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Abstract

The computationalgrid is becomingthe platform of choice
for large-scaledistributeddata-intensive applications.Accu-
ratelypredictingthetransfertimesof remotedatafiles,a fun-
damentalcomponentof suchapplications,is critical to achiev-
ing applicationperformance. In this paper, we introducea
performancepredictionmethod,AdRM (AdaptiveRegression
Modeling),to determinefile transfertimesfor network-bound
distributeddata-intensiveapplications.

We demonstratetheeffectivenessof theAdRM methodon
two distributeddataapplications,SARA (SyntheticAperture
RadarAtlas)andSRB(StorageResourceBroker),anddiscuss
how it can be usedfor applicationscheduling. Our experi-
mentsusetheNetwork Weather Service [36, 37], a resource
performancemeasurementandforecastingfacility, asa basis
for theperformancepredictionmodel. Our initial findingsin-
dicatethat the AdRM methodcanbe effective in accurately
predictingdatatransfertimesin wide-areamulti-usergrid en-
vironments.

1 Intr oduction

Ensemblesof distributedcomputational,storage,andotherre-
sources,alsoknown ascomputationalgrids [18], arebecom-
ing anincreasinglyimportantplatformfor applicationswhich
performcomputationsover large datasets.Suchapplications
includeimageacquisitionandprocessingcomputations,digi-
tal library searches,high performancemassive dataassimila-
tion, distributeddatamining andothers[3, 6, 16, 17, 20, 25,
35]. Aggregatingdistributedresourcesonthegrid presentsthe
opportunityto employ or acquiredatafrom massive datasets
which aretoo largeto bestoredat asinglesite.�
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For many distributed data-intensive applications, data
movementacrossthe network is a critical determinantof ap-
plicationperformance.In particular, in additionto beingdata-
intensive,suchapplicationsmayalsobenetwork-bound, with
applicationperformanceheavily determinedby thebandwidth
available on network links usedduring data transfers. Ex-
amplesof network-bounddistributed data-intensive applica-
tions include JPL’s SyntheticApertureRadarAtlas (SARA)
application[35], which allows the user to selectand view
imagesgeneratedfrom a large, replicated,and distributed
databaseof radardata,andSDSC’s StorageResourceBroker
(SRB)[6, 30], which providesa uniform interfacefor usersto
obtaindatafrom aheterogeneousanddistributedcollectionof
datarepositories.

Efficient execution of network-bound distributed data-
intensiveapplicationsoncomputationalgridscanbechalleng-
ing. Althoughgridsoffer considerableperformancepotential
throughaggregationof resources,applicationexecutionper-
formancemaybedifficult to achieve in practice.In particular,
theloadandavailability of sharedresourcessuchasnetworks
maybe hardto predict,affecting theability of anapplication
schedulerto developperformance-efficientapplicationexecu-
tion strategies.

In this paper, we presenta method, Adaptive Regres-
sion Modeling (AdRM), for predicting the performance
of data transfer operations in network-bound distrib uted
data-intensive applications. Our techniquepredictsperfor-
mancein production,multi-userdistributedenvironmentsby
employing small network bandwidthprobes(providedby the
Network WeatherService(NWS)[36, 37]) to makeshort-term
predictionsof transfertimesfor arangeof file sizes.TheNWS
gathersperformanceprobedatafrom a distributedcollection
of resourcesandcatalogsthatdataasindividual performance
historiesfor eachresource. It thenapplieslightweight time
seriesanalysismodelsto eachperformancehistoryto produce
short-termforecastsof future performancelevels. In this pa-
per, wemakeuseof theperformanceprobedata,but notof the
performanceforecastsgeneratedby the NWS. Our approach
is to combineNWS measurements(which are non-intrusive
andrelatively frequent)with instrumentationdatataken from
actualapplicationruns(which arepotentiallyintrusivebut in-
frequent)to predictthefutureperformanceof theapplication.
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To capturethe relationshipbetweenNWS probesandappli-
cation� benchmarkdata,we useregressionmodelswhich cali-
brateapplicationexecutionperformanceto the dynamicstate
of thesystemmeasuredby theNWS.Theresultis anaccurate
performancemodelthatcanbeparameterizedby “li ve” NWS
measurementsto make time-sensitivepredictions.

The developmentof performancemethodssuchasAdRM
is critical to achieving applicationperformancefor network-
bound distributed data-intensive applicationsin multi-user
computationalgrid environments.Accuratepredictionsof data
transferoperationssuchasthoseprovidedby AdRM areused
in compositionalmodelsof data-intensive applications.Such
models,usedby AppLeSschedulers[8], areoftenequational,
precludingtheuseof relativerankingof resourceperformance
to perform schedulingdecisions. Models which provide an
accurateranking,althoughusefulfor someapplications[31],
maybe insufficient for others.AdRM providesrelatively ac-
curatepredictionsandrelieson observableperformancemea-
surementsonly, andthuscanbecontinuouslyupdatedto adapt
to currentnetwork conditionsautomaticallyand in real-time.
We demonstratethe effectivenessof the AdRM methodfor
two network-bounddata-intensiveapplicationswith dissimilar
datarequirements:the SARA imageacquisitionapplication
which generallytargetsrelatively small files (1-3 MB), and
the SRB querytool which is designedto handlemuchlarger
(16MB or more)files.

This paperis organizedasfollows: In Section2, we briefly
describethecharacteristicsof network-bounddistributeddata-
intensiveapplications,in particular, SARA andSRB,anddis-
cusstheimportanceof accuratepredictionsfor applicationper-
formance.Section3 presentsseveralperformancemodelsfor
predictingdatatransfertimes for this applicationclass. We
presenttheAdRM predictionmethodandpresentexperiments
which demonstrateits effectivenessfor bothSARA andSRB
in Section4. In Section5, we summarizeandbriefly discuss
relatedandfuturework.

2 Network-Bound Distrib uted Data-
IntensiveApplications

We usethe term data-intensive applications to denotecom-
putationswhich accessandperformoperationson numerous
or massive datasets.Within this applicationclass,we iden-
tify a subclassof network-bound distrib uted data-intensive
applicationsfor whichaprimedeterminantof applicationper-
formanceis movementof dataacrossthenetwork.

In general,network-bounddistributeddata-intensive appli-
cationscanbe partitionedinto computationalandcommuni-
cationsubcomponentsthatwill beassignedovermultiple dis-
tributedgrid resources.Figure1 representsa typical network-
boundapplication,having

	 a datasourcewheretheapplicationdatais stored,

Computational
Processes

Connection
Network

Client Server

Data SourceUser Application

Figure 1: Network-bounddistributeddata-intensive applica-
tionsgenerallyinvolveretrieving datafrom aserver to aclient
with variousdatamanipulationoperationsperformedat either
the client or the server. The computationalprocessesin the
figure(theellipses)arelogicalentities,representingverycom-
plex operations(e.g.datacompressionor imagegeneration)to
extremelysimpleoperations(e.g.sendingdatato thenetwork
unchanged).

	 auserapplication, runningat theclient site,

	 severalcomputationalprocessesrunningat theserverand
client site,capableof performingvaryingdatamanipula-
tion operationsof varyingdegreesof complexity, and

	 a networkconnection, over which datamovesbetween
the client andserver (anda principal determinantof ap-
plicationperformancefor network-boundapplications)

To illustrate the characteristicsof network-bound dis-
tributeddata-intensiveapplicationsweprovideabrief descrip-
tion of JPL’s SyntheticApertureRadarAtlas applicationand
SDSC’sStorageResourceBroker.

The SyntheticApertureRadarAtlas (SARA) [31, 35], de-
velopedat JPL and SDSC,is a Web-baseddistributed data-
intensive applicationwhich allows userswith accessto the
World-Wide Webto view imagesof theEarth’s surfacetaken
by a syntheticapertureradar. The SARA datasetsarerepli-
catedacrossseveral high-capacitystoragesites. Via a Java
applet,usersof the SARA systemcan requestan imageof
anarbitrarysub-region with certainfeaturesof thedatahigh-
lighted. A collectionof distributeddataserversandcomputa-
tional processesretrieve, filter, andconvert the raw synthetic
aperturedatainto an imagefile. SARA’s Java user-interface
appletallows theuserto supplyinputparametersandview the
resultinginputfile. Duringcertainphasesof SARA operation,
files typically rangingin sizefrom 1 to 3 MB aretransferred
betweensites.

SDSC’s StorageResourceBroker (SRB) [6, 30] is middle-
warethatprovidesdata-intensive applicationswith a uniform
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API to accessheterogeneousdistributedstorageresourcessys-
tems
 including file systems,databases,and hierarchicaland
archival storagesystems.SRB providesusersthe capability
to accessand aggregatemassive quantitiesof datascattered
acrosswide areanetworks. In additionto thefile transferse-
mantic,theSRBhasameta-datacatalogproviding theuserthe
capabilityof performingqueriesover the dataaccordingto a
relationaldatabasediscipline. Data-collectionssupportedby
the SRB include- the Elib Flora collectionfrom UC, Berke-
ley [15], theAlexandriaDigital Library from UC, SantaBar-
bara[1], the NARA (NationalArchivesandRecordsAdmin-
istration)[24] andthe Art MuseumImageConsortium(AM-
ICO) collections[2].

In orderto achieveperformance,bothSARA andSRBusu-
ally needto coordinatethe datatransferoperationsaspartof
a largerapplicationframework. In this case,file transfertime
maybeacomponentof a largerperformancemodel.Accurate
predictionsof remotefile transferperformancearecritical in
theschedulingof theseapplicationsoveradistributedenviron-
ment.

Note that thereare several importantdifferencesbetween
SARA and SRB. Most obviously, SARA files are typically
smaller(1 to 3 megabytes)thanSRBfiles,which canbequite
large (tensto hundredsof megabytes).SARA is specifically
designedand implementedto be an interactive satellite im-
ageprocessingWebapplication,whereastheSRBis general-
purposemiddleware providing facilities for a wide rangeof
distinct distributed data-intensive applications. The differ-
encesin their designs,implementations,andtheway thatthey
aretypically usedresultin differentperformancebehavior for
SRBandSARA whenperformingfile transfers,particularlyin
thepresenceof varyingnetwork performance.

In this study, we choseto compareSARA andSRB under
differentusagemodels.SinceSARA is designedto bean in-
teractive visualizationtool, we implementedtheSARA client
to make files accessesrelatively frequently– approximately
once every five minutes. We hypothesizedthat large-scale
SRBtransfers,however, would berelatively infrequentdueto
their potentially lengthydurations(up to tensof minutesper
transfer).As such,we programmedtheinterval betweenSRB
transfersto rangefrom 2 to 25 hours. Thesedifferencespro-
videawiderexperimentalframework to validatetheeffective-
nessour proposedpredictionmethod,sincenot only are the
applicationsdifferent,but they accessthenetwork ondifferent
timescalesaswell.

2.1 Predicting Application Performance

In order to executenetwork-bounddistributeddata-intensive
applications,thecomputation,communicationanddatatrans-
fer componentsof the application must be mappedto re-
sources.To achieve performancein multi-usergrid environ-
ments,adaptiveschedulingof thesecomponentsis critical. As
partof theAppLeSproject,wehavefoundthatwecanachieve

good schedulesby using dynamicsystemresourceinforma-
tion in applicationmodelswhich predict applicationperfor-
mance[8, 26, 27, 28, 29].

Evenfor thesimpleclient-server modelin Figure1, effec-
tive adaptive schedulingmaybenon-trivial. For example,for
themodelshown, theschedulermustdeterminehow theseop-
erationscanbe split betweenclient andserver. To illustrate,
supposetheuserof anSRBgeographicalimageserver appli-
cationrequestsdataaboutLos Angeles.Due to thenatureof
theraw datato whichtheserverhasaccess,filtering operations
on therelevantdata(e.g. highlightingspecificcharacteristics
of thedataset)maybenecessary. For instancetheLosAngeles
informationmight bestoredin a largefile which alsocontains
dataaboutmany otherCalifornia cities - which however are
not relevant to theuser. Suchfiltering operationscanbe per-
formedeitherat the server site, at the client site, or partially
executedon bothsites.

The decisionof whereand how the filtering will be con-
ducteddeeplyaffectsperformance.If the requestedinforma-
tion is extractedat the server site, then lessinformationwill
needto betransferredacrossthenetwork andprocessedat the
client site. However, if the server site is heavily loadedand
thenetwork connectionbetweenserverandclient is relatively
fast, schedulingthe filtering operationon the client location
mayyield betteroverallapplicationperformance.Conversely,
if thenetwork connectionis particularlyslow thenit might be
moreefficient to usedatacompressionat the server andde-
compressionat the client. Although this strategy would con-
sumemoreCPUpower andtime at bothsites,theapplication
may performbetteroverall by avoiding the large datatrans-
fer. Andresenet. al. describeadditionalworkloadallocation
andperformancetrade-offs issuesondistributeddata-intensive
scenariosin [4].

As theexampleaboveillustrates,thedecisionof how to par-
tition applicationoperationsovertheresourcesof adistributed
environmentmay deeplyaffect performance.Moreover, on
a multi-userdistributedenvironmentthe challengeis further
complicatedsincethe deliverableperformanceof eachindi-
vidual resourcecanvary dynamically. To accuratelyforecast
applicationbehavior the predictionmodel must reflect load
andperformancecharacteristicsof boththeapplicationandits
target environment. However, developingpredictionmodels
whichreflectdynamiccomputationalandcommunicationphe-
nomenais difficult, albeit important.In Section3, we will de-
scribeseveralmodelsfor predictingfile transferperformance
in dynamicgrid environments.

2.2 UsingPerformancePrediction Models

In orderto supportscheduling,predictionsaregenerallyused
in two ways: to rank alternative candidateschedulesor re-
sourcesaccordingto a givencostfunction,andasanestimate
of theabsoluteperformanceof componentsof a largerappli-
cation model, for coordinatingworkload allocationover re-
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sources.Notethatboththeseusesimposedifferentconstraints
on what� it meansfor predictionsto be“good”.

For the“ranking” scenario,it is importantfor theprediction
modelto provide relativepredictionswhich shouldberanked
thesameastheactualexecutionunderthechosenperformance
criteria– executiontime, throughput,etc. For example,if the
applicationexecutesin lesstime (underthe sameloadcondi-
tions) with scheduleA thanwith scheduleB, a goodranking
predictionmodelwould yield executiontime predictions��

and ��� suchthat ��
������ . Notethatwe arenot necessarily
concernedwhether ��
 is a closematchwith the actualexe-
cution time for the applicationunderscheduleA or ��� for
scheduleB, sincethepredictionmodelandcostfunctiononly
serve to rankalternatives.

However, certainapplicationsor situationssuchas work-
load allocationmay requirea higher level of precisionand
accuracy regardingabsolutepredictions.Errorsin thepredic-
tionof thedeliverableperformanceof subcomponentsof larger
compositionalmodelsmayaggregatesothattheoverallappli-
cationperformancemodelitself might becomeinaccurate.In
particular, we want � 
�����
 (where ��
 is theactualexecu-
tion time) whenscheduleA is part of a larger compositional
applicationperformancemodel. In this case,we aremorein-
terestedin theerrorbetweentheactualexecutiontimeandthe
predictedexecutiontime,ratherthansimpleranking.

To illustrate,a schedulerfor thegeographicaldataapplica-
tion describedin the previous sectionrequirespredictionsof
theeffective computationalcapacityon thecomputationsites
aswell asthedeliverabledatatransferthroughputbetweenthe
two sitesat run time. Having thesepredictionson hand,the
schedulercanfind thebestallocationof thefiltering operation
over theclient andserver computers,coordinatingit with the
datatransferacrossthenetwork.

By contrast,considera “serverselection”scenarioin which
a dataconsumermust choosebetweenvariousdataservers
whichcontainportionsof areplicateddataset.In thiscase,pre-
dictionsof file transferareusedto choosebetweendataservers
storingadesiredreplicateddatafile. In particular, rankingpre-
dictionsaresufficient in this situation,asdescribedin [31] in
thecontext of theSARA application.In contrast,applications
whichuseSRBfor dataaccessrequirereasonablyaccuratefile
transfertime estimatesin orderto make schedulingdecisions
when the predictionof datatransfertime is part of a larger
applicationexecutionperformancemodel.

This paperfocuseson a methodto provide accurateabso-
lute predictionsof remotefile transferperformance. In the
next sectionwe discussperformancemodelsconcerningthe
characterizationandpredictionof remotefile transferperfor-
mance.

3 PerformanceModels

It would be reasonableto expect that a simple performance
model of remotefile transfertime for a network-bounddis-
tributed applicationwould suffice for schedulingand appli-
cation execution. In particular, the straightforward model
RBW (Raw BandWidth model)1 shown below:

����� � �"!$#&%('*) � !+� �-,.�0/ 1 #&23#54 ��67�8"9 # �-� #5: � �+; #&%=<7> � <?2A@
could be used to estimate the time for transferring
files between various servers based on the value of8B9 # ��� #5: �C�+; #&%=<?> � <72A@ betweenthe client and each of the
servers. This valuecould be suppliedby a network monitor
suchastheNetwork WeatherService(NWS) [36, 37], which
measuresandforecaststhe loadandavailability of systemre-
sources(includingnetwork bandwidth).TheRBW modelcan
beusedto predictthe file transferperformanceof distributed
data-intensive applications,like SARA andSRB, in a wide-
areagrid environment,if the

8"9 # ��� #D: � �+; #&%=<7> � <?2A@ measure
accuratelyrepresentsthe effective bandwidthan application
wouldexperience.

Our initial experimentswith SARA [31] show that the
RBW model using NWS forecastscan be usedeffectively
to rankalternative candidateschedules.The NWS generated8B9 # ��� #5: �C�+; #&%=<?> � <72A@ forecasts,basedon standardNWS 64
kilobyte data transfersrather than the 1 to 3 megabytefile
transfersthat SARA uses. Although this schedulerwasable
to ranktheservers,theresultingabsolutetransfertimepredic-
tions werequite inaccurate.The NWS measurementprobes
canbe parameterizedto usearbitrarytransfersizes,however
eachprobeconsumesnetwork bandwidth. To obtain an ac-
curatevalueof

8"9 # ��� #D: � �+; #&%=<7> � <?2A@ for SARA, we would
have had to configure the NWS to probe the network us-
ing the samemessagesizesthat SARA usestherebydramat-
ically increasingthe intrusivenessof the monitoring. More-
over, thissolutionwouldnotnecessarilyguaranteeanaccurate8B9 # ��� #5: �C�+; #&%=<?> � <72A@ measurefor applicationswith different
characteristics,suchasSRB,which typically haslargertrans-
fer sizesthanSARA.

In addition, RBW fails to considerapplicationcomputa-
tional and internal messagebuffering overheadsandoverlap
betweencommunicationandcomputationaloperationswhich
mayhavenon-trivial effectsonperformancefor eventhemost
network-boundapplications. It is not surprising then that
RBW modelpredictsperformancerelatively inaccurately, as
shown in Table 1. Note that while the 64 kilobyte probes
do not yield an absolutemeasureof available bandwidth,
the peaksandvalleys aspredictedby the NWS probesvisu-
ally correlatedwith observedfile transferbehavior (Figures2
and3). Our work in this paperattemptsto exploit the corre-
lation betweennon-invasiveprobesandactualapplicationbe-

1In thescopeof this paperwe considerfiles largeenoughsuchthat initial
transferlatency is negligible comparedto thewholefile transfertime.
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SRB– NMAE

site RBW AdRM
U.C. Davis 54.10% 11.09%
NCSA 105.20% 9.20%
W.U. St.Louis 96.31% 11.95%
Rutgers 101.56% 1.15%

SARA – NMAE

site RBW AdRM
Utah 34.40% 9.98%
UIUC 36.08% 11.10%
Caltech 15.80% 11.67%

Table 1: Normalized Mean Absolute Err ors (NMAE) for
file transferthroughputforecastsobtaineddirectly from band-
width measurementsRBW andfrom theAdaptiveRegression
Modeling(AdRM) forecaster.

havior to yield a performancepredictionwith goodabsolute
accuracy.

3.1 RegressionModeling

Although a sophisticatedand detailed performancemodel
could possiblyrepresentalmostall the intricaciespresentin
the performancebehavior of remotefile transfers,the com-
plexity level of this mechanisticmodel might be so high
that its dynamicparameterizationat run-timemight prove in-
feasible. Regressionmodeling is a simple and lightweight
methodfor establishinga functionalrelationshipamongvari-
ables[9, 11, 14]. In order to achieve moreaccuratepredic-
tions, we consideredthe useof a linear regressionmodel to
addressthediscrepancy betweentheperformancebehavior of
small NWS probesand larger datatransfersexhibited in the
RBW model.Wedevelopedtwo linearmodelsthatmapNWS
bandwidthmeasurementsto the observedfile transferbehav-
ior of thenetwork-bounddistributeddata-intensiveapplication
within a specifiedtime-frame.

To determinethe upper bound on absoluteaccuracy, we
startedby regressinglarge-datafiletransfertimeswith 16MB
NWS bandwidthprobes. This probesize is too large to be
practical for the NWS in general,but it allowed the NWS
to moreaccuratelymimic the actualnetwork load duringfile
transfer. Figure2 shows theresultsof usingthis techniqueto
modelfile transfertimesfrom the Universityof California at
Davis to theUniversityof CaliforniaatSanDiego. Theexper-
imentsshow thisregressionmodelparameterizedby datafrom
16MB file transfersand16MB NWSmessagesizeprobes.The
resultswerevery impressive. Weobservein thegraphhow the
modeleddatafiletransferperformancecloselytrackstheactual
throughputmeasurements.Our next stepwasto investigatea
lessintrusive approachto determineif thetechniquecouldbe
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Figure2: LinearRegressionmappingNWS(16MB messages)
to SRB(16MB file transfers)

implementedpractically.

3.2 A Practical Approach — NWS with 64 kB
ProbesOnly

In orderto decreaseoverhead,weconsideredanew regression
modelwhich usesNWS inputswith 64 kB probes.This is the
probesizethatis commonlyusedby theNetwork WeatherSer-
viceto performbandwidthmeasurementsandforecasts.Using
smallprobes,theNWSis ableto maintaina low level of intru-
sivenesson thenetwork [36, 37].

Representative resultsusing the low overheadmodel, are
shown in Figure3. Note that themodelstill trackstheactual
datafiletransfermeasurementsvery closely. This regression
model with 64 kB probescan be usedsuccessfullyto form
the basisfor an efficient applicationperformanceprediction
method.

In the next section,we describethe developmentanduse
of a performancepredictionmethodwhich we call Adaptive
RegressionModeling(AdRM) .

4 UsingAdRM to Dynamically Predict
ExecutionPerformanceof SARA and
SRB

In this sectionwe describean adaptive regressionmodeling
(AdRM ) methodto predict theexecutionperformanceof the
SRB and SARA grid applicationsat run-time. Since linear
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regressionis cheapto compute,2 we startby deriving an ini-
tial regressionmodel from historical applicationand NWS
performancedata. As the applicationexecutes,we monitor
its performanceandadd the monitoredvaluesto the perfor-
mancehistoryof theprogram.Whena predictionis required,
we recalculatethe regressioncoefficients “on-the-fly” using
theoriginalperformancehistory, themostrecentperformance
measurements,andthecorrespondingNWS datafor themost
recenttime frame. In this way, the predictionmodelevolves
andadaptsin responseto changingperformanceconditions.

We termtheinitial setof samplesrequiredto “heat-up”the
regressionmodel the Start-upWindow. Having an initial re-
gressionmodelderivedfrom theStart-UpWindow, we obtain
a new bandwidthsamplefrom NWS,andusethis valuein the
regressionmodel to generatea predictionof the first datafile
transferthroughputvalue.

While the applicationexecutes,the regressionfunction is
updatedat eachnew applicationfile transfer. The new file
transfersampleand the network bandwidthvalue (from the
NWS)areincorporatedasanew pairwithin historyof network
anddatafiletransfersamplesthat will be usedin the calcula-
tionof thenext regressionmodel.Then,theupdatedregression
modelis usedto forecastthenext file transfer, andsoon.

Wereferto thesetof samplesusedto generateeachnew re-
gressionmodelatexecutiontimeastheRunningTimeWindow.

2Weranour linearregressionkernel,written in C, for a totalof 8000itera-
tions(in setsof 1000iterationsatvarioustimesduringtheday)with adataset
of 15samples.Theaverageexecutiontimefor theregressionwas13.72mson
aSunSparcStation-20with light to moderateloadsfrom otherusers.Further-
more,analysisof the linear regressiontechniqueshows that the algorithm’s
asymptoticrunningtime is linearin thedatasetlength.

TheRunningTimeWindowslidesover thepasthistoryof net-
work andapplicationmeasurementsat eachnew application
transfer. Theregressionmodelis updatedat eachnew sample
assuringthattheforecasterwill adaptto themostrecentappli-
cationresourcerequirementsandobservednetwork behavior.
At eachupdate,the oldestsamplepair of the RunningTime
Window is discardedat eachnew transfer. In this way, we fil-
ter out of the regressionmodelpasthistory that is no longer
relevant for new trendsof systembehavior. Thepseudo-code
of the AdRM predictionmethodis provided in AppendixA
of this paper. NotethatAdRM generallyresemblestheARX
(Auto Regressionwith with eXogeneousvariables)modeling
approach[22] in the sensethat the ARX model structureis
alsobasedonregression.TheAdRM methodrefitstheregres-
sion functionat eachnew performancesampling,adaptingto
changesin thesystemover time.

The sizesof the Start-upWindow andRunningTime Win-
dows are free parametersfor the AdRM method. While we
do not, at present,have an automaticmethodfor determin-
ing theseparametersfrom thedata,we investigatedtheeffect
of varyingthesizeof theStart-upWindowandRunningTime
Window respectively. After simulatingthe forecasterfor sev-
eralStart-UpWindowandRunningTimeWindow lengths,we
found that the the modeling techniqueremainsaccuratefor
a wide rangeof window sizes. The algorithmis leastsensi-
tive to the lengthof the Start-UpWindow, sinceits effect is
felt only initially. Figures4 and5 show plotsof thevariation
of meanabsoluteerrorsof AdRM predictionsastheRunning
TimeWindow lengthsrangefrom 2 to 25pasthistorysamples,
for the sitesanalyzedin this work 3. The Start-upWindow
lengthis fixedat 2 initial samples.Notice that for smallwin-
dow sizestheerror is quite largefor themajority of thesites.
The error curvesflattenat low error valuesfor window sizes
largerthan5. For somewindows longerthan15 samples,the
AdRM methodstartsto exhibit a slightly higher error. We
suspectthatexcessivepasthistory, which is no longerrelevant
for the future trendof the performancebehavior, is beingin-
corporatedinto the prediction. Furthermore,longerwindows
areundesirablesincethey would alsorequirea largercompu-
tationalcost.UsuallyaRunningTimeWindow lengthbetween
8 and20 sampleswill yield goodpredictionsfor theenviron-
mentswe have investigated. For completenesswe have in-
cludedgraphswhich show how themeansquarederrorvaries
with RunningTimeWindow lengthsE in AppendixB.

Figures6 and7 are representative of a comprehensive set
of experimentsexecutedto predictfile transfertimesusingthe
AdRM methodfor SRB andSARA respectively. In the ex-
periments,SARA transferredfiles of 3MB, at every 5 min-
utesfrom dataserversrunningat theUniversityof Utah,Uni-
versityof Illinois Urbana-ChampaignandCaltech.The SRB

3In generalsmallwindow lengthsgeneratedhigherrorlevels. To facilitate
thevisualizationof theerrorvariationover thewindow lengthrange,weomit
from somegraphssmallwindow sizedatapointswhich generatedvery high
errors.
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Figure4: Variationof MeanAbsoluteErrorsof AdRM predictionswith RunningTimeWindow lengthfor datatransfersfrom
SRBsites.

client transferred16MB files at intervalsrangingfrom 2 to 25
hoursfrom theUniversityof CaliforniaatDavis, Universityof
Washingtonat St.Louis,NCSA andRutgers.Both clientsran
at theUniversityof theCalifornia,SanDiego. In thefigures,
thedifferences(theerror)betweenpredicted(in black) andac-
tual executiontimes(in white) arerepresentedby thevertical
distancebetweeneachpairof points.Thedashedlinesarepre-
dictionsusingtheRBW model.In Table1, wesummarizethe
errorresultsfor this data.

4.1 Analysis

To determineprediction accuracy, we use the Normalized
MeanAbsoluteError (NMAE) , givenbyFG H

I�J
K L 'M2 �-, #&2 � < � � !N)

H�OQP � #5'SRT! � < � � !N)
H KUWV P � #5'SRT! � < � � !N) VYX*Z?Z&[

where
U

is the total numberof predictedmeasurementsand
P � #5'MR\! � < � � !N) is the meanmeasureddatafiletransferper-
formancefor aparticularsite.TheconceptbehindtheNormal-
izedMeanAbsoluteError is to calculatethe meanprediction
error, thennormalizeit by themeandatafiletransferthrough-
put which is given by

P � #5'SRT! � < � � !N) . In otherwords, the
erroris givenasaproportionor percentageof theaverageper-
formanceperceivedby anapplication.In this waywe provide
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Figure5: Variationof MeanAbsoluteErrorsof AdRM pre-
dictionswith RunningTime Window lengthfor datatransfers
from SARA sites.

a metricof effectivenesscomparablebetweendifferentappli-
cationsandsiteswith distinctperformancecharacteristics.

Observe that the AdRM predictionsvery closelytrack the
actual measuredperformanceof both SARA and SRB ap-
plications. Table1 numericallyconfirmsthe efficacy of this
method. As it can be observed, the highestrelative errors
(NMAE) for AdRM predictionsareon theorderof only 10%,
whereastheerrorsfor predictionsusingtheRBW modelreach
upto 100%.Thelargestdifferenceoccursfor theRutgersdata
server, wheretheRBW modelresultedin anerrorof 101.56%,
while the AdRM forecastingmethodpredictedwith an error
of just 1.15%.

Furthermore,it is importantto emphasizethatwewereable
to successfullyobtain this high level of predictionaccuracy
with a low level of intrusivenesson thesystem— usingonly
small64 kB messagesto probethenetwork behavior.

In Table 2 we show the meansquarederrors (MSE) for
RBW andAdRM . Themeansquarederrorcalculationempha-
sizeslargeerrorsandattenuateslow errorsamples.Again,we
canseethatAdRM hadoverallbetterperformancewhencon-
sideringthe (MSE) metric. Table3 shows the meandatafile
transferthroughputfor eachdataserver.

4.2 UsingAdRM for Scheduling

The Application-Level Scheduling (AppLeS) approachin-
corporatesboth application-specificsystemrequirementsand
dynamicresourceperformanceinformation to scheduledis-
tributedapplicationsin multi-userdistributedenvironments[8,
31, 38]. AppLeS application-level schedulersusea perfor-
mancemodelbasedon the application’s communicationand
computationalneeds.Performancemodelscanberepresented
by mathematicalequations,in which numericvaluesfor re-
sourceperformanceforecastsarevariables[26]. Theschedul-
ing agent can comparecandidateschedulesby evaluating
the valueof the performanceequationfor different resource
mixes,andchoosethe resourcecombinationthat maximizes
applicationperformance.An AppLeSschedulerdelayseval-
uationof the modeluntil run-time,at which point the model
parametersaresuppliedby dynamicperformancepredictions
of varioussystemcomponents,such as remotefile transfer
throughputandCPUload.

TheAdRM methodusesdynamicinformationprovidedby
the Network WeatherService(NWS)[36, 37] and past ap-
plication performancehistory to generatepredictionsof fu-
ture file transfer performance. For the generaldistributed
data-intensive application scenario illustrated in Figure 1,
theAppLeSagentwould optimizeoverall applicationperfor-
mance,coordinatingthecomputationalworkloadbetweenthe
client and the server siteswith the data transferoperations
over the network. AdRM would provide file transferperfor-
mancepredictionswhichwouldbeincorporatedin thecompo-
sitional performancemodelusedby AppLeSfor its schedul-
ing decisions. Thesefile transferpredictionswould be inte-
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Figure6: ForecastingSRBdatafiletransferbehavior with theAdRM method.

gratedwith other dynamicsystemforecasts(e.g. processor
load) to parameterizethe AppLeS performancemodel. Re-
sourceperformanceforecastswould be provided by systems
suchasthe Network WeatherService[36] or [13] developed
by Dindaet.al .

Theinitial AppLeSschedulerswehavedeveloped[5, 8, 29,
31, 38] have focusedon the developmentof adaptive custom
schedulesfor individual grid applications. We are currently
developingAppLeStemplatesfor schedulingstructurallysim-
ilar classesof grid applications.We are focusingon several
applicationclasses,includingnetwork-bounddistributeddata-
intensiveapplications.

5 Conclusionsand Futur e Work

This paperpresentsAdaptive RegressionModeling(AdRM ),
a dynamicforecastingmethodto predict the performanceof
data transferoperationsfor network-bounddistributed data-
intensive applications. Our methodachievesa high level of
accuracy for exemplarapplicationsSARA andSRB. AdRM
is a useful and effective applicationperformanceprediction
methodwith thefollowing characteristics:

	 Thepredictionmodelis derivedautomaticallyandin real-
time, by usinga regressionmodelto mapmeasurements
of systembehavior to observedapplicationperformance.	 AdRM dynamicallyadaptsin time to changesin theen-
vironmentby accountingfor changesin theworkloadand
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Figure 7: ForecastingSARA file transferbehavior with the
AdRM method.

SRB– MSE

site RBW AdRM
U.C. Davis 0.7536 0.0534
NCSA 0.3320 0.0195
W.U. St.Louis 1.2147 0.0112
Rutgers 0.8129 0.0004

SARA – MSE

site RBW AdRM
Utah 0.9652 0.1449
UIUC 0.8690 0.1524
Caltech 0.5128 0.2975

Table 2: Mean Squared Err ors (MSE) for file transfer
throughputforecastsobtaineddirectly from bandwidthmea-
surementsRBW andfrom theAdaptiveRegressionModeling
(AdRM) forecaster. Thesevaluesarenot normalized.

SRB– Mean Thr oughput
site Mbits/s
U.C. Davis 1.4399
NCSA 1.0218
W.U. St.Louis 0.5659
Rutgers 0.8792

SARA – Mean Thr oughput
site Mbits/s
Utah 2.6825
UIUC 2.3577
Caltech 3.4825

Table3: MeanMeasuredFile TransferThroughputvaluesfor
SRBandSARA

systemreconfigurations,which areusedto parameterize
frequentupdatesof themodel.

] Predictionscanbe computedwith low overheadcosts–
the linear regressionis applied to a sliding window of
a small numberof samplepairs– making it possibleto
adaptquickly to changingsystemconditions.

] Internaldetailsof theunderlyingsystemarehidden.Ba-
sically no knowledge about communicationprotocols,
network topology, or file systemconfigurationswasnec-
essaryto achievegoodpredictions.Predictionsarebased
on the measuredeffect of the systemon applicationex-
ecutionperformance,ratherthanon explicit knowledge
aboutthe systemintricacies. For example,even though
theSARA applicationexhibitshigherfile throughputthan
the NWS measuredbandwidthandexactly the opposite
happensfor the SRB transfers,the forecasteris able in
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bothinstancesto makeaccuratepredictions.

Severalgroupsareworkingonresearchrelatedto ourwork.
Performanceanalysisandschedulingof data-intensive appli-
cationsare describedby the ADR group from University of
Maryland in [34] andby Thakur in [32]. However, they fo-
cuson paralleldataserversrunningover local areanetworks.
Lowekamp also employs statistical techniquesconsidering
network andapplicationperformanceinformationto generate
datatransferpredictionsat application-level, thoughhis focus
regardslocal areanetwork transfersinsteadof remotefile ac-
cessoperationsover wide areanetworks [23]. Dinda et. al.
have examinedlinearpredictionmodelsin many regimesand
foundsuchmodelsto accuratelypredicthostloadperformance
over a wide rangeof systemconditions[13]. Andresenet. al.
study compositionalmodelsand performancetrade-offs for
distributed data-intensive applicationsin [4]. Performance
monitoringandforecastingof wide-areanetworksis discussed
in workssuchastheNWS[36, 37], GloPerf[19], ReMoS[12]
and [7, 10]. The Netloggersystem[33] presentsa profiling
framework for distributedstoragesystems.

Many openproblemsremain. Somepreliminaryinvestiga-
tion andexperimentalresultsindicatethat the aggregationof
64-kilobytenetwork samplescollectedat short-termintervals
increasesthe correlationlevel with long file transfers. This
methodallowsacompromisebetweenpredictionaccuracy and
samplingintrusiveness.Furthermore,for low level of correla-
tion betweentimeseries,theAdRM methodbehavesasaslid-
ing moving window predictortakinginto accountmostlypast
applicationbenchmarkinginformation.Wewantto investigate
furthertheimplicationsof this scenario.

We intendto extendthis work to accountfor datatransfers
performedonhierarchicalstoragesystemssuchasHPSS[21],
includingsystemswith tertiarystorage(tapes).We alsohope
to beableto usetheAdRM methodto generatenetwork fore-
castsfor variedcommunicationprotocolsandconfigurations
andaccuraterelative rankingamongseveral dataservers. In
extendingthescopeof this work to new scenarios,we alsoin-
tendto look at thepossibilityof on-demandrefinementof the
regressionmodelto includeadditionalfactors,suchasdisk or
tapebehavior andserver load, in order to do a betterjob of
assessingend-to-endfile transfer, andhenceapplication,per-
formance.
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A AdRM Pseudo-Code

AdRM Predictor( ^`_-a(b7c dfegc , ^`_-a=h�i*j )

If (Initialization) Thenkml&npoTq r$s*tvu w
Get NWSBandwidth History( x�y : x�y{z|^`_-a(b7c dfeAc )kml&npoTq r$s*}\~�~ w
Get Application Performance History( x�y : x�y{z|^`_�a(b7c dfegc )x�� � w ^`_-a(b?c d�eAc /* Time of Last Sampling */

Else /* Running Time */kml&npoTq r$s tvu w
Get NWSBandwidth History( x � ��� ^`_�a h�i+j : x � � )kml&npoTq r$s }\~�~ w
Get Application Performance History( x � � - ^`_-a h�i*j : x � � )

End If

���m���M�A�����3���*� w
Calculate Linear Regression Function(

kml&npoTq r$s*tvu
,

kml&npoTq r$s*}\~�~
)

/* Use previously calculated linear regression model to *
* predict the file transfer throughput performance *
* perceived at application-level */

New Bandwidth Sample = NWSGet Bandwidth Sample()
Predicted Performance

w ���m���M�A�����3���*�
(New Bandwidth Sample)

/* Prepare for next prediction by storing a bandwidth *
* sample and updating the "last sample" timestamp. *
* Application history is stored by the AppLeS *
* scheduler, which is calling AdRM_Predictor. */

Store NWSBandwidth History(New Bandwidth Sample)x�� � w x3j?�g�
Return( Predicted Performance)

END
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B Variation of MSE with Running Time Window
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Figure8: Variationof MeanSquaredErrorsof AdRM predictionswith RunningTimeWindow lengthfor datatransfersfrom
SRBsites.
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Figure9: Variationof MeanSquaredErrorsof AdRM predictionswith RunningTimeWindow lengthfor datatransfersfrom
SARA sites.
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