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Abstract This chapterdescribesthework donewithin theNSF-fundedGriPhyN project
in the areaof workflow management.The targetedworkflows are large both
in termsof the numberof tasksin a given workflow andin termsof the total
executiontime of theworkflow, which cansometimesbe on theorderof days.
Theworkflowsrepresentthecomputationthatneedsto beperformedto analyze
large scientificdatasetsproducedin high-energy physics,gravitationalphysics,
andastronomy. This chapterdiscussesissuesassociatedwith workflow man-
agementin the Grid in generalandalsoprovidesa descriptionof the Pegasus
system,whichcangenerateexecutableworkflows.

Keywords: Workflow management,planning, reliability, Grid-enabledscientific applica-
tions.
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As thecomplexity of Grid applicationsincreases,it becomesever moreim-

portantto provide a meansto manageapplicationcompositionandthe gen-
erationof executableapplicationworkflows. This chapterdescribesthe Gri-
PhyNproject,which explores,amongothers,issuesof workflow management
in Gridsin supportof large-scalescientificexperiments.

GriPhyN(Grid PhysicsNetwork[Grib]) is anNSF-fundedprojectthataims
to supportlarge-scaledatamanagementin physicsexperimentssuchashigh-
energy physics,astronomy, andgravitational wave physicsin the wide area.
GriPhyNputsdatabothraw andderivedundertheumbrellaof Virtual Data. A
useror applicationcanaskfor avirtual dataproductusingapplication-specific
metadatawithout needingto know whetherthedatais availableon somestor-
agesystemor if it mustto becomputed.To enablethecomputation,thesystem
needstohavearecipe(possiblyin aform of aworkflow) thatdescribesthedata
products.
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To satisfy the user’s request,GriPhyN will schedulethe necessarydata
movementsand computationsto producethe requestedresults. To perform
thescheduling,resourcesneedto bediscovered,dataneedsto be locatedand
staged,andthecomputationneedsto be scheduled.The choiceof particular
computationalresourcesanddatastoragesystemswill dependon the overall
performanceandreliability of entirecomputation.GriPhyNusesthe Globus
Toolkit [GLO] asthebasicGrid infrastructureandbuildsontopof it high-level
servicesthatcansupportvirtual datarequests.Theseservicesincluderequest
planning,requestexecution,replicaselection,workflow generation,andoth-
ers.

Thefollowing sectiondescribestheworkflow generationprocessin general,
startingfrom theapplicationlevel, which containsapplicationcomponentde-
scriptions,down to the executionlevel, wherethe refinedworkflow is ready
for execution. Section3 providesa brief overview of the issuesinvolved in
workflow managementin theGrid in general.Particularaspectsof theprob-
lemsuchasworkflow performanceandworkflow fault toleranceareaddressed.
Section4 describesthePegasus(Planningfor Executionin Grids)[DBG } 03b]
framework thatwasdevelopedto provide anexperimentalplatformfor work-
flow managementresearch.Two specificconfigurationsof Pegasusaredis-
cussed.The first takesa descriptionof the workflow in termsof logical file-
namesandlogical applicationcomponentnamesandproducesan executable
workflow. The secondbuilds anexecutableworkflow basedon metadatathat
describesthe workflow at the applicationlevel, allowing scientiststo request
datain termsthat arescientificallymeaningful. The chapterconcludeswith
relatedwork on thetopicandfutureresearchdirections.
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Scientistsoftenseekspecificdataproductsthatcanbeobtainedby config-

uringavailableapplicationcomponentsandexecutingthemontheGrid. As an
example,supposethat the user’s goal is to obtaina frequency spectrumof a
signal � from instrument� andtime frame � , placingthe resultsin location�

. In addition,theuserwouldlike theresultsof any intermediatefiltering steps
performedto beavailablein location � , perhapsto checkthefilter resultsfor
unusualphenomenaor perhapsto extractsomesalientfeaturesto themetadata
of thefinal results.Theprocessof mappingthis typeof userrequestontojobs
to be executedin a Grid environmentcanbe decomposedinto two steps,as
shown in Figure1.1.

1 Generating an abstract workflow: Selectingandconfiguringapplica-
tion componentsto form an abstractworkflow. The applicationcom-
ponentsareselectedby examiningthespecificationof their capabilities
andcheckingto seeif they cangeneratethedesireddataproducts.They
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areconfiguredby assigninginputfiles thatexist or thatcanbegenerated
by otherapplicationcomponents.The abstractworkflow specifiesthe
orderin which thecomponentsmustbeexecuted.More specifically, the
following stepsneedto beperformed:

(a) Findwhichapplicationcomponentsgeneratethedesireddataprod-
ucts,which in our exampleis a frequency spectrumof thedesired
characteristics.Let onesuchcomponentbe ²-³ . Find which inputs
that componentneeds,checkif any inputsareavailableandif so
let the correspondingfiles be �¤´1µ�µ�µS�e¶ . If any input is requiredin
formatsthatarenotalreadyavailable,thenfind applicationcompo-
nentsthat canproducethat input, andlet onesuchcomponentbe
²Q³7·�´ . Thisprocessis iterateduntil thedesiredresultcanbegener-
atedfrom a compositionof availablecomponentsthatcanoperate
over available input data,namely ²�´1µ�µ¤µ^²-³ and �¤´�µ�µ¤µ¸�¨¹ respec-
tively.

(b) Formulatetheworkflow thatspecifiestheorderof executionof the
components²�´ºµ¤µ�µ\²-³ . This is whatwe call anabstract workflow.
Pleasenotethatat this level thecomponentsandfiles arereferred
to by their logical names, which uniquelyidentify thecomponents
in termsof their functionality andthe datafiles in termsof their
content.A singlelogicalnamecancorrespondto many actualexe-
cutablesandphysicaldatafiles in differentlocations.

2 Generating a concrete workflow: Selectingspecificresources,files,
andadditionaljobsrequiredto form aconcreteworkflow thatcanbeexe-
cutedin theGrid environment.In orderto generateaconcreteworkflow,
eachcomponentin the abstractworkflow is turnedinto an executable
job by specifyingthe locationsof the physicalfiles of the component
anddata,aswell asthe resourcesassignedto thecomponentin theex-
ecutionenvironment. Additional jobs may be includedin the concrete
workflow, for example,jobs that transferfiles to the appropriateloca-
tions whereresourcesareavailable to executethe applicationcompo-
nents.Specifically, thefollowing stepsneedto beperformed:

(a) Find thephysicallocations(i.e.,physicalfiles) of eachcomponent
²»´�µ�µ�µk²-³ : ²�´ -¼H½�µ�µ�µ\²-³ -¼:½ .

(b) Checkthecomputationalrequirementsof ²»´ -¼H½�µ�µ�µk²-³ -¼H½ andspec-
ify locations

� ´�µ¤µ�µ � ³ to executethemaccordingto the required
andavailableresources.

(c) Determinethephysicallocationsof theinputdatafiles � ´ -¼H½�µ�µ¤µ¸� ¹ -
¼:½ , andselectlocationsaremoreappropriategiven

� ´�µ¤µ�µ � ³ .
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Theprocessof developingdataintensive applicationsfor Grid environments.
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(d) Augment the workflow descriptionto include jobs Å¬´1µ�µ¤µ¸ÅÆ¹ } ³

to move componentandinput datafiles ( ²»´ -¼H½�µ¤µ�µ\²-³ -¼H½ and �¤´ -
¼:½lµ¤µ�µS�¨¹ -¼H½ ) to theappropriatetargetlocations

� ´�µ�µ�µ � ³ .
AlthoughGrid middlewareallowsfor discoveryof theavailableresourcesand
of the locationsof the replicateddata,usersarecurrentlyresponsiblefor car-
rying out all of thesestepsmanually. Thereareseveral importantreasonsthat
automatingthisprocessnotonly desirablebut necessary:

Usability: Usersarerequiredto have extensive knowledgeof the Grid
computingenvironmentandits middlewarefunctions.For example,the
userneedsto understandhow to queryan informationservicesuchas
the Monitoring and Discovery Service(MDS) [CFFK01], to find the
availableandappropriatecomputationalresourcesfor thecomputational
requirementsof acomponent(step2b). Theuseralsoneedsto querythe
ReplicaLocationService(RLS)[CDF} 02] to find thephysicallocations
of thedata(step2c).

Complexity: In additionto requiringscientiststo becomeGrid-enabled
users,theprocessof workflow generationmaybecomplex andtimecon-
suming.Notethat in eachsteptheusermakeschoiceswhenalternative
applicationcomponents,files, or locationsareavailable. Theusermay
reacha deadendwhereno solutioncanbefound,which would require
backtrackingto undosomepreviouschoice.Many differentinterdepen-
denciesmayoccuramongcomponents,andasaresultit maybedifficult
to determinewhich choiceof componentandor resourceto changeand
whatwouldbea betteroptionthatleadsto a feasiblesolution.

Solutioncost: Lower costsolutionsarehighly desirablein light of the
highcostof someof thecomputationsandtheuser’slimitationsin terms
of resourceaccess.Becausefindingany feasiblesolutionis alreadytime
consuming,usersareunlikely to explorealternativeworkflowsthatmay
reduceexecutioncost.

Globalcost: Becausemany usersarecompetingfor resources,minimiz-
ing costwithin a communityor a virtual organization(VO) [FKT01] is
desirable.This requiresreasoningaboutindividualuserchoicesin light
of all otheruserchoices.It maybe desirableto find possiblecommon
jobsthatcanbeincludedacrossuserworkflowsandexecutedonly once.

While addressingthe first threepointsabove would enablewider accessibil-
ity of theGrid to users,the lastpoint, minimizing globalcost,simply cannot
behandledby individual usersandwill likely needto be addressedat thear-
chitecturelevel. In addition,therearemany policiesthat limit useraccessto
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resources,andthat needsto be takeninto accountto accommodateasmany
usersaspossibleasthey contendfor limited resources.

An additionalissueis the reliability of execution. Whenthe executionof
the job fails, in today’sGrid framework therecovery consistsof resubmitting
that job for executionon the sameresources.(In Figure1.1 this is shown as
retry.) However, it is also desirableto be able to choosea different set of
resourceswhentasksfail. This choiceneedsto be performedat the abstract
workflow level. Currently, there is no mechanismfor opportunistically re-
runningtheremainingtasksin theworkflow to adaptto thedynamicsituation
of theenvironment.Moreover, if any job fails repeatedlyit wouldbedesirable
for thesystemto assignanalternative componentto achieve thesameoverall
usergoals.This approachwouldneedto beperformedat theapplicationlevel
wherethereisanunderstandingof how differentapplicationcomponentsrelate
to eachother.

Ècp ��v�u:�-��vU� ÉÊ��sL���q��Ë��Us>tÌrD�;�Dxz���!{^s#�!uU{^wL�
Grid computinghas takengreatstridesin the last few years. The basic

mechanismsfor accessingremoteresourceshavebeendevelopedaspartof the
Globus Toolkit andarenow widely deployedandused. Among suchmech-
anismsare: Informationservices,which canbe usedto find the availablere-
sourcesand selectthe resourceswhich are the most appropriatefor a task;
Securityservices,which allow usersand resourcesto mutually authenticate
andallow the resourcesto authorizeusersbasedon local policies; Resource
management,which allows for theschedulingof jobson particularresources;
andDatamanagementservices,whichenableusersandapplicationstomanage
large,distributed,andreplicateddatasets.

With theuseof theabovemechanisms,onecanmanuallyfind outaboutthe
resourcesandschedulethedesiredcomputationsanddatamovements.How-
ever, this processis time consumingandcan potentially be complex. As a
result, it is becomingincreasinglynecessaryto develop higher-level services
that canautomatethe processandprovide an adequatelevel of performance
andreliability. Amongsuchservicesareworkflow generators,whichcancon-
struct concreteor abstractworkflows or both, andexecutors,which given a
concreteworkflow executeit on thespecifiedGrid resources.

Whengeneratingworkflows,onecantakeinto accountmetricssuchasthe
overall runtimeof theworkflow, andtheprobability that theworkflow will be
executedsuccessfully. An importantaspectof obtainingdesiredresultsfrom
workflow executionis therelationshipbetweenworkflow generatorandwork-
flow executor. In thefollowing sectionwe explorethis interaction.



�����\�^����� �¢¡¤£7¡C¥¤¦C§L¦¨£7©�ª4£¬«��Vªm­�®7¯V° Í
ÈcpSo ÎÏ�k��sLs»{ksL�)Ð¨v�u�Ñ��LtH{SËÒ�>��Î¬��u�ÐCvÓuUËÒ��sLyU�

In this section,we focus on the behavior of a workflow generator(here
referredto astheplanner)andits interactionwith anexecutor, suchasCondor-
G/DAGMan [FTLT01]. The relationshipandinterfacesbetweenthe planner
andtheexecutorareimportantbothfrom thestandpointof planningandfault
tolerance.For this discussion,we assumethatmultiple requeststo thesystem
arehandledindependently.

Wefirst describetwo waysthattheprocessof workflow generationandexe-
cutioncanvary, andusethemto characterizethedifferentinteractionsbetween
theplannerandexecutor. Decisionsabouttheworkflow, suchasthe resource
on which to run a particulartask,canbe madewith referenceto information
aboutthewholeworkflow or just the taskat hand.The formerwe refer to as
a global decisionandthe latterasa local decision. Typically, executorsmake
localdecisionsabouttasks,while someplannersmakeglobaldecisions.Deci-
sionscanbemadeassoonaspossible(early) or justbeforethetaskis executed
(in-time). Typically, anexecutormakesany decisionsjust beforetaskexecu-
tion. To reasonglobally, a plannerneedsto makedecisionsbeforeany tasks
areexecuted,but they mayberevisitednearertheexecutiontime.

Onecanimaginetwo extremesfor how work is dividedbetweentheplanner
andexecutor: on onehand,the plannercanmakea fully detailedworkflow
basedonthecurrentinformationaboutthesystemthatincludeswherethetasks
needto execute,the exact locationfrom wherethe dataneedsto be accessed
for thecomputation,etc.,leaving very few decisionsto theexecutor. We call
this approachfull-plan-ahead, andit canbe seento result in anearly, global
decision-maker. At the otherextreme,the plannercanleave many decisions
up to theexecutor. It can,for example,give theexecutora choiceof compute
platformsto use,achoiceof replicasto access,etc.At thetime theexecutoris
readyto performthecomputationor datamovements,theexecutorcanconsult
the informationservicesandmakelocal decisions(herecalled in-time local
scheduling).

The benefitof the full-plan-aheadapproachis that the plannercanaim to
optimizetheplanbasedon theentirestructureof theworkflow. However, be-
causetheexecutionenvironmentcanbeverydynamic,by thetime thetasksin
theworkflow arereadytoexecute,theenvironmentmayhavechangedsomuch
thattheexecutionis now far from theexpectedperformance.Additionally, the
datamayno longerbeavailableat thelocationassumedby theplanner, leading
to anexecution-timeerror. Clearly, if theplannerconstructsfully instantiated
plans,it mustbeabletoadaptto thechangingconditionsandbeableto quickly
re-plan.

Faultsdueto thechangingenvironmentarefar lesslikely to occurwhenthe
executoris given the freedomto makedecisionsasit processesthe abstract
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workflow, as in the in-time-schedulingapproach.At the time a taskis to be
scheduled,theexecutorcanusethe informationservicesto find out aboutthe
stateof the resourcesandthe locationof thedataandmakea locally optimal
decision.However, becausetheexecutordoesnotuseglobalinformationabout
therequest,it canmakepotentiallyexpensivedecisions.

Anotherapproachis in-timeglobal scheduling. Here,theplannerprovides
an abstractworkflow descriptionto the executor, which in turn contactsthe
plannerwhenit is readyto schedulea taskandasksfor theexecutionlocation
for the task. The plannercan at that time makea decisionthat usesglobal
informationaboutthe workflow. In the meantime,the plannercancontinu-
ally plan ahead,updatingits views of the stateof the Grid. If the resources
availableto theplanneritself arenot ableto supportcontinuousplanning,the
plannercanrunperiodicallyor atatimewhenanew decisionneedstobemade.
Becausetheplannercanmakedecisionseachtime a taskis scheduled,it can
takemany factorsinto considerationandusethemostup-to-dateinformation.
The drawback,however, is that the control may be too fine, andmay result
in high communicationoverheadsanda large amountof computationdueto
re-planning.

Clearly, thereis no singlebestsolutionfor all applications,sincetheseap-
proachescanhaveverydifferentcharacteristics.For example,consideradata-
intensive application,wherethe overall runtime is driven by datamovement
costs,in which sometask Õ requiresfile ÕQÖ asinput andproducesoutputfile× Ö thatis input for task

×
. If
×

canonly run in a few locations,and
× Ö is large

relative to Õ-Ö , thena local decision-makersuchasthein-time local scheduler
is likely to createaverypoorplan,becauseit will first choosea locationto run
Õ that is closeto its requiredinput ÕQÖ , without regardto the requirementto
thenmove the output

× Ö to a locationwhere
×

canrun. Global reasoningis
requiredto find thebestworkflow.

To decideon the beststrategy, however, we also needto talk abouthow
quickly the Grid environmentchanges.If the availability of the neededre-
sourceschangesquickly enoughthatanearlydecisionfor whereto execute

×
maybepooror invalid by thetime Õ completes,andif

×
canrun at many lo-

cationsor
× Ö is relatively small,thenin-time local schedulingwouldbebetter

thanfull-ahead-planning.If the domainchangesquickly andrequiresglobal
scheduling,thenin-time globalschedulingis probablythebeststrategy. How-
ever, it is alsopossiblethatglobal schedulingitself will takesignificanttime
to completecomparedwith the savings it produces.So if the planningtime
is largecomparedwith theexecutionsavings,in-time local schedulingor full-
ahead-planningmay still be preferred. Similar argumentscan be madefor
compute-intensiveapplications.

Anotherfactor in workflow managementis theuseof reservationsfor vari-
ousresourcessuchascomputehosts,storagesystems,andnetworks.As these
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technologiesadvance,we believe that the role of full-plan-aheadandin-time
globalschedulingsystemswill increase.

Up to now, we have consideredonly thecasewheretheworkflow manage-
mentsystemhandlesonly onerequestat a time. Theproblembecomesmore
complex whenthesystemis requiredto find efficient workflows for multiple
requestsandto accommodatevarioususagepoliciesandcommunityanduser
priorities. In this case,full-plan-aheadplannershave thetheadvantageof be-
ing abletocompareandin somecasesoptimizeend-to-endworkflows(through
exhaustivesearch.)However, full-plan-aheadplannersstill facethechallenge
of needingto beableto reactto thechangingsystemstate.

Thenatureof thisproblemseemsto indicatethattheworkflow management
systemneedsto be flexible and adaptablein order to accommodatevarious
applicationsbehavior and systemconditions. Becausean understandingof
theapplication’sbehavior is crucial to planningandschedulingtheexecution,
applicationperformancemodelsarebecomingever morenecessary.

Ècp\~ ÎÏ�k��sLs»{ksL�)Ð¨v�uÌÙL��x»�Út�ÛÆvÜ�^��u&��sLyU�
Performanceis not the solecriterion for workflow generation.Fault toler-

anceof theworkflow executionalsoneedstobeconsidered.Theabstractwork-
flow generatorcanconstructa few differentworkflows,allowing thelowerlev-
els to decidewhich abstractworkflow to implement.For exampleonework-
flow can rely on datathat is available only from very unreliableresources,
whereasanothercanuseresourcesthatareexpectedto bereliable.In thatcase,
theconcreteworkflow generatormaydecideto instantiatethesecondabstract
workflow.

Theconcreteworkflow generatoritself mayprovidemultipleconcretework-
flows, leaving it up to the executorto choosebetweenthem, or allowing it
to executealternative workflows in casesof a failure of a particularconcrete
workflow. The generatormay also include “what if ” scenariosin the con-
creteworkflows. The executorwould then executethe dependentnodesin
the workflow basedon thesuccessor failure (or possiblysomeothermetric)
of the executionof the parentnodes. The generatorcanalso instantiatethe
abstractworkflow basedon the informationit hasaboutthe reliability of the
systemcomponents.To achieve this, monitoringof the behavior of various
systemcomponentsneedsto beperformed.This informationcanalsobeused
by theexecutor, which canreplicatetasksif it is schedulingjobson compute
resourcesviewedasunreliableor oncomputeresourcesconnectedby apoorly
performingnetwork. The executionenvironmentitself can incorporatefault
tolerancemeasures,by checkpointingthe stateandproviding restartcapabil-
ities. Theexecutormayalsowant to adaptthecheckpointinginterval for the
jobsbasedon which resourcesthejob is running.
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So far we have discussedthe generalissuesin workflow managementin
GriPhyN.In the following sectionswe focuson thefirst implementationof a
workflow generationsystem.
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Pegasus, which standsfor Planningfor Executionin Grids,wasdeveloped

at ISI aspartof theGriPhyNproject.Pegasusis aconfigurablesystemthatcan
mapandexecutecomplex workflowsontheGrid. Currently, Pegasusrelieson
a full-ahead-planningto mapthe workflows. As the systemevolves,we will
incorporatein-time local schedulingandin-time globalschedulingaswell.

Pegasusandits concreteworkflow generatorhasbeenintegratedwith the
GriPhyN Chimerasystem[F } 02]. Chimeraprovides a catalogthat can be
usedto describea set of applicationcomponentsand thentrack all the data
files producedby executingthoseapplications.Chimeracontainsthe mech-
anismto locatethe recipeto producea given logical file in the form of an
abstractworkflow. In the Chimera-driven configuration,Pegasusreceivesan
abstractworkflow (AW) descriptionfrom Chimera,producesa concretework-
flow (CW), andsubmitsthe CW to Condor-G/DAGMan for execution. The
workflows arerepresentedasDirectedAcyclic Graphs(DAGs). TheAW de-
scribesthe transformationsand data in termsof their logical names;it has
informationaboutall thejobsthatneedto beperformedto materializethere-
quireddata.

ThePegasusRequestManagersendsthis workflow to theConcreteWork-
flow Generator (CWG.) The latter queriesthe GlobusReplicaLocationSer-
vice (RLS) to find the locationof the input files, asspecifiedby their logical
filenamesin theDAG.TheRLSreturnsa list of physicallocationsfor thefiles.

The informationabouttheavailabledatais thenusedto optimizethe con-
creteworkflow from the point of view of Virtual Data. The optimizationis
performedby the Abstract DAG Reductioncomponentof Pegasus. If data
productsdescribedwithin the AW are found to be alreadymaterialized,Pe-
gasusreusesthemandthusreducesthecomplexity of theCW.

Thefollowing is anillustrationof thereductionalgorithm.Figure1.2shows
a simpleabstractworkflow in which thelogical componentExtract is applied
to an input file with a logical filename äÜµæå . The resultingfiles, with logical
filenamesäÜµmçéè and äÜµmç1ê , areusedasinputsto the componentsidentifiedby
logical filenamesResampleandDecimate,respectively. Finally, theresultsare
Concatenated.

If we assumethat äÜµmë1ê is alreadyavailableon somestoragesystem(asin-
dicatedby the RLS), the CWG reducesthe workflow to threecomponents,
namelyExtract, Resample, andConcat. It then addsthe transfernodesfor
transferringäÜµmë1ê and äÜµæå from their currentlocations. It alsoaddstransfer
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An examplereduced,concreteworkflow.

nodesbetweenjobs that will run on different locations. For example,if the
executablesfor ResampleandConcatareavailableat two differentlocations,
Fc.1will have to betransferred.Finally, theCWG addsoutputtransfernodes
to stagedataout andregistrationnodesif theuserrequestedthattheresulting
databe publishedandmadeavailableat a particularlocation. The concrete
workflow for this scenariois shown in Figure1.3. Oncethe workflow is in-
stantiatedin the form of a DAG, softwaresuchasDAGManandCondor-G is
usedto schedulethejobsdescribedin thenodesof theDAG ontothespecified
resourcesin theirspecifiedorder.

In general,the reductioncomponentof Pegasusassumesthat it is more
costly to executea component(a job) than to accessthe resultsof the com-
ponentif thatdatais available. For example,someotheruserin theVO may
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have alreadymaterializedpartof theentirerequireddataset. If this informa-
tion is publishedinto the RLS, thenPegasuscanutilize this knowledgeand
obtainthedatathusavoiding possiblecostlycomputations.As a result,some
componentsthatappearin theabstractworkflow do not appearin theconcrete
workflow.

During the reduction,the output files of the jobs that do not needto be
executedare identified. Any antecedentsof the redundantjobs that do not
have any unmaterializeddescendantsareremoved. Thereductionalgorithmis
performeduntil no furthernodescanbereduced.

The CWG componentof Pegasusmapsthe remainingabstractworkflow
onto the available resources.Currently the information aboutthe available
resourcesis staticallyconfigured.However, at this time, we areincorporating
the dynamicinformationprovided by the Globus Monitoring andDiscovery
Service(MDS2) into thedecision-makingprocess.

The CWG alsochecksfor the feasibility of the abstractworkflow. It de-
terminestheroot nodesfor theabstractworkflow andqueriestheRLS for the
existenceof the input files for thesecomponents.The workflow canonly be
executedif the input files for thesecomponentscanbe found to exist some-
where in the Grid and are accessiblevia a datatransportprotocol, suchas
GridFTP [ABB } 02]. The Transformation Catalog [DKM01] is queriedto
determineif the componentsareavailable in the executionenvironmentand
to identify their locations.TheTransformationCatalogperformsthemapping
betweena logical componentnameandthelocationof thecorrespondingexe-
cutableson specificcomputeresources.TheTransformationCatalogcanalso
be usedto annotatethe componentswith the creationinformationaswell as
componentperformancecharacteristics.Currentlythe CWG picks a random
locationto executefrom amongthepossiblelocationsidentifiedby thecatalog.

Transfernodesareaddedfor any of thesefiles thatneedto bestagedin, so
that eachcomponentandits input files areat the samephysicallocation. If
theinput files arereplicatedat several locations,theCWG currentlypicksthe
sourcelocationat random.

Finally transfernodesand registrationnodes,which publish the resulting
dataproductsin the RLS, areaddedif the userrequestedthat all the databe
publishedandsentto a particularstoragelocation.

In orderto beableto executetheworkflow, Pegasus’SubmitFile Generator
generatessubmitfiles whicharesubsequentlysentto DAGManfor execution.
Their executionstatusis thenmonitoredwithin Pegasus.

In the abstract-workflow-drivenconfiguration,Pegasushasbeenshown to
besuccessfulin mappingworkflowsfor verycomplex applicationssuchasthe
SloanDigital Sky Survey [A } 02] andtheCompactMuonSource[DBG } 03a].
Pegasustooktheabstractworkflow with hundredsof nodes,instantiatedit, and
oversaw its successfulexecutionon theGrid.
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Thestagesin theLIGO pulsarsearch.
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Pegasuscanalsobeconfiguredto generateaworkflow from a metadatade-

scriptionof the desireddataproduct. This descriptionis application-specific
and is meaningfulto the domainexpert. This configurationof Pegasuswas
appliedto oneof the physicsprojectsthatarepartof GriPhyN,the LaserIn-
terferometerGravitational-Wave Observatory, (LIGO [LIG, A } 92, BW99]).
LIGO is a distributednetworkof interferometerswhosemissionis to detect
andmeasuregravitationalwavespredictedby generalrelativity, Einstein’sthe-
ory of gravity. Onewell-studiedsourceof gravitational wavesis the motion
of dense,massive astrophysicalobjectssuchasneutronstarsor black holes.
Othersignalsmaycomefrom supernova explosions,quakesin neutronstars,
andpulsars.

LIGO scientistshavedevelopedapplicationsthatlook for gravitationalwaves
possiblyemittedbypulsars.Thecharacteristicsof thesearcharethepositionin
thesky, frequency rangeof theexpectedsignal,andtime interval over which
to conductthe search.LIGO scientistswould like to makerequestsfor data
usingjust suchmetadata.

To supportthis type of request,the pulsarapplicationis decomposedinto
several stages(eachan applicationin itself). Someof thesestagesmay con-
tain thousandsof independentapplications.The first stage(Figure1.4) con-
sistsof extracting the gravitational wave channelfrom the raw data. Some
processinggearedtowardsthe removal (cleaning)of certaininstrumentalsig-
naturesalsoneedsto bedoneat that time. The pulsarsearchis conductedin
the frequency domain; thus, Fourier Transforms,in particularShort Fourier
Transforms(SFTs),areperformedon the long durationtime frames(second
stage).Sincethepulsarsareexpectedto befoundin a small frequency range,
thefrequency interval of interestis extractedfrom theSTFs(third stage).The
resultingpower spectraareusedto build the time-frequency image,which is
analyzedfor the presenceof pulsarsignatures(fourth stage). If a candidate
signalwith a goodsignal-to-noiseratio is found, it is placedin LIGO’s event
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database(final stage). Eachof the stagesin this analysiscan be described
uniquelyby LIGO-specificmetadata,asseenin Table1.1. For example,the
SFTis describedby thechannelnameandthetime interval of interest.These
descriptionsneedto madeavailableto the workflow generationsystem,here
Pegasus,which translatestheminto abstractand/orconcreteworkflows.

Stage Metadata

Extract Channelname,time interval

SFT Channelname,time interval

Frequency ExtractedSFT Channelname,time interval, frequency band

PulsarSearch Channelname,time interval, frequency band,locationin thesky

ùib¨ú\ûmh�ÂVÃ@ÂVÃ
MetadatadescribingtheLIGO pulsarsearchstages.
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Givenattributessuchastime interval, frequency of interest,locationin the

sky, etc.,Pegasuswasconfiguredto supporttheLIGO pulsarsearch.Details
aboutthesearchcanbefoundin [D } 02]. Pegasusis currentlyableto produce
any virtual dataproductspresentin theLIGO pulsarsearch.Figure1.5shows
Pegasusconfiguredfor suchasearch.

Pegasusreceivesthemetadatadescriptionfrom theuser. TheCurrentState
Generator queriesthe MetadataCatalogService(MCS) [C } 02], to perform
the mappingbetweenapplication-specificattributesandlogical file namesof
existing dataproducts(step3 in Figure1.5). TheMCS,developedat ISI, pro-
videsa mechanismfor storingandaccessingmetadata,which is information
thatdescribesdatafilesor dataitems.TheMCSallowsusersto querybasedon
attributesof dataratherthannamesof files containingthedata.In additionto
managinginformationaboutindividual logical files, the MCS providesman-
agementof logical collectionsof filesandcontainersthatconsistof smallfiles
thatarestored,moved,andreplicatedtogether.

TheMCScankeeptrackof metadatadescribingthelogical filessuchas:

Informationabouthow datafileswerecreatedor modified,includingthe
creatoror modifier, thecreationor modificationtime,whatexperimental
apparatusandinput conditionsproducedthefile, or whatsimulationor
analysissoftwarewas run on which computationalenginewith which
input parameters,etc.



�����\�^����� �¢¡¤£7¡C¥¤¦C§L¦¨£7©�ª4£¬«��Vªm­�®7¯V° Ý Ä

C
þ

ondor-G/

DAGMan


Transformation

C
þ

atalog


RLS


MCS


(1) Metadata Attributes


(3) Metadata Attributes


(4) List of Existing Virtual

Data Products Matching


the Request (LFNs)


(5) Logical File Names

(LFNs)


(6) Physical File Names

(PFNs)


(8)Metadata Attributes,

Current State


C
þ

himera

(10b) VDLx


Request Manager


(18) Results


 (9b) Derivations


V
ÿ

DL Generator

S
�

ubmit File

G
�

enerator for

C
þ

ondor-G


Abstract and

C
þ

oncrete Workflow

G
�

enerator


(9) Concrete DAG

MDS


C
þ

urrent Sate

G
�

enerator


(2) Metadata

Attributes


User’s VO information


Available Resources


(7) Current

State


(10) concrete

DAG


(13) DAGMan files


DAGMan

S
�

ubmission and

Monitoring


(14) DAGMan files


(17) Monitoring


(11) Physical

Transformations


(12) Execution

Environment Information


(15) DAG
 (16) Log FIles


¿Àf ÁCn1`Nh�ÂeÃ��eÃ
Pegasusconfiguredto perform the LIGO pulsarsearch,basedon application-

specificmetadata.

A descriptionof what the datastoredin a file represent,for example,
timeseriesdatacollectedat aparticularinstrument.

Oncethe metadatafor a product is specified,MCS determinesthe corre-
spondinglogical file anddeterminesthemetadataandlogical filenamesfor all
othersub-productsthat canbe usedto generatethedataproduct,andreturns
themto theCurrentStateGeneratorasshown in Figure1.5.TheCurrentState
Generatorthenqueriesthe RLS to find the physicallocationsof the logical
files (step5). We arealso interfacingthe CurrentStateGeneratorto MDS2
to find the availableGrid resources.Currently, this information is statically
configured.Themetadataandthecurrentstateinformationarethenpassedto
theAbstractandConcreteWorkflowGenerator (ACWG).

AI-basedplanningtechnologiesareusedto constructboth theabstractand
concreteworkflows [BDG } 03,BDGK03]. TheAI-basedplanner modelsthe
applicationcomponentsalongwith datatransferanddataregistrationasoper-
ators.Theparametersof theplanneroperatorsincludethe locationwherethe
componentcanbe run. Someof the effectsandpreconditionsof the opera-
torscancapturethedataproducedby componentsandtheir input datadepen-
dencies.Stateinformationusedby the plannerincludesa descriptionof the
availableresourcesandthefiles alreadyregisteredin theRLS.Theinput goal
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descriptioncaninclude(1) ametadataspecificationof theinformationtheuser
requiresandthedesiredlocationfor theoutputfile, (2) specificcomponentsto
berun, or (3) intermediatedataproducts.Theplannergeneratestheconcrete
workflow (in theform of a DAG) necessaryto satisfytheuser’s request.The
plannertakesinto accountthestateof thenetworkto comeupwith anefficient
plan, andin somedomainsfinds an optimal plan usingan exhaustive search
thatis madefeasibleby carefulpruning.Thisplanneralsoreusesexistingdata
productswhenapplicable.

The plangeneratedspecifiesthe sitesat which the job shouldbe executed
andrefersto thedataproductsin termsof metadata.This plan is thenpassed
to thesubmitfile generatorfor Condor-G (step10). Thesubmitfile generator
determinesfirst thelogical namesfor thedataproductsby queryingtheMCS
andthenthe physicalnamesby queryingthe RLS. In addition,it queriesthe
TransformationCatalogto getthecompletepathsfor thetransformationsatthe
executionlocationsdescribedin theconcreteDAG.

Pegasusalsocontainsa Virtual DataLanguagegeneratorthatcanpopulate
theChimeracatalogwith newly constructedderivations(step9b). This infor-
mationcanbe usedlater to obtainprovenanceinformationaboutthe derived
dataproducts.

In thisconfiguration,Pegasussimilarly generatesthenecessarysubmitfiles
andsendstheconcreteworkflow to DAGManfor execution(step15).

As aresultof executionof theworkflow, thenewly deriveddataproductsare
registeredbothin theMCSandRLSandthusaremadeavailableto subsequent
requests.

Themetadata-drivenPegasusconfigurationthatsupportedtheLIGO pulsar
searchwasfirst demonstratedat theSC2002conferenceheldin Novemberin
Baltimore,MD. For thisdemonstrationthefollowing resourceswereused:

Caltech( Pasadena,CA): Data StorageSystemsand the LIGO Data
AnalysisSystem(LDAS), which performedsomeof the stagesof the
LIGO analysisshown in Figure1.4.

ISI (Marina del Rey, CA): CondorComputePools,DataStorageSys-
tems,ReplicaLocationServicesandMetadataCatalogServices.

Universityof Wisconsin(Milwaukee,WI): CondorComputePoolsand
DataStorageSystems.

Therequestsfor pulsarsearcheswereobtainedusinganautomaticgenerator
that producedrequestsboth for approximately1300 known pulsarsas well
as for randompoint-searchesin the sky. A userwasalso able to requesta
specificpulsarsearchby specifyingthemetadataof therequireddataproduct
througha web-basedsystem. Both the submissioninterfacesas well as all
thecomputeanddatamanagementresourceswereGlobusGSI (Grid Security
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Infrastructure)[WSF} 03] enabled.Departmentof Energy ScienceGrid [Gria]
issuedX509certificateswereusedto authenticateto all theresources.

Duringthedemonstrationperiodandduringasubsequentrunof thesystem,
approximately200 pulsarsearcheswere conducted(both known as well as
random),generatingapproximately1000dataproductsinvolving around1500
datatransfers. The datausedfor this demonstrationwasobtainedfrom the
first scientificrunof theLIGO instrument.Thetotal computetime takento do
thesesearcheswasapproximately100CPUhrs.All thegeneratedresultswere
transferredto theuserandregisteredin theRLS; themetadatafor theproducts
placedin theMCSaswell asinto LIGO’sown metadatacatalog.Pegasusalso
generatedthe correspondingprovenanceinformation using the Virtual Data
Languageandusedit to populatein theChimeraVirtual DataCatalog.

Thejob executionwasmonitoredby two means.For eachDAG, astartand
endjob wasadded,which loggedthestarttime andtheendtime for theDAG
into a MySQL database.This informationwasthenpublishedvia a webinter-
face. Anotherscript-basedmonitor parsedtheCondorlog files at the submit
hostto determinethestateof theexecutionandpublishedthisinformationonto
theweb.

�cp �!���^��t
�Uw)��v�u:�
In the areaof AI planningtechniques,the focus is on choosinga set of

actionsto achieve givengoals,andon schedulingtechniquesthat focuson as-
signingresourcesfor analreadychosensetof actions.Somerecentapproaches
in schedulinghavehadsuccessusingiterativerefinementtechniques[SL94] in
whicha feasibleassignmentis graduallyimprovedthroughsuccessivemodifi-
cations.Thesameapproachhasbeenappliedin planningandis well suitedto
ACWG,whereplanquality is important[AK97]. Somework hasbeendoneon
integratingplanningandschedulingtechniquesto solvethejoint task[M } 01].

Centralto schedulinglarge complex workflows is the issueof dataplace-
ment,especiallywhenthedatasetsinvolvedarevery large. In CWG,we give
preferenceto the resourceswherethe input dataset is alreadypresent.Ran-
ganathanandFoster, in [RF02a,RF02b]andChapter??, studythedatain the
Grid asa tieredsystemandusedynamicreplicationstrategiesto improve data
access,andachieve significantperformanceimprovementwhenschedulingis
performedaccordingto dataavailability while alsousingadynamicreplication
strategy.

While runninga workflow on the Grid makesit possibleto performlarge
computationsthatwould not bepossibleon a singlesystem,it leadsto a cer-
tain lossof controlover theexecutionof the jobs,asthey maybeexecutedin
differentadministrative domains.To counterthis, thereareothersystemstry
to provideQualityof Serviceguaranteesrequiredby theuserwhile submitting
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theworkflow to the Grid. Nimrod-G[ABG02, BAG00] usesthe information
from the MDS to determinethe resourcethat is selectedto meetthe budget
constraintsspecifiedby theuser, while Keyani et al. [KSW02] monitorsa job
progressover time to ensurethat guaranteesarebeingmet. If a guaranteeis
notbeingmet,schedulesarerecalculated.

Eachof the systemsmentionedabove are rigid becausethey usea fixed
setof optimizationcriteria. In GriPhyN we aredevelopinga framework for
a flexible systemthat canmap from the abstractworkflow descriptionto its
concreteform andcandynamicallychangetheoptimizationcriteria.

�cp ÙLxQtÀxQu&����{Nu��Uy�t:{kv>sz�
Theefforts in workflow planningpresentedin thischapterlay thefoundation

for many interestingresearchavenues.
As mentionedin Section3.2,fault toleranceis animportantissuein theGrid

environment,whereruntimefailuresmayresult in theneedto repairtheplan
during its execution. The future work within Pegasusmay includeplanning
strategiesthatwill designplansto eitherreducetherisk of executionfailureor
to besalvageablewhenfailurestakeplace.CurrentAI-basedplannerscanex-
plicitly reasonabouttherisksduringplanningandsearchingfor reliableplans,
possiblyincludingconditionalbranchesin their execution.Someplannersde-
lay building partsof the plan until execution, in order to maintaina lower
commitmentto certainactionsuntil key informationbecomesavailable.

Anotherareaof futureresearchis theexplorationof theuseof ontologiesto
providerich descriptionsof Grid resourcesandapplicationcomponents.These
can then be usedby the workflow generatorto bettermatchthe application
componentsto theavailableresources.
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