usea hierarchical scheme.
In a hierarchicalschemepothlocal andglobal policiescanbein place. Jobs
are submittedto a centralglobal schedulerwhich then sendsthe jobs to a
local schedulepresentt asite. Thelocal scheduleallocateghosejobsto its
machinesiependingnits local policy.

In thedecentralized framework, jobsaresubmittedo morethanoneglobal
or externalschedulersTheseexternalschedulershenselectalocal scheduler
for eachjob. An advantages thatthe failure of a singlecomponentioesnot
adwerselyaffectthewhole system Also, this schemescaleswell, animportant
featurewhenwe have thousand®f userssimultaneoushsubmittingjobs. The
disadantages that schedulersnay have to reply on partialinformationor a
restrictedview of the Grid to maketheir decisions.Coordinationamongthe
external schedulersmay help minimize the so-calledherd behaior [Dah99]
of multiple entitiessubmittingsimultaneouslyo a desirablesite, causingit to
overload.

A typical DataGrid may be composeaf mary differentadministratie do-
mainsand may ultimately sene hundredsof siteswith thousandsof users.
Intelligentdatamanagemertechniquesanplay a crucialrole in maximizing
the efficiengy of Grid resourcedor sucha DataGrid. Keepingthe above fac-
torsin mind, we definea Grid schedulingframework that facilitatesefficient
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datamanagemengllowspriority to local policies,andis decentralizedavith no

singlepoint of failure. We adopta decentralize@rchitecturebut the proposed
framavork couldalsohandlethe othertwo architecturesiescribeckarlier The

schedulindogic is encapsulateth threemodules(seeFigurel.l):
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Figure 1.1. InteractionsamongDataGrid Components.

s External Scheduler (ES): Userssubmitjobs to the external scheduler
they areassociateavith. The ESthendecidesvhich remotesiteto send
thejob to dependingonsomeschedulingalgorithm. It mayneedexternal
informationsuchastheloadat a remotesite or thelocationof a dataset
in orderto makeits decisions.

m Local Sheduler (LS): Onceajob is assignedo run at a particularsite
(and sentto an incomingjob queue),it is then managedoy the local
schedulerThelLsS of asitedecideshow to scheduleall jobsallocatedto
its usingits local resources.

» Dataset Scheduler (DS): The DS at eachsitekeepstrackof the popular
ity of eachdatasetocally available.It thenreplicategopulardatasetso



remotesitesdependingon somealgorithm. The DS may needexternal
informationsuchaswhetherthe dataalreadyexists at a site or the load
ataremotesite beforemakinga decision.

Differentmappingsbetweerusersandexternal schedulerdeadto different
scenariosFor example,in a one-to-onemappingbetweerexternalschedulers
andusersthe usersmakeschedulingdecisionson their own, whereashaving
a singleESin the systeminvolvesa centralscheduleto which all userssub-
mit their jobs. For our experimentswe assumeane ES per site. We planto
studyothermappingsn the future. The externalinformationa moduleneeds
canbe obtainedeitherfrom aninformationservice(e.g.,the Globus Toolkit’s
Monitoring and Discovery Service[CFFKO01] or the Network WeatherSer
vice [Wol97]) or directly from the sites.

4. SCHEDULING AND REPLICATION
ALGORITHMS

We are interestedn two distinct functionalities: external schedulingand
datareplication. For each,we defineandevaluatea rangeof differentalgo-
rithms.

Ourframevork allows eachsiteto have its own local schedulingpolicy that
isimplementedy theLS. Managemenbf internalresourcess a problemthat
hasbeenwidely researchefFR01, SHK95]. We useFIFO (first-in first-out)
asa simplification.

An externalscheduleselectsa remotesite to whichto sendajob, basedn
oneof five algorithms:

= Random: A randomlyselectedsite. Eachsite hasanequalprobability of
getting selectedandthe expectednumberof jobs assignedo eachsite
is thesame.

m LeastLoaded: The site thatcurrentlyhasthe leastload. Variousdefini-
tionsfor load are possible;herewe defineit simply astheleasthnumber
of jobswaiting to run, thatis, the shortesjob queue.

s RandLeastLoaded: A site randomly selectedfrom the n least-loaded
sites. This is a variation of LeastLoadedvith the aim of minimizing
ary hotspotscausedy the symmetryof actionsof varioussites.

m DataPresent: A sitethatalreadyhastherequireddata.lf morethanone
sitequalifies,theleastloadedoneis chosen.

m Local: The site wherethe job originated. Thatis, a job is alwaysrun
locally.
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In eachcase ary datarequiredto runajob is fetchedocally beforethetask
isrun,if it is notalreadypresentatthesite. For thedataseschedulerwe define
four algorithms:

m DataCaching: No activereplicationtakesplace.Datasetsrepre-assigned
to differentsites,and no dynamicreplicationpolicy is in place. Data
may be fetchedfrom a remotesite for a particularjob, in which caseit
is cachedandmanagedisinga leastrecentlyused(LRU) algorithm. A
cachedlatasets thenavailableto the Grid asareplica.

s DataRandom: The DS keepstrack of the popularity of the datasetst
contains(by trackingthe numberof jobs that have neededa particular
dataset);and when the site’s load exceedsa threshold,those popular
datasetsrereplicatedto arandomsite onthe Grid.

s DataleastLoaded: TheDSkeepsgrackof datasepopularityandchooses
the leastloadedsite asa new hostfor a populardataset. Again it repli-
catesonly whentheloadat ts site exceedsa threshold.

» DataRandLeastLoaded: Thisis avariationof DataleastLoadedherea
randomsiteis pickedfrom thetopn leastloadedsitesto avoid symmetry
of behaior amongsites.

In all casesdatais alsocachedandthefinite storageat eachsiteis managed
by usingLRU.
We thushave a total of 5x4 = 20 algorithmsto evaluate.

5. SIMULATION STUDIES

We have constructec discreteaventsimulator ChicagoSimto evaluatethe
performancef differentcombinationf job andtaskschedulingalgorithms.
ChicagoSimis built on top of Parseclhttb], a C-basedsimulationlanguage.
We describein turn the simulationframevork andexperimentsperformed.

5.1 Simulation Framework

We modela DataGrid asa setof sites,eachcomprisinga numberof pro-
cessorsaanda limited amountof storage;a setof users,eachassociatedvith
a site; anda setof files, eachof a specifiedsize,initially mappedo sitesac-
cordingto somedistribution. We assumehat all processordfiave the same
performancendthatall processoratasitecanaccessry storageatthatsite.
Eachusergeneratefobsaccordingo somedistribution. Eachjob requireghat
a specifiedsetof files be availablebeforeit canexecute.lt thenexecutedfor a
specifiedamountof time on asingleprocessar

In the absencef real tracesfrom real Data Grids, we model the amount
of processingpower neededoer unit of data,andthe sizeof input and output
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datasetspn the expectedvaluesof CMS experimentgHol01], but otherwise
generatesyntheticdatadistributionsandworkloads aswe now describe.

Table 1.1 specifiesthe simulationparametersisedfor our study Dataset
sizesare selectedandomlywith a uniform distribution betweer600 MB and
2 GB andwith initially only onereplicaperdatasein the system.Usersare
mappedvenly acrossitesandsubmitjobsaccordingo a Poissordistribution
with aninter-arrival time of 5 secondsEachjob requiresasingleinputfile and
runsfor 300D secondgqestimatedob characteristicsor CMS experiments),
whereD isthesizeof theinputfile in gigabytes.Thetransferof inputfilesfrom
onesite to anotherincursa costcorrespondingdo the size of the file divided
by the nominalspeedof thelink. Sincejob outputis oftenmuchsmallerthan
input we disregardoutputoptimizationfor now.

Thejobs(i.e., input file names)neededby a particularuserare generated
randomlyaccordingto a geometricdistribution with the goal of modelingsit-
uationsin which acommunityfocuseson somedatasetsnorethanothers.We
notethatwe do not attemptto modelchangesn datasepopularityovertime.

Table 1.1.  Simulationparametersisedin study

Numberof sites/users 30/120
Computeelementgersite  2-5

Total numberof datasets 1000
Connectvity bandwidth 10 MB/sec
Sizeof workload 6000jobs

5.2 Experiments

A particularData Grid execution (DGE) is definedby a sequencef job
submissionsallocations andexecutionsalongwith datamovements. A DGE
canbe characterizecccordingto variousmetrics,suchaselapsedime, aver-
ageresponsdime, processoutilization, network utilization, and storageuti-
lization. The schedulingproblemfor a DataGrid is to definealgorithmsthat
will produceDGEsthatarebothcorrectandgoodwith respecto oneor more
metrics.

We usethefollowing metricsfor our experiments:

= Averageamountof datatransferredbandwidthconsumedperjob

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

= Averagedle time for aprocessor
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The amountof datatransferreds importantfrom the perspectie of overall
resourceutilization, while systemresponsdime is of more concernto users.
Sincethe datatransferneededor a job startswhile the job is still in the pro-
cessowgueueof asite,the averaggob completiontime includesthe maximum
of thequeudtime andtransfertime, in additionto the executiontime.

Theidle time of processorsielpsmeasurahetotal utilization of thesystem
underthedifferentalgorithms.A processois idle becauseitherthejob queue
of thatsiteis emptyor the datasetsieededor thejobsin thequeuearenotyet
availableatthatsite.

We raneachof our 5x4 = 20 pairsof schedulingalgorithmsfive times,with
differentrandomseedsn orderto evaluatevariance.In practice we foundno
significantvariation.

6. RESULTS AND DISCUSSION

Figuresl.2,1.3,and1.4 shov the averageresponsdime, datatransferred,
and averageidle time of processordor the systemparameterof Table 1.1
for the differentcombinationsf the datareplicationandjob schedulingalgo-
rithms. Theresultsarethe averageover five experimentsperformedfor each
algorithmpair. The accesgatternsfollow a geometricdistribution with o =
0.98.
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Figure 1.2. Averageresponsdime for differentcombinationsof schedulingandreplication
strateies.

When plain caching(DataCaching)is used,algorithm RandLeastLoaded
(sendjob to a randomlyselectedeastloadedsite) performsthe bestin terms
of responsdime, andalgorithmDataPresentcomputewherethe datais) per
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formstheworst. RandomandLocal performworsethantheleastloadedalgo-
rithms but significantly betterthan DataPresentThis resultcanbe explained
asfollows. Althoughdatais uniformly distributedacrosgthe Grid, thegeomet-
ric distribution of datasepopularity causesertainsitesto containoften-used
datasets.Whenthe algorithm DataPresenis used,thesesitesget morejobs
thanothersandhencetendto getoverloaded.This overloadingleadsto long
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gueuesatthoseparticularsitesandhencea degradationin performanceSince
thereis no active replication,the amountof datatransferreds zeroin this par
ticular case(Figure 1.3). Also, RandLeastLoadedffectively minimizesthe
negative impactof symmetryof decisionsmadeby differentsites. This fact
explainsthe significantimprovementin responsdimes of RandLeastLoaded
ascomparedvith LeastLoaded.

Oncewe introduceareplicationpolicy, however, DataPresererformsbet-
terthanall theotheralternatves(Figurel.2). It doesnotseento matterwhich
particularreplicationstrateyy is chosenaslong asoneof themis employed.In
termsof datatransfer(Figure 1.3), the bestcombinationis againDataPresent
andDataRandonsincetheamountof bandwidthusedin thiscases almostten
timeslessthantheotherjob allocationchoices.Similarly, theidle time of pro-
cessorss significantlysmaller(Figure1.4) for DataPresenwith replication.

Clearly; in this case,dynamicreplicationhelpsreducehotspotscreatedby
populardataand enabledoad sharing. The significantly betterperformance
of strateyy DataPresentvhencombinedwith ary replicationpolicy canbe ex-
plainedasfollows.

Theschedulingstratay by itself generatesinimal datatransfer sincejobs
arescheduledo the site wherethe datathey needis alreadypresent.Datasets
are moved only as a resultof explicit replication. This stratejy ensureghat
the networkdoesnot getoverloaded Moreover, sincetheinputdatais already
preseniat thesite,jobsarenot held up waiting for the requireddatato arrive;
hence, responsdimesare shorter We notethat oncewe extend our work to
considerjobs that require more than one dataset thesestatementsnay not
alwaysbe true, sincea job may be sentto a nodethat hasonly someof the
datasetsequiredby thatjob. The replicationpolicy ensureghatjobs do not
accumulatet afew sitesthatcontainpopulardata(by replicatingpopulardata
to othersites).Thusthe computingpower at a site doesnot causea bottleneck.
However, thereplicationalgorithmsstudieddo not have ary significanteffects
ontheotherthreeschedulingalgorithms.

As Figurel.3illustrates the differencen the averageamountof datatrans-
ferredbetweenralgorithm DataPresemandthe othersis large. Clearly, if data
locality issuesare not consideredeven the best schedulingalgorithmsfall
prey to datatransferbottlenecks.Theseresultspoint to the following. If the
schedulingalgorithmsare studiedby themseles (using plain caching),Ran-
dLeastLoade@ppeardo bethe bestchoice.Whenthe algorithmsarestudied
alongwith the effect of replicationstratgies, however, we seethat DataPre-
sentworks muchbetterthanary otherchoice. Similarly, a replicationpolicy
thatmightwork well by itself may not guaranted¢he bestoverall performance
of the Grid. Only by studyingthe effectsof thecombinationof differentrepli-
cationandschedulingpolicieswerewe ableto comeup with a solutionthat
worksbetterthaneachisolatedstudy
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In termsof idle time, DataRandonperformsmuchworsethanthe othertwo
replicationpoliciesDatal eastLoade@ndDataRandLeastLoaded.

6.1 Effect of Bandwidth
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Figure 1.5. Responsdimesof job schedulingalgorithmsfor differentbandwidthscenarios
(replicationalgorithmusedis DataRandLeastLoaat!).

The large amountsof datatransfersthat take placeseemto imply thatthe
bandwidthavailable to processedasa direct impact on performance. In-
deed,we find that if networkbandwidthis decreasedrom 10 MB/secto 1
MB/sec(Figure1.5),the performanceof all algorithmsthatinvolve extensive
datatransfer(Random,LeastLoadedRandLeastLoadedind Local) degrade
sharply DataPresenperformsmoreor lessconsistentlysinceit doesnotin-
volve a large amountof datamovement. Similarly, whenthe networkband-
width is increasedthe four algorithmswith large datatransfergperformmuch
better The point to be notedhereis thatunderthesenew conditionsof ample
bandwidth(100 MB/sec), RandLeastLoadederformsalmostaswell asDat-
aPresentThus,while we believe thatthe systemparametersf Tablel.1 are
realisticfor a global scientificGrid, we mustbe carefulto evaluatethe impact
of futuretechnologicathange®n our results.

7. CONCLUSIONS AND FUTURE WORK

We have addressetheproblemof schedulingob executionsanddatamove-
mentoperationsn a distributedDataGrid ervironmentwith the goalof iden-
tifying both generalprinciples and specific algorithmsthat can be usedto
achieve good systemutilization and/orresponsdimes. In supportof this in-
vestigation,we have developeda modularand extensibleData Grid schedul-
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ing framavork. We have instantiatecthis framewvork with five differentjob
schedulingalgorithmsandfour differentreplicationalgorithmsandthenused
a DataGrid simulationsystem,ChicagoSim to evaluatethe performanceof
differentalgorithmcombinations.

Our resultsare asfollows. First, the choiceof schedulingalgorithmhasa
significantimpacton systemperformance.Secondjt is importantto address
both job anddataschedulingexplicitly: for example,simply schedulingobs
to idle processorsand then moving dataif required,performssignificantly
lesswell thanalgorithmsthat also considerdatalocation when scheduling.
Third, and mostinteresting,we can achiese particularly good performance
with anapproachn whichjobsarealwaysscheduledvheredatais located and
a separateeplicationprocessat eachsite periodicallygeneratesiew replicas
of populardatasetsWe notethatthis approactassignificantimplementation
adwantagesvhencomparedwith (say)approacheshat attemptto generatea
globally optimal schedule:first, it effectively decouplegob schedulingand
datareplication,sothatthesetwo functionscanbeimplementedcandoptimized
separatelyandsecondt permitshighly decentralizedmplementations.

Theseresultsare promising,but in interpretingtheir significancewe have
to bearin mindthatthey arebasedn syntheticworkloadsandsimplified Grid
scenariosin futurework, we planto investigatanorerealisticscenarioge.g.,
multiple inputfiles) andrealuseraccesgatternsWe arecurrentlyworkingon
usingworkloadsfrom FermiLaboratoryjhttc].

We alsoplanto validateour simulationresultson real Grid testbedssuchas
thosebeingdevelopedwithin the GriPhyN project[AF01] andby participants
in the InternationaVirtual DataGrid Laboratory]AFG*+01].

Furthermorewe planto explore adaptie algorithmsthat selectalgorithms
dynamicallydependingon currentGrid conditions. For example,slow links
andlargedatasetsnightimply schedulinghejobsatthedatasourceandusing
areplicationpolicy similarto thosewe usedfor our studies.Ontheotherhand,
if the datais small and networkslinks are not congestedmoving the datato
thejob.
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