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Abstract

The computationalgrid is becomingthe platform of choice
for large-scaledistributed data-intensie applications. Accu-

rately predictingthe transfertimesof remotedatafiles, a fun-

damentatomponenbf suchapplicationsijs critical to achiev-

ing applicationperformance. In this paper we introducea
performancéeredictionmethod ADRM (Adaptive Regression
Modeling),to determindfile transfertimesfor network-bound
distributeddata-intensie applications.

We demonstrate¢he effectivenessof the ARM methodon
two distributeddataapplications, SARA (SyntheticAperture
RadarAtlas) andSRB (StorageResourcéBroker), anddiscuss
how it can be usedfor applicationscheduling. Our experi-
mentsusethe Network Weather Sewice [36, 37], aresource
performanceneasuremenrdndforecastingfacility, asa basis
for the performancepredictionmodel. Our initial findingsin-
dicatethat the ARM methodcan be effective in accurately
predictingdatatransfertimesin wide-areamulti-usergrid en-
vironments.

1

Ensemblesf distributedcomputationalstorageandotherre-
sourcesalsoknown ascomputationalgrids [18], arebecom-
ing anincreasinglyimportantplatformfor applicationswvhich
perform computationsover large datasets.Suchapplications
includeimageacquisitionand processingcomputationsdigi-
tal library searcheshigh performancemassie dataassimila-
tion, distributed datamining andothers[3, 6, 16, 17, 20, 25,
35]. Aggregatingdistributedresourcesnthegrid presentshe
opportunityto employ or acquiredatafrom massve datasets
which aretoo largeto be storedat a singlesite.
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For mary distributed data-intensie applications, data
movementacrossthe network is a critical determinanbf ap-
plicationperformanceln particulat in additionto beingdata-
intensie, suchapplicationsmay alsobe network-boungwith
applicationperformancéeaily determinedy thebandwidth
available on network links usedduring datatransfers. Ex-
amplesof network-bounddistributed data-intensie applica-
tions include JPL's SyntheticAperture RadarAtlas (SARA)
application[35], which allows the userto selectand view
imagesgeneratedfrom a large, replicated, and distributed
databas®f radardata,and SDSC5 StorageResourceBroker
(SRB)[6, 30], which providesa uniform interfacefor usersto
obtaindatafrom a heterogeneousnddistributedcollectionof
datarepositories.

Efficient execution of network-bound distributed data-
intensie applicationson computationagridscanbechalleng-
ing. Although grids offer considerablgerformancepotential
throughaggrejation of resourcesapplicationexecutionper
formancemay be difficult to achieve in practice.In particular
theload andavailability of sharedresourcesuchasnetworks
may be hardto predict, affecting the ability of anapplication
scheduleto develop performance-dicientapplicationexecu-
tion strateyies.

In this paper, we presenta method, Adaptive Regres-
sion Modeling (AdRM), for predicting the performance
of data transfer operationsin network-bound distrib uted
data-intensive applications. Our techniquepredictsperfor
mancein production,multi-userdistributed ervironmentsby
employing small network bandwidthprobes(provided by the
Network WeatherService(NWS)[36, 37]) to make short-term
predictionsof transfertimesfor arangeof file sizes. TheNWS
gathersperformanceprobedatafrom a distributed collection
of resourcesandcatalogsthat dataasindividual performance
historiesfor eachresource. It then applieslightweight time
seriesanalysismodelsto eachperformancéistoryto produce
short-termforecastsof future performancdevels. In this pa-
per, we make useof the performancerobedata,but not of the
performancdorecastgyeneratedy the NWS. Our approach
is to combineNWS measurementéwhich are non-intrusve
andrelatively frequent)with instrumentatiordatataken from
actualapplicationruns(which arepotentiallyintrusive but in-
frequent)to predictthe future performanceof the application



To capturethe relationshipbetweenNWS probesand appli-
cationbenchmarldata,we useregressiormodelswhich cali-
brateapplicationexecutionperformanceo the dynamicstate
of thesystemmeasuredby the NWS. Theresultis anaccurate
performancenodelthatcanbe parameterizedy “li ve” NWS
measurement® make time-sensitie predictions.

The developmentof performancemethodssuchas AdRM
is critical to achieving applicationperformancefor network-
bound distributed data-intensie applicationsin multi-user
computationagrid ervironments Accuratepredictionof data
transferoperationssuchasthoseprovidedby AARM areused
in compositionaimodelsof data-intensie applications.Such
models,usedby AppLeSschedulerq8], areoftenequational,
precludingthe useof relative rankingof resourcgerformance
to perform schedulingdecisions. Models which provide an
accurateranking, althoughusefulfor someapplicationg31],
may be insufficient for others.ADRM providesrelatively ac-
curatepredictionsandrelieson obsenable performancenea-
surement®nly, andthuscanbe continuouslyupdatedo adapt
to currentnetwork conditionsautomaticallyandin real-time
We demonstrateahe effectivenessof the ARM methodfor
two network-bounddata-intensie applicationswith dissimilar
datarequirements:the SARA image acquisitionapplication
which generallytargetsrelatively small files (1-3 MB), and
the SRB querytool which is designedo handlemuchlarger
(16 MB or more)files.

This paperis organizedasfollows: In Section2, we briefly
describehecharacteristicef network-bounddistributeddata-
intensive applicationsjn particular SARA andSRB,anddis-
cussheimportanceof accurateredictionsfor applicationper
formance.Section3 presentseveral performancenodelsfor
predicting datatransfertimesfor this applicationclass. We
presenthe AdRM predictionmethodandpresentexperiments
which demonstratéts effectivenesdor both SARA and SRB
in Sectiond. In Section5, we summarizeand briefly discuss
relatedandfuture work.

2 Network-Bound Distributed Data-
Intensive Applications

We usethe term data-intensive applications to denotecom-
putationswhich accessand performoperationson numerous
or massve datasets.Within this applicationclass,we iden-
tify a subclassof network-bound distrib uted data-intensie
applicationdor which a prime determinanbf applicationper
formanceis movementof dataacrosshe network.

In generalnetwork-bounddistributed data-intensie appli-
cationscan be partitionedinto computationaland communi-
cationsubcomponentthatwill be assignedver multiple dis-
tributedgrid resourcesFigurel representatypical network-
boundapplicationhaving

e adatasourcewheretheapplicationdatais stored,
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Network
Q\ Connection
T
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User Application Processes Data Source

Figure 1: Network-bounddistributed data-intensie applica-
tionsgenerallyinvolveretrieving datafrom asenerto aclient
with variousdatamanipulationoperationgperformedat either
the client or the sener. The computationalprocessesn the
figure(theellipses)arelogical entities representingery com-
plex operationge.g.datacompressiomrimagegenerationjo
extremelysimpleoperationge.g. sendingdatato the network
unchanged).

e auserapplication runningattheclientsite,

e severalcomputationaprocessesunningatthesenerand
client site, capableof performingvaryingdatamanipula-
tion operationof varyingdegreesof compleity, and

¢ a networkconnection over which datamoves between
the client andsener (anda principal determinanof ap-
plicationperformancdor network-boundapplications)

To illustrate the characteristicsof network-bound dis-
tributeddata-intensie applicationsve provide a brief descrip-
tion of JPLs SyntheticApertureRadarAtlas applicationand
SDSCs5 StorageResourceBroker.

The SyntheticApertureRadarAtlas (SARA) [31, 35], de-
velopedat JPL and SDSC,is a Web-basedlistributed data-
intensive applicationwhich allows userswith accessto the
World-Wide Web to view imagesof the Earth's surfacetaken
by a syntheticapertureradar The SARA datasetsarerepli-
catedacrossseveral high-capacitystoragesites. Via a Jasa
applet, usersof the SARA systemcan requestan image of
anarbitrary sub-region with certainfeaturesof the datahigh-
lighted. A collectionof distributeddatasenersandcomputa-
tional processesetrieve, filter, and corvert the raw synthetic
aperturedatainto animagefile. SARASs Java userinterface
appletallows theuserto supplyinput parameterandview the
resultinginputfile. During certainphase®f SARA operation,
files typically rangingin sizefrom 1 to 3 MB aretransferred
betweersites.

SDSCs StorageResourceBroker (SRB)[6, 30] is middle-
warethat providesdata-intensie applicationswith a uniform



API to acces$eterogeneoudistributedstoragaesourcesys-
temsincluding file systems,databasesand hierarchicaland
archival storagesystems. SRB provides usersthe capability
to accessand aggrejatemassve quantitiesof datascattered
acrosswide areanetworks. In additionto thefile transferse-
mantic,the SRBhasameta-dataatalogproviding theuserthe
capability of performingqueriesover the dataaccordingto a
relationaldatabasaliscipline. Data-collectionsupportedby
the SRBinclude - the Elib Flora collectionfrom UC, Berke-
ley [15], the AlexandriaDigital Library from UC, SantaBar-
bara[1], the NARA (National Archivesand RecordsAdmin-
istration) [24] andthe Art MuseumlimageConsortium(AM-
ICO) collectiong[2].

In orderto achieve performanceboth SARA andSRB usu-
ally needto coordinatethe datatransferoperationsas part of
alargerapplicationframawork. In this casefile transfertime
maybea componenbf alargerperformancenodel. Accurate
predictionsof remotefile transferperformanceare critical in
theschedulingpf theseapplicationoveradistributedenviron-
ment.

Note that there are several importantdifferencesbetween
SARA and SRB. Most obviously, SARA files are typically
smaller(1 to 3 megabytesthanSRBfiles, which canbe quite
large (tensto hundredsof megabytes). SARA is specifically
designedand implementedto be an interactive satellite im-
ageprocessingNeb application,whereaghe SRBis general-
purposemiddlevare providing facilities for a wide rangeof
distinct distributed data-intensie applications. The differ-
encesn their designsjmplementationsandtheway thatthey
aretypically usedresultin differentperformancéehaior for
SRBandSARA whenperformindfile transfersparticularlyin
thepresencef varyingnetwork performance.

In this study we choseto compareSARA and SRB under
differentusagemodels. SinceSARA is designedo be anin-
teractve visualizationtool, we implementedhe SARA client
to male files accesseselatively frequently— approximately
once every five minutes. We hypothesizedhat large-scale
SRBtransfershowever, would be relatively infrequentdueto
their potentially lengthy durations(up to tensof minutesper
transfer).As such,we programmedheinterval betweenSRB
transfersto rangefrom 2 to 25 hours. Thesedifferencegro-
vide awider experimentaframework to validatethe effective-
nessour proposedpredictionmethod,sincenot only arethe
applicationdifferent,but they accesshe network on different
time scalesaswell.

2.1 Predicting Application Performance

In orderto executenetwork-bounddistributed data-intensie
applicationsthe computationcommunicatioranddatatrans-
fer componentsof the application must be mappedto re-
sources.To achieve performancdan multi-usergrid erviron-
ments,adaptve schedulingof thesecomponentss critical. As
partof the AppLeSproject,we have foundthatwe canachiese

good scheduledy using dynamic systemresourceinforma-
tion in applicationmodelswhich predict applicationperfor
manceg8, 26, 27, 28, 29].

Evenfor the simpleclient-sener modelin Figurel, effec-
tive adaptie schedulingmay be non-trivial. For example,for
themodelshown, theschedulemustdeterminehow theseop-
erationscan be split betweenclient andsener. To illustrate,
supposédhe userof an SRB geographicaimagesener appli-
cationrequestslataaboutLos Angeles. Dueto the natureof
theraw datato whichthesenerhasaccessfiltering operations
on therelevantdata(e.g. highlighting specificcharacteristics
of thedatasetjnaybenecessaryor instanceghelLos Angeles
informationmight be storedin alargefile which alsocontains
dataaboutmary other California cities - which however are
not relevantto the user Suchfiltering operationscanbe per
formed eitherat the sener site, at the client site, or partially
executedon bothsites.

The decisionof whereand how the filtering will be con-
ducteddeeplyaffectsperformance.If the requestednforma-
tion is extractedat the sener site, thenlessinformation will
needto betransferrecacrosghe network andprocesseat the
client site. However, if the sener site is heaily loadedand
thenetwork connectiorbetweensener andclientis relatively
fast, schedulingthe filtering operationon the client location
mayyield betteroverall applicationperformanceCorversely
if the network connectionis particularlyslow thenit might be
more efficient to use datacompressiorat the sener and de-
compressiorat the client. Although this strateyy would con-
sumemore CPU power andtime at both sites,the application
may perform betteroverall by avoiding the large datatrans-
fer. Andresenet. al. describeadditionalworkloadallocation
andperformancerade-ofsissuendistributeddata-intensie
scenariosn [4].

Astheexampleaboveillustratesthedecisionof how to par
tition applicationoperationsvertheresourcesf adistributed
ervironmentmay deeply affect performance. Moreover, on
a multi-userdistributed ernvironmentthe challengeis further
complicatedsincethe deliverableperformanceof eachindi-
vidual resourcecanvary dynamically To accuratelyforecast
applicationbehavior the prediction model must reflect load
andperformancesharacteristicef boththeapplicationandits
target ervironment. However, developing predictionmodels
whichreflectdynamiccomputationahndcommunicatiorphe-
nomenais difficult, albeitimportant.In Section3, we will de-
scribeseveral modelsfor predictingfile transferperformance
in dynamicgrid ervironments.

2.2 Using Performance Prediction Models

In orderto supportscheduling predictionsaregenerallyused
in two ways: to rank alternatve candidateschedulesor re-
sourcesaccordingto a givencostfunction,andasanestimate
of the absoluteperformancenf component®f a larger appli-
cation model, for coordinatingworkload allocation over re-



sourcesNotethatboththeseusesmposedifferentconstraints
onwhatit meandor predictionsto be“good”.

For the“ranking” scenariojt is importantfor the prediction
modelto provide relative predictionswhich shouldbe ranked
thesameastheactualexecutionunderthechoserperformance
criteria— executiontime, throughputetc. For example,if the
applicationexecutesn lesstime (underthe sameload condi-
tions) with scheduleA thanwith scheduleB, a goodranking
predictionmodelwould yield executiontime predictionsP4
and Pg suchthat P4 < Pg. Notethatwe arenot necessarily
concernedvhetherP, is a closematchwith the actualexe-
cution time for the applicationunderscheduleA or Pg for
scheduleB, sincethe predictionmodelandcostfunctiononly
seneto rankalternatves.

However, certainapplicationsor situationssuchas work-
load allocation may require a higher level of precisionand
accurag regardingabsolutepredictions.Errorsin the predic-
tion of thedeliverableperformanc®f subcomponentsf larger
compositionamodelsmayaggreyatesothatthe overall appli-
cationperformancemodelitself might becomenaccurate.ln
particular we want Py =~ T4 (whereT, is the actualexecu-
tion time) whenscheduleA is part of a larger compositional
applicationperformancemodel. In this case we aremorein-
terestedn the errorbetweerntheactualexecutiontime andthe
predictedexecutiontime, ratherthansimpleranking.

To illustrate,a schedulerfor the geographicatiataapplica-
tion describedn the previous sectionrequirespredictionsof
the effective computationatapacityon the computatiorsites
aswell asthedeliverabledatatransferthroughputetweerthe
two sitesat run time. Having thesepredictionson hand,the
schedulecanfind the bestallocationof thefiltering operation
over the client andsener computerscoordinatingit with the
datatransferacrosghe network.

By contrastconsidera“server selection”scenaridn which
a data consumemust choosebetweenvarious data seners
whichcontainportionsof areplicateddatasetin thiscasepre-
dictionsof file transferareusedio chooseébetweerdataseners
storingadesiredreplicatecdatafile. In particular rankingpre-
dictionsaresuficientin this situation,asdescribedn [31] in
the context of the SARA application.In contrastapplications
whichuseSRBfor dataaccessequirereasonablyaccuratdile
transfertime estimatesn 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
characterizatiorand predictionof remotefile transferperfor
mance.

3 PerformanceModels

It would be reasonabldo expectthat a simple performance
model of remotefile transfertime for a network-bounddis-

tributed applicationwould suffice for schedulingand appli-

cation execution. In particular the straightforvard model

RBW (Raw Bandwidth model} shovn below:

DataSize
Available Bandwidth

could be used to estimate the time for transferring
files between various seners based on the value of

Available Bandwidth betweenthe client and each of the

seners. This value could be suppliedby a network monitor

suchasthe Network WeatherService(NWS) [36, 37], which

measuresandforecastghe load andavailability of systemre-

sourcegincluding network bandwidth). The RBW modelcan

be usedto predictthe file transferperformanceof distributed

data-intensie applications like SARA and SRB, in a wide-

areagrid ervironment,if the Available Bandwidth measure
accuratelyrepresentghe effective bandwidthan application
would experience.

Our initial experimentswith SARA [31] shav that the
RBW model using NWS forecastscan be used effectively
to rank alternatve candidateschedules.The NWS generated
Available Bandwidth forecastspasedon standardNWS 64
kilobyte datatransfersratherthanthe 1 to 3 megabytefile
transfersthat SARA uses. Although this schedulemwas able
to rankthe seners,theresultingabsolutetransfertime predic-
tions were quite inaccurate. The NWS measuremenprobes
canbe parameterizedo usearbitrarytransfersizes,however
eachprobe consumesietwork bandwidth. To obtain an ac-
curatevalue of Available Bandwidth for SARA, we would
have had to configurethe NWS to probe the network us-
ing the samemessageizesthat SARA usestherebydramat-
ically increasingthe intrusivenessof the monitoring. More-
over, this solutionwould not necessarilguarante@anaccurate
Avwailable Bandwidth measurdor applicationswith different
characteristicssuchas SRB, which typically haslargertrans-
fer sizesthanSARA.

In addition, RBW fails to considerapplicationcomputa-
tional and internal messageuffering overheadsand overlap
betweencommunicatiorand computationabperationsvhich
mayhave non-trivial effectson performancdor eventhe most
network-boundapplications. It is not surprisingthen that
RBW modelpredictsperformanceelatively inaccuratelyas
shavn in Table 1. Note that while the 64 kilobyte probes
do not yield an absolutemeasureof available bandwidth,
the peaksandvalleys as predictedby the NWS probesvisu-
ally correlatedwith obsenedfile transferbehaior (Figures2
and3). Our work in this paperattemptsto exploit the corre-
lation betweemon-invasive probesandactualapplicationbe-

FileTransferTime =

1In the scopeof this paperwe consideffiles large enoughsuchthatinitial
transferateny is negligible comparedo thewholefile transfertime.



| 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%
uluc 36.08%| 11.10%
Caltech 15.80% | 11.67%

Table 1: Normalized Mean Absolute Err ors (NMAE) for

file transferthroughputforecastobtaineddirectly from band-
width measurementBW andfrom the Adaptive Regression
Modeling(AdRM) forecaster

havior to yield a performancepredictionwith good absolute
accurag.

3.1 RegressionModeling

Although a sophisticatedand detailed performancemodel
could possiblyrepresentalmostall the intricaciespresentin
the performancebehaior of remotefile transfers,the com-
plexity level of this mechanisticmodel might be so high
thatits dynamicparameterizatiomat run-time might prove in-
feasible. Regressionmodelingis a simple and lightweight
methodfor establishinga functionalrelationshipamongvari-
ables[9, 11, 14]. In orderto achieze more accuratepredic-
tions, we consideredhe useof a linear regressionmodelto
addresghe discrepang betweerthe performancéehaior of
small NWS probesand larger datatransfersexhibited in the
RBW model.We developedtwo linearmodelsthatmapNWS
bandwidthmeasurement® the obsenedfile transferbeha-
ior of thenetwork-bounddistributeddata-intensie application
within a specifiedtime-frame.

To determinethe upper bound on absoluteaccuray, we
startedby regressingarge-datafiletransfertimeswith 16MB
NWS bandwidthprobes. This probesizeis too large to be
practical for the NWS in general,but it allowed the NWS
to moreaccuratelymimic the actualnetwork load duringfile
transfer Figure2 shavs the resultsof usingthis techniqueto
modelfile transfertimesfrom the University of California at
Davis to the Universityof Californiaat SanDiego. Theexper
imentsshaw thisregressiormodelparameterizetly datafrom
16MB file transferand16MB NWS messagsizeprobes.The
resultswereveryimpressve. We obsere in thegraphhow the
modeleddatafiletransfeperformanceloselytrackstheactual
throughputmeasurementOur next stepwasto investigatea
lessintrusive approacho determinef the techniquecouldbe
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Figure2: LinearRegressiormappingNWS (16 MB messages)
to SRB (16 MB file transfers)

implementecpractically

3.2 A Practical Approach— NWS with 64 kB
ProbesOnly

In orderto decreaseverheadye considerednew regression
modelwhich usesNWS inputswith 64 kB probes.Thisis the
probesizethatis commonlyusedby the Network WeatheiSer
viceto performbandwidthmeasurement@ndforecastsUsing
smallprobesthe NWS s ableto maintainalow level of intru-
sivenesnthe network [36, 37].

Representate resultsusing the low overheadmodel, are
shawvn in Figure3. Notethatthe modelstill tracksthe actual
datafiletransfermeasurementsery closely This regression
modelwith 64 kB probescan be usedsuccessfullyto form
the basisfor an efficient applicationperformanceprediction
method.

In the next section,we describethe developmentand use
of a performancepredictionmethodwhich we call Adaptive
RegressiorM odeling(AdRM) .

4 Using AdRM to Dynamically Predict
ExecutionPerformanceof SARA and
SRB

In this sectionwe describean adaptve regressionmodeling
(AdRM) methodto predict the executionperformancef the
SRB and SARA grid applicationsat run-time. Sincelinear



U.C. Davis
35
== NWS (64KB
SRB (16MBL
al —a— Mapped SR
&
R, fx R 5 ;
—~2.5¢ ¢ o R Q ,
I %5 Q?b(b%f &%
2 [ LY i o %
I 15 i P
=% 0 3 I T
=} \ 1 d 9 i!‘ 1
o i AL A
=15-f i A
S ' 3
[y !
®© L. |
m qr ) . |
0.5+ 8
O L L L
0 50 100 150 200

Time (hours)

Figure3: Linear RegressiommappingNWS (64 kB messages)
to SRB (16 MB datafiletransfers)

regressionis cheapto compute? we startby deriving an ini-
tial regressionmodel from historical applicationand NWS
performancedata. As the applicationexecutes,we monitor
its performanceand add the monitoredvaluesto the perfor
mancehistory of the program.Whena predictionis required,
we recalculatethe regressioncoeficients “on-the-fly” using
the original performancéistory, the mostrecentperformance
measurementgndthe correspondindNWS datafor the most
recenttime frame. In this way, the predictionmodelevolves
andadaptsn responsé¢o changingperformanceonditions.

We termtheinitial setof samplegequiredto “heat-up”the
regressionmodelthe Start-upWindow. Having aninitial re-
gressiommodelderivedfrom the Start-UpWndow, we obtain
anew bandwidthsamplefrom NWS, andusethis valuein the
regressionrmodelto 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)areincorporatedisanew pairwithin historyof network
anddatafiletransfersampleghatwill be usedin the calcula-
tion of thenext regressiormodel. Then,theupdatedegression
modelis usedto forecasthe next file transferandsoon.

We referto the setof samplesisedto generateeachnew re-
gressiormodelatexecutiontime astheRunningTimeWndow.

2Weranourlinearregressiorkernel,writtenin C, for atotal of 8000itera-
tions(in setsof 1000iterationsat varioustimesduringtheday)with adataset
of 15 samplesTheaveragesxecutiontime for theregressiorwas13.72mson
a SunSparcStation-2@vith light to moderatdoadsfrom otherusers.Further
more, analysisof the linear regressiontechniqueshavs that the algorithms
asymptoticunningtime is linearin the datasetength.

The RunningTime Window slidesover the pasthistory of net-
work and applicationmeasurementat eachnew application
transfer The regressiormodelis updatedat eachnew sample
assuringhattheforecastewill adaptto themostrecentappli-
cationresourcaequirementandobsened network behavior.
At eachupdate,the oldestsamplepair of the RunningTime
Windowis discardedat eachnew transfer In this way, we fil-
ter out of the regressionmodel pasthistory thatis no longer
relevantfor new trendsof systembehaior. The pseudo-code
of the ADRM predictionmethodis providedin Appendix A
of this paper Notethat AdRM generallyresembleshe ARX
(Auto Reggressionwith with eXogeneousariables)modeling
approach22] in the sensethat the ARX model structureis
alsobasednregressionThe AJRM methodrefitstheregres-
sionfunction at eachnew performancesampling,adaptingto
changesn the systemovertime.

The sizesof the Start-upWndow and RunningTime Win-
dows are free parametergor the ARM method. While we
do not, at present,have an automaticmethodfor determin-
ing theseparameterérom the data,we investigatedhe effect
of varyingthe size of the Start-upWindow andRunningTime
Window respectiely. After simulatingthe forecasterfor sev-
eral Start-UpWndow and RunningTime Window lengths,we
found that the the modeling techniqueremainsaccuratefor
a wide rangeof window sizes. The algorithmis leastsensi-
tive to the length of the Start-Up Window, sinceits effect is
felt only initially. Figures4 and5 show plots of the variation
of meanabsoluteerrorsof ADRM predictionsasthe Running
TimeWndowlengthsrangefrom 2 to 25 pasthistorysamples,
for the sitesanalyzedin this work 3. The Start-up\Wndow
lengthis fixed at 2 initial samples.Notice thatfor smallwin-
dow sizesthe erroris quite large for the majority of the sites.
The error curvesflattenat low error valuesfor window sizes
largerthan5. For somewindows longerthan15 samplesthe
AdRM methodstartsto exhibit a slightly highererror We
suspecthatexcessve pasthistory, whichis nolongerrelevant
for the future trend of the performancebehaior, is beingin-
corporatednto the prediction. FurthermoreJongerwindows
areundesirablesincethey would alsorequirea largercompu-
tationalcost. Usuallya RunningTime Window lengthbetween
8 and20 samplewwill yield goodpredictionsfor the environ-
mentswe have investigated. For completenessve have in-
cludedgraphswhich shav how the meansquareckerrorvaries
with RunningTime Windowlengths in AppendixB.

Figures6 and 7 arerepresentatie of a comprehensie set
of experimentsexecutedo predictfile transfertimesusingthe
AdRM methodfor SRB and SARA respectrely. In the ex-
periments,SARA transferredfiles of 3MB, at every 5 min-
utesfrom datasenersrunningat the University of Utah, Uni-
versity of lllinois Urbana-Champaigand Caltech. The SRB

3In generabmallwindow lengthsgeneratedhigh errorlevels. To facilitate
thevisualizationof the errorvariationover thewindow lengthrange we omit
from somegraphssmallwindow size datapointswhich generatedrery high
errors.
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Figure4: Variationof MeanAbsoluteErrorsof ADRM predictionswith RunningTime Window lengthfor datatransfersrom

SRBsites.

clienttransferredl6MB files atintervalsrangingfrom 2 to 25
hoursfrom the Universityof Californiaat Davis, Universityof
Washingtorat St. Louis, NCSA andRutgers.Both clientsran
at the University of the California, SanDiego. In thefigures,
thedifferencegtheerror)betweerpredictedin black) andac-
tual executiontimes(in white) arerepresentedby the vertical
distancebetweereachpair of points. Thedashedinesarepre-
dictionsusingthe RBW model.In Tablel1, we summarizethe
errorresultsfor this data.

4.1 Analysis

To determineprediction accuray, we use the Normalized
MeanAbsoluteError (NMAE) , givenby

x 100%

XN: |EstimatedPer f; — M easuredPer f;|
= N x MeasuredPerf

where N is the total numberof predictedmeasurementand
MeasuredPer f is the meanmeasurediatafiletransferper
formancéor aparticularsite. Theconcepbehindthe Normal-
izedMeanAbsoluteError is to calculatethe meanprediction
error, thennormalizeit by the meandatafiletransferthrough-
put which is givenby MeasuredPerf. In otherwords,the
erroris givenasaproportionor percentagef theaverageper
formancepercevedby anapplication.In this way we provide



ametric of effectivenescomparabléetweendifferentappli-

Utah: MAE Variation x Window Length cationsandsiteswith distinctperformanceharacteristics.
Obsene thatthe ADRM predictionsvery closelytrack the
2l ] actual measuredperformanceof both SARA and SRB ap-
plications. Table 1 numericallyconfirmsthe efficacy of this
o ] method. As it can be obsenred, the highestrelative errors
(NMAE) for AdRM predictionsareontheorderof only 10%,
L5 ] whereagheerrorsfor predictionsusingtheRBW modelreach
upto 100%. Thelargestdifferenceoccursfor the Rutgersdata
i ] sener, wheretheRBW modelresultedn anerrorof 101.56%,
while the AARM forecastingmethodpredictedwith an error
s . ] of just 1.15%.

‘ Furthermoreit is importantto emphasizéhatwe wereable
» ® to successfullyobtain this high level of predictionaccurag

with alow level of intrusivenesson the system— usingonly

small64 kB message® probethe network behavior.

In Table 2 we shav the meansquarederrors (MSE) for

RBW andAdRM . Themeansquarecerrorcalculationempha-
UIUC: MAE Variation x Window Length sizeslarge errorsandattenuatefow errorsamplesAgain, we
‘ ‘ ‘ ‘ canseethatAdRM hadoverall betterperformancavhencon-
sideringthe (MSE) metric. Table 3 shavs the meandatafile
transferthroughputfor eachdatasener.

Mean Absolute Error

10 I3
Running Window Length
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4.2 Using AdRM for Scheduling

The Application-Level Scheduling (AppLeS approachin-
corporatedoth application-specifisystemrequirementsand
] dynamicresourceperformanceinformation to scheduledis-
oy oo tributedapplicationgn multi-userdistributedernvironmentq8,
31, 38. ApplLeS application-leel schedulerause a perfor
mancemodel basedon the applications communicationand
computationaheeds Performancenodelscanberepresented
(b) sitarcs. uiuc.edu by mathematicakquationsjn which numericvaluesfor re-
sourceperformancdorecastsarevariableq26]. Theschedul-
ing agent can comparecandidateschedulesby evaluating
Caltech: MAE Variation x Window Length the value of the performanceequationfor differentresource
‘ ‘ ‘ ‘ mixes, and choosethe resourcecombinationthat maximizes
applicationperformance.An AppLeS scheduledelayseval-
uationof the modeluntil run-time, at which point the model
of ] parametersre suppliedby dynamicperformancepredictions
of various systemcomponentssuch as remotefile transfer
] throughputandCPU load.
The ARM methodusesdynamicinformationprovidedby
i ] the Network WeatherService(NWS)[36, 37] and pastap-
plication performancehistory to generatepredictionsof fu-
P00 6o o o o—0—0—0—b—b0—0—0o—or ] ture file transfer performance. For the generaldistributed
data-intensie application scenarioillustrated in Figure 1,
) s the AppLeSagentwould optimize overall applicationperfor
mance coordinatingthe computationalvorkloadbetweerthe
client and the sener siteswith the datatransferoperations
over the network. AdRM would provide file transferperfor
mancepredictionswhichwould beincorporatedn thecompo-

Figure5: Variationof Mean AbsoluteErrors of AdRM pre- sitional performancemodel usedby AppLeSfor its schedul-
dictionswith RunningTime Window lengthfor datatransfers ing decisions. Thesefile transferpredictionswould be inte-

from SARA sites.
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Figure6: ForecastingSRB datafiletransferbehaior with the ARM method.

gratedwith other dynamicsystemforecasts(e.g. processor 5 Conclusionsand Futur e Work

load) to parameterizehe AppLeS performancemodel. Re-

sourceperformanceorecastswould be provided by systems
suchasthe Network WeatherService[36] or [13] developed
by Dindaet.al .

Theinitial AppLeSschedulersve have developed]5, 8, 29,
31, 38] have focusedon the developmentof adaptve custom
scheduledor individual grid applications. We are currently
developingAppLeStemplatesor schedulingstructurallysim-
ilar classesof grid applications. We are focusingon several
applicationclassesincluding network-bounddistributeddata-
intensive applications.

This paperpresentidaptive RegressionModeling (AdRM ),
a dynamicforecastingmethodto predictthe performanceof
datatransferoperationsfor network-bounddistributed data-
intensive applications. Our methodachieves a high level of
accuray for exemplarapplicationsSSARA and SRB. AdRM
is a useful and effective application performanceprediction
methodwith thefollowing characteristics:

e Thepredictionmodelis dervedautomaticallyandin real-
time, by usinga regressiormodelto mapmeasurements
of systembehaior to obsenedapplicationperformance.

e AdRM dynamicallyadaptsn time to changesn the en-
vironmentby accountingor changesn theworkloadand



| SRB—MSE |

_vtah site RBW | AdRM
U.C.Davis 0.7536 | 0.0534
NCSA 0.3320| 0.0195
_ W.U. St.Louis || 1.2147| 0.0112
é Rutgers 0.8129| 0.0004
= | SARA —MSE |
g site RBW | AdRM
“ b Utah 0.9652| 0.1449
s | [= rew | uluC 0.8690| 0.1524
L x\;aggfsg‘eg,ﬁ{;ﬁsm Caltech 0.5128| 0.2975

0

0 5 10 15 20 25
Time (hours)

Table 2: Mean Squared Errors (MSE) for file transfer
(a) perigee.chpc.utah.edu throughputforecastsobtaineddirectly from bandwidthmea-
surement®BW andfrom the Adaptive RegressiorM odeling

(AdRM) forecasterThesevaluesarenotnormalized.
uluc

| SRB—Mean Throughput |

25 site Mbits/s
g & ! U.C. Davis 1.4399
s B room s 1 NCSA 1.0218
S o . ‘bgp Byl W.U.St.Louis | 0.5659
S5 it it aand SN Rutgers 0.8792
'§ ojqu le: |‘

8 1 |

| [ SARA —Mean Throughput |

05 Eea—— ] site Mbits/s
= ?f\%ariﬁ"ﬁﬁ’edsiﬁiﬁsm Utah 2.6825

% 5 10 15 20 uluc 2.3577
Time (hours) Caltech 3.4825

(b) sitarcs.uiuc.edu
Table3: MeanMeasured-ile TransferThroughputvaluesfor
SRBandSARA

Caltech

systemreconfigurationswhich areusedto parameterize
frequentupdateof themodel.

2 Sl . ; ¢ Predictionscanbe computedwith low overheadcosts—
=251 4 P% Q:‘;;eg',';: 4 o ° the linear regressionis appliedto a sliding window of
32 23' ! boooo «»‘°jbj::<s be ] a small numberof samplepairs— makingit possibleto
?gl.S‘ N 5 L | adaptquickly to changingsystemconditions.
} ' : . :
1 — ! ¢ Internaldetailsof the underlyingsystemarehidden.Ba-
05 Measured SARA 1 sically no knowledge about communicationprotocols,
—e— (ARM) Predlcted SARA . . .
@ ‘ ‘ network topology or file systemconfigurationsvasnec-
0 5 lO 15 20 25 . ., ..
Time (hours) essanyto achieve goodpredictions.Predictionsarebased
on the measureckffect of the systemon applicationex-
(c) spin.cacraltech.edu ecutionperformanceratherthan on explicit knowledge

aboutthe systemintricacies. For example,even though

theSARA applicatiorexhibits higherfile throughputhan
Figure 7: ForecastingSARA file transferbehavior with the the NWS m%glsureldaandlwlidthgnd e;actly ttl:g ogl;)osite
AdRM method.

happendor the SRB transfers the forecasteris ablein
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bothinstancedo make accuratepredictions.

TheSARA applicatiorwasdevelopedby Roy Williams atCal-

Techand Geoge Kremenekat SDSC,both of whom helped
immenselyin our experimentswith SARA. We arealsovery

Severalgroupsareworking onresearchelatedto ourwork.
Performancenalysisand schedulingof data-intensie appli-
cationsare describedby the ADR group from University of
Marylandin [34] andby Thakurin [32]. However, they fo-
cuson paralleldatasenersrunningover local areanetworks.

gratefulfor theimportantideasresultingfrom discussionsvith
our colleaguesn the AppLeSgroup. Essentiahelpwasalso
providedby Jim Hayesin addingnew capabilitiesto the NWS,
necessaryo run our experiments. Finally, we would like to
thankthe NPACI sitesthat provided the datasenersfor this

Lowekamp also gmplcys statistical f[echniqqesconsidering work, aswell asthe anorymousreviewerswho providedhelp-
network andapplicationperformancenformationto generate f,| andsubstantie comments.

datatransferpredictionsat application-leel, thoughhis focus
regardslocal areanetwork transferansteadof remotefile ac-
cessoperationsover wide areanetworks [23]. Dindaet. al.

have examinedlinear predictionmodelsin mary regimesand References

foundsuchmodelsto accuratelypredicthostloadperformance
over awide rangeof systemconditions[13]. Andreseret. al.
study compositionalmodelsand performancetrade-ofs for
distributed data-intensie applicationsin [4]. Performance
monitoringandforecastingf wide-areanetworksis discussed
in workssuchasthe NWS[36, 37], GloPerf[19], ReMoS[12]
and[7, 10]. The Netloggersystem[33] presentsa profiling
frameawork for distributedstoragesystems.

Many openproblemsremain. Somepreliminaryinvestiga-
tion and experimentalresultsindicatethat the aggreyationof
64-kilobytenetwork samplescollectedat short-termintervals
increasedhe correlationlevel with long file transfers. This
methodallowsacompromiséetweerpredictionaccurag and
samplingintrusivenessFurthermorefor low level of correla-
tion betweertime seriestheAdRM methodbehaesasaslid-
ing moving window predictortakinginto accountmostly past
applicationbenchmarkingnformation. We wantto investigate
furthertheimplicationsof this scenario.

We intendto extendthis work to accountfor datatransfers
performedon hierarchicaktoragesystemsuchasHPSS[21],
including systemawith tertiary storage(tapes).We alsohope
to beableto usethe AARM methodto generatanetwork fore-
castsfor varied communicatiorprotocolsand configurations
and accuraterelative rankingamongseveral dataseners. In
extendingthe scopeof this work to new scenariosye alsoin-
tendto look at the possibility of on-demandefinemenbf the
regressiormodelto includeadditionalfactors,suchasdisk or
tapebehaior and sener load, in orderto do a betterjob of
assessingnd-to-endile transfer andhenceapplication,per
formance.
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A

AdRM Pseudo-Code

AdRM _Predictor( Wingsiars, Wingun)

END

If (Initialization) Then
Samplespy < Get NWSBandwidth _History( ¢ @ to + Wingere)
Samplesapp, < Get _Application _Performance _History( tg : to+ Winsiart)
ti_s < Winggre [* Time of Last Sampling */

Else /* Running Time */

Samplesgy < Get NWSBandwidth _History( ¢, — Wingun : ti_s)

Samplesapp, <« Get _Application Performance _History( t,_s - Wingun @ ti_s)
End If

FRegression < Calculate _Linear _Regression _Function( Samplespw, Samplesapp)

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

NewBandwidth _Sample = NWSGet _Bandwidth _Sample()
Predicted Performance < FRregression(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)
ti_s < trhow

Return( Predicted Performance)

13



B Variation of MSE with Running Time Window

Davis: MSE Variation x Window Length
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Figure8: Variationof MeanSquarecerrorsof ADRM predictionswith RunningTime Window lengthfor datatransfersfrom

SRBsites.
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Figure9: Variationof MeanSquarederrorsof ADRM predictionswith RunningTime Window lengthfor datatransfersfrom
SARA sites.
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