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Abstract

Todaysscienti ¢ applicationshave huge data require-
mentswhich continueto increasedrastically every year
Thesedata are generlly accessedby manyusess from all
acrossthe globe This impliesa major necessityto move
huge amountsof data aroundwide area networksto com-
pletethe computationcycle which bringswith it the prob-
lem of efcient and reliable data placement. The current
appmad to solvethis problemof data placements either
doingit manually or employingsimplescriptswhich donot
haveany automationor fault tolerancecapabilities. Our
goal is to male data placementactivities r st class citi-
zensin the Grid just like the computationaljobs. They
will be queued scheduled,monitored, manajed, and even
ched-pointed.More importantly it will be madesure that
they completesuccessfulland withoutany humaninterac-
tion. We also believe that data placementjobs shouldbe
treateddifferently from computationajobs, sincethey may
havedifferent semanticsaand different characteristics. For
this purposewe havedevelopedStork,a schedulerfor data
placemenactivitiesin the Grid.

1. Intr oduction

As theGrid [10] evolves,thedatarequirementsf scien-
ti ¢ applicationsncreasearastically Justa coupleof years
ago, the datarequirementdor an averagescienti ¢ appli-
cationweremeasuredn Terabyteswhereasodaywe use
Petabyteso measurghem. Moreover, thesedatarequire-
mentscontinueto increaseapidly every year A goodex-
amplefor this is the CompactMuon Solenoid(CMS) [5]
project, a high enegy physicsproject participatingin the
Grid PhysicaNetwork (GriPhyN).Accordingto theParticle
PhysicsData Grid (PPDG)deliverablesto CMS, the data
volume of CMS, which is currentlya coupleof Terabytes
per year is expectedto subsequentlyncreaserapidly, so
thatthe accumulatediatavolumewill reachl Exabyte(1
million Terabytespy around2015[19]. Thisisthedatavol-

umerequiredby only one application,andthereare mary
other dataintensve applicationsfrom other projectswith
very similar datarequirementsrangingfrom genomicsto
biomedical andfrom metallugy to cosmology

The problemis notonly thehugel/O need=f thesedata
intensive applicationsbut alsothenumberof usersvhowill
accesghe samedatasets.For eachof the projects,num-
berof peoplewhowill beaccessinghe datasetsangefrom
100sto 1000s. Furthermoretheseusersare not locatedat
asinglesite, ratherthey aredistributedall acrosghe coun-
try, eventhe globe. So, thereis a predominannhecessityto
move hugeamountsof dataaroundwide areanetworksto
completethe computationcycle, which bringswith it the
problemof ef cient andreliabledataplacementDataneed
to be located,moved, stagedreplicated,and cached;stor
ageshouldbeallocatedandde-allocatedor the datawhen-
ever necessaryandeverythingshouldbe cleanedup when
theuseris donewith thedata.

Justascomputeresourcesindnetwork resourcesieedto
becarefullyscheduledandmanagedthe schedulingpf data
placemengctivities all acrosshe Grid is crucial, sincethe
accesgo datahasthe potentialto becomethe main bottle-
neckfor dataintensve applications.This is especiallythe
casewhenmostof the datais storedon tape storagesys-
tems,which slows down accesgo dataevenfurtherdueto
the mechanicahatureof thesesystems.

Currently dataplacemengctivities in the Grid are per
formed either manuallyor by simple scripts. We cansay
that dataplacemenfctiities areregardedas secondclass
citizens of the computation-dominate&rid world. Our
goalis to make dataplacementctuvities rst classcitizens
in theGrid justlikethecomputationajobs. They needto be
gueuedscheduledmonitored,managedand even check-
pointed.

We also believe that data placementjobs should be
treateddifferentlyfrom computationajobs,sincethey may
have differentsemanticsand differentcharacteristics Ex-
isting computationajob schedulerslo not understandhe
semanticof datatransferswell. For example,if thetrans-
ferof alarge le fails,we maynotwantto simplyrestarthe



job andre-transfethewhole le. Ratherwe maypreferto
transferonly the remainingpart of the le. Similarly, if a
transferusingone protocolfails, we maywantto try other
protocolssupportedoy the sourceand destinationhoststo
performthetransfer A traditionalcomputationajob sched-
ulermaynotbeableto handlethesecasesFor this purpose,
dataplacemenjobs and computationajobs shouldbe dif-
ferentiated.Dataplacemenjobs shouldbe submittedto a
schedulercapableof schedulingandmanagingdataplace-
mentjobs, and computationajobs shouldbe submittedto
a schedulercapableof schedulingand managingcompu-
tational jobs. This will alsohelpin separatingcomputa-
tionalanddataplacemenjobsfrom eachotherandwill give
the usersthe ability to performthemasynchronouslyFor
this purposewe have developedStork,a schedulefor data
placemenactiitiesin the Grid.

2. Grid Data PlacementChallenges

The Grid provides researcherswith enourmousre-
sourceshut it alsobrings somechallengeswith it. In or-
derto utilize Grid resource®f ciently, researcherbave to
overcomethesechallengesrst. Someof the dataplace-
ment related challengeswe are trying to solve with this
work arebelow.

HeterogeneousResources.TheGrid is aheterogeneous
ervironmentin which mary differentstoragesystemsdif-
ferentdatatransfermiddlevareandprotocolscoexist. And
it is afundamentaproblemthatthe datarequiredby anap-
plicationmightbestoredn heterogeneougpositoriesit is
notaneasytaskto interactwith all possibledifferentstorage
systemgo accesshe data.Sothereshouldbeanegotiating
systemthroughwhich you canaccesall differentkinds of
storagesystemsandalsoyou canmake useof all different
underlyingmiddlewvareand le transferprotocols.

Hiding Failuresfrom Applications. The Grid brings
failed network connectionsperformancevariationsduring
transferscrashedtlients, senersandstoragesystemswith
it. But generallythe applicationsarenot preparedo these
kind of problems.Most of the applicationsassumeperfect
computationaknvironmentslik e failure-freenetwork and
storagedevices, unlimited storage availability of the data
whenthe computationstarts,andlow lateng. We cannot
expecteveryapplicatiornto considell possibleailuresand
performancevariationsin the system,andbe preparedor
them. Instead,we shouldbe able to hide thesefrom the
applicationby a mediatingsystem.

Differ ent Job Requirements.Eachjob mayhave differ-
ent policiesand differentpriorities. Schedulingshouldbe
doneaccordingto the needsof eachindividual job. Global
schedulingdecisionsshouldbe ableto be tailoredaccord-
ing to the individual requirement®f eachjob. Usingonly
global policies may not be affective and ef cient enough.

The job descriptionlanguageused should be strong and

e xible enoughto supportjob level policies. And the job
scheduleshouldbe ableto supportandenforcethesepoli-
cies.

Overloading Limited Resources. The network and
storageresourceghat an applicationhasaccesgo canbe
limited, and thereforethey shouldbe usedef ciently. A
commonproblemin distributedcomputingervironmentss
thatwhenall jobs submittedto remotesitesstartexecution
atthesametime, they all startpulling datafrom theirhome
storagesystemgstage-in)concurrently This canoverload
both network resourcesandthe local disks of remoteexe-
cution sites. It may alsobring a load to the homestorage
systemdrom wherethe datais pulled.

Oneapproactwould beto pre-allocatédothnetwork and
storageresourcedeforeusingthem. This approachworks

ne aslong asthe pre-allocationis supportedby the re-
sourcesbeing used,andalsoif the userknows whenand
how long the resourcewvill be usedby the applicationbe-
forehand.

A more generalsolution would be to control the total
numberof transfershappeninganytime betweerary given
two sites.Most job schedulergancontrolthetotal number
of jobsbeingsubmittedandexecutedat ary giventime, but
this solutionis not sufcient alwaysandit is not the best
solutionin mostcaseither Thereasonis thatit doesnot
do ary overlappingof CPU and1/O, and causeshe CPU
to wait while I/O is beingperformed.Moreover, the prob-
lem getsmore complex whenall jobs completeandtry to
move their outputdatabackto their homestoragesystems
(stage-out)In this casestage-in@andstage-outsf different
jobs may interfere,especiallyoverloadingthe network re-
sourcesnore.An intelligentschedulingnechanisnshould
be developedto control the numberof stage-inand stage-
outsfrom andto ary speci c storagesystemsarnytime, and
meanwhiledo not causeany wastein CPUtime.

3. Related Work

Visualizationscientistsat Los AlamosNationallLabora-
tory (LANL) founda solutionfor dataplacemenby dump-
ing datato tapesandsendingthemto SandiaNationalLab-
oratory(SNL) via FederalExpresspecausehis wasfaster
thanelectronicallytransmittingthemvia TCP over the 155
Mbps(OC-3)WAN backbone[8].

The Reliable File Transfer Service(RFT)[17] allows
bytestreamdo betransferredn areliablemannerRFT can
handlewide variety of problemslik e droppedconnections,
machinerebootsandtemporarynetwork outagesautomati-
cally viaretrying. RFTis built ontop of GridFTP[1], which
is a secureandreliabledatatransferprotocolespeciallyde-
velopedfor high-bandwidthwide-areanetworks.



The Lightweight DataReplicator(LDR) [14] canrepli-
catedatasetsto the membersitesof a Virtual Organiza-
tion or DataGrid. It was primarily developedfor replicat-
ing LIGO [15] data,andit makesuseof Globus[11] tools
to transferdata. Its goalis to usethe minimum collection
of componentsecessaryor fastandsecurereplicationof
data.BothRFTandLDR work only with asingledatatrans-
port protocol,whichis GridFTR

Thereis ongoing effort to provide a uni ed interface
to different storagesystemsby building StorageResource
ManagerqdSRMs) [22] on top of them. Currently a cou-
ple of datastoragesystemssuchasHPSS[21], Jasmin[3]
andEnstore[9], supportSRMson top of them. SRMscan
alsomanagalistributedcachesising“pinning of les”. The
SDSCStorageResourceBroker (SRB)[2] aimsto provide
a uniform interfacefor connectingto heterogeneoudata
resourcesand accessingeplicateddatasets. SRB usesa
MetadataCatalog(MCAT) to provide away to accesglata
setsandresourcedasedn their attributesratherthantheir
name9r physicallocations.

Thainet. al. proposethe EthernetapproacH23] to Grid
Computing,in which they introducea simplescriptinglan-
guagewhich canhandlefailuresin a mannersimilar to ex-
ceptionsin somelanguages.The Ethernetapproachs not
aware of the semanticof thejobsit is running,its duty is
retryingary givenjob for anumberof timesin afaulttoler-
antmanner Kangarod24] triesto achieve high throughput
by makingopportunistiauseof diskandnetwork resources.

4. Stork Solutions to Grid Data Placement
Problems

Stork providessolutionsfor mary of the dataplacement
problemsencounteredh the Grid ervironment.

4.1 Interaction with Higher Level Planners

Mostof theapplicationsn 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 wantto take any risk of gettingout of
disk spaceattheexecutionsite,it mayalsowantto allocate
spacebeforetransferringthe input datathere,andrelease
thespaceafterit movesoutthe outputdatafrom there.

We regard all of thesethesecomputationaland data
placementstepsasreal jobs and representhem as nodes
in a DirectedAcyclic Graph(DAG). Thedependenciebe-
tweenthem are representecs directedarcs, as showvn in
Figurel.

Stork caninteractwith higherlevel plannerssuchasthe
DirectedAcyclic GraphManager(DAGMan)[6]. This al-
lows the usersto be ableto scheduleboth CPU resources
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Figure 1. Five Step Plan. Computatiorataremote
site with input and output datarequirementgan be
achiered with a ®ve stepplan, which is represented
asasix nodeDAG.

and storageresourcegogether We madesomeenhance-
mentsto DAGMan,sothatit candifferentiatdoetweercom-
putationaljobsanddataplacemenjobs. It canthensubmit
computationajobsto a computationajob schedulersuch
asCondor[16] or CondorG [12], andthe dataplacement
jobsto Stork. Figure 2 shavs a sampleDAG speci cation
le with theenhancemerntf dataplacemenhodesandhow
this DAG is handlecby DAGMan.

In thisway, it canbemadesurethataninput le required
for acomputatiorarrivesto astoragedevice closeto the ex-
ecutionsite beforeactuallythat computationstartsexecut-
ing onthatsite. Similarly, theoutput les canberemovedto
aremotestoragesystemassoonasthe computatioris com-
pleted. No storagedevice or CPUis occupiedmorethanit
is neededandjobs do not wait idle for their input datato
becomeavailable.

4.2 Interaction with HeterogeneoudResources

Storkis completelymodularandcanbe extendedeasily
It is very straightforvard to add supportto Stork for your
favorite storagesystem datatransporiprotocol,or middle-
ware. This is a very crucial featurein a systemdesigned
to work in a heterogeneouSrid ervironment. The usersor
applicationamay not expectall storagesystemgo support
thesameinterfacedo talk to eachother And we cannotex-
pectall applicationgalkingto all differentkinds of storage
systemsprotocols andmiddlewvare.Thereneeddo beane-
gotiatingsystembetweenthemwhich caninteractto those
systemsasilyandeventranslatedifferentprotocolsto each
other Storkhasbeendevelopedto be capableof this. The



Figure 2. Interaction with Higher Level Plan-
ners. In this prototypemodel, Storkinteractswith a
higherlevel planner:DAGMan. A DAG speci®cation
®le consistingof both computationabnddataplace-
mentjobs is submittedto DAGMan. DAGManthen
submitscomputationajobsto Condor/CondoiG, and
dataplacemenfobsto Stork.

modularityof Stork allows usersto inserta plug-into sup-
port their favorite storagesystem protocol,or middlevare
easily

Stork alreadyhas supportfor several different storage
systemsdatatransportprotocols,and middlewvare. Users
canusethemimmediatelywithout ary extra work. Stork
caninteractcurrently with datatransferprotocolssuchas
FTP[18], GridFTR HTTP andDiskRouter[13]; datastor
agesystemsuchasSRB,UniTree[4], andNeST, anddata
managemenniddlevaresuchasSRM.

Stork maintainsa library of pluggable‘data placement”
modules. Thesemodulesget executedby dataplacement
job requestscoming to Stork. They can perform inter-
protocoltranslationsitherusinga memorybuffer or third-
partytransfersvheneser available.In orderto transferdata
betweersystemdor which directinter-protocoltranslation
is notsupportedtwo consecutie Storkjobscanbeusedin-
stead.The rst Storkjob performstransferfrom the source
storagesystemto the local disk cacheof Stork, and the
secondStork job performsthe transferfrom the local disk
cacheof Storkto the destinatiorstoragesystem.

4.3 Flexible Job Representationand Multile vel Pol-
icy Support

Storkusesthe ClassAd[20] job descriptionanguageo
representhe dataplacemenjobs. The ClassAdlanguage
providesavery e xible andextensibledatamodelthatcan

Figure 3. Job representation in Stork. Three
sample data placement(DaP) requestsare shavn:
®rst oneto allocatespace,secondone to transfera
®le to theresenedspaceandthird oneto de-allocate
thereseredspace.

beusedto represenarbitraryservicesandconstraints.

Figure 3 shavs threesampledataplacementDaP)re-
guests. First requestis to allocate100 MB of disk space
for 2 hourson a NeST sener. Secondrequests to trans-
fer a le from an SRB sener to the resened spaceon the
NeSTsener. Thethird requesis to de-allocatepreviously
resenedspaceln additionto the“resene”, “transfer”, and
“release” therearealsootherdataplacemenjob typessuch
as‘“locate” to nd wherethe datais actually locatedand
“stage” to move the datafrom a tertiary storageto a sec-
ondarystoragenext to it in orderto decreasalataaccess
time duringactualtransfers.

Storkenablesisergo specifyjob level policiesaswell as
globalones.Globalpoliciesapplyto all jobsscheduledy
the sameStork sener. Userscanoverwrite themby spec-
ifying job level policiesin job descriptionClassAds. The
examplebelowv shavs how to overwrite global policies at
thejob level.

dap_type = Ttransfer”;
max_retry = 10;
restart_in = 72 hours";

]

In this particularexample the userspeci esthatthis par
ticular job shouldbe retriedup to 10 timesin caseof fail-
ure,andif thetransferdoesnotgetcompletedn 2 hours,it
shouldbekilled andrestarted.



4.4. Run-time Adaptation

Stork candecidewhich datatransferprotocolto usefor
eachcorrespondingransferdynamicallyandautomatically
at the run-time. Before performing eachtransfer Stork
malkesa quick checkto identify which protocolsare avail-
ablefor both the sourceand destinationhostsinvolved in
thetransfer Stork rst checksts own host-protocolibrary
to seewhetherall of the hostsinvolvedthe transferareal-
readyin the library or not. If not, Stork tries to connect
to thoseparticularhostsusingdifferentdatatransferproto-
cols,to determinethe availability of eachspeci c protocol
onthatparticularhost. ThenStork createghelist of proto-
colsavailableoneachhost,andstoreghesdistsasalibrary:

[

host_name = "quest2.ncsa.uiuc.edu";

supported_protocols = "diskrouter, gridftp, ftp";
1

host_name = "nostos.cs.wisc.edu";

supported_protocols

]

= "gridftp, ftp,  http";

If the protocolsspeci ed in the sourceand destination
URLs of therequesfail to performthe transfer Stork will
starttrying the protocolsin its host-protocolibrary to carry
outthetransfer Theusersalsohave the optionnotto spec-
ify ary particularprotocolsin the requestjetting Stork to
decidewhich protocolto useat run-time:

[
dap_type
src_url
dest_url

]

"transfer";
"any://slic04.sdsc.edu/tmp/foo.dat";
"any://quest2.ncsa.uiuc.edu/tmp/foo.dat";

In the above example,Storkwill selectary of the avail-
ableprotocolson both sourceanddestinationhoststo per
form the transfer So, the usersdo not needto careabout
which hostssupportwhich protocols. They just senda re-
guesto Storkto transfera le from onehostto anotherand
Storkwill take careof decidingwhich protocolto use.

Theuserscanalsoprovide their preferredist of alterna-
tive protocolsfor ary transfer In this case,the protocols
in this list will be usedinsteadof the protocolsin the host-
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 slicO4.sdsc.edto quest2.ncsa.uiuc.edising
the DiskRouterprotocolprimarily. The useralsoinstructs
Storkto useary of the NeSTor GridFTPprotocolsin case
the DiskRouterprotocol doesnot work. Stork will try to
performthetransferusingthe DiskRouterprotocol rst. In

caseof afailure, it will switchto the alternatve protocols
andwill try to completethetransfersuccessfullylf thepri-

mary protocol becomesavailable again, Stork will switch
to it again.So,whichever protocolavailablewill beusedto

successfullcompleteusersrequest.

4.5, Failure Recovery and Ef cient Resource Uti-
lization

Stork hidesary kind of network, storagesystem,mid-
dleware,or softwarefailuresfrom userapplications.It has
a“retry” mechanismwhichcanretryary failing dataplace-
mentjob any givennumberof timesbeforereturninga fail-
ure.lt alsohasa“kill andrestart’mechanismwhichallows
usersto specifya “maximum allowablerun time” for their
dataplacementobs. Whena job executiontime exceeds
this speci edtime, it will bekilled by Stork automatically
endrestartedThis featureovercomeghebugsin somesys-
tems,which causethe transfersto hangforever and never
return. This canbe repeatedary numberof times, again
speci edby theuser

Stork can control the number of concurrentrequests
comingto ary storagesystemit hasaccesdo, and makes
surethat neitherthat storagesystemnor the network link
to that storagesystemget overloaded.It canalsoperform
spaceallocationanddeallocationgo make surethatthere-
quiredstoragespacds availableon the correspondingtor
agesystem.The spaceresenationsaresupportedy Stork
aslong asthe correspondingtoragesystemshave support
for it.

5. CaseStudies

We will now shav the applicability andcontributionsof
Storkwith two casestudies.The rst casestudyshaws us-
ing Stork to createa data-pipelinebetweentwo heteroge-
neousstoragesystems.In this case,Storkis usedto trans-
fer databetweentwo massstoragesystemswhich do not
have a commoninterface. This is donefully automatically
andall failuresduringthe courseof thetransfersarerecov-
eredwithoutany humaninteraction.Thesecondcasestudy
shavshow Storkcanbeusedfor run-timeadaptatiorof data
transfers.If datatransferwith oneparticularprotocolfails,
Stork usesother protocolsavailable to successfullycom-
pletethetransfer

5.1 Building Data-pipelines

NCSA scientistswantedto transferthe Digital Palomar
Sky Suney (DPOSS)[7] imagedataresidingon SRB [2]
massstoragesystemat SDSCin Californiato their UniTree
massstoragesystemat NCSA in lllinois. The total data
sizewasaround3 TB (2611 les of 1.1 GB each). Since



Figure 4. Transfer in 5 Steps. Nodesrepresent-
ing the ®ve stepsof a single transferare combined
into agiantDAG to performall transferdn the SRB-
UniTreedata-pipelinek is the concurreng level.

therewasno directinterfacebetweenSRB andUniTreeat
thetime of theexperimenttheonly wayto performthedata
transferbetweenthesetwo storagesystemswvasto build a
datapipeline. For this purpose we have designeda data-
pipelineusingStork.

In this pipeline,we setup two cachenodesbetweerthe
sourceanddestinatiorstoragesystemsThe rst cachenode
(slicO4.sdsc.edwyasatthe SDSCsiteveryclosetothe SRB
sener, and the secondcachenode (quest2.ncsa.uiuc.edu)
wasatthe NCSA sitenearthe UniTreesener. Thispipeline
con gurationallowedusto transferdata rst from the SRB
senerto the SDSCcachenodeusingthe underlyingproto-
col of SRB, thenfrom the SDSCcachenodeto the NCSA
cachenodeusingthird-party DiskRoutertransfers,and -
nally from the NCSA cachenodeto the UniTreesener 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 whenerer we were done
with a le atthecachenode we hadtoremoveit fromthere
to createspacefor the transferof another le. Including
theremoval stepof the le, the end-to-endransferof each

le consistedf vebasicstepsall of whichwe considered
asreal jobs to be submittedeitherto the Condoror Stork
schedulingsystems. All of thesestepsare representes
nodesin a DAG with arcsrepresentinghe dependencies
betweerthe steps.Thenall of these ve nodeDAGswere
joinedtogetherto form a giant DAG asshown in Figure4.
Thewholeprocesavasmanagedy DAGMan.

TheSRBsener, theUniTreesener, andtheSDSCcache
node had gigabit ethernet(100aMb/s) interface cardsin-
stalledon them. The NCSA cachenodehad a fastether
net(100Mb/s) interfacecardinstalledon it. We found the
bottleneckink to bethe fastetherneinterfacecardon the

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

NCSA cachenode. We got an end-to-endransferrate of
47.6Mb/sfrom the SRBsenerto theUniTreesener.

In this study we have shovn that we can successfully
build a data-pipelinebetweentwo heterogeneousnass-
storagesystems,SRB and UniTree. Moreover, we have
fully automatedhe operationof the pipelineandsuccess-
fully transferredaround3 Terabytesof DPOSSdatafrom
the SRB sener to the UniTree sener without any human
interaction.

During the transferdetweenSRB andUniTree,we had
awide variety of failures.At timeseitherthe sourceor des-
tinationmass-storagsystemsstoppecdacceptinghew trans-
fers, dueto either software failures or scheduledmainte-
nanceactvity. We also had wide-areanetwork outages,
and software upgrades. Once in a while, a third-party
DiskRoutertransferwould hang.All of thesefailureswere
recoveredautomaticallyandthe transferswere completed
successfullyithout any humaninteraction.

Figure 5 shavs multiple failuresoccurringduring the



Figure 6. Dynamic Protocol Selection. The

DiskRoutersenerrunningonthe SDSCmachinggets

killed twice at points(1) and(3), andit getsrestarted
at points(2) and(4). In both casesStork emplored

next availableprotocol(GridFTPin this caseto com-

pletethetransfers.

courseof the transfers. First the SDSC cachemachine
was rebootedand thentherewasa UW CS network out-

agewhich disconnectedhe managemensite and the ex-

ecution sites for a couple of hours. The pipeline auto-
matically recoveredfrom thesetwo failures. Finally the
DiskRoutersenerstoppedespondindor acoupleof hours.
TheDiskRouterproblemwaspartially causedy a network

recon gurationat StarLighthostingthe DiskRoutersener.

Hereagain,our automatidailurerecoveryworked ne.

5.2 Run-time Adaptation of Data Transfers

We submitted 500 data transfer requeststo the
Stork sener running at University of Wisconsin (sky-
walker.cs.wisc.edu). Each requestconsistedof trans-
fer of a 1.1GB image le (total 550GB) from SDSC
(slicO4.sdsc.edup NCSA (quest2.ncsa.uiuc.edusingthe
DiskRouterprotocol. Therewas a DiskRoutersener in-
stalled at Starlight (hcdm13.sl.startap.netyhich was re-
sponsiblefor routing DiskRoutertransfers. There were
also GridFTP seners running on both SDSC and NCSA
sites,which enabledisto usethird-partyGridFTPtransfers
whenever necessary

At thebgginningof theexperimentbothDiskRouterand
GridFTPservicesvereavailable. Stork startedtransferring
les from SDSCto NCSA usingthe DiskRouterprotocolas
directedby theuser After awhile, wekilled the DiskRouter
senerrunningat Starlightintentionally Storkimmediately
switchedthe protocolsand continuedthe transfersusing

GridFTPwithout ary interruption. Switchingto GridFTP
causeda decreasén the performanceof the transfers,as
shawvn in Figure6. Thereasonf this decreasén perfor
manceis becausef thefactthatGridFTPdoesnot perform
auto-tuningwhereasDiskRouterdoes. In this experiment,
we setthe numberof parallelstreamdor GridFTPtransfers
to 10, but we did not performary tuning of disk I/O block
sizeor TCP buffer size. DiskRouterperformsauto-tuning
for the network parameteréncluding the numberof TCP-
streamsin order to fully utilize the available bandwidth.
DiskRoutercan also use sophisticatedrouting to achieve
betterperformance.

After letting Stork usethe alternative protocol (in this
caseGridFTP) to perform the transfersfor a while, we
restartedhe DiskRouterseneratthe SDSCsite. Thistime,
Stork switchedbackto using DiskRouterfor the transfers,
sinceit wasthe preferredprotocol of the user Switching
backto thefastemrotocolresultedn anincreasen theper
formance. We repeatedhis a coupleof more times, and
obsened that the systembehaed in the sameway every
time.

This experimentshavs thatwith alternateprotocolfall-
over capability grid data-placemerjbbs can make useof
the new high performanceprotocolswhile they work and
switchto morerobustlower performanceprotocolwhenthe
high performancenefails.

6. Future Work

We are planningto enhancethe interaction between
Stork and the higher level plannersand computational
schedulersnore. Thiswill resultin co-schedulingpf com-
putationaland dataresourcesand will allow usersto use
bothresourcesnoreef ciently.

Currently theschedulingf dataplacemenactiities us-
ing Storkareperformedatthe le level. Theuserscanmove
aroundonly completeles. We areplanningto addsupport
for datalevel or block level scheduling. In this way, the
userswill beableto schedulanovementsf partial les, or
evenary speci ¢ blocksof a le.

We areplanningto addmoreintelligenceandadaptation
to transfers Differentdatatransferprotocolsmay have dif-
ferentoptimumconcurreng levels for ary two sourceand
destinatiomodes.Storkwill be ableto decidethe concur
reng level of thetransferst is performing,takinginto con-
siderationthe sourceand destinationrnodesof the transfer
thelink it using, and more importantly the protocol with
which it is performingthe transfers. In caseof availabil-
ity of multiple protocolsto transferdatabetweendifferent
nodes,Stork will be ableto choosethe on with the best
performanceor the mostreliableoneaccordingto theuser
preferences.



Stork will be able to decidethroughwhich path, ide-
ally the optimumone, to transferdataby an enhancedn-
tegrationwith the DiskRoutertool. It will be ableto se-
lect nodeson which DiskRoutersshouldbe deployed, start
DiskRouterson thesenodes,andtransferthe datathrough
themby optimizingboththe pathandalsothe network uti-
lization.

Anotherenhancemenwill be donewith addingcheck-
pointing supportto dataplacemenjobs. Wheneeratrans-
fer fails, it will not be startedfrom scratch but ratheronly
theremainingpartsof the le will betransfered.

7. Conclusion

We have introduceda specializedschedulerfor data
placemengctivities in Grid. Dataplacemenefforts which
hasbeendoneeither manuallyor by using simple scripts
arenow regardedas rst classcitizensjust like the compu-
tationaljobs. They canbe queued,scheduledmonitored
andmanagedn a fault tolerantmanner We have shaved
thecurrentchallencesvith the dataplacemeneffortsin the
Grid, and how Stork can provide solutionsto them. We
introduceda framework in which computationabnd data
placemenjobsaretreatedandscheduledlifferentlyby their
correspondingchedulerswherethe managemerandsyn-
cronizationof bothtypeof jobsis performedoy higherlevel
planners.

With two casestudies,we have shovn the applicabil-
ity andcontributionsof Stork. Stork canbe usedto trans-
fer databetweerheterogeneousystemdully automatically
It canrecover from storagesystem,network and software
failureswithout any humaninteraction.lt candynamically
adaptdataplacemenjobsto the ervironmentat the execu-
tion time. We have shawn thatit generatedetterperfor
manceresultsby dynamicallyswitchingto alternatie pro-
tocolsin caseof afailure.
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