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Abstract

Todaysscienti�c applicationshavehuge data require-
mentswhich continueto increasedrastically every year.
Thesedata are generally accessedby manyusers from all
acrossthe globe. This impliesa major necessityto move
huge amountsof data aroundwide area networksto com-
pletethecomputationcycle, which bringswith it theprob-
lem of ef�cient and reliable data placement.The current
approach to solvethis problemof dataplacementis either
doingit manually, or employingsimplescriptswhich donot
haveany automationor fault tolerancecapabilities. Our
goal is to make data placementactivities �r st class citi-
zensin the Grid just like the computationaljobs. They
will be queued,scheduled,monitored,managed,and even
check-pointed.More importantly, it will bemadesure that
they completesuccessfullyandwithoutanyhumaninterac-
tion. We also believe that data placementjobs shouldbe
treateddifferentlyfromcomputationaljobs,sincethey may
havedifferent semanticsand different characteristics. For
thispurpose, wehavedevelopedStork,a schedulerfor data
placementactivitiesin theGrid.

1. Intr oduction

As theGrid [10] evolves,thedatarequirementsof scien-
ti�c applicationsincreasedrastically. Justa coupleof years
ago, the datarequirementsfor an averagescienti�c appli-
cationweremeasuredin Terabytes,whereastodaywe use
Petabytesto measurethem. Moreover, thesedatarequire-
mentscontinueto increaserapidly every year. A goodex-
amplefor this is the CompactMuon Solenoid(CMS) [5]
project,a high energy physicsprojectparticipatingin the
Grid PhysicsNetwork (GriPhyN).Accordingto theParticle
PhysicsDataGrid (PPDG)deliverablesto CMS, the data
volumeof CMS, which is currentlya coupleof Terabytes
per year, is expectedto subsequentlyincreaserapidly, so
that the accumulateddatavolumewill reach1 Exabyte(1
million Terabytes)byaround2015[19]. Thisis thedatavol-

umerequiredby only oneapplication,andtherearemany
other dataintensive applicationsfrom other projectswith
very similar datarequirements,rangingfrom genomicsto
biomedical,andfrom metallurgy to cosmology.

Theproblemis notonly thehugeI/O needsof thesedata
intensiveapplications,but alsothenumberof userswhowill
accessthe samedatasets.For eachof the projects,num-
berof peoplewhowill beaccessingthedatasetsrangefrom
100sto 1000s.Furthermore,theseusersarenot locatedat
a singlesite,ratherthey aredistributedall acrossthecoun-
try, eventheglobe. So,thereis a predominantnecessityto
move hugeamountsof dataaroundwide areanetworks to
completethe computationcycle, which brings with it the
problemof ef�cient andreliabledataplacement.Dataneed
to be located,moved,staged,replicated,andcached;stor-
ageshouldbeallocatedandde-allocatedfor thedatawhen-
ever necessary;andeverythingshouldbecleanedup when
theuseris donewith thedata.

Justascomputeresourcesandnetwork resourcesneedto
becarefullyscheduledandmanaged,theschedulingof data
placementactivities all acrosstheGrid is crucial,sincethe
accessto datahasthepotentialto becomethemainbottle-
neckfor dataintensive applications.This is especiallythe
casewhenmostof the datais storedon tapestoragesys-
tems,which slows down accessto dataevenfurtherdueto
themechanicalnatureof thesesystems.

Currently, dataplacementactivities in theGrid areper-
formedeithermanuallyor by simplescripts. We cansay
that dataplacementactivities areregardedassecondclass
citizens of the computation-dominatedGrid world. Our
goal is to make dataplacementactivities �rst classcitizens
in theGrid just likethecomputationaljobs.They needto be
queued,scheduled,monitored,managed,andeven check-
pointed.

We also believe that data placementjobs should be
treateddifferentlyfrom computationaljobs,sincethey may
have differentsemanticsanddifferentcharacteristics.Ex-
isting computationaljob schedulersdo not understandthe
semanticsof datatransferswell. For example,if the trans-
fer of alarge�le fails,wemaynotwantto simplyrestartthe



job andre-transferthewhole�le. Rather, we maypreferto
transferonly the remainingpart of the �le. Similarly, if a
transferusingoneprotocolfails, we maywant to try other
protocolssupportedby the sourceanddestinationhoststo
performthetransfer. A traditionalcomputationaljob sched-
ulermaynotbeableto handlethesecases.For thispurpose,
dataplacementjobsandcomputationaljobsshouldbedif-
ferentiated.Dataplacementjobs shouldbe submittedto a
schedulercapableof schedulingandmanagingdataplace-
ment jobs, andcomputationaljobs shouldbe submittedto
a schedulercapableof schedulingand managingcompu-
tational jobs. This will also help in separatingcomputa-
tionalanddataplacementjobsfrom eachotherandwill give
the usersthe ability to performthemasynchronously. For
thispurpose,we havedevelopedStork,a schedulerfor data
placementactivities in theGrid.

2. Grid Data PlacementChallenges

The Grid provides researcherswith enourmousre-
sources,but it alsobringssomechallengeswith it. In or-
derto utilize Grid resourcesef�ciently , researchershave to
overcomethesechallenges�rst. Someof the dataplace-
ment relatedchallengeswe are trying to solve with this
work arebelow.

HeterogeneousResources.TheGrid is aheterogeneous
environmentin which many differentstoragesystems,dif-
ferentdatatransfermiddlewareandprotocolscoexist. And
it is a fundamentalproblemthatthedatarequiredby anap-
plicationmightbestoredin heterogeneousrepositories.It is
notaneasytaskto interactwith all possibledifferentstorage
systemsto accessthedata.Sothereshouldbeanegotiating
systemthroughwhich you canaccessall differentkindsof
storagesystems,andalsoyou canmake useof all different
underlyingmiddlewareand�le transferprotocols.

Hiding Failur es fr om Applications. The Grid brings
failednetwork connections,performancevariationsduring
transfers,crashedclients,serversandstoragesystemswith
it. But generallytheapplicationsarenot preparedto these
kind of problems.Most of theapplicationsassumeperfect
computationalenvironmentslike failure-freenetwork and
storagedevices,unlimited storage,availability of the data
whenthe computationstarts,andlow latency. We cannot
expecteveryapplicationto considerall possiblefailuresand
performancevariationsin the system,andbe preparedfor
them. Instead,we shouldbe able to hide thesefrom the
applicationby a mediatingsystem.

Differ entJob Requirements.Eachjob mayhavediffer-
ent policiesanddifferentpriorities. Schedulingshouldbe
doneaccordingto theneedsof eachindividual job. Global
schedulingdecisionsshouldbe ableto be tailoredaccord-
ing to the individual requirementsof eachjob. Using only
global policiesmay not be affective andef�cient enough.

The job descriptionlanguageusedshould be strong and
�e xible enoughto supportjob level policies. And the job
schedulershouldbeableto supportandenforcethesepoli-
cies.

Overloading Limited Resources. The network and
storageresourcesthat an applicationhasaccessto canbe
limited, and thereforethey shouldbe usedef�ciently . A
commonproblemin distributedcomputingenvironmentsis
thatwhenall jobssubmittedto remotesitesstartexecution
at thesametime, they all startpulling datafrom their home
storagesystems(stage-in)concurrently. This canoverload
both network resourcesandthe local disksof remoteexe-
cution sites. It may alsobring a load to the homestorage
systemsfrom wherethedatais pulled.

Oneapproachwouldbeto pre-allocatebothnetwork and
storageresourcesbeforeusingthem. This approachworks
�ne as long as the pre-allocationis supportedby the re-
sourcesbeing used,andalso if the userknows whenand
how long theresourceswill beusedby theapplicationbe-
forehand.

A more generalsolution would be to control the total
numberof transfershappeninganytime betweenany given
two sites.Most job schedulerscancontrolthetotal number
of jobsbeingsubmittedandexecutedat any giventime,but
this solution is not suf�cient alwaysand it is not the best
solutionin mostcaseseither. Thereasonis that it doesnot
do any overlappingof CPU andI/O, andcausesthe CPU
to wait while I/O is beingperformed.Moreover, theprob-
lem getsmorecomplex whenall jobs completeandtry to
move their outputdatabackto their homestoragesystems
(stage-out).In thiscasestage-insandstage-outsof different
jobs may interfere,especiallyoverloadingthe network re-
sourcesmore.An intelligentschedulingmechanismshould
be developedto control the numberof stage-inandstage-
outsfrom andto any speci�c storagesystemsanytime,and
meanwhiledonot causeany wastein CPUtime.

3. RelatedWork

Visualizationscientistsat Los AlamosNationalLabora-
tory (LANL) founda solutionfor dataplacementby dump-
ing datato tapesandsendingthemto SandiaNationalLab-
oratory(SNL) via FederalExpress,becausethis wasfaster
thanelectronicallytransmittingthemvia TCPover the155
Mbps(OC-3)WAN backbone[8].

The Reliable File Transfer Service(RFT)[17] allows
bytestreamsto betransferredin areliablemanner. RFTcan
handlewide varietyof problemslike droppedconnections,
machinereboots,andtemporarynetwork outagesautomati-
cally via retrying.RFTis built ontopof GridFTP[1], which
is a secureandreliabledatatransferprotocolespeciallyde-
velopedfor high-bandwidthwide-areanetworks.
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The LightweightDataReplicator(LDR) [14] canrepli-
catedatasetsto the membersitesof a Virtual Organiza-
tion or DataGrid. It wasprimarily developedfor replicat-
ing LIGO [15] data,andit makesuseof Globus [11] tools
to transferdata. Its goal is to usethe minimum collection
of componentsnecessaryfor fastandsecurereplicationof
data.BothRFTandLDR workonlywith asingledatatrans-
portprotocol,which is GridFTP.

There is ongoing effort to provide a uni�ed interface
to differentstoragesystemsby building StorageResource
Managers(SRMs) [22] on top of them. Currently, a cou-
ple of datastoragesystems,suchasHPSS[21], Jasmin[3]
andEnstore[9], supportSRMson top of them. SRMscan
alsomanagedistributedcachesusing“pinningof �les”. The
SDSCStorageResourceBroker (SRB)[2] aimsto provide
a uniform interfacefor connectingto heterogeneousdata
resourcesandaccessingreplicateddatasets. SRB usesa
MetadataCatalog(MCAT) to provide a way to accessdata
setsandresourcesbasedon their attributesratherthantheir
namesor physicallocations.

Thainet. al. proposetheEthernetapproach[23] to Grid
Computing,in which they introducea simplescriptinglan-
guagewhich canhandlefailuresin a mannersimilar to ex-
ceptionsin somelanguages.The Ethernetapproachis not
awareof thesemanticsof the jobs it is running,its duty is
retryingany givenjob for anumberof timesin afault toler-
antmanner. Kangaroo[24] triesto achievehigh throughput
by makingopportunisticuseof diskandnetwork resources.

4. Stork Solutions to Grid Data Placement
Problems

Storkprovidessolutionsfor many of thedataplacement
problemsencounteredin theGrid environment.

4.1. Interaction with Higher Level Planners

Mostof theapplicationsin Grid requiremoving theinput
datafor the job from a remotesite to the executionsite,
executingthe job, and then moving the output datafrom
executionsite to the sameor anotherremotesite. If the
applicationdoesnot want to take any risk of gettingout of
diskspaceat theexecutionsite,it mayalsowantto allocate
spacebeforetransferringthe input datathere,andrelease
thespaceafterit movesout theoutputdatafrom there.

We regard all of thesethesecomputationaland data
placementstepsas real jobs and representthem as nodes
in a DirectedAcyclic Graph(DAG). Thedependenciesbe-
tweenthem are representedas directedarcs,as shown in
Figure1.

Storkcaninteractwith higherlevel plannerssuchasthe
DirectedAcyclic GraphManager(DAGMan)[6]. This al-
lows the usersto be ableto scheduleboth CPU resources

Figure 1. Five Step Plan. Computationataremote
site with input andoutputdatarequirementscanbe
achieved with a ®ve stepplan, which is represented
asa six nodeDAG.

and storageresourcestogether. We madesomeenhance-
mentsto DAGMan,sothatit candifferentiatebetweencom-
putationaljobsanddataplacementjobs. It canthensubmit
computationaljobs to a computationaljob scheduler, such
asCondor[16] or Condor-G [12], andthe dataplacement
jobs to Stork. Figure2 shows a sampleDAG speci�cation
�le with theenhancementof dataplacementnodes,andhow
this DAG is handledby DAGMan.

In thisway, it canbemadesurethataninput�le required
for acomputationarrivesto astoragedevicecloseto theex-
ecutionsitebeforeactuallythat computationstartsexecut-
ing onthatsite.Similarly, theoutput�les canberemovedto
aremotestoragesystemassoonasthecomputationis com-
pleted.No storagedevice or CPUis occupiedmorethanit
is needed,andjobs do not wait idle for their input datato
becomeavailable.

4.2. Interaction with HeterogeneousResources

Storkis completelymodularandcanbeextendedeasily.
It is very straightforward to addsupportto Stork for your
favorite storagesystem,datatransportprotocol,or middle-
ware. This is a very crucial featurein a systemdesigned
to work in a heterogeneousGrid environment.Theusersor
applicationsmaynot expectall storagesystemsto support
thesameinterfacesto talk to eachother. And wecannotex-
pectall applicationstalking to all differentkindsof storage
systems,protocols,andmiddleware.Thereneedsto beane-
gotiatingsystembetweenthemwhich caninteractto those
systemseasilyandeventranslatedifferentprotocolsto each
other. Storkhasbeendevelopedto becapableof this. The
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Figure 2. Interaction with Higher Level Plan­
ners. In this prototypemodel,Storkinteractswith a
higherlevel planner:DAGMan.A DAG speci®cation
®le consistingof bothcomputationalanddataplace-
ment jobs is submittedto DAGMan. DAGMan then
submitscomputationaljobsto Condor/Condor-G,and
dataplacementjobsto Stork.

modularityof Storkallows usersto inserta plug-in to sup-
port their favorite storagesystem,protocol,or middleware
easily.

Stork alreadyhassupportfor several different storage
systems,datatransportprotocols,andmiddleware. Users
canusethemimmediatelywithout any extra work. Stork
can interactcurrentlywith datatransferprotocolssuchas
FTP[18], GridFTP, HTTP andDiskRouter[13]; datastor-
agesystemssuchasSRB,UniTree[4], andNeST; anddata
managementmiddlewaresuchasSRM.

Storkmaintainsa library of pluggable“dataplacement”
modules. Thesemodulesget executedby dataplacement
job requestscoming to Stork. They can perform inter-
protocoltranslationseitherusinga memorybuffer or third-
partytransferswheneveravailable.In orderto transferdata
betweensystemsfor which direct inter-protocoltranslation
is notsupported,two consecutiveStorkjobscanbeusedin-
stead.The�rst Storkjob performstransferfrom thesource
storagesystemto the local disk cacheof Stork, and the
secondStork job performsthe transferfrom the local disk
cacheof Storkto thedestinationstoragesystem.

4.3.FlexibleJobRepresentationandMultile velPol­
icy Support

StorkusestheClassAd[20] job descriptionlanguageto
representthe dataplacementjobs. The ClassAdlanguage
providesa very �e xible andextensibledatamodelthatcan

Figure 3. Job representation in Stork. Three
sampledata placement(DaP) requestsare shown:
®rst one to allocatespace,secondone to transfera
®le to thereservedspace,andthird oneto de-allocate
thereservedspace.

beusedto representarbitraryservicesandconstraints.
Figure3 shows threesampledataplacement(DaP) re-

quests. First requestis to allocate100 MB of disk space
for 2 hourson a NeSTserver. Secondrequestis to trans-
fer a �le from an SRB server to the reservedspaceon the
NeSTserver. Thethird requestis to de-allocatepreviously
reservedspace.In additionto the“reserve”, “transfer”,and
“release”,therearealsootherdataplacementjob typessuch
as “locate” to �nd wherethe datais actually locatedand
“stage” to move the datafrom a tertiary storageto a sec-
ondarystoragenext to it in order to decreasedataaccess
timeduringactualtransfers.

Storkenablesusersto specifyjob levelpoliciesaswell as
globalones.Globalpoliciesapply to all jobsscheduledby
the sameStork server. Userscanoverwrite themby spec-
ifying job level policies in job descriptionClassAds.The
examplebelow shows how to overwrite global policiesat
thejob level.

[
dap_type = ``transfer'';
...
...
max_retry = 10;
restart_in = ``2 hours'';

]

In thisparticularexample,theuserspeci�esthatthispar-
ticular job shouldbe retriedup to 10 timesin caseof fail-
ure,andif thetransferdoesnotgetcompletedin 2 hours,it
shouldbekilled andrestarted.
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4.4. Run­time Adaptation

Storkcandecidewhich datatransferprotocolto usefor
eachcorrespondingtransferdynamicallyandautomatically
at the run-time. Before performing eachtransfer, Stork
makesa quick checkto identify which protocolsareavail-
able for both the sourceanddestinationhostsinvolved in
thetransfer. Stork�rst checksits own host-protocollibrary
to seewhetherall of thehostsinvolvedthe transferareal-
readyin the library or not. If not, Stork tries to connect
to thoseparticularhostsusingdifferentdatatransferproto-
cols, to determinetheavailability of eachspeci�c protocol
on thatparticularhost.ThenStorkcreatesthelist of proto-
colsavailableoneachhost,andstorestheselistsasalibrary:

[
host_name = "quest2.ncsa.uiuc.edu";
supported_protocols = "diskrouter, gridftp, ftp";

]
[

host_name = "nostos.cs.wisc.edu";
supported_protocols = "gridftp, ftp, http";

]

If the protocolsspeci�ed in the sourceanddestination
URLs of therequestfail to performthetransfer, Storkwill
starttrying theprotocolsin its host-protocollibrary to carry
out thetransfer. Theusersalsohave theoptionnot to spec-
ify any particularprotocolsin the request,letting Stork to
decidewhichprotocolto useat run-time:

[
dap_type = "transfer";
src_url = "any://slic04.sdsc.edu/tmp/foo.dat";
dest_url = "any://quest2.ncsa.uiuc.edu/tmp/foo.dat";

]

In theaboveexample,Storkwill selectany of theavail-
ableprotocolson bothsourceanddestinationhoststo per-
form the transfer. So, the usersdo not needto careabout
which hostssupportwhich protocols.They just senda re-
questto Storkto transfera�le from onehostto another, and
Storkwill takecareof decidingwhichprotocolto use.

Theuserscanalsoprovidetheir preferredlist of alterna-
tive protocolsfor any transfer. In this case,the protocols
in this list will beusedinsteadof theprotocolsin thehost-
protocollibrary of Stork:

[
dap_type = "transfer";
src_url = "drouter://slic04.sdsc.edu/tmp/foo.dat";
dest_url = "drouter://quest2.ncsa.uiuc.edu/tmp/foo.dat";
alt_protocols = "nest-nest, gsiftp-gsiftp";

]

In this example, the userasksStork to perform the a
transferfrom slic04.sdsc.eduto quest2.ncsa.uiuc.eduusing
theDiskRouterprotocolprimarily. The useralsoinstructs
Storkto useany of theNeSTor GridFTPprotocolsin case
the DiskRouterprotocoldoesnot work. Stork will try to
performthetransferusingtheDiskRouterprotocol�rst. In

caseof a failure, it will switch to the alternative protocols
andwill try to completethetransfersuccessfully. If thepri-
mary protocolbecomesavailableagain,Stork will switch
to it again.So,whicheverprotocolavailablewill beusedto
successfullycompleteuser's request.

4.5. Failur e Recovery and Ef�cient Resource Uti­
lization

Stork hidesany kind of network, storagesystem,mid-
dleware,or softwarefailuresfrom userapplications.It has
a“retry” mechanism,whichcanretryany failing dataplace-
mentjob any givennumberof timesbeforereturninga fail-
ure.It alsohasa“kill andrestart”mechanism,whichallows
usersto specifya “maximumallowablerun time” for their
dataplacementjobs. Whena job executiontime exceeds
this speci�ed time, it will bekilled by Storkautomatically
endrestarted.This featureovercomesthebugsin somesys-
tems,which causethe transfersto hangforever andnever
return. This can be repeatedany numberof times, again
speci�edby theuser.

Stork can control the number of concurrentrequests
comingto any storagesystemit hasaccessto, andmakes
surethat neitherthat storagesystemnor the network link
to that storagesystemget overloaded.It canalsoperform
spaceallocationanddeallocationsto make surethatthere-
quiredstoragespaceis availableon thecorrespondingstor-
agesystem.Thespacereservationsaresupportedby Stork
aslong asthecorrespondingstoragesystemshave support
for it.

5. CaseStudies

We will now show theapplicabilityandcontributionsof
Storkwith two casestudies.The�rst casestudyshows us-
ing Stork to createa data-pipelinebetweentwo heteroge-
neousstoragesystems.In this case,Stork is usedto trans-
fer databetweentwo massstoragesystemswhich do not
have a commoninterface.This is donefully automatically
andall failuresduringthecourseof thetransfersarerecov-
eredwithoutany humaninteraction.Thesecondcasestudy
showshow Storkcanbeusedfor run-timeadaptationof data
transfers.If datatransferwith oneparticularprotocolfails,
Stork usesother protocolsavailable to successfullycom-
pletethetransfer.

5.1. Building Data­pipelines

NCSA scientistswantedto transfertheDigital Palomar
Sky Survey (DPOSS)[7] imagedataresidingon SRB [2]
massstoragesystematSDSCin Californiato theirUniTree
massstoragesystemat NCSA in Illinois. The total data
sizewasaround3 TB (2611�les of 1.1 GB each). Since
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Figure 4. Transf er in 5 Steps. Nodesrepresent-
ing the ®ve stepsof a single transferare combined
into agiantDAG to performall transfersin theSRB-
UniTreedata-pipeline.k is theconcurrency level.

therewasno direct interfacebetweenSRBandUniTreeat
thetimeof theexperiment,theonly wayto performthedata
transferbetweenthesetwo storagesystemswasto build a
datapipeline. For this purpose,we have designeda data-
pipelineusingStork.

In this pipeline,we setup two cachenodesbetweenthe
sourceanddestinationstoragesystems.The�rst cachenode
(slic04.sdsc.edu)wasattheSDSCsiteverycloseto theSRB
server, and the secondcachenode(quest2.ncsa.uiuc.edu)
wasat theNCSAsiteneartheUniTreeserver. Thispipeline
con�gurationallowedusto transferdata�rst from theSRB
server to theSDSCcachenodeusingtheunderlyingproto-
col of SRB,thenfrom theSDSCcachenodeto theNCSA
cachenodeusingthird-partyDiskRoutertransfers,and �-
nally from theNCSA cachenodeto theUniTreeserver us-
ing theunderlyingprotocolof UniTree.

The NCSA cachenodehad only 12 GB of local disk
spacefor our useandwe could storeonly 10 image�les
in that space. This implied that whenever we were done
with a �le at thecachenode,wehadto removeit from there
to createspacefor the transferof another�le. Including
theremoval stepof the �le, theend-to-endtransferof each
�le consistedof � vebasicsteps,all of whichweconsidered
asreal jobs to be submittedeither to the Condoror Stork
schedulingsystems.All of thesestepsare representedas
nodesin a DAG with arcsrepresentingthe dependencies
betweenthesteps.Thenall of these� ve nodeDAGswere
joinedtogetherto form a giantDAG asshown in Figure4.
Thewholeprocesswasmanagedby DAGMan.

TheSRBserver, theUniTreeserver, andtheSDSCcache
nodehad gigabit ethernet(1000Mb/s) interfacecardsin-
stalledon them. The NCSA cachenodehada fastether-
net(100Mb/s) interfacecardinstalledon it. We found the
bottlenecklink to be the fastethernetinterfacecardon the

Figure 5. Automated Failure Recovery in case
of Network, Cache Node and Software Prob­
lems. The transfersrecoveredautomaticallyagain
despitealmostall possiblefailuresoccurringoneaf-
ter the other: UW CS network goesdown, SDSC
cachenodegoesdown, and®nally DiskRouterstops
responding.

NCSA cachenode. We got an end-to-endtransferrateof
47.6Mb/s from theSRBserver to theUniTreeserver.

In this study, we have shown that we can successfully
build a data-pipelinebetweentwo heterogeneousmass-
storagesystems,SRB and UniTree. Moreover, we have
fully automatedthe operationof the pipelineandsuccess-
fully transferredaround3 Terabytesof DPOSSdatafrom
the SRB server to the UniTreeserver without any human
interaction.

During thetransfersbetweenSRBandUniTree,we had
awidevarietyof failures.At timeseitherthesourceor des-
tinationmass-storagesystemsstoppedacceptingnew trans-
fers, due to either software failuresor scheduledmainte-
nanceactivity. We also had wide-areanetwork outages,
and software upgrades. Once in a while, a third-party
DiskRoutertransferwould hang.All of thesefailureswere
recoveredautomaticallyand the transferswerecompleted
successfullywithout any humaninteraction.

Figure 5 shows multiple failuresoccurringduring the

6



Figure 6. Dynamic Protocol Selection. The
DiskRouterserverrunningontheSDSCmachinegets
killed twice at points(1) and(3), andit getsrestarted
at points(2) and(4). In both cases,Stork employed
next availableprotocol(GridFTPin thiscase)to com-
pletethetransfers.

courseof the transfers. First the SDSC cachemachine
was rebootedand then therewas a UW CS network out-
agewhich disconnectedthe managementsite and the ex-
ecution sites for a couple of hours. The pipeline auto-
matically recoveredfrom thesetwo failures. Finally the
DiskRouterserverstoppedrespondingfor acoupleof hours.
TheDiskRouterproblemwaspartiallycausedby anetwork
recon�gurationat StarLighthostingtheDiskRouterserver.
Hereagain,ourautomaticfailurerecoveryworked�ne.

5.2. Run­time Adaptation of Data Transfers

We submitted 500 data transfer requests to the
Stork server running at University of Wisconsin (sky-
walker.cs.wisc.edu). Each request consistedof trans-
fer of a 1.1GB image �le (total 550GB) from SDSC
(slic04.sdsc.edu)to NCSA(quest2.ncsa.uiuc.edu)usingthe
DiskRouterprotocol. Therewas a DiskRouterserver in-
stalled at Starlight (ncdm13.sl.startap.net)which was re-
sponsiblefor routing DiskRouter transfers. There were
also GridFTP servers running on both SDSCand NCSA
sites,whichenabledusto usethird-partyGridFTPtransfers
whenevernecessary.

At thebeginningof theexperiment,bothDiskRouterand
GridFTPserviceswereavailable.Storkstartedtransferring
�les from SDSCto NCSAusingtheDiskRouterprotocolas
directedby theuser. After awhile,wekilled theDiskRouter
server runningat Starlightintentionally. Storkimmediately
switchedthe protocolsand continuedthe transfersusing

GridFTPwithout any interruption. Switchingto GridFTP
causeda decreasein the performanceof the transfers,as
shown in Figure6. Thereasonsof this decreasein perfor-
manceis becauseof thefactthatGridFTPdoesnotperform
auto-tuningwhereasDiskRouterdoes. In this experiment,
wesetthenumberof parallelstreamsfor GridFTPtransfers
to 10, but we did not performany tuningof disk I/O block
sizeor TCP buffer size. DiskRouterperformsauto-tuning
for the network parametersincluding the numberof TCP-
streamsin order to fully utilize the available bandwidth.
DiskRoutercan also usesophisticatedrouting to achieve
betterperformance.

After letting Stork usethe alternative protocol (in this
caseGridFTP) to perform the transfersfor a while, we
restartedtheDiskRouterserverat theSDSCsite.This time,
Storkswitchedbackto usingDiskRouterfor the transfers,
sinceit was the preferredprotocolof the user. Switching
backto thefasterprotocolresultedin anincreasein theper-
formance. We repeatedthis a coupleof more times, and
observed that the systembehaved in the sameway every
time.

This experimentshows thatwith alternateprotocolfall-
over capability, grid data-placementjobs canmake useof
the new high performanceprotocolswhile they work and
switchto morerobustlowerperformanceprotocolwhenthe
highperformanceonefails.

6. Future Work

We are planning to enhancethe interaction between
Stork and the higher level plannersand computational
schedulersmore. This will resultin co-schedulingof com-
putationaland dataresourcesand will allow usersto use
bothresourcesmoreef�ciently .

Currently, theschedulingof dataplacementactivitiesus-
ing Storkareperformedatthe�le level. Theuserscanmove
aroundonly complete�les. We areplanningto addsupport
for datalevel or block level scheduling. In this way, the
userswill beableto schedulemovementsof partial�les, or
evenany speci�c blocksof a �le.

We areplanningto addmoreintelligenceandadaptation
to transfers.Differentdatatransferprotocolsmayhave dif-
ferentoptimumconcurrency levels for any two sourceand
destinationnodes.Storkwill beableto decidetheconcur-
rency level of thetransfersit is performing,takinginto con-
siderationthesourceanddestinationnodesof the transfer,
the link it using,andmore importantly, the protocolwith
which it is performingthe transfers. In caseof availabil-
ity of multiple protocolsto transferdatabetweendifferent
nodes,Stork will be able to choosethe on with the best
performance,or themostreliableoneaccordingto theuser
preferences.
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Stork will be able to decidethroughwhich path, ide-
ally the optimumone,to transferdataby an enhancedin-
tegrationwith the DiskRoutertool. It will be able to se-
lect nodeson which DiskRoutersshouldbedeployed,start
DiskRouterson thesenodes,andtransferthe datathrough
themby optimizingboththepathandalsothenetwork uti-
lization.

Anotherenhancementwill be donewith addingcheck-
pointingsupportto dataplacementjobs.Whenevera trans-
fer fails, it will not bestartedfrom scratch,but ratheronly
theremainingpartsof the�le will betransfered.

7. Conclusion

We have introduceda specializedschedulerfor data
placementactivities in Grid. Dataplacementefforts which
hasbeendoneeithermanuallyor by usingsimple scripts
arenow regardedas�rst classcitizensjust like thecompu-
tational jobs. They can be queued,scheduled,monitored
andmanagedin a fault tolerantmanner. We have showed
thecurrentchallenceswith thedataplacementefforts in the
Grid, and how Stork can provide solutionsto them. We
introduceda framework in which computationaland data
placementjobsaretreatedandscheduleddifferentlyby their
correspondingschedulers,wherethemanagementandsyn-
cronizationof bothtypeof jobsis performedby higherlevel
planners.

With two casestudies,we have shown the applicabil-
ity andcontributionsof Stork. Stork canbe usedto trans-
ferdatabetweenheterogeneoussystemsfully automatically.
It canrecover from storagesystem,network andsoftware
failureswithout any humaninteraction.It candynamically
adaptdataplacementjobsto theenvironmentat theexecu-
tion time. We have shown that it generatesbetterperfor-
manceresultsby dynamicallyswitchingto alternative pro-
tocolsin caseof a failure.
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