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Abstract

Thedrasticincreasein thedatarequirementsof scienti�c
applicationscombinedwith an increasingtrend towards
collaborative research has resultedin the needto trans-
fer large amountsof data amongthe participating sites.
Thegeneral approach to transferringsuch large amounts
of datahasbeento eitherdumpdatato tapesandmail them
or employscriptswith an operator at each site to baby-sit
the transfers to deal with failures.We introducea frame-
workwhich automatesthewholeprocessof datamovement
betweendifferentsites.Theframeworkdoesnot requireany
humaninterventionand it can recover automaticallyfrom
variouskindsof storagesystem,network,andsoftware fail-
ures,guaranteeingcompletionof the transfers. Theframe-
work has sophisticatedmonitoring and tuning capability
that increasestheperformanceof thedatatransfers on the
�y . Theframeworkalsogenerateson-the-�yvisualizationof
the transfers makingidenti�cation of problemsandbottle-
necksin thesystemsimple.

1. Intr oduction

With the increasein collaborative research,the amount
of datathathasto be transferredamongparticipatingsites
is increasing.In many cases,dueto the lack of a common
interfaceandthe know-how to performhigh performance
bulk datatransfers,researchershaveresortedto dumpingof
datato tapesandshippingthemvia FederalExpress[7].

Owing to the variousdatagrid initiatives[12] [20], the
underlyingnetwork capacityhas increasedenoughto be
ableto supportsuchbulk datatransfers.Many of the large
collaborative researchinitiativeslike CMS [4] have multi-
ple participatingsitesandneedto move dataamongthem.
Further, the differentstoragesitesemploy differentmass-
storagesystemswhichdonothaveacommoninterface.The
generalapproachin this casehasbeento usescriptsalong

with having an operatorat eachsite to baby-sitthe trans-
fers.

We have designedand implementeda framework that
fully automatesdatatransfersbetweenheterogeneoussys-
tems.The framework supportsmostof the protocolsused
for datatransfersandmakesit simpleto supportnew proto-
cols.The framework performsdynamictuning of protocol
parametersdependingon the environmentconditionsim-
proving the performanceof datatransferson the �y . The
framework is highly resilientandcanautomaticallyrecover
from avarietyof network, storagesystemandsoftwarefail-
ures.

2. RelatedWork

Allcock et al [1] introducethe GridFTP protocol and
ReplicaCataloganddiscusshow they canbe usedfor se-
cureandef�cient datatransferanddatareplication.TheRe-
liable File TransferService(RFT)[19] allows bytestreams
to be transferredin a reliable manner. It is able to han-
dle a wide variety of problemslike droppedconnections,
machinereboots,andtemporarynetwork outagesautomati-
cally via retrying.Kangaroo[21] provideshigh throughput
wide-areadatamovementfor remotelyexecutingjobs by
overlappingCPU andI/O. Kangarooalsohasa certainde-
greeof fault toleranceto copewith failuresthatoccurin the
wide-area.GridFTP, RFT andKangarooaretools that can
be usedto move databetweentwo end-pointssupporting
their interface.They cannotbeusedto move databetween
heterogeneousstoragesystemslackingacommoninterface.
In addition,they do nothavenetwork monitoringandauto-
tuningcapabilities.

Feng[7] mentionsa casewherevisualizationscientists
at LosAlamosNationalLaboratorydumpdatato tapesand
sendthemto SandiaNationalLaboratoryvia FederalEx-
pressasit is fasterthanelectronicallytransmittingthemvia
TCPover the155Mbps(OC-3)WAN backbone.

The LightweightDataReplicator(LDR) [14] canrepli-
catedatasetsto themembersitesof a Virtual Organization



or DataGrid. It wasdevelopedfor replicatingLIGO [16]
data,andin itspresentform,LDR expectstheuseof asingle
datatransportprotocol(GridFTP).Our framework is more
generalin nature.It allowsdatamovementbetweensystems
not supportinga singledatatransportprotocol.Our frame-
work is �e xible andcanbeusedto performavarietyof data
managementoperationsincludingreplication.

3. Framework

The framework brings togethera set of tools for en-
abling datatransfersin a heterogeneousenvironment.We
have leveragedexisting tools and have built new onesto
complementthem.We list the toolsusedin the framework
andexplain thefunctionsthey perform.

Condor. The Condor [17] workload managementsys-
temwasselectedastheschedulerfor computationaljobsin
our framework. Condorprovidesa job queuingmechanism
andresourcemonitoringcapabilities.It allows theusersto
specifyschedulingpoliciesandenforcepriorities. Condor
hasan extensioncalledCondor-G [9], which allows users
to submittheir jobs to inter-domainresourcesby usingthe
GlobusToolkit [8] functionality. In this way, userjobscan
getscheduledandrunnotonly onCondorresourcesbut also
onPBS[10], LSF[22], LoadLeveler[11], andothergrid re-
sources.

Stork. WehaveusedStork[15] astheschedulerfor data
transferjobs.Storkis aspecializedschedulerfor dataplace-
mentactivities in heterogeneousenvironments.Dataplace-
mentencompassesall datamovementrelatedactivitiessuch
as transfer, staging,replication,spaceallocation and de-
allocation.Stork can queue,schedule,monitor, and man-
agedataplacementjobsandensurethatthejobscomplete.

Dir ectedAcyclic Graph Manager(DAGMan). We use
a DirectedAcyclic Graph(DAG) to representdatamove-
mentin our framework. In a DAG, jobsarerepresentedas
nodesandthedependenciesbetweenjobsarerepresentedas
directedarcsbetweentherespectivenodes.

Figure1 shows a sampledatamovementwith computa-
tion. Data from a sourceS is moved to executesite E. E
transformsthedataandsendstheresultto destinationsD1,
D2 andD3. Figure2 shows the DAG for the sampledata
movementwith computation.Therearenodes(jobs)to re-
move the datafrom the intermediatenodesafter the data
movement.Wefeel thattheDAG Model is very�e xible and
getsits power from beingable to run computationalong-
sidedatamovement.It is possibleto performsophisticated
processingusingtheDAG. For exampletheDestinationD2
maywantonly a subsetof datafrom E. In thiscase,D2 can
uploada �lter whichwill determinewhetherthe�le should
betransferredto D2. Also it would bepossibleto run com-
putationontheresultgeneratedatE to determinewherethe
�le shouldgo to. This is very usefulin real-life wheredata

Figure 1. A Sample Data Movement with Com-
putation. Data from sour ce S is transf erred to
execute site E. E perf orms a computation on
the data and sends the result to destinations
D1, D2 and D3.

Figure 2. DAG for the Sample Data Movement
with Computation. Data X is transf erred from
sour ce S to execute site E. E perf orms a com-
putation on the data X generating data Y. Data
Y is sent destinations D1, D2 and D3.

with certaincharacteristicsis useful to certainsitesanda
computationneedsto be run on the datato determineif it
hasthosecharacteristics.Thisfeatureeliminatestheneedto
transferall thedataandthendiscardtheirrelevantones.

To performthemanagementof theDAGs,we employed
theDirectedAcyclic GraphManager(DAGMan)[5] which
is a servicefor executingmultiple jobs with dependencies
betweenthem.DAGMan acceptsa declarationthat speci-
�es thejobsto beexecutedandtheorderof theirexecution.
It logs the executionof the DAG to persistentstorage,al-
lowing it to resumeaDAG whereit left off, evenin theface
of crashesandotherfailures.



We have introducedthe conceptof dataplacementjobs
to DAGMan. It can differentiatebetweencomputational
jobs and dataplacementjobs, and then submit computa-
tional jobs to Condor/Condor-G and the data placement
jobsto Stork.Theprogressof bothcomputationalanddata
placementjobs canbe monitoredthroughuserlog �les of
CondorandStork.

Envir onmentMonitoring Infrastructur e.Wehavede-
velopedanenvironmentmonitoringinfrastructurethatmon-
itors the differentenvironmentalparametersaffecting data
transfers.In its presentform, the infrastructuremonitors
disk, memoryandnetwork characteristics.We have devel-
opedmemoryandI/O pro�lers andbuilt a network pro�ler
usingexisting tools.

The memory pro�ler determinesthe optimal memory
block size to be usedto copy dataand the memorycopy
bandwidth.TheI/O pro�ler determinestheoptimalreadand
write block sizesandthe incrementblock sizethat canbe
addedto theoptimalvalueto getthesameperformanceand
the disk bandwidthat the optimal value.The I/O pro�ler
takesa list of pathnamesasinput, so that it candetermine
thecharacteristicsof differentdisksin amulti-disksystem.

Thenetwork parametersmeasuredareend-to-endband-
width, end-to-endlatency, numberof hops,the latency of
eachhop.The kernelTCP parametersarealsodetermined
from /proc on linux. Since end-to-endmeasurementre-
quirestwo hosts,this measurementis donebetweenevery
pair of hoststhatmaytransferdatabetweeneachother. We
usedtraceroute to get thenumberof hopsandthe latency
betweenhops.

For end-to-endbandwidthmeasurement,weusedacom-
binationof intrusive andnon-intrusive techniques.For the
non-intrusive measurement,we used pathrate which
usespacket dispersiontechniquesto estimatethe bottle-
neck bandwidth.The intrusive method usesactual data
transfers.First,weusedpacketdispersiontechniqueto esti-
matethebandwidthandthenwe performedactualtransfers
using DiskRoutertransfertool to get the available band-
width. If the numbersare widely different, we perform
a series of experiments to extract the correlation be-
tweenthe two. Oncethis initial setupis done,we always
use the non-intrusive technique.While the initial mea-
surementis long, subsequentperiodic measurementsare
light-weightanddonotperturbthesystem.

Thedifferentpro�lers run ascondorjobson therespec-
tivenodes.

Parameter Tuner. TheParameterTunerusesthe infor-
mationcollectedby monitoring infrastructureand tries to
determinetheoptimal I/O block size,TCP buffer sizeand
the numberof TCP streamsfor the data transferfrom a
givennodeX to agivennodeY.

It calculatesthe TCP buffer size as the bandwidthde-
lay product.For the numberof parallel streams,it usesa

heuristic :it addsan extra streamfor eachhop with a la-
tency greaterthan10ms.If therearemultiple streamsand
thenumberof streamsisodd,it roundsit off to anevennum-
ber. Thereasonfor doingthis is thatsomeprotocolsdo not
work well with anoddnumberof streams.For eachstream,
it setstheTCPbuffer sizeasthequotientof thebandwidth
delayproductdivided by the numberof streams.This en-
suresthat this schemedoesnot causecongestionin steady
state.

The reasonfor addinga streamfor every 10mshop is
asfollows: In a high-latency multi-hopnetwork path,each
of thehopsmayexperiencecongestionindependently. If a
bulk datatransferusing a single TCP streamoccursover
sucha high-latency multi-hop path,eachcongestionevent
would shrink the TCP window size by half. Sincethis is
a high-latency path,it would take a long time for thewin-
dow to grow, with the net result being that a single TCP
streamwould be unableto utilize the full availableband-
width. Having multiple streamsreducesthe bandwidthre-
ductionof a singlecongestionevent.Most probablyonly a
singlestreamwouldbeaffectedby thecongestioneventand
halvingthewindow sizeof thatstreamalonewould besuf-
�cient to eliminatecongestion.Theprobabilityof indepen-
dentcongestioneventsoccurringincreaseswith the num-
berof hops.Sinceonly thehigh-latency hopshavea signif-
icant impactbecauseof thetime takento increasethewin-
dow size,we addeda streamfor all high-latency hopsand
empiricallyfoundthathopswith latency greaterthan10ms
fell into thehigh-latency category.

The ParameterTuner understandskernel TCP limita-
tions. Somemachinesmay have a maximumTCP buffer
size limit lessthanthe optimal neededfor the transfer. In
sucha case,theparametertunerusesmorestreamssothat
their aggregatebuffer size is equal to that of the optimal
TCP-buffer size.

The ParameterTuner getsthe different optimal values
andgeneratesoveralloptimalvalues.For instance,it makes
surethatthedisk I/O block sizeis equalto or a multiple of
theTCP-buffer size.

TheTuningInfrastructurehastheknowledgeto perform
protocol-speci�ctuning.For instanceGridFTPtakesasin-
putonly a singleI/O blocksize,but thesourceanddestina-
tion machinesmay have differentoptimal I/O block sizes.
For suchcases,thetuning�nds theI/O block sizewhich is
optimal for bothof them.The incrementalblock sizemea-
suredby thediskpro�ler is usedfor this.

Finally, theparametertunercreatesa library of network
links, protocols and tuned parameters.A part of the li-
brary showing the parametersfor gridftp for the link from
slic04.sdsc.eduto quest2.ncsa.uiuc.eduis shown below

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



bs = 4096KB; //block size
tcp_bs = 1024KB; //tcp buffer size
p = 4; //parallelism

]

An instanceof theparametertuneris run for every pair
of nodesinvolvedin the transferandit canbeexecutedon
any computationnode.

Network Interface StatisticsGeneration Tool. We de-
velopeda tool to generatethe network interfacestatistics,
which helpsus �nd the actualbits �o wing on the wire. It
alsoshows the numberof packetsand the numberof lost
anddroppedpackets.It runs only on Linux andpicks up
theinformationfrom /proc. It essentiallysamplesthekernel
network counters.Thesamplinginterval is tunableandwe
recommendsettingit between5 and30seconds.Thelower
valueis to reducethe overheadandthe uppervalueis be-
causethecountersaresigned32-bit andcanover�ow in 32
secondsonagigabitlink. Thetool detectsover�ow andcor-
rectsthestatisticsappropriately. Thestatisticsareveryuse-
ful in debuggingproblemsandidentifying bottlenecksand
network miscon�guration.

Statistics Collection Tool. We developed this tool
to collect the network interface and data transferstatis-
tics from thedifferentnodesandaggregatethemin a com-
mon place. For the data transfer statistics, if the data
transfer tool generatesstatistics, we use them, other-
wise we usecoarse-grainedstatisticsgeneratedby Stork.
The DiskRouter tool [13] generatesextensive statis-
tics. We run the statisticscollectiontool periodically. The
tool is sophisticatedenough to transfer only incremen-
tal updates.It also performsthe role of logrotate for the
statisticslog.

Data Exploration and Visualization(DEVise). DE-
Vise [18] is a data exploration systemthat allows users
to easily develop, browse, and share visual presenta-
tionsof largetabular datasets(possiblycontainingor refer-
encingmultimediaobjects)from several sources.We used
DEViseto visualizethedata.We foundthatit is easyto lo-
cateproblemsor potentialproblemsfrom visualizationin-
steadof looking through log �les. Data visualization in
DEViseconsistsof thefollowing steps

1. Creationof Schemas.
2. Creationof tableswith eachtabledescribedby anap-

propriateschema.
3. Associationof adata-source(�le)with eachtable.
4. Creationof asession�le describingthe�elds from ta-

blesto bedisplayedon eachof theaxesandalsocolor and
otherinformation.

DEVise visualizationcan be madeaccessiblevia the
web. The visualizationsare interactive allowing usersto
zoomin to areasof interestandzoomout to seethe over-
all pattern.

Data ProcessingTool. We developedthis tool to pro-
cessthedifferentstatisticsinto DEVisetabledata.This tool

Figure 3. The Framework. This sho ws how
the diff erent par ts of the frame work come to-
gether.

hasto berunafterthedatacollectiontool.Thedataprocess-
ing tool alsoprocessesincrementaldataandappendsthem
to existingDEVisedata-sources.

Visualization Generation Tool. This tool generatesan
appropriatevisualizationbasedonthenumberof nodesand
thetopology.Visualizationgenerationneedstobedoneonly
oncefor a given con�guration. In our framework, we run
the visualizationgenerationtool after the collection and
processingof initial statistics.For the incrementalstatis-
tics, processeddatais appendedto existing DEVise data-
sources.We usea DEVise featurewherebythe visualiza-
tion automaticallygetsupdatedwhenthedata-sourceis up-
dated.

Figure3 shows how all of thesepiecescomtogetherin
our framework. A DAG describingthedatamovementand
computationis submittedto DAGMan.DAGManthensub-



mitscomputationaljobsto Condor, anddataplacementjobs
to Stork.TheEnvironmentMonitoring Infrastructurefeeds
theenvironmentdatato theParameterTunerwhich gener-
atesoptimalparametervalues.The optimalparameterval-
uesarefed to Storkwhichusesthemto tunethedatatrans-
fers.The Network InterfaceStatisticsGeneratorgenerates
network interfacestatistics.TheStatisticsCollectorcollects
thedifferentstatisticsandfeedsthemto theDataProcessor
which converts the statisticsto DEVise dataand appends
them to existing data-sources.The VisualizationGenera-
tion Tool generatesthevisualizationandpublishesthemon
a web-site.DEVise getsrun on theserver sideon demand
andis responsiblefor displayingthe visualizationandup-
datingit whenthedata-sourcegetsupdated.

4. Experiment

NCSA scientistswantedto perform certainprocessing
on theDigital PalomarSky Survey(DPOSS)[6] imagedata
residingon SRB[2] massstoragesystemat SDSCin Cal-
ifornia. The total datasizewasaround3 TB (2611�les of
1.1 GB each).NCSA locatedin Illinois hasits own mass-
storagesystemcalledUniTree[3]. Sincetherewasno di-
rect interfacebetweenSRBandUniTreeat the time of the
experiment,the only way to performthe datatransferbe-
tweenthesetwo storagesystemswasto move thedatavia
intermediatenodes.For this purpose,we designedtwo dif-
ferent con�gurationsusing our framework to transferthe
data.A metricof importanceto useis theend-to-endtrans-
fer rate.We measuredtheend-to-endtransferrateof a �le
asthe �le sizedividedby thetime interval betweenthe in-
stanttheDAG for thetransferis submittedto DAGManand
the instantwhenthewhole �le reachesthedestinationand
all intermediatecopiesof the �le aredeleted.The end-to-
endtransferratewe reportis theaverageend-to-endtrans-
fer ratefor a setof �les.

4.1. First Con�guration

The �rst approachwe employed wasto setup a cache
nodeattheNCSAsiteverycloseto theUniTreeserver. This
approachallowedus to transfertheDPOSSdata�rst from
theSRBserver to theNCSAcachenodeusingtheunderly-
ing protocolof SRB,andthenfrom theNCSA cachenode
to UniTree server using the underlying protocol of Uni-
Tree.Figure4 shows the topologyof the network, bottle-
neckbandwidthandlatencies.

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 the cachenode,we had to remove it from
thereto createspacefor thetransferof another�le. Includ-
ing the removal stepof the �le, the end-to-endtransferof

Figure 4. Network Topology . The topology of
the netw ork used in the transf ers, with the
bottlenec k band width and latenc y between
each node .

each�le consistedof threebasicsteps,all of whichwecon-
sideredas real jobs to be submittedeither to the Condor
or Stork schedulingsystems.Thenall of thesethreenode
DAGswerejoinedtogetherto form a giantDAG asshown
in Figure5, andthewholeprocesswasmanagedby DAG-
Man. The concurrency level k denotesthe numberof si-
multaneous�le transferstaking place.Best throughputis
got out of the massstoragesystemwith a certainconcur-
rency level. TheSRBandUniTreeservershadgigabiteth-
ernet(1000Mb/s) interfacecardsinstalledon themandthe
NCSA cachenodehada fastethernet(100Mb/s) interface
cardinstalledon it. We foundthebottlenecklink to be the
fastethernetinterfacecardon theNCSAcachenode.

We got an end-to-endtransferrateof 40Mb/s from the
SRBserverto theUniTreeserver. Weobservedthatthebot-
tleneckwas the transfersbetweenthe SRB server andthe
NCSA cachenode.We found that the SRB protocoldoes
not have suf�cient parametersto tune for wide-areadata
transfers.So we decidedto addanothercachenodeat the
SDSCsiteto regulatethewideareatransfers.

4.2. SecondCon�guration

In thesecondcon�guration,weintroducedanothercache
nodeto thesystem.ThiscachenodewasplacedattheSDSC
site,very closeto the SRB server. In this case,the datais
�rst transferredfrom the SRB server to the SDSCcache
nodeusingtheunderlyingprotocolof SRB, thenfrom the
SDSCcachenode to the NCSA cachenodeusing third-
partyGridFTPtransfers,and�nally from theNCSA cache
nodeto theUniTreeserverusingtheunderlyingprotocolof
UniTree.Thespacelimitationsof theNCSAcachenodeap-
plied to theSDSCcachenodeaswell, which requiredcare-
ful cleanupof transferred�les at bothnodes.Includingthe



Figure 5. Transf er in 3 Steps. Three step
DAGs are combined into a giant DAG to per-
form transf ers in the �r st con�guration. k is
the concurrenc y level.

cleanupsteps,theend-to-endtransferof each�le consisted
of � ve basicstepsasshown in Figure 6. Thenall of these
� ve nodeDAGswerejoinedtogetherto form a giantDAG
asin thepreviouspipeline.All of thesejobswereexecuted
by CondorandStorksystems.

The SDSCcachenodehada gigabit ethernetinterface
card installedon it, but the link betweenthe SDSCcache
nodeand the NCSA cachenodestill had a bandwidthof
100Mb/sdue to the fast ethernetinterfaceof the NCSA
cachenode.Using this con�guration, we got an end-to-
end transferrate of 25.6 Mb/s, and the link betweenthe
SDSCcachenodeandtheNCSA cachenodeturnedout to
be the bottleneck.At this point, we hadnot implemented
theauto-tuninginfrastructure.We haddonesomeintuitive
hand-tuningbeforewe startedtheexperiment.

Having two cachenodesgaveus�e xibility . We now had
theability to useany protocolof choiceto transferdatabe-
tweenthecachenodes.WeusedDiskRouterto transferdata
betweenthetwo cachenodesandfoundthatwegotanend-
to-endthroughputof 47.6Mb/s.

4.3. AutomatedFailure Recovery

Thefailurerecoverymechanismin ourframeworkworks
atmultiple levels.Storkhasasophisticatedfailurerecovery
mechanism.Userscantell Storkto retryatransfertill it suc-
ceeds.They canalso specify the numberof retries.Stork
logs the progressto persistentstorageand resumestrans-
fersevenaftercrashesandreboots.DAGManalsohasfail-
urerecoverymechanismandit too logstheprogressto per-
sistentstorageandresumesaftercrashesandreboots.DAG-
Manafterretryingfor aspeci�ednumberof times,createsa
rescueDAG specifyingthejobswhichhavenot completed.

Figure 6. Transf er in 5 Steps. Five step DAGs
are combined into a giant DAG to perf orm the
transf ers in the second con�guration, with
concurrenc y level = k.

This rescueDAG canagainbe fed to DAGMan to be re-
tried.

During thecourseof the3 Terabytesdatamovement,we
encountereda wide varietyof failures.At times,eitherthe
sourceor destinationmass-storagesystemsstoppedaccept-
ing new transfers.Suchoutageslastedaboutanhouron the
average.In addition we hadwindows of scheduledmain-
tenanceactivity. We also had wide-areanetwork outages,
somelastinga coupleof minutesandotherslastinglonger.
We alsohadsoftwareupgrades.

Wefoundaneedto insertatimeoutonthedatatransfers.
Occasionallywefoundthatadatatransfercommandwould
hang.Most of the time, the problemoccurredwith third-
party wide-areatransfers.Once in a while, a third-party
GridFTP transferwould hang.In the caseof DiskRouter
wefoundthattheactualtransfercompletedbut wewerenot
noti�ed of the completion.Becauseof theseproblems,we
addeda timeout-featureto Stork.Whenthe timeoutis set,
Storkexpectsthedatatransferto completewithin thetime-
out. If it doesnot, Stork terminatesthe datatransfer, per-
forms cleanupand retriesit. The resultspresentedin this
subsectionwere obtainedusing the secondcon�guration
with DiskRouterbeingusedfor datatransferbetweenthe
cachenodes.

Figure 7 showstwo outages.Thisvisualizationwasgen-
eratedby DEVise.The�rst outagehappenedbecauseUni-
Treerefusednew transfers.It lastedfor 40 minutes.At that
point, two transfersto UniTreewerein progress.Thetrans-
ferscompletedbeforethetimeoutexpired.Thesecondout-
agelastedslightly morethanoneanda half hours.It was
causedby a recon�gurationof theDiskRoutersystem.We
would like to mentionthat in both of the cases,the data
transfersresumedwithout humaninterventionandwe no-



Figure 7. Automated Failure Recovery in
case of Server Problem and Software Up-
grade . The transf ers recovered automaticall y
although �r st the UniTree server experiences
some problems and then the DiskRouter
servers running on the cache nodes get re-
con�gured and restar ted.

ticedthemby looking at thevisualizationlaterandveri�ed
it with thelog �les.

In anothercase, �rst the SDSC cachemachinewas
rebootedand then there was a UW CS network outage
lasting a coupleof hours.This disconnectedthe manage-
ment/submitsite from the executionsites.The framework
automaticallyrecoveredfrom thesetwo failures.Finally the
DiskRouterserverstoppedrespondingfor acoupleof hours.
TheDiskRouterproblemwaspartiallycausedby anetwork
recon�gurationat StarLighthostingtheDiskRouterserver.
Hereagain,our automaticfailurerecoveryworked�ne.

4.4. Testingthe Run-time ProtocolAuto-tuning

After implementingthe run-time protocol auto-tuning,
we wantedto seeits effect on the wide-areatransferbe-
tweenthe cachenodes.We submitted500 requeststo the
Stork server to transferthe 1.1GB image �les (total 550
GB) usingGridFTPastheprimaryprotocol.Weusedthird-

partyglobus-url-copy transferswithout any tuningor with-
out changingany of thedefault parameters.

Parameter Beforeauto-tuning After auto-tuning

parallelism 1 TCPstream 4 TCPstreams
blocksize 1 MB 1 MB
tcpbuffer 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 theauto-tuningfeatureof Storkat thebe-
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 areshown in Table1.After awhile,
weturnedontheauto-tuningfeatureof Stork.Stork�rst ob-
tainedtheoptimalvaluesfor I/O blocksize,TCPbuffer size
andthenumberof parallelTCP streamsfrom the parame-
ter tuner. Thenit appliedthesevaluesto subsequenttrans-
fers.Figure8 shows the increasein the performanceafter
the auto-tuningfeatureis turnedon. We got a speedupof
closeto 20 timescomparedto transferswithout tuning.The
auto-tuningmechanismperformedbetterthanourprimitive
hand-tuning.Hereagainthevisualizationwasgeneratedby
DEVise andthe statisticswerecollectedandprocessedby
theframework tools.

5. Future Work

Wewantto addafeaturetoStorktodifferentiatebetween
transientandpermanenterrors.For instance,a source�le
not existing is a permanenterror, whereasthe destination
temporarilyrefusingto acceptnew transfers,is a transient
error. We alsoplanto adda triggermechanismto Stork,so
thatit cannotify thedesignatedpersononencounteringper-
manenterrors.We areplanningto useour framework for
CMSdatamovement.

6. Conclusion

We have designedand implementeda framework that
makesit easyto movedatabetweenheterogeneoussystems.
Theframework hasenvironmentmonitoringandtuningca-
pability which signi�cantly booststheperformanceof data
transfers.In our test case,the performanceboostwas 20
times.The framework is highly resilient and hasfeatures
to copewith a varietyof network, storagesystemandsoft-
warefailures.



Figure 8. Run-time Protocol Auto-tuning.
Stork star ts the transf ers using the GridFTP
protocol with auto-tuning turned off inten-
tionall y. Then we turn the auto-tuning on, and
the perf ormance increases drasticall y.

Througha real-life datatransferinvolving thousandsof
large�les, we haveshown thatour framework worksandis
resilientto storagesystem,network, andsoftwarefailures.
We presentour framework asa viablealternative to dump-
ing datato tapesandFedExingthemor writing scriptsand
baby-sittingthescriptsto dealwith failures.
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