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Abstract

Dataplacementis anessentialpart of today'sdistributed
applicationssincemoving thedatacloseto theapplication
hasmanybene�ts.Theincreasingdatarequirementsof both
scienti�c and commercial applications,and collaborative
accessto thesedata make it evenmore important. In the
currentapproach, dataplacementis regardedasa sideaf-
fectof computation.Our goal is to make dataplacementa
�r st classcitizenin distributedcomputingsystemsjust like
the computationaljobs. They will be queued,scheduled,
monitored, managed, and even checkpointed. Sincedata
placementjobs havedifferent characteristicsthan compu-
tational jobs, they cannotbetreatedin theexactsameway
as computationaljobs. For this purpose, we are propos-
ing a frameworkwhich canbeconsideredasa “data place-
mentsubsystem”for distributedcomputingsystems,similar
to theI/O subsystemin operating systems.This framework
includesa specializedschedulerfor dataplacement,a high
levelplannerawareof dataplacementjobs,a resourcebro-
ker/policy enforcer and someoptimizationtools. Our sys-
temcanperformreliableandef�cient dataplacement,it can
recover fromall kindsof failureswithoutanyhumaninter-
vention,andit candynamicallyadaptto theenvironmentat
theexecutiontime.

Keywords.Distributedcomputing, reliableandef�cient
data placement,scheduling, run-timeadaptation,protocol
auto-tuning, dataintensiveapplications,I/O subsystem.

1. Intr oduction

The datarequirementsof both scienti�c and commer-
cial applicationshave beenincreasingdrasticallyin recent
years. Justa coupleof yearsago, the datarequirements
for an averagescienti�c applicationweremeasuredin ter-
abytes,whereastodaywe usepetabytesto measurethem.

Moreover, thesedata requirementscontinue to increase
rapidly every year, and in lessthana decadethey areex-
pectedto reachtheexabyte(1 million terabytes)scale[37].

Theproblemis notonly themassiveI/O needsof thedata
intensiveapplications,but alsothenumberof userswhowill
accessandsharethesamedatasets.For a rangeof applica-
tions from genomicsto biomedical,and from metallurgy
to cosmology, numberof peoplewho will beaccessingthe
datasetsrangefrom 100sto 1000s.Furthermore,theseusers
arenot locatedatasinglesite;ratherthey aredistributedall
acrossthecountry, eventheglobe.Therefore,thereis a big
necessityto move largeamountsof dataaroundwide area
networks for processingand for replication,which brings
with it theproblemof reliableandef�cient dataplacement.
Dataneedsto be located,movedto theapplication,staged
andreplicated;storageshouldbeallocatedandde-allocated
for thedatawhenever necessary;andeverythingshouldbe
cleanedupwhentheuseris donewith thedata.

Justas computationand network resourcesneedto be
carefully scheduledand managed,the schedulingof data
placementactivities all acrossthe distributed computing
systemsis crucial,sincetheaccessto datais generallythe
mainbottleneckfor dataintensive applications.This is es-
pecially the casewhenmost of the datais storedon tape
storagesystems,whichslowsdown accessto dataevenfur-
therdueto themechanicalnatureof thesesystems.

Thecurrentapproachto solvethisproblemof dataplace-
ment is either doing it manually, or employing simple
scripts,whichdonothaveany automationor fault tolerance
capabilities. They cannotadaptto a dynamicallychang-
ing distributedcomputingenvironment. They do not have
a singlepoint of control,andgenerallyrequirebaby-sitting
throughoutthe process.Thereareeven caseswherepeo-
ple founda solutionfor dataplacementby dumpingdatato
tapesandsendingthemvia postalservices[18].

Dataplacementactivities mustbe �rst classcitizensin
the distributedcomputingenvironmentsjust like the com-



putationaljobs. They needto be queued,scheduled,mon-
itored,andeven check-pointed.More importantly, it must
be madesurethat they completesuccessfullyandwithout
any needfor humanintervention.Currently, dataplacement
is generallynot consideredpart of the end-to-endperfor-
mance,andrequireslots of baby-sitting. In our approach,
theend-to-endprocessingof thedatawill becompletelyau-
tomated,sothattheusercanjust launcha batchof compu-
tational/dataplacementjobsandthenforgetaboutit.

Moreover, dataplacementjobsshouldbe treateddiffer-
ently from computationaljobs,sincethey havedifferentse-
manticsanddifferentcharacteristics.Dataplacementjobs
andcomputationaljobs shouldbe differentiatedfrom each
other and eachshouldbe submittedto specializedsched-
ulers that understandtheir semantics.For example,if the
transferof a large �le fails, we may not simply want to
restartthejob andre-transferthewhole�le. Rather, wemay
prefertransferringonly theremainingpartof the�le. Sim-
ilarly, if a transferusingoneprotocolfails,we maywantto
try otherprotocolssupportedby thesourceanddestination
hoststo performthetransfer. We maywantto dynamically
tuneupnetwork parametersor decideconcurrency level for
speci�c source,destinationand protocol triples. A tradi-
tional computationaljob schedulerdoesnot handlethese
cases.For this purpose,we have developeda “data place-
mentsubsystem”for distributedcomputingsystems,sim-
ilar to the I/O subsystemin operatingsystems.This sub-
systemincludesaspecializedschedulerfor dataplacement,
a higher level plannerawareof dataplacementjobs, a re-
sourcebroker/policy enforcerandsomeoptimizationtools.

This data placement subsystemprovides complete
reliability, a level of abstraction between errors and
users/applications,ability to achieve loadbalancingon the
storageservers,andto control thetraf�c on network links.
It alsoallows the usersto performthesetwo typesof jobs
asynchronously.

We show applicability and contributions of our work
with threeimportantcasestudies.Two of thesecasestud-
ies arefrom real world: a dataprocessingpipelinefor ed-
ucationalvideo processinganda datatransferpipelinefor
astronomyimageprocessing.Our systemcan be usedto
transferdatabetweenheterogeneoussystemsfully automat-
ically. It canrecoverfrom storagesystem,networkandsoft-
warefailureswithoutany humaninteraction.It candynam-
ically adaptdataplacementjobs to the environmentat the
executiontime.

2. Background

I/O hasbeenvery important throughoutthe history of
computing,andspecialattentiongivento it to make it more
reliableandef�cient bothin hardwareandsoftwarelevels.

In theold days,theCPUwasresponsiblefor carryingout

all datatransfersbetweenI/O devicesandthemainmemory
at thehardwarelevel. Theoverheadof initiating, monitor-
ing and actually moving all databetweenthe device and
the main memorywas too high to permit ef�cient utiliza-
tion of CPU.To alleviatethis problem,additionalhardware
wasprovidedin eachdevice controllerto permitdatato be
directly transferredbetweenthe device andmain memory,
which led to the conceptsof DMA (Direct Memory Ac-
cess)andI/O processors(channels).All of the I/O related
tasksaredelegatedto thespecializedI/O processors,which
were responsiblefor managingseveral I/O devices at the
sametime andsupervisingthedatatransfersbetweeneach
of thesedevicesandmainmemory [7].

On theoperatingsystemslevel, initially theusershadto
write all of the codenecessaryto accesscomplicatedI/O
devices. Later, low level I/O codingneededto implement
basicfunctionswasconsolidatedto anI/O ControlSystem
(IOCS).This greatlysimpli�ed users'jobsandspedup the
codingprocess[14]. Afterwards,anI/O schedulerwasde-
velopedon top of IOCSthatwasresponsiblefor execution
of thepolicy algorithmsto allocatechannel(I/O processor),
controlunit anddeviceaccesspatternsin orderto serve I/O
requestsfrom jobsef�ciently [31].

Whenwe considerschedulingof I/O requestsat thedis-
tributedsystemslevel, we do not seethesamerecognition
given them. They are not even consideredas tasksthat
needto be scheduledandmonitoredindependently. There
hasbeena lot of work on remoteaccessto data[22] [33],
but this approachdoesnot scalewell asthe targetdataset
sizeincreases.Moving theapplicationcloserto thedatais
notalwayspractical,sincestoragesystemsgenerallydonot
havesuf�cient computationalresourcesnearby. Thegeneral
approachfor largedatasetsis to move datato theapplica-
tion. Therefore,dataneedto belocatedandsentto process-
ing sites;theresultsshouldbesharedwith othersites;stor-
agespaceshouldbe allocatedand de-allocatedwhenever
necessary;andeverythingshouldbecleanedupafterwards.
Although thesedataplacementactivities are of great im-
portancefor theend-to-endperformanceof anapplication,
they are generallyconsideredas side effectsof computa-
tion. They areeitherembeddedinto computationaljobs,or
performedusingsimplescripts.

Our framework andthesystemwe have developedgive
dataplacementits recognitionin distributedsystems.This
systemcanbeconsideredasanI/O (or dataplacement)sub-
systemin adistributedcomputingenvironment.

3. Data PlacementSubsystem

Most of the data intensive applicationsin distributed
computingsystemsrequiremoving the input datafor the
job from a remotesite to the executionsite, executingthe
job, andthenmoving theoutputdatafrom executionsiteto
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Figure 1. Separating data placement form
computation. Computationat a remotesite with
input andoutputdatarequirementscan be achieved
with a new ®ve-stepplan, in which computationand
dataplacementareseparated.This is representedasa
six nodeDAG in the®gure.

thesameor anotherremotesite. If theapplicationdoesnot
wantto takeany risk of runningoutof diskspaceat theexe-
cutionsite,it shouldalsoallocatespacebeforetransferring
theinputdatathere,andreleasethespaceafterit movesout
theoutputdatafrom there.

Weregardall of thesecomputationalanddataplacement
stepsasrealjobsandrepresentthemasnodesin a Directed
Acyclic Graph(DAG).Thedependenciesbetweenthemare
representedasdirectedarcs,asshown in Figure1.

In our framework, the dataplacementjobs are repre-
sentedin a different way than computationaljobs in the
job speci�cation language,so that the high level planners
(i.e. Pegasus[13], Chimera[23]) can differentiatethese
two classesof jobs. The high level plannerscreatecon-
creteDAGswith alsodataplacementnodesin them.Then,
theplannersubmitsthis concreteDAG to a work�o w man-
ager(i.e. DAGMan[44]). Thework�o w managersubmits
computationaljobs to a computejob queue,and the data
placementjobsto a dataplacementjob queue.Jobsin each
queuearescheduledby thecorrespondingscheduler. Since
our focusin this work is on thedataplacementpart,we do
notgetinto detailsof thecomputationaljob scheduling.

Thedataplacementscheduleractsbothasa I/O control
systemandI/O schedulerin a distributedcomputingenvi-
ronment.Eachprotocolanddatastoragesystemhave dif-
ferentuserinterface,different librariesanddifferentAPI.
In thecurrentapproach,theusersneedto dealwith all com-
plexities of linking to different libraries,andusingdiffer-
entinterfacesof datatransferprotocolsandstorageservers.

Figure 2. Components of the Data Placement
Subsystem. Thecomponentsof ourdataplacement
subsystemareshown in graycolor in the®gure.

Our dataplacementschedulerprovidesa uniform interface
for all differentprotocolsand storageservers, and puts a
level of abstractionbetweentheuserandthem.

The dataplacementschedulerschedulesthe jobs in its
queueaccordingto the informationit getsfrom the work-
�o w managerandfrom theresourcebroker/policy enforcer.
The resourcebroker matchesresourcesto jobs, andhelps
in locating the dataand making decisionssuchas where
to move thedata.It consultsa replicalocationservice(i.e.
RLS[11]) whenevernecessary. Thepolicy enforcerhelpsin
applyingtheresourcespeci�c or job speci�c policies,such
ashow many concurrentconnectionsareallowed to a spe-
ci�c storageserver.

The log �les of the jobsarecollectedby thedataminer.
Thedataminerparsestheselogsandextractsusefulinfor-
mationfrom themsuchasdifferentevents,timestamps,er-
ror messagesandutilization statistics. Thenthis informa-
tion is enteredinto a database.Thedataminerrunsa setof
querieson thedatabaseto interpretthemandthenfeedsthe
resultsbackto theschedulerandtheresourcebroker/policy
enforcer.

Thenetwork monitoringtoolscollectstatisticson maxi-
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Figure 3. Interaction with Higher Level Plan­
ners. Our dataplacementscheduler(Stork) canin-
teractwith ahigherlevel plannersandwork¯ow man-
agers.A concreteDAG createdby ChimeraandPe-
gasusis sent to DAGMan. This DAG consistsof
both computationalanddataplacementjobs. DAG-
Man submitscomputationaljobs to a computational
batchscheduler(Condor/Condor-G), anddataplace-
mentjobsto Stork.

mumavailableend-to-endbandwidth,actualbandwidthuti-
lization, latency andnumberof hopsto be traveledby uti-
lizing toolssuchasPathrate[16] andIperf [34]. Again, the
collectedstatisticsarefed backto theschedulerandthere-
sourcebroker/policy enforcer.

The componentsof our dataplacementsubsystemand
their interactionwith othercomponentsareshown in Fig-
ure2. Themostimportantcomponentof this systemis the
dataplacementscheduler, which canunderstandthe char-
acteristicsof the dataplacementjobs andcanmake smart
schedulingdecisionsaccordingly. In the next section,we
presentthefeaturesof thisschedulerin detail.

4. Data PlacementScheduler(Stork)

We have implementeda prototypeof thedataplacement
schedulerwe areproposing.We call this schedulerStork.
Stork provides solutionsfor many of the dataplacement
problemsencounteredin thedistributedcomputingenviron-
ments.

Interaction with Higher Level Planners.Storkcanin-
teractwith higher level plannersandwork�o w managers.
This allows the usersto be ableto scheduleboth CPU re-
sourcesand storageresourcestogether. We madesome
enhancementsto DAGMan,so that it candifferentiatebe-

tween computationaljobs and data placementjobs. It
canthensubmitcomputationaljobsto a computationaljob
scheduler, suchasCondor[29] or Condor-G [24], andthe
dataplacementjobsto Stork.Figure3 showsasampleDAG
speci�cation �le with the enhancementof dataplacement
nodes,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.

Interaction with HeterogeneousResources.Storkacts
like an I/O control system(IOCS) betweenthe user ap-
plications and the underlying protocolsand data storage
servers. It providescompletemodularityandextendibility.
Theuserscanaddsupportfor their favoritestoragesystem,
datatransportprotocol,or middlewarevery easily. This is
a very crucial featurein a systemdesignedto work in a
heterogeneousdistributed environment. The usersor ap-
plicationsmaynotexpectall storagesystemsto supportthe
sameinterfacesto talk to eachother. And wecannotexpect
all applicationsto talk to all the differentstoragesystems,
protocols,andmiddleware.Thereneedsto bea negotiating
systembetweenthemwhichcaninteractwith thosesystems
easilyandeven translatedifferentprotocolsto eachother.
Storkhasbeendevelopedto becapableof this. Themodu-
larity of Storkallowsusersto insertaplug-into supportany
storagesystem,protocol,or middlewareeasily.

Stork alreadyhassupportfor several different storage
systems,datatransportprotocols,andmiddleware. Users
canusethemimmediatelywithout any extra work. Stork
can interact currently with data transfer protocols such
as FTP [36], GridFTP [2], HTTP and DiskRouter [25];
datastoragesystemssuchas SRB [3], UniTree [9], and
NeST [12]; and data managementmiddleware such as
SRM[41].

Storkmaintainsa library of pluggable“dataplacement”
modules. Thesemodulesget executedby dataplacement
job requestscoming into Stork. They can perform inter-
protocoltranslationseitherusinga memorybuffer or third-
party transferswhenever available. Inter-protocol transla-
tions are not supportedbetweenall systemsor protocols
yet. Figure4 showstheavailabledirectinter-protocoltrans-
lationsthatcanbeperformedusingasingleStorkjob.

In orderto transferdatabetweensystemsfor which di-
rect inter-protocoltranslationis not supported,two consec-
utiveStorkjobscanbeusedinstead.The�rst Storkjob per-
forms transferfrom the sourcestoragesystemto the local
disk cacheof Stork,andthesecondStork job performsthe
transferfrom thelocaldiskcacheof Storkto thedestination
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Figure 4. Protocol Translation using Stork
Memor y Buff er or Thir d­par ty Transf ers.
Transfersbetweensomestoragesystemsandproto-
cols can be performeddirectly using one Stork job
via memorybuffer or third-partytransfers.

storagesystem.This is shown in Figure5.
Flexible Job Representation and Multile vel Policy

Support. StorkusestheClassAd[38] job descriptionlan-
guageto representthe dataplacementjobs. The ClassAd
languageprovidesavery�e xible andextensibledatamodel
that can be usedto representarbitrary servicesand con-
straints.

Figure6 shows threesampledataplacement(DaP) re-
quests.The�rst requestis to allocate100MB of diskspace
for 2 hoursonaNeSTserver. Thesecondrequestis to trans-
fer a �le from an SRB server to the reserved spaceon the
NeSTserver. The third requestis to de-allocatetheprevi-
ously reserved space.In additionto the “reserve”, “trans-
fer”, and“release”,therearealsootherdataplacementjob
typessuchas“locate” to �nd wherethedatais actuallylo-
catedand“stage” to move the datafrom a tertiary storage
to a secondarystoragenext to it in order to decreasedata
accesstime duringactualtransfers.

Stork enablesusersto specifyjob level policiesaswell
asglobalones.Globalpoliciesapply to all jobsscheduled
by thesameStorkserver. Userscanoverridethemby spec-
ifying job level policies in job descriptionClassAds.The
examplebelow showshow to overrideglobalpoliciesat the
job level.

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

]

Figure 5. Protocol Translation using Stork
Disk Cache. Transfersbetweenall storagesystems
andprotocolssupportedcanbeperformedusingtwo
Storkjobsvia anintermediatedisk cache.

In this example,theuserspeci�esthat thejob shouldbe
retriedup to 10 timesin caseof failure,andif the transfer
doesnot get completedin 2 hours,it shouldbe killed and
restarted.

Dynamic Protocol Selection. Stork candecidewhich
datatransferprotocolto usefor eachtransferdynamically
andautomaticallyat therun-time. Beforeperformingeach
transfer, Storkmakesaquickcheckto identify whichproto-
colsareavailablefor both thesourceanddestinationhosts
involved in the transfer. Stork �rst checksits own host-
protocollibrary to seewhetherall of thehostsinvolved in
the transferarealreadyin the library or not. If not, Stork
triesto connectto thoseparticularhostsusingdifferentdata
transferprotocols,to determinetheavailability of eachspe-
ci�c protocolonthatparticularhost.ThenStorkcreatesthe
list of protocolsavailableoneachhost,andstorestheselists
asa library:

[
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:

[
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Figure 6. 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.

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. Therefore,theusersdo not needto care
aboutwhich hostssupportwhich protocols.They just send
arequestto Storkto transfera �le from onehostto another,
andStorkwill 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. Hence,whichever protocolis availablewill be
usedto successfullycompleteuser's request.

Run-time ProtocolAuto-tuning. Statisticsfor eachlink
involvedin thetransfersarecollectedregularlyandwritten
into a �le, creatinga library of network links, protocolsand
auto-tuningparameters.

[
link = "slic04.sdsc.edu - quest2.ncsa.uiuc.edu";
protocol = "gsiftp";

bs = 1024KB; //block size
tcp_bs = 1024KB; //TCP buffer size
p = 4; //parallelism

]

Beforeperformingevery transfer, Storkchecksits auto-
tuninglibrary to seeif thereareany entriesfor theparticular
hostsinvolved in this transfer. If thereis an entry for the
link to be usedin this transfer, Stork usestheseoptimized
parametersfor thetransfer. Storkcanalsobecon�guredto
collect performancedatabeforeevery transfer, but this is
not recommendeddueto theoverheadit would bring to the
system.

Failur e Recovery. Stork hidesany kind of temporary
network, storagesystem,middleware,or softwarefailures
from userapplications.It hasa “retry” mechanism,which
canretry any failing dataplacementjob any givennumber
of timesbeforereturninga failure. It alsohasa “kill and
restart”mechanism,which allows usersto specifya “max-
imum allowable run time” for their dataplacementjobs.
Whena job executiontime exceedsthis speci�ed time, it
will be killed by Stork automaticallyend restarted. This
featureovercomesthe bugsin somesystems,which cause
the transfersto hangforever andnever return. This canbe
repeatedany numberof times,againspeci�edby theuser.

Ef�cient Resource Utilization. Stork can control the
numberof concurrentrequestscomingto any storagesys-
temit hasaccessto,andmakessurethatneitherthatstorage
systemnor thenetwork link to thatstoragesystemgetover-
loaded. It canalsoperformspaceallocationanddealloca-
tions to make surethat the requiredstoragespaceis avail-
ableon thecorrespondingstoragesystem.Thespacereser-
vationsaresupportedby Storkaslongasthecorresponding
storagesystemshavesupportfor it.

5. CaseStudies

We will now show theapplicabilityandcontributionsof
our dataplacementsubsystemwith threecasestudies.The
�rst casestudyshows usingStork to createa data-pipeline
betweentwo heterogeneousstoragesystems.In this case,
Storkis usedto transferdatabetweentwo massstoragesys-
temswhich do not have a commoninterface. This is done
fully automaticallyandall failuresduringthecourseof the
transfersarerecoveredwithout any humaninteraction.The
secondcasestudyshowshow ourdataplacementsubsystem
canbeusedfor run-timeadaptationof datatransfers.If data
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Figure 7. Data­pipeline with Two Intermediate
Nodes. Building a data-pipelinewith two interme-
diatenodes,onecloseto thesourceandonecloseto
the destination,may provide additionalfunctionality
andincreaseperformance.

transferwith oneparticularprotocolfails, Storkusesother
protocolsavailableto successfullycompletethetransfer. In
casewherethenetwork parametersarenot well tuned,our
dataplacementsubsystemcanperformauto-tuningduring
run-time.In thethird casestudy, we havebuilt a fully auto-
mateddataprocessingpipelineto processterabytesof edu-
cationalvideo.

5.1. Building Data­pipelines

NCSA scientistswantedto transfertheDigital Palomar
Sky Survey (DPOSS)[15] imagedataresidingon SRB[3]
massstoragesystematSDSCin Californiato theirUniTree
massstoragesystemat NCSA in Illinois. The total data
sizewasaround3 TB (2611�les of 1.1 GB each). Since
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-

Figure 8. Transf er in �ve Steps. Nodesrepre-
sentingthe®vestepsof asingletransferarecombined
into agiantDAG to performall transfersin theSRB-
UniTreedata-pipeline.k is theconcurrency level.

ing theunderlyingprotocolof UniTree. This pipelinecon-
�guration is shown in Figure7.

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 Figure8.
Thewholeprocesswasmanagedby DAGMan.

TheSRBserver, theUniTreeserver, andtheSDSCcache
nodehadgigabit ethernet(1000Mb/s) interfacecardsin-
stalledon them. The NCSA cachenodehada fastether-
net (100Mb/s) interfacecardinstalledon it. We foundthe
bottlenecklink to be the fastethernetinterfacecardon the
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
a wide variety of failures. At times, either the source
or the destinationmass-storagesystemsstoppedaccepting
new transfers,dueto eithersoftwarefailuresor scheduled
maintenanceactivity. We alsohadwide-areanetwork out-
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Figure 9. Automated Failure Recovery. The
transfersrecoveredautomaticallydespitealmostall
possiblefailures occurring one after the other: a)
TheUniTreeserverstopsresponding,theDiskRouter
server gets recon®guredand restartedduring the
transfersb) UW CSnetwork goesdown,SDSCcache
nodegoesdown,and®nally therewasaproblemwith
theDiskRouterserver.

ages,and software upgrades. Occasionally, a third-party
DiskRoutertransferwould hang.All of thesefailureswere
recoveredautomaticallyand the transferswerecompleted
successfullywithout any humaninteraction.

Figure 9 shows multiple failuresoccurringduring the
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 have performedtwo differentexperimentsto evalu-
atetheeffectivenessof our dynamicprotocolselectionand
run-time protocol tuning mechanisms.We also collected
performancedatato show thecontribution of thesemecha-
nismsto wide areadatatransfers.

Dynamic Protocol Selection. We submitted500 data
transferrequeststo theStorkserverrunningatUniversityof

Figure 10. Experiment Setup. DiskRouterand
GridFTP protocols are used to transfer data from
SDSCto NCSA. Stork wasrunningat the Manage-
ment site, and making schedulingdecisionsfor the
transfers.

Wisconsin(skywalker.cs.wisc.edu).Eachrequestconsisted
of transferof a1.1GBimage�le (total550GB)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,which enabledus to usethird-party GridFTP trans-
ferswhenevernecessary. Theexperimentsetupis shown in
Figure10.

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 Figure 11. The reasonof this decreasein per-
formanceis that GridFTP doesnot perform auto-tuning
whereasDiskRouterdoes. In this experiment,we set the
numberof parallelstreamsfor GridFTPtransfersto 10,but
we did not perform any tuning of disk I/O block size or
TCP buffer size. DiskRouterperformsauto-tuningfor the
network parametersincluding the numberof TCP-streams
in orderto fully utilize theavailablebandwidth.DiskRouter
canalsousesophisticatedrouting to achieve betterperfor-
mance.

After letting Stork usethe alternative protocol (in this
caseGridFTP) to perform the transfersfor a while, we
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Figure 11. Dynamic Protocol Selection. The
DiskRouterserver runningon the SDSCmachineis
killed twice at points(1) and(3), andit is restartedat
points(2) and(4). In bothcases,Storkemployednext
availableprotocol(GridFTPin this case)to complete
thetransfers.

restartedtheDiskRouterserverat theSDSCsite.This time,
Storkswitchedbackto usingDiskRouterfor the transfers,
sinceit was the preferredprotocolof the user. Switching
backto thefasterprotocolresultedin anincreasein theper-
formance.We repeatedthis coupleof moretimes,andob-
servedthatthesystembehavedin thesamewayevery time.

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

Run-time Protocol Auto-tuning. In thesecondexperi-
ment,wesubmittedanother500datatransferrequeststo the
Stork server. Eachrequestwasto transfera 1.1GBimage
�le (total 550GB) usingGridFTPastheprimaryprotocol.
We usedthird-partyglobus-url-copy transferswithout any
tuningandwithout changingany of thedefault parameters.

Parameter Beforeauto-tuning After auto-tuning

parallelism 1 TCPstream 4 TCPstreams
block size 1 MB 1 MB
tcp buffer size 64KB 256KB

Table 1. Network parameter s for gridFTP be­
fore and after auto­tuning feature of Stork be­
ing turned on.

We turnedoff theauto-tuningfeatureof Storkat thebe-

Figure 12. Run­time Protocol Auto­tuning.
Stork startsthe transfersusing the GridFTP proto-
col with auto-tuningturnedoff intentionally. Then
we turn th e auto-tuningon, andtheperformancein-
creasesdrastically

ginning of the experimentintentionally. The averagedata
transferratethatglobus-url-copy couldgetwithoutany tun-
ing was only 0.5 MB/s. The default network parameters
usedby globus-url-copy are shown in Table 1. After a
while, we turnedon theauto-tuningfeatureof Stork. Stork
�rst obtainedthe optimal valuesfor I/O block size, TCP
buffer size and the numberof parallel TCP streamsfrom
theunderlyingmonitoringandtuning infrastructure.Then
it appliedthesevaluesto thesubsequenttransfers.Figure12
showstheincreasein theperformanceaftertheauto-tuning
featureis turnedon. We got a speedupof closeto 20 times
comparedto transferswithout tuning.

5.3. Educational VideoProcessingPipeline

Wisconsin Center for EducationalResearch(WCER)
wantedtoprocessnearly500terabytesof educationalvideo.
They wantedto get mpeg1, mpeg2 andmpeg4 encodings
from theoriginalDV formatandmakeall formatselectron-
ically availablefor collaboratingresearchers.They wanted
the videosto be storedboth in their storageserver andat
the SRB massstorageat SanDiego supercomputingcen-
ter (SDSC).They did nothave thenecessarycomputational
power nor the infrastructureto processandreplicatethese
videos.

We have createda video processingpipeline for them
usingCondorandStorktechnologies.Thevideo�les (each
13GB)�rst gettransferredfrom WCERto a stagingareaat
UW CSDepartment.Sincethe internal�le transfermech-
anismof Condordid not support�les largerthan2 GB, we
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Figure 13. WCER Con�guration

split the �les hereinto 2 GB junksandtransferredthemto
individual computenodes. At eachcomputenode, these
2GB junks got mergedagainandprocessed.The encoded
mpeg �les got transferredback to the stagingnode, and
from herebackto WCER.A copy of each�le gotreplicated
to the SRB server at SDSC.The whole processwasman-
agedby DAGMan,andit wasperformedfully automatically
without any humanintervention.This pipelineis shown in
Figure13.

6. RelatedWork

Visualizationscientistsat Los AlamosNationalLabora-
tory (LANL) foundasolutionfor dataplacementby dump-
ing datato tapesandsendingthemto SandiaNationalLab-
oratory(SNL) via FederalExpress,becausethis wasfaster
thanelectronicallytransmittingthemvia TCPover the155
Mbps(OC-3)WAN backbone[18].

The Reliable File Transfer Service(RFT)[30] allows
bytestreamsto betransferredin areliablemanner. RFTcan
handlewide varietyof problemslike droppedconnections,
machinereboots,andtemporarynetwork outagesautomati-
callyvia retrying.RFTis built ontopof GridFTP[1], which
is a secureandreliabledatatransferprotocolespeciallyde-
velopedfor high-bandwidthwide-areanetworks.

The LightweightDataReplicator(LDR) [26] canrepli-
catedatasetsto the membersitesof a Virtual Organiza-
tion or DataGrid. It wasprimarily developedfor replicat-
ing LIGO [28] data,andit makesuseof Globus [21] 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) [41] on topof them.Currently, acouple
of datastoragesystems,suchasHPSS[39], Jasmin[8] and

Enstore[20], supportSRMsontopof them.SRMscanalso
managedistributedcachesusing“pinning of �les”.

The SDSCStorageResourceBroker (SRB) [3] aimsto
provideauniforminterfacefor connectingto heterogeneous
dataresourcesandaccessingreplicateddatasets.SRBuses
aMetadataCatalog(MCAT) to provideawayto accessdata
setsandresourcesbasedon their attributesratherthantheir
namesor physicallocations.

Thainet. al. proposetheEthernetapproach[42] to dis-
tributedcomputing,in whichthey introduceasimplescript-
ing languagewhichcanhandlefailuresin a mannersimilar
to exceptionsin somelanguages.TheEthernetapproachis
notawareof thesemanticsof thejobsit is running,its duty
is retrying any given job for a numberof times in a fault
tolerantmanner.

Network WeatherService(NWS) [46] is a distributed
systemwhich periodically gathersreadingsfrom network
andCPUresources,andusesnumericalmodelsto generate
forecastsfor agiventime frame.Vazhkudai[45] foundthat
the network throughputpredictedby NWS wasmuchless
thantheactualthroughputachievedby GridFTP.

Semke [40] introducesautomaticTCP buffer tuning.
Herethereceiver is expectedto advertiselargeenoughwin-
dows. Fisk [19] points out the problemsassociatedwith
[40] and introducesdynamic right sizing which changes
the receiver window advertisementaccordingto estimated
sendercongestionwindow.

Fearmanet. al [17] introducethe Adaptive Regression
Modeling (ARM) techniqueto forecastdatatransfertimes
for network-bounddistributed data-intensive applications.
Oguraet. al [35] try to achieve optimal bandwidtheven
when the network is underheavy contention,by dynam-
ically adjustingtransferparametersbetweentwo clusters,
suchasthenumberof socketstripesandthenumberof net-
work nodesinvolvedin transfer.

In [10], Carteret. al. introducetools to estimatethe
maximumpossiblebandwidthalong a given path, and to
calculatethecurrentcongestionalonga path. Using these
tools, they demonstratehow dynamicserver selectioncan
beperformedto achieveapplication-levelcongestionavoid-
ance.

Application Level Schedulers(AppLeS) [6] have been
developedto achieveef�cient schedulingby takinginto ac-
countboth application-speci�canddynamicsysteminfor-
mation. AppLeSagentsusedynamicsysteminformation
providedby theNWS.

Becket. al. introduceLogisticalNetworking [4] which
performsglobalschedulingandoptimizationof datamove-
ment, storageand computationbasedon a model that
takesinto accountall thenetwork'sunderlyingphysicalre-
sources.Kangaroo[43] triesto achievehigh throughputby
makingopportunisticuseof diskandnetwork resources.

GFarm [32] provides a global parallel �lesystem with
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online petascalestorage. Their model speci�cally targets
applicationswheredataprimarilyconsistsof asetof records
or objectswhich areanalyzedindependently. Gfarm takes
advantageof this accesslocality to achieve a scalableI/O
bandwidthusinga parallel �lesystem integratedwith pro-
cessschedulingand�le distribution.

OceanStore[27] aims to build a global persistentdata
storethat canscaleto billions of users. The basicidea is
thatany servermaycreatea local replicaof any dataobject.
Theselocal replicasprovide fasteraccessand robustness
to network partitions.Both GfarmandOceanStorerequire
creatingseveral replicasof thesamedata,but still they do
not addressthe problemof schedulingthe datamovement
whenthereis no replicacloseto thecomputationsite.

BAD-FS [5] builds a batch aware distributed �lesys-
tem for dataintensive workloads. This is generalpurpose
andservesworkloadsmoredataintensivethanconventional
ones. For performancereasonsit prefer to accesssource
datafrom local disk ratherthanover a network �lesystem.
Further, BAD-FS at presentdoesnot schedulewide-area
datamovementwhich we feel is necessaryfor large data
sets.

7. Future Work

We areplanningto enhancethe interactionbetweenour
dataplacementschedulerandthehigherlevel plannersand
work�o w managerslike DAGMan, PagasusandChimera.
This will result in better co-schedulingof computational
anddataresourcesandwill allow usersto usebothresources
moreef�ciently .

We areplanningto addmoreintelligenceandadaptation
to transfers.Differentdatatransferprotocolsmayhavedif-
ferentoptimumconcurrency levels for any two sourceand
destinationnodes. Our dataplacementsubsystemwill be
able to decidethe concurrency level of the transfersit is
performing,taking into considerationthesourceanddesti-
nationnodesof thetransfer, thelink it using,andmoreim-
portantly, theprotocolwith whichit is performingthetrans-
fers. In caseof availability of multiple protocolsto transfer
databetweendifferentnodes,thedataplacementscheduler
will beableto choosetheon with thebestperformance,or
themostreliableoneaccordingto theuserpreferences.

Our data placementsubsystemwill be able to decide
throughwhich path, ideally the optimum one, to transfer
databy an enhancedintegration with the underlyingnet-
work anddatatransfertools. Anotherenhancementwill be
donewith addingcheck-pointingsupportto dataplacement
jobs. Whenever a transferfails, it will not be startedfrom
scratch,but ratheronly the remainingpartsof the �le will
betransfered.

8. Conclusion

We have introduceda dataplacementsubsystemfor re-
liableandef�cient dataplacementin distributedcomputing
systems.Dataplacementefforts which hasbeendoneei-
thermanuallyor by usingsimplescriptsarenow regarded
as�rst classcitizensjust like thecomputationaljobs. They
can be queued,scheduled,monitoredand managedin a
fault tolerantmanner. We have showed the how our sys-
tem canprovide solutionsto the dataplacementproblems
of the distributed systemscommunity. We introduceda
framework in whichcomputationalanddataplacementjobs
aretreatedandscheduleddifferentlyby theircorresponding
schedulers,wherethemanagementandsynchronizationof
bothtypeof jobsis performedby higherlevel planners.

With several casestudies,we have shown the applica-
bility andcontributionsof our dataplacementsubsystem.
It canbeusedto transferdatabetweenheterogeneoussys-
temsfully automatically. It canrecover from storagesys-
tem,network andsoftwarefailureswithout any humanin-
teraction. It can dynamically adaptdataplacementjobs
to the environmentat the executiontime. We have shown
that it generatesbetterperformanceresultsby dynamically
switching to alternative protocolsin caseof a failure. It
canhelp auto-tuningsomenetwork parametersto achieve
higherdatatransferrate.We have alsoshown thathow our
systemcanbeusedin interactionwith otherschedulersand
higher level plannersto createreliable,ef�cient and fully
automateddataprocessingpipelines.
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