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Abstract

Dataplacemenis anessentiapart of today'sdistributed
applicationssincemoving the data closeto the application
hasmanybene ts. Theincreasingdatarequirrment®fboth
scienti ¢ and commecial applications,and collaborative
accesdo thesedata male it evenmore important. In the
currentapproach, data placements regardedas a sideaf-
fectof computation.Our goal is to male dataplacement

r st classcitizenin distributed computingsystemgust like

the computationaljobs. They will be queued,scheduled,
monitored, manayed, and even chekpointed. Sincedata
placemenjobs havedifferent characteristicsthan compu-
tational jobs, they cannotbe treatedin the exact sameway
as computationaljobs. For this purpose we are propos-
ing aframeavorkwhich canbeconsideedasa “data place-
mentsubsystemfor distributedcomputingsystemssimilar

to the /O subsystenn opemating systemsThis framevork
includesa specializedsdcedulerfor dataplacementa high

level planneraware of dataplacemenjobs,a resoucebro-

ker/policy enfoicer and someoptimizationtools. Our sys-
temcanperformreliableandef cient dataplacementit can
recover fromall kindsof failureswithoutany humaninter-

vention,andit candynamicallyadaptto the ernvironmeniat

theexecutiontime
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1. Intr oduction

The datarequirementf both scienti c and commer
cial applicationshave beenincreasingdrasticallyin recent
years. Justa coupleof yearsago, the datarequirements
for an averagescienti ¢ applicationwere measuredn ter
abytes,whereastoday we usepetabyteso measurehem.

Moreover, these data requirementscontinue to increase
rapidly every year andin lessthana decadethey are ex-
pectedo reachthe exabyte(1 million terabyteskcale[37].

Theproblemis notonly themassve /O needof thedata
intensive applicationsbut alsothenumberof usersvhowill
accessandsharethe samedatasetsFor a rangeof applica-
tions from genomicsto biomedical,and from metallugy
to cosmologynumberof peoplewho will be accessinghe
datasetsangefrom 100sto 1000s.Furthermoretheseusers
arenotlocatedatasinglesite; ratherthey aredistributedall
acrosghecountry eventhe globe. Therefore thereis a big
necessityto move large amountsof dataaroundwide area
networks for processingand for replication,which brings
with it the problemof reliableandef cient dataplacement.
Dataneedgo be located,movedto the application,staged
andreplicated storageshouldbeallocatedandde-allocated
for the datawheneer necessaryandeverythingshouldbe
cleanedup whenthe useris donewith the data.

Justas computationand network resourceseedto be
carefully scheduledand managedthe schedulingof data
placementactiities all acrossthe distributed computing
systemsds crucial, sincethe accesgo datais generallythe
main bottleneckfor dataintensive applications.This is es-
pecially the casewhen most of the datais storedon tape
storagesystemsyhich slovs down accesgo dataevenfur-
therdueto themechanicahatureof thesesystems.

Thecurrentapproacho solve this problemof dataplace-
ment is either doing it manually or employing simple
scripts,which do nothave ary automatioror faulttolerance
capabilities. They cannotadaptto a dynamically chang-
ing distributed computingervironment. They do not have
asinglepoint of control,andgenerallyrequirebaby-sitting
throughoutthe process. Thereare even casesvhere peo-
ple foundasolutionfor dataplacemenby dumpingdatato
tapesandsendingthemvia postalserviceq18].

Data placementactivities mustbe rst classcitizensin
the distributed computingervironmentsjust like the com-



putationaljobs. They needto be queued scheduledmon-
itored, andeven check-pointed.More importantly it must
be madesurethat they completesuccessfullyand without
ary needfor humanintervention.Currently dataplacement
is generallynot consideredpart of the end-to-endperfor
mance,andrequireslots of baby-sitting. In our approach,
theend-to-engrocessin@f thedatawill becompletelyau-
tomated sothatthe usercanjustlauncha batchof compu-
tational/datgplacemenjobsandthenforgetaboutit.

Moreover, dataplacemenjobs shouldbe treateddiffer-
ently from computationajobs, sincethey have differentse-
manticsand differentcharacteristics Data placemenjobs
andcomputationajobs shouldbe differentiatedrom each
otherand eachshouldbe submittedto specializedsched-
ulersthat understandheir semantics.For example,if the
transferof a large le fails, we may not simply want to
restarthejob andre-transfethewhole le. Ratherwemay
prefertransferringonly theremainingpartof the le. Sim-
ilarly, if atransferusingoneprotocolfails, we maywantto
try otherprotocolssupportedy the sourceanddestination
hoststo performthetransfer We maywantto dynamically
tuneup network parametersr decideconcurrenyg level for
speci ¢ source,destinationand protocol triples. A tradi-
tional computationaljob schedulerdoesnot handlethese
cases.For this purposewe have developeda “data place-
ment subsystem’for distributed computingsystems sim-
ilar to the I/O subsystenin operatingsystems. This sub-
systemincludesa specializedschedulefor dataplacement,
a higherlevel planneraware of dataplacemenjobs, a re-
sourcebroker/policy enforcerandsomeoptimizationtools.

This data placement subsystemprovides complete
reliability, a level of abstraction between errors and
users/applicationgbility to achiere load balancingon the
storageseners,andto controlthetrafc on network links.
It alsoallows the usersto performthesetwo typesof jobs
asynchronously

We shav applicability and contributions of our work
with threeimportantcasestudies. Two of thesecasestud-
iesarefrom realworld: a dataprocessingipelinefor ed-
ucationalvideo processinganda datatransferpipeline for
astronomyimage processing. Our systemcan be usedto
transferdatabetweerheterogeneousystemsully automat-
ically. It canrecoverfrom storagesystemnetwork andsoft-
warefailureswithout any humaninteraction.It candynam-
ically adaptdataplacemenjobs to the environmentat the
executiontime.

2. Background

I/0 hasbeenvery importantthroughoutthe history of
computing,andspecialattentiongivento it to make it more
reliableandef cient bothin hardwareandsoftwarelevels.

In theold days,theCPUwasresponsibldor carryingout

all datatransferdetweer/O devicesandthemainmemory
atthe hardwarelevel. The overheadof initiating, monitor
ing and actually moving all databetweenthe device and
the main memorywastoo high to permit ef cient utiliza-
tion of CPU.To alleviate this problem,additionalhardware
wasprovidedin eachdevice controllerto permitdatato be
directly transferrecbetweerthe device and main memory
which led to the conceptsof DMA (Direct Memory Ac-
cess)andl/O processorgchannels).All of the I/O related
tasksaredelggatedto the specialized/O processorsyhich
were responsiblefor managingseveral I/O devices at the
sametime andsupervisinghe datatransfersbetweeneach
of thesedevicesandmainmemory [7].

Ontheoperatingsystemdevel, initially the usershadto
write all of the codenecessaryo accesscomplicated/O
devices. Later, low level I/0 codingneededo implement
basicfunctionswasconsolidatedo an1/O Control System
(IOCS).This greatlysimpli ed users'jobsandspedup the
codingprocesd14]. Afterwards,anl/O schedulemasde-
velopedon top of IOCS thatwasresponsibldor execution
of thepolicy algorithmsto allocatechanne(l/O processor),
controlunit anddevice accesgatternsn orderto sene /O
requestgrom jobsef ciently [31].

Whenwe considerschedulingof I/O requestsat thedis-
tributed systemdevel, we do not seethe samerecognition
given them. They are not even consideredas tasksthat
needto be schedulechnd monitoredindependently There
hasbeena lot of work on remoteaccesgo data[22] [33],
but this approachdoesnot scalewell asthe target dataset
sizeincreasesMoving the applicationcloserto the datais
notalwayspractical,sincestoragesystemgyenerallydo not
have sufcient computationatesourcesearby Thegeneral
approactfor large datasetsis to move datato the applica-
tion. Thereforedataneedto belocatedandsentto process-
ing sites;theresultsshouldbe sharedwith othersites;stor
age spaceshouldbe allocatedand de-allocatedvhenever
necessaryandeverythingshouldbe cleanedup afterwards.
Although thesedata placementactiities are of greatim-
portancefor the end-to-endpberformanceof an application,
they are generallyconsideredas side effects of computa-
tion. They areeitherembeddednto computationajobs, or
performedusingsimplescripts.

Our framework andthe systemwe have developedgive
dataplacementts recognitionin distributedsystems.This
systencanbeconsidere@sanl/O (or dataplacementyub-
systemin adistributedcomputingervironment.

3. Data PlacementSubsystem

Most of the dataintensive applicationsin distributed
computingsystemsrequire moving the input datafor the
job from a remotesite to the executionsite, executingthe
job, andthenmoving the outputdatafrom executionsite to
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Figure 1. Separating data placement form
computation.  Computationat a remotesite with
input and output datarequirementsan be achieved
with a new ®ve-stepplan, in which computatiorand
dataplacementreseparatedThisis representedsa
six nodeDAG in the®gure.

the sameor anothemremotesite. If the applicationdoesnot
wantto take ary risk of runningout of disk spaceattheexe-
cutionsite, it shouldalsoallocatespacebeforetransferring
theinput datathere,andreleasehe spaceafterit movesout
theoutputdatafrom there.

We regardall of thesecomputationahnddataplacement
stepsasrealjobsandrepresenthemasnodesn aDirected
Acyclic Graph(DAG). Thedependenciesetweerthemare
representedsdirectedarcs,asshavn in Figurel.

In our framework, the dataplacementobs are repre-
sentedin a differentway than computationaljobs in the
job speci cationlanguage so that the high level planners
(i.e. Pegasus[13], Chimera[23]) can differentiatethese
two classef jobs. The high level plannerscreatecon-
creteDAGswith alsodataplacementodesin them. Then,
the plannersubmitsthis concreteDAG to awork o w man-
ager(i.e. DAGMan[44]). Thework o w manageisubmits
computationajobs to a computejob queue,andthe data
placemenjobsto a dataplacemenjob queue.Jobsin each
gueuearescheduledy the correspondingchedulerSince
our focusin this work is on the dataplacemenpart, we do
notgetinto detailsof the computationajob scheduling.

The dataplacemenschedulelactsbothasa I/O control
systemand|/O scheduleiin a distributed computingervi-
ronment. Eachprotocoland datastoragesystemhave dif-
ferentuserinterface,differentlibraries and different API.
In thecurrentapproachtheusersneedto dealwith all com-
plexities of linking to differentlibraries, and using differ-
entinterfacesof datatransferprotocolsandstorageseners.
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Figure 2. Components of the Data Placement
Subsystem. Thecomponentsf ourdataplacement
subsystenareshawvn in graycolorin the®gure.

Our dataplacemenscheduleprovidesa uniform interface
for all differentprotocolsand storageseners, and puts a
level of abstractiorbetweertheuserandthem.

The dataplacementschedulerscheduleghe jobs in its
gueueaccordingto the informationit getsfrom the work-

0 w manageandfrom theresourcéroker/policy enforcer

The resourcebroker matchesresourcedo jobs, and helps
in locating the dataand making decisionssuchas where
to movethedata. It consultsa replicalocationservice(i.e.
RLS[11]) whene&rernecessaryT hepolicy enforcemelpsin
applyingthe resourcespeci c or job speci ¢ policies,such
ashow mary concurrentconnectionareallowedto a spe-
ci c storagesener.

Thelog les of thejobsarecollectedby the dataminer.
The dataminer parsegheselogs and extractsusefulinfor-
mationfrom themsuchasdifferentevents,timestampser-
ror messageand utilization statistics. Thenthis informa-
tion is enterednto a databaseThe dataminerrunsa setof
gueriesonthedatabaséo interpretthemandthenfeedsthe
resultsbackto thescheduleandtheresourcebroker/policy
enforcer

The network monitoringtools collect statisticson maxi-
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Figure 3. Interaction with Higher Level Plan-
ners. OurdataplacementchedulelStork) canin-
teractwith a higherlevel plannersandwork ow man-
agers.A concreteDAG createdby Chimeraand Pe-
gasusis sentto DAGMan. This DAG consistsof
both computationaknd dataplacemenjobs. DAG-
Man submitscomputationafobs to a computational
batchschedulei(Condor/CondoiG), anddataplace-
mentjobsto Stork.

mumavailableend-to-endandwidth actualbandwidthuti-
lization, latengy andnumberof hopsto be traveled by uti-
lizing toolssuchasPathrate[16] andlperf [34]. Again,the
collectedstatisticsarefed backto the scheduleandthere-
sourcebroker/policy enforcer

The componentf our dataplacementsubsysterrand
their interactionwith othercomponentsare shavn in Fig-
ure 2. The mostimportantcomponentf this systemis the
dataplacementchedulerwhich canunderstandhe char
acteristicsof the dataplacemenjobs and can make smart
schedulingdecisionsaccordingly In the next section,we
presenthefeaturesof this schedulein detail.

4. Data PlacementScheduler(Stork)

We have implementeda prototypeof the dataplacement
schedulemwe are proposing. We call this schedulerStork.
Stork provides solutionsfor mary of the dataplacement
problemsencountereih thedistributedcomputingenviron-
ments.

Interaction with Higher Level Planners. Storkcanin-

teractwith higherlevel plannersand work o w managers.

This allows the usersto be ableto scheduleboth CPU re-
sourcesand storageresourcegogether We made some
enhancement® DAGMan, sothatit candifferentiatebe-

tween computationaljobs and data placementjobs. It
canthensubmitcomputationajobsto a computationajob
schedulersuchasCondor[29] or CondorG [24], andthe
dataplacemenjobsto Stork. Figure3 shavsasampleDAG
speci cation le with the enhancemendf dataplacement
nodesandhow this DAG is handledoy 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.

Interaction with HeterogeneoudResources.Storkacts
like an 1/0O control system(IOCS) betweenthe user ap-
plications and the underlying protocols and data storage
seners. It providescompletemodularityandextendibility.
Theuserscanaddsupportfor their favorite storagesystem,
datatransportprotocol,or middlewarevery easily Thisis
a very crucial featurein a systemdesignedto work in a
heterogeneoudistributed ervironment. The usersor ap-
plicationsmaynot expectall storagesystemso supportthe
sameinterfacedo talk to eachother And we cannotexpect
all applicationsto talk to all the differentstoragesystems,
protocols,andmiddlevare. Thereneedgo bea negotiating
systembetweerthemwhich caninteractwith thosesystems
easily and even translatedifferent protocolsto eachother
Storkhasbeendevelopedto be capableof this. The modu-
larity of Storkallows usergo inserta plug-into supportary
storagesystem protocol,or middlewvareeasily

Stork alreadyhas supportfor several different storage
systemsdatatransportprotocols,and middlewvare. Users
canusethemimmediatelywithout ary 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 managemenimiddleware such as
SRM[41].

Stork maintainsa library of pluggable*dataplacement”
modules. Thesemodulesget executedby dataplacement
job requestscominginto Stork. They canperforminter-
protocoltranslationsitherusinga memorybuffer or third-
party transferswhenever available. Inter-protocoltransla-
tions are not supportedbetweenall systemsor protocols
yet. Figure4 shavstheavailabledirectinter-protocoltrans-
lationsthatcanbe performedusinga singleStorkjob.

In orderto transferdatabetweensystemsfor which di-
rectinter-protocoltranslationis not supportedtwo consec-
utive Storkjobscanbeusedinstead.The rst Storkjob per
forms transferfrom the sourcestoragesystemto the local
disk cacheof Stork,andthe secondStorkjob performsthe
transferfrom thelocal disk cacheof Storkto thedestination



Source: Destination:
local file local file
FTP FTP
gridFTP gridFTP
HTTP HTTP
NeST NeST
SRB SRB
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UniTree UniTree
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Figure 4. Protocol Translation using Stork
Memory Buffer or Third-party Transfers.
Transfersbetweensomestoragesystemsand proto-
cols can be performeddirectly using one Stork job
via memorybuffer or third-partytransfers.

storagesystem.Thisis shavn in Figure5.

Flexible Job Representation and Multile vel Policy
Support. Storkusesthe ClassAd[38] job descriptionlan-
guageto representhe dataplacemenjobs. The ClassAd
languageprovidesavery e xible andextensibledatamodel
that can be usedto representarbitrary servicesand con-
straints.

Figure 6 shavs threesampledataplacementDaP)re-
guestsThe rst requesisto allocatel00MB of disk space
for 2hoursonaNeSTsener. Thesecondequeststo trans-
fera le from an SRB sener to the resened spaceon the
NeSTsener. Thethird requests to de-allocatethe previ-
ously resened space.In additionto the “resene”, “trans-
fer”, and“release” therearealsootherdataplacemenfob
typessuchas“locate” to nd wherethe datais actuallylo-
catedand“stage” to move the datafrom a tertiary storage
to a secondarystoragenext to it in orderto decreasalata
accesdime duringactualtransfers.

Stork enableausersto specifyjob level policiesaswell
asglobal ones. Global policiesapplyto all jobs scheduled
by the sameStork sener. Userscanoverridethemby spec-
ifying job level policiesin job descriptionClassAds. The
examplebelow shavs how to overrideglobalpoliciesat the
job level.

[

dap_type = Ttransfer";

max_retry = 10;
restart_in = 72 hours";

]

Source: Degtination:
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local file Disk local file
o Cache s
aridFTP gridFTP
HTTP HTTP
NeST NeST
SRB SRB
SRM SRM
UniTree UniTree
DiskRouter DiskRouter
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Figure 5. Protocol Translation using Stork

Disk Cache. Transferdetweernll storagesystems
andprotocolssupportectanbe performedusingtwo
Storkjobsvia anintermediatelisk cache.

In this example,the userspeci esthatthejob 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 the run-time. Beforeperformingeach
transfer Storkmakesa quick checkto identify which proto-
cols areavailablefor boththe sourceanddestinatiorhosts
involved in the transfer Stork rst checksits own host-
protocollibrary to seewhetherall of the hostsinvolvedin
the transferare alreadyin the library or not. If not, Stork
triesto connecto thoseparticularhostsusingdifferentdata
transfermprotocols to determingheavailability of eachspe-
ci ¢ protocolonthatparticularhost. ThenStorkcreateghe
list of protocolsavailableon eachhost,andstoreghesdists
asalibrary:

[

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 sourceand destination
URLs of therequesfail to performthe transfer Storkwill
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  ="reserve";
dest_host ="db18.cs.wisc.edu”;
reserve_size = “100 MB”;

duration = "2 hours’;
reserve_id =3;

dap_type = "transfer";
sre_url “srb://ghidorac.sdsc.edu/home/kosart.condor/1.dat";
dest_url ="nest://db18.cs.wisc.edu/1.dat";

dap_type =‘release”;
dest_host ="db18.cs.wisc.edu”;
reserve_id = 3;

Figure 6. Job representation in Stork. Three
sample data placement(DaP) requestsare shavn:
®rst oneto allocatespace,secondone to transfera
®le to theresenedspaceandthird oneto de-allocate
theresenedspace.

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

dap_type
src_url
dest_url

]

In the above example,Storkwill selectary of the avail-
ableprotocolson both sourceanddestinationhoststo per
form the transfer Therefore the usersdo not needto care
aboutwhich hostssupportwhich protocols.They justsend
arequesto Storkto transfera le from onehostto anothey
andStorkwill 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
src_url
dest_url
alt_protocols

]

"transfer";

"drouter://slic04.sdsc.edu/tmp/foo.dat";

"drouter://quest2.ncsa.uiuc.edu/tmp/foo.dat";
= "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 a failure, it will switchto the alternatie protocols
andwill try to completethetransfersuccessfullylf thepri-
mary protocol becomesavailable again, Stork will switch
to it again. Hence,whichever protocolis availablewill be
usedto successfullycompleteusersrequest.

Run-time Protocol Auto-tuning. Statisticsfor eachlink
involvedin thetransfersarecollectedregularly andwritten
intoa le, creatingalibrary of network links, protocolsand
auto-tuningparameters.

[

link = "slicO4.sdsc.edu - quest2.ncsa.uiuc.edu’;
protocol = "gsiftp";

bs = 1024KB; /Iblock size

tcp_bs = 1024KB; /ITCP buffer  size

p = 4; /Iparallelism

]

Beforeperformingevery transfer Stork checksits auto-
tuninglibrary to seeif thereareary entriesfor theparticular
hostsinvolved in this transfer If thereis an entry for the
link to be usedin this transfer Stork usestheseoptimized
parametersor thetransfer Storkcanalsobe con guredto
collect performancedatabefore every transfer but this is
notrecommendedueto the overheadt would bring to the
system.

Failure Recovery. Stork hidesary kind of temporary
network, storagesystem,middleware,or software failures
from userapplications.It hasa “retry” mechanismwhich
canretry ary failing dataplacemenjob ary givennumber
of timesbeforereturninga failure. It alsohasa “kill and
restart”mechanismyvhich allows usersto specifya “max-
imum allowable run time” for their dataplacementobs.
Whena job executiontime exceedsthis speci ed time, it
will be killed by Stork automaticallyend restarted. This
featureovercomeghe bugsin somesystemswhich cause
the transferso hangforever andnever return. This canbe
repeatediry numberof times,againspeci ed by theuser

Ef cient Resource Utilization. Stork can control the
numberof concurrentrequestcomingto ary storagesys-
temit hasaccesgo, andmakessurethatneitherthatstorage
systemnorthe network link to thatstoragesystemgetover-
loaded. It canalsoperformspaceallocationanddealloca-
tions to malke surethat the requiredstoragespaces avail-
ableonthe correspondingtoragesystem.The spaceaeser
vationsaresupportedy Storkaslong asthecorresponding
storagesystemdhave supportfor it.

5. CaseStudies

We will now shav the applicability andcontributionsof
our dataplacemensubsystenwith threecasestudies.The
rst casestudyshaws using Storkto createa data-pipeline
betweentwo heterogeneoustoragesystems.In this case,
Storkis usedto transferdatabetweertwo massstoragesys-
temswhich do not have a commoninterface. This is done
fully automaticallyandall failuresduringthe courseof the
transfersaarerecoreredwithout ary humaninteraction.The
seconctasestudyshavshow ourdataplacemensubsystem
canbeusedfor run-timeadaptatiorof datatransferslif data
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Figure 7. Data-pipeline with Two Intermediate
Nodes. Building a data-pipelinewith two interme-
diatenodes,onecloseto the sourceandonecloseto
the destination,may provide additionalfunctionality
andincreaseperformance.

transferwith oneparticularprotocolfails, Stork usesother
protocolsavailableto successfullicompletethetransfer In

casewherethe network parametersrenot well tuned,our
dataplacemensubsystentan performauto-tuningduring
run-time.In thethird casestudy we have built afully auto-
mateddataprocessingipelineto procesgderabyteof edu-
cationalvideo.

5.1 Building Data-pipelines

NCSA scientistswantedto transferthe Digital Palomar
Sky Suney (DPOSS)[15] imagedataresidingon SRB[3]
massstoragesystemat SDSCin Californiato their UniTree
massstoragesystemat NCSA in lllinois. The total data
sizewasaround3 TB (2611 les of 1.1 GB each). Since
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 SDSCsiteverycloseto the 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-
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Figure 8. Transfer in ve Steps. Nodesrepre-
sentingthe ®ve stepsof asingletransferarecombined
into agiantDAG to performall transferdn the SRB-
UniTreedata-pipelinek is the concurreng level.

ing the underlyingprotocolof UniTree. This pipelinecon-
guration is shavnin Figure?7.

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 anotherle. 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 Figure8.
Thewholeprocessvasmanagedy DAGMan.

TheSRBsener, theUniTreesener, andtheSDSCcache
nodehad gigabit ethernet(1000 Mb/s) interface cardsin-
stalledon them. The NCSA cachenodehad a fastether
net (100 Mb/s) interfacecardinstalledonit. We foundthe
bottleneckink to be the fastethernetinterfacecardon the
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
a wide variety of failures. At times, either the source
or the destinationrmass-storagsystemsstoppedaccepting
new transfersdueto eithersoftware failuresor scheduled
maintenancectvity. We alsohadwide-areanetwork out-



Figure 9. Automated Failure Recovery. The
transfersrecosered automaticallydespitealmostall

possiblefailures occurring one after the other: a)

The UniTreesener stopsrespondingthe DiskRouter
sener gets recon®guredand restartedduring the
transfersh) UW CSnetwork goesdown, SDSCcache
nodegoesdown, and®nally therewasa problemwith
the DiskRoutersener.

ages,and software upgrades. Occasionally a third-party
DiskRoutertransferwould hang.All of thesefailureswere
recoveredautomaticallyandthe transferswere completed
successfullyithout any humaninteraction.

Figure 9 shavs multiple failuresoccurringduring the
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 have performedtwo differentexperimentsto evalu-
atethe effectivenesf our dynamicprotocolselectionand
run-time protocol tuning mechanisms.We also collected
performancalatato shav the contribution of thesemecha-
nismsto wide areadatatransfers.

Dynamic Protocol Selection. We submitted500 data
transferequestso the Storksenerrunningat University of

Figure 10. Experiment Setup. DiskRouterand
GridFTP protocols are usedto transfer data from

SDSCto NCSA. Stork was running at the Manage-
ment site, and making schedulingdecisionsfor the
transfers.

Wisconsin(skywalker.cs.wisc.edu)Eachrequestonsisted
of transferof a1l.1GBimage le (total550GB)from SDSC
(slicO4.sdsc.edup NCSA (quest2.ncsa.uiuc.edugingthe
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 SDSCand NCSA
sites, which enabledus to usethird-party GridFTP trans-
ferswhenever necessaryThe experimentsetupis shavn in
Figurel0.

At thebgginningof theexperimentbothDiskRouterand
GridFTPserviceswvereavailable. Stork startedtransferring
les from SDSCto NCSA usingthe DiskRouterprotocolas
directedby theuser After awhile, wekilled theDiskRouter
senerrunningat Starlightintentionally Storkimmediately
switchedthe protocolsand continuedthe transfersusing
GridFTPwithout ary interruption. Switchingto GridFTP
causeda decreasen the performanceof the transfers,as
shawvn in Figure 11. The reasonof this decreasen per
formanceis that GridFTP does not perform auto-tuning
whereasDiskRouterdoes. In this experiment,we setthe
numberof parallelstreamdor GridFTPtransfergo 10, but
we did not perform ary tuning of disk I/O block size or
TCP buffer size. DiskRouterperformsauto-tuningfor the
network parametersncluding the numberof TCP-streams
in orderto fully utilize theavailablebandwidth.DiskRouter
canalsousesophisticatedouting to achiese betterperfor
mance.

After letting Stork usethe alternatve protocol (in this
caseGridFTP) to perform the transfersfor a while, we



Figure 11. Dynamic Protocol Selection. The
DiskRoutersener running on the SDSCmachineis

killed twice at points(1) and(3), andit is restartechat

points(2) and(4). In bothcasesStorkemplo/ednext

availableprotocol(GridFTPin this case)o complete
thetransfers.

restartedhe DiskRoutersener atthe SDSCsite. Thistime,
Stork switchedbackto using DiskRouterfor the transfers,
sinceit wasthe preferredprotocol of the user Switching
backto thefastemprotocolresultedn anincreasen theper
formance.We repeatedhis coupleof moretimes,andob-
senedthatthe systembehaedin thesameway everytime.

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

Run-time Protocol Auto-tuning. In the secondexperi-
ment,we submittedanotheib00datatransferequestso the
Stork sener. Eachrequestwasto transfera 1.1GBimage
le (total 550 GB) usingGridFTPasthe primary protocol.
We usedthird-party globus-url-copy transferswithout any

tuningandwithout changingary of thedefault parameters.

| Parameter | Beforeauto-tuning| After auto-tuning|
parallelism 1 TCPstream 4 TCPstreams
block size 1MB 1MB
tcp buffer size | 64KB 256KB

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

We turnedoff the auto-tuningfeatureof Storkat the be-

Figure 12. Run-time Protocol Auto-tuning.
Stork startsthe transfersusing the GridFTP proto-
col with auto-tuningturned off intentionally Then
we turn th e auto-tuningon, andthe performancen-
creaseslrastically

ginning of the experimentintentionally The averagedata
transferatethatglobus-url-copy couldgetwithoutary tun-
ing wasonly 0.5 MB/s. The default network parameters
usedby globus-url-cofy are showvn in Table 1. After a
while, we turnedon the auto-tuningfeatureof Stork. Stork
rst obtainedthe optimal valuesfor I/O block size, TCP
buffer size and the numberof parallel TCP streamsfrom
the underlyingmonitoringandtuning infrastructure.Then
it appliedthesevaluesto thesubsequeritansfers Figure12
shavstheincreasen the performancefterthe auto-tuning
featureis turnedon. We got a speedupf closeto 20 times
comparedo transferswithouttuning.

5.3 Educational Video ProcessingPipeline

Wisconsin Center for EducationalResearch(\WCER)
wantedto processiearly500terabyte®f educationavideo.
They wantedto get mpegl, mpeg2 and mpeg4 encodings
from theoriginal DV formatandmake all formatselectron-
ically availablefor collaboratingresearchersThey wanted
the videosto be storedboth in their storagesener and at
the SRB massstorageat SanDiego supercomputingen-
ter (SDSC).They did not have thenecessargomputational
power nor the infrastructureto processandreplicatethese
videos.

We have createda video processingpipeline for them
usingCondorandStorktechnologiesThevideo les (each
13GB) rst gettransferredrom WCERto a stagingareaat
UW CS Department.Sincetheinternal le transfermech-
anismof Condordid notsupportles largerthan2 GB, we
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split the les hereinto 2 GB junks andtransferredthemto
individual computenodes. At eachcomputenode, these
2GB junks got memgedagainand processedThe encoded
mpey les got transferredback to the stagingnode, and
from herebackto WCER.A copy of eachle gotreplicated
to the SRB sener at SDSC.The whole procesavas man-
agedby DAGMan,andit wasperformedully automatically
without any humanintervention. This pipelineis shavn in
Figurel3.

6. Related Work

Visualizationscientistsat Los AlamosNationalLabora-
tory (LANL) founda solutionfor dataplacemenby dump-
ing datato tapesandsendingthemto SandiaNationalLab-
oratory(SNL) via FederalExpressbecausehis wasfaster
thanelectronicallytransmittingthemvia TCP over the 155
Mbps(OC-3)WAN backbone[18].

The Reliable File Transfer Service(RFT)[30] 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) [26] canrepli-
catedatasetsto the membersitesof a Virtual Organiza-
tion or DataGrid. It was primarily developedfor replicat-
ing LIGO [28] data,andit makesuseof Globus[21] tools
to transferdata. Its goal is 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
ManagergSRMs) [41] ontop of them.Currently a couple
of datastoragesystemssuchasHPSS[39], Jasmin8] and
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Enstorg20], supportSRMsontop of them.SRMscanalso
managalistributedcachesising“pinning of les”.

The SDSCStorageResourceBroker (SRB) [3] aimsto
provideauniforminterfacefor connectingo heterogeneous
dataresourcesindaccessingeplicateddatasets.SRBuses
aMetadataCatalog(MCAT) to provideawayto accesslata
setsandresourcedasedn their attributesratherthantheir
namesor physicallocations.

Thainet. al. proposethe Ethernetapproact{42] to dis-
tributedcomputing,in whichthey introduceasimplescript-
ing languagenhich canhandlefailuresin amannersimilar
to exceptionsin somelanguagesThe Ethernetapproachs
not awareof the semantic®f thejobsit is running,its duty
is retrying ary given job for a numberof timesin a fault
tolerantmanner

Network WeatherService (NWS) [46] is a distributed
systemwhich periodically gathersreadingsfrom network
andCPUresourcesandusesnumericalmodelsto generate
forecastdor agiventime frame.Vazhkudai45] foundthat
the network throughputpredictedby NWS wasmuchless
thantheactualthroughputachiezedby GridFTR

Semle [40] introducesautomatic TCP buffer tuning.
Herethereceveris expectedo adwertiselargeenoughwin-
dows. Fisk [19] points out the problemsassociatedvith
[40] and introducesdynamic right sizing which changes
the recever window adwertisementccordingto estimated
sendercongestiorwindow.

Fearmaret. al [17] introducethe Adaptive Regression
Modeling (ARM) techniqueto forecastdatatransfertimes
for network-bounddistributed data-intensie applications.
Oguraet. al [35] try to achieve optimal bandwidtheven
when the network is underheary contention,by dynam-
ically adjustingtransferparameterdetweentwo clusters,
suchasthe numberof soclet stripesandthe numberof net-
work nodesinvolvedin transfer

In [10], Carteret. al. introducetoolsto estimatethe
maximum possiblebandwidthalong a given path, andto
calculatethe currentcongestioralonga path. Using these
tools, they demonstratdnow dynamicsener selectioncan
beperformedo achieve application-leel congestioravoid-
ance.

Application Level Scheduler§AppLeS) [6] have been
developedto achiere ef cient schedulingoy takinginto ac-
countboth application-speci cand dynamicsysteminfor-
mation. AppLeS agentsuse dynamicsysteminformation
providedby the NWS.

Becket. al. introducelLogistical Networking [4] which
performsglobal schedulingandoptimizationof datamove-
ment, storageand computationbasedon a model that
takesinto accountall the network's underlyingphysicalre-
sourcesKangarod43] triesto achieve high throughputhy
makingopportunisticuseof disk andnetwork resources.

GFarm [32] provides a global parallel lesystem with



online petascalestorage. Their model speci cally targets
applicationsvheredataprimarily consistof asetof records
or objectswhich areanalyzedndependently Gfarm takes
adwantageof this accesdocality to achieve a scalablel/O

bandwidthusinga parallel lesystem integratedwith pro-

cessschedulingand le distribution.

OceanStord27] aimsto build a global persistentdata
storethat canscaleto billions of users. The basicideais
thatany senermaycreatealocal replicaof ary dataobject.
Theselocal replicasprovide fasteraccessand robustness
to network partitions. Both GfarmandOceanStoreequire
creatingseveral replicasof the samedata,but still they do
not addresghe problemof schedulingthe datamovement
whenthereis noreplicacloseto the computatiorsite.

BAD-FS [5] builds a batch aware distributed lesys-
tem for dataintensve workloads. This is generalpurpose
andsenesworkloadsmoredataintensie thancorventional
ones. For performanceaeasonst preferto accesssource
datafrom local disk ratherthanover a network lesystem.
Further BAD-FS at presentdoesnot schedulewide-area
datamovementwhich we feel is necessaryor large data
sets.

7. Future Work

We areplanningto enhancehe interactionbetweenour
dataplacemenscheduleandthe higherlevel plannersand
work o w managerdike DAGMan, Pagasusand Chimera.
This will resultin better co-schedulingof computational
anddataresourceandwill allow userdo usebothresources
moreef ciently .

We areplanningto addmoreintelligenceandadaptation
to transfers Differentdatatransferprotocolsmay have dif-
ferentoptimumconcurreng levelsfor arny two sourceand
destinationnodes. Our dataplacementsubsystenwill be
ableto decidethe concurrenyg level of the transfersit is
performing,takinginto consideratiorthe sourceanddesti-
nationnodesof thetransferthelink it using,andmoreim-
portantly theprotocolwith whichit is performingthetrans-
fers. In caseof availability of multiple protocolsto transfer
databetweendifferentnodesthe dataplacemenscheduler
will be ableto choosethe onwith the bestperformanceor
themostreliableoneaccordingo the userpreferences.

Our data placementsubsystemwill be able to decide
throughwhich path, ideally the optimum one, to transfer
databy an enhancedntegration with the underlying net-
work anddatatransfertools. Anotherenhancemenwill be
donewith addingcheck-pointingsupportto dataplacement
jobs. Wheneer a transferfails, it will not be startedfrom
scratch,but ratheronly the remainingpartsof the le will
betransfered.
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8. Conclusion

We have introduceda dataplacemensubsystenfor re-
liable andef cient dataplacementn distributedcomputing
systems. Data placementefforts which hasbeendoneei-
thermanuallyor by usingsimplescriptsarenow regarded
as rst classcitizensjust like the computationajobs. They
can be queued,scheduled,monitoredand managedn a
fault tolerantmanner We have shoved the how our sys-
tem canprovide solutionsto the dataplacemenfproblems
of the distributed systemscommunity We introduceda
framaworkin which computationahnddataplacemenjobs
aretreatedandschedulediifferentlyby their corresponding
schedulerswherethe managemenandsynchronizatiorof
bothtypeof jobsis performedby higherlevel planners.

With several casestudies,we have shovn the applica-
bility and contrikutions of our dataplacementsubsystem.
It canbe usedto transferdatabetweenheterogeneousys-
temsfully automatically It canrecover from storagesys-
tem, network and software failureswithout ary humanin-
teraction. It can dynamically adaptdata placementjobs
to the ervironmentat the executiontime. We have shavn
thatit generatedetterperformanceesultsby dynamically
switching to alternative protocolsin caseof a failure. It
can help auto-tuningsomenetwork parameterso achieve
higherdatatransferrate. We have alsoshavn thathow our
systemcanbeusedin interactionwith otherschedulerand
higherlevel plannersto createreliable, ef cient and fully
automatediataprocessingipelines.
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