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Abstract

In this paperwe examinethe issueof optimizing disk
usage and of scheduling large-scalescienti ¢ work ows
onto distributed resouces whee the work ows are data-
intensive requiring large amountsof data storage, and
whele the resouceshawe limited storage resouces. Our
approad is two-fold: we minimizethe amountof spacea
work ow requiresduring executionby remaring data les
at runtimewhenthey are no longer required and we sched-
ule the work ows in a way that assuesthat the amountof
datarequired and geneated by the work ow ts ontothe
individual resouces.For a work ow usedby gravitational-
wave physicists,we were able to improve the amount of
storage required by the work ow by up to 57 %. We also
designedan algorithm that can not only nd feasibleso-
lutions for work ow taskassignmento resoucesin disk-
spacecorstrained ervironments put can also improve the
overall work ow performane.

1. Intr oduction

Today scienti ¢ analysesare frequently composedof
several applicationcomponentsgachoften designed and
tunedby a differentresearcherRecetly, scienti ¢ work-
ows [1, 2] have emeged asa meansof combiningindi-
vidual applicationcomponentsnto large-scaleanalysisby
de ning the interactionsbetweenthe componentsand the
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datathatthey rely on. Scienti ¢ work o ws provide a sys-
tematicway to capturescienti c methodologyby supply-
ing a detailedtrace (provenance)of how the resultswere
obtained. Additionally, work o ws are collaboratvely de-
signed,assembledyalidated,andanalyzed Work o ws can
besharedn thesamemannerthatdatacollectionsandcom-
puteresourcesre sharedtoday amongcommunities. The
scaleof the analyss and thus of the work o ws often ne-
cessitateshatsubstaril computationabnddat resources
be usedto generatehe requiredresults. Cyberinfrastruc-
ture projectssuchasthe TeraGrid[3] andthe OpenScience
Grid (OSG)[4] canprovide anexecutionplatformfor work-
0 ws, but they requite a signi cant amountof expertiseon
the part of the scientistto be ableto make ef cient useof
them.

Peagasug[5, 6], which standsfor Planningfor Execution
in Grids,is awork o w mappingenginedevelopedandused
as pat of severd projectsin physics[7], astronomy[8],
gravitational-wave scierce[9, 10], earthquak sciencq11],
neurosciencgl?], andothers Pejasusbridgesthe scien-
tic doman and the execution ervironment by automat-
ically mappingthe high-level work ow descriptionsonto
distributed resourcesuchas the TeraGrid, the Open Sci-
enceGrid, andothers.Peagasusrelieson the Conda DAG-
Man [13] work ow engineto launchwork ow tasksand
maintainthe dependenciebetweerthem. Pegasusenables
scientiststo corstructwork ows in abstractermswithout
worrying aboutthe detals of the underlyingCyberinfras-
tructure or the particularsof the low-level speci cations



requiredby the underlying middleware (Globus [14] and
Condor[15]). Pegasusis usedday-to-dayto map com-
plex, large-scalescienti ¢ work ows with thousandsof
tasksprocessingerabytesof dataonto the Grid. As part
of the mapping,Pegasts automaticallymanageslatagen-
eratedduring work ow executian by stagingthem out to
userspeci ed locations, by registeringthemin datacata-
logs,andby capturingtheir provenancenformation.

Whenwork o ws aremagpedontodistributedresources,
issuesof performanceaelatedto work ow job scheduling
anddatareplicaselectioraremostoftentheprimarydrivers
in optimizing the mapping. However, in the caseof data-
intensive work ows it is possiblethat typical work ow
mappingtechniquesproducework o ws that are unableto
executedueto the lack of disk spacenecessaryor the suc-
cessfulexeaution. In this paperwe examinetwo issuesre-
lated to this problem. The rst dealswith optimizing the
amountof spacethata work ow (or a portion of a work-

0 W) requiresto run on a given resourceand the second
exploresa schedulingtechniquethattakesinto accounthe
spaceneededy thework o w whendedding whereto run
thejobs.

The remainderof the paperis organized as follows.
The next sectionprovidesfurther motivation for this work
by examining a Laser InterferometerGravitational Wave
Obsenatory (LIGO) [16] applicationwhich requireslarge
amountsof spa@ andtargetsthe OSGasits execution en-
vironment. This applicationexhibits behaiours typical in
mary scienti ¢ work o ws usedtoday Section3 describes
an algorithm for reduchg the amountof spacerequired
by a work ow followed by shaving the spaceusaje im-
provementsin the caseof a small simulatedLIGO appli-
cation. Sections4 and5 descrbe an algorithm and shav
theresultsof schedulingvork o wsto space-constrainee-
sources.Finally we give an overview of relatedwork and
includeconcludingremarks.

2. Motivation

LIGO [16] is a network of gravitational-wave detectors,
onelocatedin Livingston,LA andtwo co-locatedn Han-
ford, WA. The obsenatories'missionis to detect andmea-
sure gravitationd waves predictedby generalrelativity—
Einsteins theoryof gravity—in which gravity is described
asdueto the cunatureof the fabricof time andspace One
well-studiedsourceof gravitational waves is the inspiral
and coalescencef a pair of densemassve astroplysical
objectssuch as neutronstarsand black holes. Such bi-
naryinspiralsignalsareamongthe mostpromisingsources
for LIGO [17, 18]. Gravitational wavesinteractextremely
weaklywith matter andthe measuableeffectsproducedn
terrestrialinstrumentsby their passagewill be miniscule.
In orderto establisha con dent detectionor measurement,

a large amountof dataneedsto be acquiredand analyzed
which containsthe strain signalthat measureshe passage
of gravitationalwaves. LIGO applicatios oftenrequireon
theorderof aterabyteof datato producemeaningfulresults.

Data from the LIGO detectorsis analyzed by the
LIGO Scientic Collaboration (LSC) which possesses
mary project-widecompuationalresourcesAdditional re-
sourceswould allow the LSC to extendits sciencegoals.
Thus, the LSC hasbeenreachingout toward Grid deplgy-
mentssuch as the OSG to extend their own capabilities.
OSG supportsthe computationsof a variety of scienti ¢
projectsrangingfrom high-enegy physics, biology, mate-
rial scienceandmary others

The sharednatureof OSG resourcesmposeslimits on
the amountof computationapower anddatastorageavail-
able to ary particularapplication. As mentionedbefore,
a scienti cally meaningfulrun of the binary inspiral anal-
ysis requiresa minimum of 221 GBytesof gravitational-
wave dataandapproximate70,000conmputationalwork ow
tasks.

The LIGO Virtual Organization (VO) is supportedon
nine distinct ComputeElementsmaragedby other insti-
tutions supportingthe OSG.EachComputeElementis an
HPC or High ThroughputComputerHTC) resourceyith,
on average, 258 GB of sharedscratchdisk space. The
sharedscratchdisk spacds usedby approximately20 VOs
with theOSG. TheLIGO VO cannotresene spaceonthese
sharedesources.

Currently Pegasusautomaticallygeneratesa "cleanup
work ow” thatis run afterawork o w has nished andthe
analysisresultshave beenstagedout to a userspeci ed lo-
cation. Thecleanupwork o w deletesall datastaged-inand
dataproductgyeneratednthe ConputeElement.Statically
cleaningup les afterall thedataprocessingccurs.entails
signi cant overheadasthe dataprocessindor a singlerun
may require a week of wall time. Oppotunities exist to
dynamicallydeletetheinputandintermediatedataimmedi-
atelyafterthesedatahave beenconsumedy the jobsin the
workfow. This cansubstantiallyreducethe storageequire-
mentson the ComputeElementduringthe dataanalysis.

Next we describethe algorithm that determinesvhena
givendatale is nolongerneededandwe usethisalgorithm
to adddynamiccleanupjobsto the executablenvork o w.

3. Impr oving Work o w Data StorageUse

The algorithm describedn this sectionaddsa cleanup
job for a data le whenthat le is no longer required
by other tasksin the work ow or when it has already
beentransferredo permanenstorage.The purposeof the
cleanupjob is to deletethe data le from a speci ed re-
source. Sincea data le can be potentially replicatedon
multiple resourcegin casethe computetasksare mapped



Figure 1. Executable worko w with 7 com-
pute jobs mapped to two resour ces.

to multiple resources}he decisionto addcleanupjobs are
madeon a perresourcebasis

In orderto illustrate the working of the algorithm, Fig-
ure 1 shaws an executalle work o w containing7 compute
jobsf0,1,..,& mappedo 2 resoucesf 0,1g. Thealgorithm

rst createsa subgraphof theexecutablenvork o w for each
executionresourceusedin thework ow. The subgraphof
thework o w onresource) containgobsf 0,1,3,4 andthe
subgraptonresourcel containgobsf 2,5,6) (shavnin g-
ure 1). The cleanupnodesaddedto this work ow using
the algorithmare shavn in Figure2. The cleanupjob for
removing le f onresource is denotedasCs .

For eachtaskin the subgrapha list of les eitherre-
quiredor producedoy thetaskis constructedFor example
list of les for taskl mappedo resourced containsles b
andc. For each le in thelist, a cleanupjob for that le
onthatresourcds createdif it doesnot alreadyexist) and
the taskis madeparentof the cleanupjob. Thusa cleanup
job, Cq, for remaving le c on resource0 is createdand
taskl is madeparentof this clearup job. The cleanupjobs
for some les might alreadyhave beencreatedasa result
of parsingprevioustasks.For example thecleanugob Cpp
for remaving le b onresourcd alread exists (asaresult
of parsingtask0). In this casethetaskbeingparseds added

Figure 2. Cleanup nodes added to the exe-
cutable work o w.

asan parentof the clearup job. Thustaskl is addedasa
parentof cleany job Cpy. Whenthe entire subgraphhas
beentraversed,thereexists one cleanupjob for every le
requiredor producecdby tasksmappedo theresource.

If a le requiredby ataskis beingstaged-irfrom another
resourcethenthe algorithmmalkesthe cleanupjob for the

le onthe sourceresourcea child of the stage-injob, thus

ensuringthat the le is not cleanedup on the sourcere-
sourcebefore it is transferredto the target resource. For
example, le b requiredby task2 mappedo resourcel is
being staged-infrom resource0 using stage-injob 112,
andsothecleanugob for le b onresource (Cy) is made
achild of I no12. Finally, if a le producedby ataskis be-
ing staged-outo astoragelocation,thecleanugob is made
a child of the stage-oujob. For instance the cleanupjob
Cho for remaving le h onresource) is madea child of the
stage-oufob Sy, that stagesout le h to permanet stor
age.By addingtheappropriatelependencieshealgorithm
malkes surethat the le is cleanedup only whenit is no
longerrequiredby ary taskin thework o w.

The pseudocodéor the algorithmis showvn in Figure 3.
Its runningtimeis O(e+ n), wheree is thenumberof edges
andn is thenumberof tasksin the execuablework ow as-
sumingthat eachedgerepresentshe dependeng of a par
ticular le betweentwo tasks Multiple le dependencies
betweentwo tasksarerepresentethy multiple edges.The



For everyresource = 1..R

Foreveryjobjin Vr
For every le frequiredby j

addjob j asparentof the cleartJpJobC;
if le fisproducedatanotheresources

Endif
EndFor
For every le f producedoy |

addjob j asparentof the clearpJobC; ,
End For

EndFor
EndFor

Input: ExecutableNork ow, r = 1..R (list of resources)
Output: ExecutabléNork o w includingcleanupobs

Let Gr=(Vr,Er) bethesubgraplinducedby thetasksmappedo resource

createcleanUpJolC; . for le f for resource if it doesnot alreadyexist

Letls,s; = stage-inob for transferrig le f from resource to resources for job j
createcleanUpJolC; s for le f atresourcesif it doesnotexistandmake |t ,s; parentof Cy s

createcleanUpJolCfr for le f for resource if it doesnotalreadyexist

If f is beingstagedutto nal storageaddCs, aschild of the stage-oujob S .

Figure 3. Algorithm for adding cleanup jobs to an executable work o w.

algorithm makes surethat the work ow cleansup the un-
ncessarydata les asit executesby addingcleanupnodes
to theexecutablevork o w) andattheendthereareno les
remainingon the executionreources.

We usea simulatedLIGO work o w to evaluae the per
formanceof theabove algorithmusing amodi ed Grid sim-
ulator[19]. We useawork ow (Figure4) which is a sub-
setof thoseusedfor the currentLSC binaryinspiralanaly-
sis[20]. Thiswork ow consistsof 166 computetasksand
hasthesametopologyastheinspiralanalysisvork o w. We
replaceheinspiralcomputenodeswith simulatedasksthat
have the sane executiontimes and datarequirementsas
aninspiral analysisin orderto bench-markour algorithm.
Oursimulatel analysids thereforea goodrepresentatioof
large scaleLIGO work o ws. In this casethe work ow is
mappedo 4 homogeneousesourcesisinga randommap-
ping heuristic.In future,we planto experimentusingmore
advancedmappingstratgies. During the simulation,the
datastage-intasksare executedaslate aspossibleandthe
cleanupjobs are executedas early as possiblein orderto
minimizethe storageused.

Figure 5 shawvs the amountof storageusedat the 4 re-
sourcesasa functionof time asthework o w executeshoth
without ard with the cleanupjobs. Without the cleanup
nodes the storagebeingusedat the resources$s monoton-
ically increasing. However, with the cleanupjobs thereis
aconsiderablesaving in the amountof storageusedduring
theruntimeof thework o w.

Figure 4. The Structure of the Scaled-Down
Version of the Simulated LIGO Work o w. The
Work o w Progresses Top to Bottom. Edges
represent dependencie s and vertices repre-
sent tasks.

Initially the storageusedby both the approachess the
same.This is becausehis initial periodis mostly usedfor
staging-inthe input data les to the resourcesndthe ex-
ecutionof the top-level tasks. Whenthe next level tasks
nish execution,theirinput les producedby the top-level
tasksare no longerrequiredand provide the rst cleanup
oppurtunity

Table 1 shavs the maximumamountof storageusedat
the executionresourcedath without andwith cleanup.On
average the maximumstorageusedat ary resourceduring



Simulated LIGO Workflow on 4 Resources with Cleanup Nodes
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Figure 5. Cleanup Results for the Simulated
LIGO Work o w on 4 Resources.

resource| nocleanup| with cleanup %
id (GB) (GB) improvement
0 137 58 57%
1 123 65 47%
2 155 91 41%
3 123 61 50%

Table 1. Maximum amount of storage used at
the resour ces without and with cleanup

the lifetime of the work o w is about50 percentesswhen
thecleanupnodesareaddedo thework o w.

We alsosimulatedthe executionof a muchlargerLIGO
work ow containing 38954tasks.The simulatedwork ow
is similarin structureto theoneshown in Figure4, with the
samenumberof levels but with mary more tasksat each
level.

The tasksin the work ow were randomly mappedto
10 homogeneousxecutionresources.Figure 6 shavs the
result of simulatingthe execution of the work ow on 10
resourceshoth with and without the addition of cleanup
jobs. Dueto thelarge numter of tasksin thework ow and
the randan assignmenbf tasksto resourcesthe amount
of spaceusedat eachresourcds approximatelythe same.
Addingthecleanumodesthemaximumstorageusedatthe
resourcess approximately50 percentessthanthe storage
usedwithout the cleanupnodes.

It should be noted here that while the algorithm de-
scribedin Figure 3is ableto signi cantly reducetheamount
of storage usedfor the two work ows, the number of
cleanupjobs canbecomegreaterthanthe numberof tasks
in the executablework o w, particulaty if thework ow is
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Figure 6. Cleanup Results for the Larger Sim-
ulated LIGO worko w.

beingexecutedacros multiple resourceskFor example,our
cleanuplgorithmgenerate®44cleanupasks for thesmall
work ow with 166 computetasks. In generalthe number
of cleanuptaslks would be O(the numberof les usel in

work ow times the number of resourceghe work ow is

mappedto). The cleanyp tasksare not computeintensie
andhencearenot likely to affect the runtime of the work-

o w signi cantly. However, the sheemumberof tasksmay
causeperformancedegradationin the work ow execution
engine. We have alsoimplementeda heuristicfor reduc-
ing the numberof cleanuptasks. The rationaleis to usea
single cleanupfor remaving multiple les insteadof using
onecleanupjob for each le. We wereableto reducethe
numberof cleanupnodesby a factor of 5-6 on synthetic
work o wsaswell asonthesimulated_IGO work o wsand
still obtain the samemaximumspaceusage.In particular

we wereableto reducethe numberof cleanupjobsfor the
smallwork ow to 80 aggrejate cleanupjobs from the 544
earlier

4. Algorithm for Storage-Avare Work o w
Scheduling

Theremoval of data les whenthey arenolongea needed
is only one steptowardsthe ef cient mappingand execu-
tion of work o ws sinceit minimizestheir overal storage
requirements. However, for ef cient execution, one also
needsto guaranteehe usageof resourcesvith ampledisk
spacdor thetasksof thework o w andto considemapping
ontothoseresource#n away thatminimizestheoverall ex-
ecutiontime of the work ow. For the latter, the possible
bene tsthatmightresultfrom replicationof data | esneed



While (thereareunscheduledasks)do
Selectthe rst readytask,i.
For everyresourca=1..R
EDU(i) = Input(i) + Output(i).
if (EDU(i)) + DU(r)) DS(r))
else
End For
if (noresourcesvailable)do

else

For (eachparenttaskp of taski) do

EndFor
EndWhile

Input: ExecutableNork ow, r=1..R(list of computeresources)informationaboutdisk usaye
Output: Mappingof Work o w taks ontoresources

Computeexpecteddisk usageof taski onresource,
Checkthe maximumdisk spae of resource, DS(r), andthe currentdisk spaceDU(r).
resource mustnot be consideedfor theallocationof taski.
computeearliest nish time of taski onresource, EFT(i,r).
marktaskandrepeatheabore for the next readyunmarledtask.
if all readytasksaremarkedthenhaltalgorithm// failure
Assigntaski to theresource thatminimizesgFT of taski.
Sendtaskp amessagé¢o theresourcewheretaskp hasbeenallocated sayresourcem.
Requesp to transferall les requiredby taski to resources.

Proceedo cleanupof arny unnecssary les requiredfrom resourcem.
Updatethe currentdisk usageof resourcem, DU(m).

Figure 7. The Storage-Aware Work o w Scheduling Algorithm.

to be weighedaswell sincethesebene tswill be obtained
at the expenseof additionaldisk space. This sectionde-
scribesan algorithmwhich aimsto schedulevork ows to
storage-constraine@sourcesandat the sametime to min-
imize the overdl work ow executiontime. The key idea,
whenallocatingtasks,is to consider rst disk spaceavail-
ability of resourcesndthenprioritize resoucesdepending
on performancetask executionon thatresource).Thein-
put of the algorithmis awork ow, the executiontime esti-
matesfor eachcomputetaskin the work o w, andthe size
of inputandoutput les eachcomputetaskmayrequireand
produce. In addition,thereis a set of available (compute)
resourcesgachwith its own disk space. Theexecutiontime
estimatesand input and output le sizes can be obtained
using historical information from the previous runs of the
work o w.

The algorithm consistsof three phases:(1) identi ca-
tion of all resourceghat can accommodatehe data les
neededor atask;(2) allocationof the taskto the resource
which canachieve the earliest nish time for the task;and
(3) cleanupof ary unnecessarylata les asindicatedby
ary cleanupjobsinsertedusingthe algorithmin the previ-
oussection.

In the rst phase,the expecteddisk usage(EDU) of a
task, i, which is readyfor execution(readymeansthatits
parentshave completedheir execution)is calculated.The
valueof EDU is the sumof the sizeof theinput les of the
task, Input(i), andthe size of the output les thetaskmay
generateQutput(i). If thetaskis allocatedto the samere-
sourceasall its parenttasks,thenthe value of Input(i) is
setto zero sincethedisk spaceor its input datahasalready
beenaccountedor underoutput le sizesof its parentasks
(Output(k), wherek is a parentof taski). The algorithm
thendecidesdf taski canbeallocatedto aresouceby con-
sideringthe task's expecteddisk spaceusage,the current
disk spaceusageandthetotal disk spacethis resourcehas.
If theallocationof taski doesnotexceedthe maximal disk
spaceof a givenresourcethis resourcds consideredo be
a candidatefor the next phase.This processs repeatedor
eachavailableresource. If no resourcest all satisfythe
spacerequirementf ary readytask, the algorithm halts
andresultsin afailurefor allocation.

If thereareresourcesvhich canaccanmodatethe space
requirementf the task beng consideredthe algorithm
proceeddo the secondphase. In this phase the expected

nish time of thejob (correspondingdo this task)on eachof



theseresaurcesis considered.The nish time is computed
asthe sum of thetimeto transferary datafrom parentsand
thetime to executethe job ontheresourceThejob is then
allocatedto the resourcewhich resultsin the smallest n-
ishtime. It is notedherethat consderingthe resourcehat
givesthe smallestnish time implicitly evaluates the bene-
ts of datareplication. This is becausehetime to transfer
ary datafrom the parentresourcess alsoconsideredvhen
determiningheresourcehatgivesthe smallestnish time.
Finally, oncean allocationdecisionhasbeenmadeandall
the les requiredby ajob have beensentto theresourcahat
executeghisjob, the les (if they arenolongerneededan
beremovedfrom theparentob's resource.

An outline of thealgorithmis givenin Figure7. Its com-
plexity isO(e+ (n  m)), wheree is thenumberof edges,
n is the numberof computetasksandm is the numberof
resourcesvailablefor execution.In practice however, the
runningtime is insigni cant, sincethereare only low-cost
operationsnvolvedin thealgaithm.

5. Evaluation and Discussion

This section evauates the bene ts of the storage-
awarework ow schedulingalgorithmagainsttwo otherap-
proachesavailable for work ow scheluling, which either
do not take into accountindividual resourcecharacteristics
or do not perform ary cleanup.Theaim is to examinethe
rateof failure andthe overall performanceof the proposed
algorithmwith differentcombinationsof network capaci-
ties, disk storageandthe number of availablesites.

Sameas before,we usedsimulationand the work ow
shown in Figure 4, containingl66 computetasks Thetotal

le sizerequiredby thework ow (withoutcleanup)wasap-
proximately118 GBytes. We assimethatthe work ow is
mappedntohomogeneouresourceswhich areconnected
by anetwork which hasthesamespeedetweerary two re-
sourcesWe considerednumberof experimens, wherewe
chosedifferentvaluesfor the numberof computeresources
available, the network speedbetweenthem, and the disk
spaceavailableat eachof the reoourcesin orderto obsere
the behavior of different schedulingalgorithms. Thus,we
considereda numberof: 3, 6, or 9 resoucesavailable for
execution,with netvork speedbetweertheseresourcesf:
100MB/sec,10MB/secor 1MB/sec,andthe maximumdisk
spaceavailable in eachresourceat the start of the execu-
tion of thework ow of: 10, 15, 20, 25, or 30 GBytes. The
maximumdisk spaceavailable was the samefor eachre-
sourcein all theruns. Thereforejn total, we consideredi5
(= 3 3 b)differentexecutionervironments.

Theresultsareshovn in Table 2. Our proposedstorage-
aware schedulingalgorithm hasbeenimplementedand is
denotedin the table as “algl'. The othertwo algorithms
usedin the evaluationaredenotedas alg2' and alg3'. Al-

Network Disk number
Speed | (GBper of algl alg2 alg3
(MB/sec) | resource)| resources
100 15-30 9 1444 | 1739 | 1444
100 10 9 1444 | 1739 Fail
10 15-30 9 2404 | 4395 | 2404
10 10 9 2404 | 4395 Fail
1 15-30 9 12002 | 30956 | 12002
1 10 9 12002 | 30956 | Fail
100 20-30 6 2154 | 2548 | 2154
100 15 6 2154 | 2548 Fail
100 10 6 2154 Fail Fail
10 20-30 6 3584 | 6308 | 3584
10 15 6 3584 | 6308 Fail
10 10 6 3584 Fail Fail
1 20-30 6 17889 | 43910 | 17889
1 15 6 17889 | 43910 | Fail
1 10 6 17889 | Fall Fail
100 25-30 3 4281 | 9957 Fail
100 20 3 4281 Fail Fail
100 10-15 3 Fail Fail Fail
10 30 3 6850 | 12569 | Fail
10 20-25 3 6850 Fail Fail
10 10-15 3 Fail Fail Fail
1 30 3 32532 | 87738 | Fall
1 20-25 3 32532 | Fail Fail
1 10-15 3 Fail Fail Fail

Table 2. Simulated execution time (in sec) for
the LIGO worko w in Figure 4, for diff erent
environment settings and diff erent schedul-
ing algorithms.

gorithm alg2' considerslatacleanup(implementingheal-
gorithmin Section 3 of thispaper) but doesnottakeinto ac-
countthe spaceavailableat eachindividual resourcevhen
allocatingtasksonto resourcesnor the executiontime on
the resource;it simply selectsresourcegandomlyto as-
sign tasks. This may lead to the assignmenof a task to
aresourcenhich doesnot have enoughstoragefor the les
neededby atask. On the otherhand, alg3' considerge-
sourcestorage availabilities when allocating jobs and as-
signsthe job to the bestmachine,but the algorithm does
not performary cleanup(for data les thatareno longer
needed)All threealgorithmsrequire thatall theinput data
les of eachtaskareavailableon theresourcahatthis task
wasallocatedfor thetaskto startexecution.

The resultsin Table 2 shav the executiontime of the
work ow for eachdifferentsettingandalgorithm. The en-
try "Fail' meanghatthe correspondin@lgorithmcould not

nish the work ow allocationdue to spaceconstraintsat
somestageduring the execution. Sincedisk capacitypri-
marily affectsthe ability to run the work ow, ratherthan



its overall executiontime, theresultsaregroupedwhenthe
outcomedoesnot differ. So, for example,the rstrow of
thetableindicateghatthe executiontime of eachalgorithm
remainsthe samefor disk capacityper resourceof 15-30
GBytes.

It canbeseerclearlythatourproposedilgorithm, algl’,
can give solutionsin many caseshat the othertwo algo-
rithmsfail. The makesparof thesesolutionsis alwaysbet-
ter than the makespanof “alg2'. The differenceis more
profoundwith slower network speedsr a smaller number
of resources.For example,with 1MB/secnetwork speed,
the makespanof “algl' canbe threetimesfasterthanthe
makesparusing alg2'.

The "alg3' algorithmfailedto provide solutionsin mary
casesn the experiments. Especiallyfor small nunber of
resourcesndsmall disk space, alg3' wasunableto nish
the allocationregardlessof the network speed.In the case
of 6 resourcesit canbe seenthat algl' canrunin settings
with half the availabledisk spacethat "alg3' needqi.e., 10
GB/resourceasopposedo 20 GB/resource)aresultwhich
isin line with our ndings (seeTablel) thattheclearuppro-
cessreduceghe disk requirementsof the simulatedLIGO
work ow by abouthalf.

The resultsclearly demonstratehat it is not sufcient
to consideronly datarelocationor datalocality whenrun-
ning data-intensie work ows in space-constrainednvi-
ronments.

6. Related Work

With Directed Acyclic Graphs(DAGS) being a corve-
nientmodelto representvork o ws, the vastamountof lit-
eratureon DAG schedulings of relevanceto the problemof
work ow scheduling21]. In recentyearstherehasbeena
revival of interestin the contet of problemsespeciallymo-
tivatedby scienti ¢ work o w executionandheterogeneous
ernvironmentg22,23,24,25,26,27,28,29]. In themajority
of theseworksthe aimis to minimize thework o w execu-
tion time. No work hastakeninto accountheavailabledata
storagewhenselectingresouces,which hasprovedto bea
critical factorwhenexecutirg data-intensie work o ws.

The most interestingwork in the contet of this pa-
per, which considersdata placementhasbeenpresented
in [30, 31]. Theirpropose schedulingandreplicaion algo-
rithm keepsrackof thepopularityof datasetandreplicates
thosedatasetdo differentsites. However, the datareplica-
tion approachdoesnot work well in a storage-constrained
ervironmentasit mayincreasehe demandof datastorage
andmay leadto heary storagerequirementsor individual
resourcesTo draw an analogy "alg3' in Section5 is asim-
ple versbn of a datareplicationapproachhowever, it did
notcompletetheexecutionin mary casedecause¢herewas
notenoughspacdor datastorage.

7.Conclusions

We examinedthe problemof mappingscienti ¢ work-
o ws onto distributed resourcesvherethe amountof disk
spaceat theresourcsis limited. We presente two-prong
approachwherewe minimizedthe disk spacefootprint of
the work ow by removing dataas soonasit is no longer
neededand where we scheduledthe work ow tasks by
rst takinginto accounthe datarequirenentsof the work-
o w andthe dataspaceavailahility attheresourceslUsing
our approachwe were able to decreasahe spaceneeded
by awork ow usedby gravitational-wave physicistsby as
muchas57% as comparedo the un-optmized versionof
thework ow. Additionally, we presentedhn algorithmfor
schedulinghe work o w thatdemonstratethattakinginto
accountspaceconstraintsvhenschedulingvork o w tasks
ontoresourcesvith limited disk spaceyields notonly feasi-
ble solutions whereotheralgorithmsmayfail, but alsodoes
not compromisehe overall work o w performane. In the
future we plan to study disk space-aare algorithmsfur-
ther, in particularexamining the tradeofs betweenspace
and time optimizations. We alsointendto consideropti-
mizationsfor schedulingthe work o w onto resourceghat
canevaluatethe propertieof thework o w asawholein or-
derto make moreinformeddecisionsabouttaskallocation.
While theresultspresentedn this paperwereobtainedus-
ing simulationswe alsoplanto do experimentson real op-
erationalGrid infrastructuresuchasTeraGrid[3]in orderto
demonstratéhe ef cacy of the presentedilgorithms.
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