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Abstract

This paperdescribeghe design,implementationand performanceof RPS,an extensibletoolkit
for building flexible on-line andoff-line resourcepredictionsystemsan which resourcesrerep-
resentedy independentperiodically sampled scalarvaluedmeasuremergtreams.RPS-based
predictionsystemgredictfuture valuesof suchstreamd$rom pastvalues.Systemsarecomposed
at run-time out of an extensiblesetof communicatingoredictioncomponentsvhich arein turn
constructedusingRPS5 sensay prediction,and communicatioribraries. We have usedRPSto
evaluatepredictve modelsandbuild on-line predictionsystemdor hostload and networkband-
width. Theoverheadsnvolvedin suchsystemsarequitelow.
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1 Intr oduction

In orderfor a distributed, interactve applicationsuchasa scientific visualizationtool [2] to be
responsie to theusers demandsvhenrunningon a sharedunresereddistributedcomputingen-
vironment,it mustadaptits behaior to dynamicallychangingresourceavailability [8, 11]. Adap-
tation cantake mary forms, including dynamicallychoosingwhereto executethe applications
tasksand changingthe computatiorthat a task performs,perhapsy changingthe quality of its
results.

Implicit in suchapplication-leel schedulind5] is resourceprediction. Theapplicationsched-
uler adaptghe applications behaior basedon predictedresourceavailability. Eachresourcehas
anassociatedensomechanisnwhich periodicallymeasuregs availability asascalarvalue. The
predictionsystenfor aparticularresourceisesanappropriatgredictve modelto mapcurrentand
pastresourcemeasurementsito predictionsof future resourcemeasurementsl hesepredictions
andtheapplications resourceequirementgarethenmappednto anapplication-leel metricsuch
astaskexecutiontime. Thescheduleuseshesemetricsto makeschedulinglecisions.

Becausef their centralrole, resourceredictionsystemsareof considerablémportance Un-
fortunately tools to simplify studyingresourcepredictionand building appropriateand efficient
resourcepredictionsystemsare scarce. To remedythis situation,we have createdthe RPS(Re-
sourcePredictionSystem)oolkit. RPSis a setof librariesandprogramamplementedisingthem
that simplifiesthe evaluationof prospectre modelsandthe creationof efficient andflexible re-
sourcepredictionsystem®ut of communicatinggomponentsThis paperdescribeshedesignand
implementatiorof RPS andthe performanceof a representate RPS-basedesourceprediction
system.

To understandhe role RPSplays, considerthe procesf building a predictionsystemfor a
new kind of resourceOncea sensomechanisninasbeenchosenthis entailsessentiallytwo steps.
Thefirstis anoff-line procesonsistingof analyzingrepresentatie measurementaceschoosing
candidatepredictve modelsbasedon the analysis,and evaluatingthesemodelsusingthe traces.
The secondstepis to build an on-line predictionsystemthat implementsthe mostappropriate
modelwith minimal overhead.Therearea wide variety of statisticalandsignalprocessingools
for interactve analysisof measuremerttaceshatwork very well for performingmostof thefirst
step.However, toolsfor doinglarge scaletrace-basedodelevaluationareusuallyadhocanddo
nottakeadvantageof the availableparallelism.With regardto the secondstep,building anon-line
predictive systemusingthe appropriatenodel, RPSprovidestoolsfor quickly building a on-line
resourceoredictionsystemput of communicatingcomponents.

RPSis designedo be generic,extensible,distributable, portable,and efficient. The basic
abstractions the predictionof periodicallysampled scalarvaluedmeasuremendtreams.Many
suchstreamarisein atypical distributedsystem RPScanbeeasilyextendedwith new classe®f
predictve modelsandnen componentganbe easilyimplementedusingRPS.Thesecomponents
inheritthe ability to run on ary hostin the networkandcancommunicaten powerful ways. The
only tool neededo build RPSis a C++ compiler andit hasbeenportedto four differentUnix
systemsandWindows NT. For typical measuremergtreamsampleratesand predictve models,
the additionload thatan RPS-basegredictionsystemplaceson a hostis in the noise,while the
maximumsampleratespossibleon atypicalmachineareashighas2.7 KHz.

Our experienceshaws thatit is possibleto useRPSto find and evaluateappropriatepredic-
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tive modelsfor a measuref resourceavailability, andthenimplementa low overheadprediction
systemthat providestimely anduseful predictionsfor thatresource We usedRPSfor an exten-
sive evaluationof linear modelsfor hostload prediction[10] and a smallerevaluationof linear
modelsfor networkbandwidthprediction. Following the evaluationstudies we usedRPSto im-
plementon-linepredictionsystemdor theseresourcesThesesystem$ave beenusedin the CMU
Remod18] resourcaneasuremerdystemthe BBN QuOdistributedobjectquality of servicesys-
tem[33], andarecurrentlybeingintegratedin to the Dv distributedvisualizationframework [2].
Parts of RPShave alsobeenusedto explore the relationshipbetweenSNMP networkmeasure-
mentsandapplication-leel bandwidth[19].

We begin our descriptionof RPSby enumeratingin generakerms,the stepsthataresearcher
would follow in providing predictionfor a new resource(Section2.) Simplifying the final two
stepsof the processs the primary goalof RPS.In the samesection,we alsodetailthe additional
requirementsve placedonthe RPSimplementationNext, we describehehighlevel composition
of the RPStoolkit andhow the piecesfit together(Section3.) Thenwe describeeachpieceof
RPSin detail: the sensoiibraries, which measurehostload and networkflow bandwidth(Sec-
tion 4); thetime seriespredictionlibrary which providesan extensibleabstractiorfor prediction
andimplementation®f a numberof useful predictve models(Section5); the mirror communi-
cationtemplatelibrary, which providesthe infrastructureto build predictioncomponentsvhich
cancommunicaten sophisticatedvays(Section6); andthe predictioncomponentsve have built
(Section7.)

Throughoutthesesections,we provide examplesof how thesetools can be usedby a re-
searchepr practitioner In Section5.4, we describethe parallelizedcross-alidationsystemwe
implementedaroundthe time seriespredictionlibrary in orderto evaluateprospectre modelson
measuremeritaces.

We illustratethe performanceof RPSin two ways. First, in Section5.5, we detailthe compu-
tationalcostsinvolvedin usingthe variouspredictve modelsin the time seriespredictionlibrary
onrepresentate measuremergtreams.The costto fit andusedifferentpredictve modelsvaries
widely. Secondjn Section8, we describearepresentate andrealisticRPS-baseg@redictionsys-
temfor hostload. We measurehe performancef this systemin termsof the achiezablesample
rates,the measuremenb predictionlateng, andthe additional CPU and communicationoads
presentedby the systemwhenrun at differentsamplerates. For samplegatesthatof areinterest
in this systemywe find thatthe additionalloadis barelydiscernible.lts maximumachiezablerate
is abouttwo ordersof magnitudehigherthanwe need.

Finally, we addresgelatedwork in Section9 andconcludein Section10 with a discussion
of the limitations of RPSandthe work thatis neededo simplify managingrunningRPS-based
predictionsystems.

2 Goalandrequirements

The goal of RPSis to facilitate two aspectsof the constructionof on-line resourceprediction
systems.The aspectsarethe off-line evaluationof predictve modelsandthe constructionof on-
line systemsusingappropriatanodels.In addition,we placedotherrequirement®n RPSthatwe
felt would provide flexibility for furtherresearchnto resourceprediction.
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2.1 Designinga new prediction system

To understandhe goal of RPS,it is usefulto considerthe taskof a researchemterestingn pre-
dictinganew kind of resourceRoughly hewill follow thesesteps:

1. Constructa sensorfor the resource. The sensorgenerates periodically sampled scalas
valuedmeasuementstream We will alsoreferto sucha streamasa signal.

2. Collectmeasuremeritacesfrom representate ervironments.
3. Analyzethesetracesusingvariousstatisticaltools.
4. Choosecandidatenodelsbaseddn thatanalysis.

5. Evaluatethemodelsn anunbiaseaff-line evaluationstudybasednthetracedo find which
of thecandidateanodelsareindeedappropriate.

6. Implementanon-linepredictionsystembasedn theappropriatanodels.

Thefirst two stepsgenerallyrequirethe researcheto implementcustomtools usinghis domain-
specificknowledgeof theresourcen questionWhencarryingoutthethird step,theresearcheis
aidedby powerful, commonlyavailabletools. Thisstep,aswell asthefourth step,alsorely heavily
on thestatisticalexpertiseof theresearcherThefinal two stepscanbenefitconsiderablyrom au-
tomatedandreusabldools. However, suchtoolsarescarce Thegoalof RPSis to providetoolsfor
thesdasttwo steps.Theresearcheshouldbeableto useRPSto conductoff-line modelevaluation,
andthenconstructanon-lineresourceredictionsystembasedn the appropriatanodels.

The first steprequiresdomain-specifiknowledge. Thereare a myriad of waysin which in-
terestingsignalsin a distributedenvironmentcanbe captured.For example,our load prediction
work usesOS-specifianechanism#o retrieve Unix loadaveragegaveragerun queudengths)9].
The Network WeatherServiceusesbenchmarkingo measurenetworkbandwidthsandlatencies
betweenhosts[30] andload averageand accounting-basedensordor hostload [31]. Remos
usesSNMP queriesto measurédandwidthsandlatencieson supported_ANs [18]. Thesediffer-
entmechanismslevelopedfrom the expertiseof their researchersgOf course somemeasurement
issuesare more general. For example,determiningthe signals bandwidthandhow to resample
possiblyaperiodicallysampledsignalsto periodicity areimportantsignal processingssuesthat
arisefor all signals.

Oncetheissuesinvolved in the sensorareresoled, the researchemustusehis expertiseto
choosea representate setof ervironmentsand capturetracesfrom themusing the sensorm-
plementation.This secondstepis alsohighly dependenbn the particularsof the signalandthe
environmentsof interest.

Unlike the first two steps,the third stepand fourth steps,analyzingthe collectedtracesand
choosingcandidatenodelsbasedntheanalysisyequiredar lessdomain-specifiknowledgeand
more generalpurposestatisticalknowledge. Consequentlytherearea numberof tools available
to helpthe researcheperformthesesteps.For example,our researchnto the propertiesof host
loadsignals[9] madeextensve useof the exploratorydataanalysisandtime seriesanalysistools
availablein S-Plus[20], andin Matlab’s [22] SystemldentificationToolbox[21].
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Surprisingly therearefew toolsto simplify the fifth step,evaluatingthe candidatenodelsin
anunbiasednanner Time seriesanalysismethodologiesuchasthatof Box andJenking6], do
generallyhave anevaluationstep,but it is very interactve andprimarily concernedvith thefit of
the modelandnot its predictve power, which is really whatis of interestto the distributedcom-
putingcommunity Furthermorethesemethodologie®ften assumehatcomputationatesources
arescarcewhen,in fact,they arecurrentlywidely available.

We believe thatthe appropriatavay to to evaluateprospectre modelsis to studytheir predic-
tive performancevhenconfrontedoy mary randomlyselectedestcasesRunningthis plethoraof
testcasesequiresconsiderableomputationatesources While it is possibleto scripttools such
asMatlab and S-Plusto do the job, it would be considerablymore efficient to have a more spe-
cializedtool thatcouldexploit theembarrassingarallelismavailablehere.Furthermoreit would
be desirableor thetool to usethe samemodelimplementationshatwould ultimately be usedin
theon-linepredictionsystem We evaluatedheuseof linearmodelsfor hostload predictionusing
sucha parallelizedool implementedisingRPS[10], whichwe describan Section5.4.

Thefinal step,implementingan on-line predictionsystemfor the signal,requiresmplement-
ing, or reusingthemodelor modelgthatsurvivedtheevaluationstepandenablinghemto commu-
nicatewith sensor@ndtheapplicationor middlevarethatmaybeinterestedn thepredictions.In
addition,mechanism#o evaluateandcontrola predictionsystemmustbe provided. In Section8.1
we shav how we useRPSto implementan on-line hostload predictionsystemusingthe same
modelswe evaluatedearlier

2.2 Implementation requirements

Thegoalof RPSis to provide atoolkit thatsimplifiesthefinal two stepsof the predictionprocess,
asdescribedhbore. We alsorequiredthat our implementatiorwould provide generacityextensi-
bility, distributability, portability, andefficiengy. Theserequirementsvereintendedio makeRPS
asflexible aspossiblefor future researchnto resourceorediction. We addressachof thesere-
quirementselaw, notinghow ourimplementatioraddressetheserequirements.

Generacity: Nothingin the systemshouldbetied to a specifickind of signalor measurement
approach. RPSshouldbe able to operateon periodically sampled,scalarvalued measurement
streamdrom ary source.Generacityis importantin aresearclsystemsuchasRPSbecaus¢here
are a plethoraof differentsignalsin a distributed systemwhosepredictability we would like to
study While our researcthasfocusedprimarily onthe predictionof hostloadasmeasuredby the
loadaverage we have alsousedRPSto studythe predictabilityof networkbandwidthasmeasured
by Remosandthroughcommonlyavailabletraces.

Extensibility: It shouldbe easyto addnewv modelsto RPSandto write new RPS-basegre-
diction componentsBeingableto addnewv modelsis importantbecausehe statisticalstudyof a
signalcanpoint to their appropriatenesg-or example,we addedan implementatiorof the frac-
tional ARIMA modelto RPSafter we notedthat hostload tracesexhibited self-similarity An
obvious exampleof the needfor easily constructableomponentss implementingnev sensors.
For example,we addeda Remos-basedetwork bandwidthsensommary monthsafter writing a
hostloadsensar

Distrib utability: It shouldbe possibleto placeRPS-basegredictioncomponentsn different
placeson the networkandhave themcommunicatausing varioustransports.On-line prediction
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placescomputationaloadonthedistributedsystemandit shouldbepossibleto distributethisload
acrosghehostsasdesired.Similarly, it shouldbe possibleto adjustthe communicatiodoadand
performanceoy usingdifferenttransports.For example,mary applicationsmay be interestedn
hostloadpredictionssoit shouldbeeasyto multicastthem.If two communicatingomponentare
locatedonthesamemachinethey shouldbeableto usea fastertransport RPS-basedomponents
aredistributableandcancommunicateisingTCR, UDP, Unix domainsocketspipes,andfiles.

Portability: 1t shouldbe easyto port RPSto new platforms,includingthosewithout threads,
suchasFreeBSD andnon-UnixsystemssuchasNT. FreeBSDandNetBSDareimportanttarget
platformsfor Remosand RPS.Someof the potentialusersof RPS suchas organizationdike
the ARPA Quorumproject,areincreasinglyinterestedn NT-basedsoftware. RPSrequiresonly
a modernC++ compilerto build andhasbeenportedto Linux, Digital Unix, Solaris,FreeBSD,
NetBSD,andWindows NT.

Efficiency: An on-line predictionsystemimplementedisingRPScomponentshouldbe able
to operateat reasonabljhigh measurementates,and placeonly minor computationabndcom-
municationloadson the systemwhen operatingat typical samplingrates. Obviously, what is
reasonablelependsn the signalandthe modelbeingusedto predictit. Theideahereis notto
achievze nearoptimal performancebut ratherto achieve sufficient performancdo makean RPS-
basedresourcepredictionsystemusablein practice. Ultimately, somethingike a hostload pre-
diction systemwould probablybe implementedasa single,hand-codediaemorwhich would be
considerablyfasterthana systemcomposedut of communicatingRPSpredictioncomponents,
suchaswe measurdater However, the latter RPS-basedystemcanoperateat over 700 Hz and
offersnoise-floorevel loadat appropriateateswith medianpredictionlatenciesn the 2 millisec-
ondrange.A comparablanonolithicsystemcomposedt compile-timeusingRPS,cansustaina
rateof 2.7 KHz.

3 Overall systemdesign

Herewe describethe structureof RPSasit relatesto the constructiorof anon-lineresourcepre-
diction system(step6 of Section2.1.) In addition,RPScanalsobe usedto implementoff-line
evaluationsystemsasperstep5 of Section2.1. In thefollowing, we focuson on-line prediction,
pointingoutthe particularsof off-line predictiononly in passing Section5.4 presentsnoredetails
abouta paralleloff-line system.



Figure 1l presentsan overview of anon-line time seriespredictionsystem. In the system,a
sensomproduces measuementstream(we alsoreferto this asa signal) by periodicallysampling
someattribute of the distributedsystemandpresentingt asa scalar The measuremergtreamis
theinput of a predictor, which, for eachindividualmeasuremergroducesa vectorvaluedpredic-
tion. Thevectorcontaingpredictiondor the next m valuesof themeasuremergstreamwherem is
configurable Eachof the predictiongn avectoris annotatedvith anestimateof its error. Consec-
utive vectorsform apredictionstream whichis theoutputof thepredictor Applicationgincluding
othermiddlewvare)cansubscribalirectlyto the predictionstream.Thepredictionstreamalsoflows
into a buffer, which keepsshorthistoryof the predictionstreamandpermitsapplicationgo access
thesepredictionsasynchronouslyia a request/responsaechanism.The measuremerdndpre-
diction streamsalsofeedan optionalevaluator, which continuouslymonitorsthe performanceof
the predictorby comparingthe predictors actualpredictionerror with a maximumpermitteder-
ror andby comparingthe predictors estimate®f its errorwith anothemaximumpermittederror
level. If eithermaximumis exceeded— the predictoris eithermakingtoo mary errorsor is mis-
estimatingts own error— the evaluatorcallsbackto the predictorto tell it to refit its model. The
usercanexert control of the systemby anasynchronousequest/responsaechanismFor exam-
ple, he might changehe samplingrate of the sensorthe modelthe predictoris using,or the size
of the buffer’s history.

Theimplementatiorof Figure 1 relieson several functionally distinct piecesof software:the
sensolibraries,thetime seriespredictionlibrary, the mirror communicatiortemplatelibrary, the
predictioncomponentsandscriptsandotherancillarycodes.

Sensorlibraries implementfunction calls that measuresomeunderlyingsignalandreturna
scalar Section4 providesmoreinformationabouthostload andflow bandwidthlibrariesthatwe
provide.

The time seriesprediction library providesan extensible,object-orientedC++ abstraction
for time seriespredictionsoftwareaswell asimplementationsf a variety of usefullinearmodels.
Section5 providesadetaileddescriptiorof thislibrary anda studyof thestand-along@erformance
of thevariousmodelswe implemented.

Themirr or communicationtemplate library providesC++ templateclasseshatimplement
thecommunicatiomepresentetly arronvsin Figurel. It makest very easyto createacomponent,
suchaspredictor or ary of theotherboxesin thefigure,which hasalargeamountof flexibility . In
particular thelibrary providesrun-timeconfigurability theability to handlemultiple datasources
andtargets,request/respongateractions,andthe ability to operateover a variety of transports.
Section6 describeshemirror library in detail.

Prediction componentsareprogramghatwe implementedisingtheprecedindibraries. They
realizetheboxesof Figurel andcanbeconnecte@sdesiredvhenthey arerun. Section7 describes
the predictioncomponentsve implemented Section8 describeshe performancendoverheadof
anon-line hostload predictionsystemfor composedrom thesecomponent&ndcommunicating
usingTCR

Ancillary software includesscriptsto instantiatepredictionsystemson machinestools for
replayinghostload traces,andtools for testinghostload prediction-basedchedulersWe don't
describethis softwarein ary furtherdetailin this paper Onepieceof softwarethathasnot been
implementeds a systemfor keepingtrack of instantiategredictionsystemsandtheir underlying
datastreams Currently the client middlewvareor the usermustinstantiatepredictioncomponents
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andmanagehem.

4 Sensorlibraries

Currently two sensollibrarieshave beenimplemented.Thefirst library, GetLoadAg providesa

function that retrievesthe load averageqie, averagerun queuelength) of the Unix systemit is

runningon. OnsomesystemssuchasDigital Unix, theseare5, 30,and60 secondaerageswhile

onotherssuchasLinux, thesearel, 5, and15 minuteaveragesWe have shavn elsevherethatthe

executiontime of acompute-bounthskonaDigital Unix systemis stronglyrelatedto theaverage
loadit experiencesluringexecution[10].

TheGetLoadAg codewasborrovedfrom Xemacsandconsiderablynodified. It usesefficient
OS-specifiamechanismgo retrieve the numbersvherepossible.Whensuchmechanismsrenot
available,or whenthe users permissionsreinadequatef runsthe Unix uptimeutility andparses
its output. BecauseNT doesnot have an equivalentto the load average,it gracefullyfails on
thatplatform. Additional codeis availablefrom usfor directly samplingthe run-queudengthon
anNT systemusingthe registry interface. On a 500 MHz Digital Unix machine approximately
640,000GetLoadAg callscanbe madeper second.The maximumobsenred lateny is about10
milliseconds We normally operateataboutl call persecond.

Thesecondibrary, GetFlowBWprovidesafunctionthatmeasurethebandwidththataprospec-
tive new flow betweentwo IP addressewould receve, assumingno changen otherflows. The
implementations basecn Remod18], whichusesSNMPqueriedo estimatehisvalueon LANs
andbenchmarkingo estimatat on WANs. For SNMP querieson a privateLAN, about14 calls
canbemadepersecond.

5 Time seriesprediction library

The time seriespredictionlibrary is an extensiblesetof C++ classedhat cooperatdo fit mod-
elsto data, createpredictorsfrom fitted models,and then evaluatethosepredictorsasthey are
used. While the abstraction®f thelibrary are designedo facilitate on-line prediction,we have

alsoimplementedseveraloff-line predictiontoolsusingthelibrary, includinga parallelizedcross-
validationtool. Currently the library implementghe Box-Jenkindineartime seriesmodels(AR,

MA, ARMA, ARIMA), a fractionally integratedARIMA modelwhich is useful for modeling
long-rangadependencdependencsuchasarisedrom self-similarsignals a“last value” model,a
windowedaveragemodel,andalongtermaverageamodel.In addition,weimplementedtemplate-
basedutility modelwhich canbe parameterizeavith anothemodelresultingin a versionof the
underlyingmodelthatperiodicallyrefitsitself to data.

5.1 Abstractions

The abstraction®f the time seriespredictionlibrary areillustratedin Figure2. The userbegins
with ameasuementsequence(z;_y, . . ., z:—2, z:—1), Whichis a sequencef N scalarvaluesthat
were collectedat periodicintervals, anda modeltemplatewhich containsinformationaboutthe
structureof the desiredmodel. Althoughthe usercancreatea modeltemplatehimself, afunction
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Figure2: Abstractionsof thetime seriespredictionlibrary

is alsoprovidedto createa modeltemplateby parsinga sequencef stringssuchascommand-line
arguments.

The measuremergequencend model templateare suppliedto a modelerwhich will fit a
modelof the appropriatestructureto the sequencandreturnthe modelto the user The usercan
selectthe appropriatemodelerhimself or usea provided function which choosest basedon the
modeltemplate.Thereturnedmodelrepresentsa fit of themodelstructuredescribedn themodel
templateto the measuremergequence.

To predictfuture values,the modelcreatesa predictor A predictoris afilter which operates
on ascalarvaluedmeasuementstream z;, z;.1, . . ., producinga vectorvaluedpredictionstream
(24001 21442y -« s Zttbm s [B441,0425 Z441,4435 - « - 5 Ze41,0414m) - - - EACHNEN Measuremergenerates
predictionsfor whatthe next m measurementsill be,conditionedon thefitted modelandon all
themeasurementsp to andincludingthenew measurementn canbe differentfor eachstepand
the predictorcan be askedfor ary arbitrarynext m valuesat ary point. The predictorcanalso
produceerror estimategor its 1, 2, . . . , m-stepaheadoredictions.Ideally, the predictionerrorwill
be normally distributedandso theseestimatesansene to computea confidenceanterval for the
prediction.

The measuremerdnd predictionstreamscanalsobe suppliedto an evaluator, which evalu-
atesthe actualquality of the predictionsindependentf ary particularpredictor producingerror
metrics. The usercancomparethe evaluators error metricsandthe predictors error estimateso
determinewvhetheranev modelneedgo befitted.

5.2 Implementation

Thetime seriespredictionlibrary is implementedn C++. To extendthe basicframewvork shavn
in Figure2 to implementa nev model,onecreatesubclassesf modeltemplate modeler model
and predictor and updatesseveral helperfunctions. We implementedthe nine modelsshavn
in Figure 3 in this way. Evaluatorcan also subclassedbut the baseclassalreadyprovides a
comprehense implementation.

In the remainderof this section,we shallfocuson the implementatiorof the time seriespre-
dictionlibrary andthetreatmenbf theindividual modelingtechniquess intentionallybrief. More
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MEAN Long-rangemean
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Figure3: Currentlyimplementegredictve models.
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detailcanbefoundin our earlierpaperon linearmodelsfor hostload prediction[10] andin stan-
dardreferencesuchasBox andJenking6], BrockwellandDavis [7], andin theclassicarticleson
fractional ARIMA modelg[17, 14]. S-Plus[20] andMatlab’s SystemldentificationToolbox[21]

provide goodtoolsfor learningandexperimentingwith thesemodels.

The modelswe implementedaredifferentkinds of lineartime seriesmodels.In fitting sucha
modeltheideais to treatthemeasuremersequenceéz, ) astheoutputof alinearfilter beingdriven
by awhite noisesequencéa;). Figure4 illustratesthis decompositionThefilter coeficients;
are estimatedrom pastobsenationsof the sequencavith the goal of minimizing the variance
(or enegy) of thedriving sourceo2. This residualvarianceis theninterpretedasan estimateof
predictionerrorof themodelfor one-step-ahegaredictions.

This generalform of the linear time seriesmodelis impractical,sinceit involvesan infinite
summatiorusinganinfinite numberof completelyindependentveights. The practicalmodelswe
implementedmodel the filter coeficientsi; asthe coeficientsof a ratio of polynomialsin the
backshiftoperatorB, where B¢z, = z,_,;. Usingthis schemethe modelswe implementechreall
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variantsof thefollowing form:

0B
s - B =

Zr =

5.2.1 Implementedmodels

MEAN model: The MEAN modelhasz; = u, soall futurevaluesof the sequencearepredicted
to bethemean.Thisis thebestpredictor in termsof minimummeansquarecerror, for asequence
which hasno correlationover time — in otherwords, it is bestif the sequences entirely white
noise.The MEAN modelerandmodelclasseessentiallydo no work, while the MEAN predictor
classmaintainsa runningestimateof the meanandvarianceof thesignal.

LAST model: LAST modelshave z; = %B)at where¢( B) hasonecoeficient, setto one.In
otherwords,z; = z;_;, Sotheonestepaheadpredictionis simply thelastmeasuredialue. LAST
is implementechsa BM(1) model,which we describenext.

BM(p) models: BM(p) modelshave z; = ﬁat wherethe ¢(B) hasN, N < p, coeficients,
eachsetto 1/N. Thissimply predictsthe next sequence&alueto be the averageof the previous N
values.asimplewindowvedmean.TheBM(p) modelerchoosesV to minimizetheone-step-ahead
predictionerror for the measuremergequenceThe BM(p) modelsimply keepstrack of this V
andthe BM(p) predictorimplementshewindowedaverage.

AR(p) models:AR(p) (purelyautorgressie) modelshave z; = —a¢ + p whereg(B) hasp
coeficientswhichthemodelerchoose$o minimizes2. Ourimplementatiorusesthe Yule-Walker
techniqueto fit the model. In this technique the autocorrelatiorfunction of the measurement
sequence computedo amaximumlag of p andthena p-wide Toeplitzsystenmof linearequations
in the coeficientsis solved. Evenfor relatively large valuesof p, this canbe donequite quickly,
andthetechniqguemakesno assumptionsboutthe errordistribution. The AR(p) modelstoreshe
p coeficients,u, ando?. Predictionis donewith an Eta-thetgpredictor which we describenext.

Eta-theta predictor: The AR, MA, ARMA, ARIMA, and ARFIMA modelssharea single
predictorimplementation. That predictormaintainsa copy of the model coeficients (y(B) =
#(B)(1— B)?), 8(B) asbefore,u, ands?. In addition,it maintainsa predictionstatein theform of
a history of previousone-step-aheagredictionsandtheir correspondingrrors(the white noise).
It operatedinearly on this stateandthe coeficientsto producepredictions. New measurement
streamvalueschangehe state.

MA(¢) models: MA(q) (purely moving average)modelshave z; = 6(B)a; whered(B) has
g coeficients. The modelerusesthe NumericalRecipesmplementatiorof Powell’s methodfor
multi-dimensionafunction minimization[24], pp. 406—413to choosecoeficientswhich mini-
mizecs? for themeasuremergequenceThe MA(¢) modelstoreshe g coeficients,y, ando?.

ARMA( p,q) models: ARMA(p,q) (autorg@ressie moving average)nodelshave z; = %%aﬁ—
p whereg(B) hasp coeficientsandf( B) hasq coeficients. ThemodelerusesPowell’s function
minimizationroutineto choosehep+ ¢ coeficientsto minimizes? for themeasuremergequence.
The ARMA(q) modelstoresthep + ¢ coeficients,u, ando?.

ARIMA( p,d,q) models: ARIMA(p,d,q) (autorgressve integratedmoving average)models
implementEquationl ford = 1, 2, ... Thepurposeof theseunitaryrootsis to introducentegration
of the signal, which allows ARIMA modelsto model non-stationarysignals. The modelerfits
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ARIMA( p,d,q) modelsby differencingthesequencé timesandthenfitting anARMA(p,q) model
asabovetotheresult. Themodelcontainghed, thep+ ¢ coeficients,u, ands?. Whenaneta-theta
predictoris constructedthe d unitaryrootsarefoldedinto ther portionof the predictor

ARFIMA( p,d,q) models: ARFIMA(p,d,q) (autorgressve fractionallyintegratedmoving av-
erage) modelsimplementEquationl for fractionalvaluesof d, 0 < d < 0.5. It canbe shavn that
this fractionalintegrationcanmodellong-rangedependenceuchasarisesrom self-similarity [4,
17, 14]. In addition,the “ARMA part” of the model modelsthe short-rangedependencen the
signal. To fit ARFIMA models,we use Fraley’s Fortran 77 code [12], which doesmaximum
likelihood estimationof ARFIMA modelsassuminganormallydistributedwhite noisesourcefol-
lowing HaslettandRaftery[16]. Thisimplementations alsousedby commerciapackagesuchas
S-Plus.Whenthe predictoris constructedwe truncate(1 — B)¢ at 300 coeficients(otherchoices
arepossible).

REFIT <T> model: TheREFIT<T> modelermodel,andpredictorareC++templateclasses
thatareparameterizetly somemodelerclassandproducemodelsof the underlyingtype thatwill
automaticallyrefit themselesat regular, userspecifiedjntervals. For example,

Refitti ngMbdel er <ARMbdel er>:: Fit (seq, seql en, nodel tenpl ate, i nterval)

will returnan AR modelwhosepredictorwill automaticallyfit anev AR modelandupdatetself
aftereveryi nt er val new samples.

5.2.2 Useof Powell'smethod

The choiceof Powell’'s method,which we usein our implementationof the MA, ARMA and
ARIMA modelsis a compromise.Pawvell’s methoddoesnot requirederivativesof the function
beingminimized,but operatesnoreslowly thanothermethodsvhich canmakeuseof derivatives.

We usethis methodbecauseave wantto minimize o2 (the sumof squaredoredictionerrors)
directly. Other fastermethodgo fit MA, ARMA, andARIMA modelsaxist. Insteadf minimizing
o2, thesemethodsmaximizethe likelihood, which is a function of o> whoseform is determined
by the distribution of the errors. By assuminga particular distribution, a function with known
deriativesis producedandthis allows the useof fasterfunctionminimizationmethodsHowever,
we foundthatassuminga particularerrordistribution wasrarely valid for hostload andnetwork
flow bandwidth,two signalsthat were of considerablanterestto us. The predictionerrors of
lineartime seriesmodelson real signalsarerarely distributedaccordingto a corvenientanalytic
distribution, althoughthey usuallyarequitewhite (uncorrelatedandhave low o2

5.2.3 Prediction evaluation

The evaluatorwe implementedneasureshe following error metricsof a predictor For eachlead
time, the minimum, medianmaximum,mean,meanabsoluteandmeansquaredredictionerrors
arecomputed.Of these the meansquaredredictionerrorsare especiallyuseful,sincethey can
be comparedagainsthe predictors own estimatego determinevhetheranev modelneedgo be
fitted. Of coursea new modelcanalsobefitted if the predictionerroris simply too high, or for
ary reasonatary time.

Theone-step-aheagtedictionerrors(ie, a;,;, 7 = 1,2, ...,n) arealsosubjectto IID andnor-
mality testsasdescribedy Brockwell andDavis [7], pp. 34—37.1ID testsincludethefraction of
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the autocorrelationshat are significant,the Portmantea@ statistic(the power of the autocorre-
lation function), the turning point test,andthe signtest. Recallthat with anadequatenodel,the
predictionerrorsshouldbe uncorrelateqwhite) noise. If anlID testfinds significantcorrelation
in the errors,thena new modelcanbefitted to attemptto capturethis correlation. The evaluator
alsotestsif the errorsaredistributednormally by computingthe £? valueof a least-squarefit to
aquantile-quantilglot of theerrorsversusa sequencef normalsof the samemeanandvariance.
If the R? is high, thenusingthe simplifying assumptiorthatthe errorsarenormally distributedis
well founded.

5.3 Example

Thefollowingis acodefragmento shav how thetime seriegpredictionlibrary canbeused.In the
code,we fit an ARMA(2,2) modelto thefirst half of the sequencseq andthendo 8-step-ahead
predictionsonthe secondhalf of thesequence

Model Tenpl ate *t enpl at e;

Model *nodel ;

Pr edi ct or *predictor;

Eval uat or *eval uat or;

doubl e predictions[8], errorestinmates[8];

/1 fit nodel to 1st half and create predictor

tenpl ate = ParselMddel (3, {"ARMA","2" "2"});

nodel = FitThi s(&(seq[0]), seqlen/2, *tenpl ate);
predi ctor = nodel - >MakePredi ctor();

eval = new Eval uat or

/1 bring predictor state up to date
Prime(predictor, & seq[0]), seql en/ 2);

eval uator->lnitialize(8);

/| 8-ahead predictions for rest of sequecne

for (i=seqglen/2+l;i<seqlen;i++) {
/'l Step the new observation into the predictor - this
/1 returns the current one step ahead prediction, but
/1l we’'re just ignoring it here.
predi ctor->Step(seq[i]);
/1 Ask for predictions + errors from1l to 8 steps into the future
/1l given the state in the predictor at this point
predi ctor->Predict (8, predictions);
pr edi ct or - >Conput eVari ances(8, erroresti nates);
/1 Send output to eval uator
eval uat or- >Step(seq[i], predictions);
/1 do something useful with predictions here
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/1l Get final stats from eval uator
eval uator->Drain();
PredictionStats *predstats = evaluator->GtStats();

To usea differentmodel,all thatis neededs to changehe argumentdo the Par seModel call,
which couldjustaseasilycomefrom thecommandine. Par seMbdel andFi t Thi s arehelper
functionsto simplify dealingwith thelarge andextensiblesetof availablemodeltemplatesmod-
elers,models.andpredictors .t is alsopossibleto invokemodelergdirectly, with or withoutmodel
templates.

5.4 Parallel cross-alidation system

Using the time seriespredictionlibrary, we implementeda parallel cross-alidation systemfor
studyingthe predictive power of modelsonetracesof measuremerdata. Theusersuppliesamea-
surementraceandafile containinga sequencef testcaséemplatesA testcaséemplatecontains
range9f valid valuesfor modelclassesnumbersof modelparameterdengthsof sequenceto fit
modelsto, andlengthsof subsequerdequencew testthefitted modelson.

As thesystenruns,testcasearerandomlygeneratedby a mastemprogramusingthetemplates
limits onvalid valuesandparceledutto workerprocessessingPVM [13]. Theworkersruncode
similar to thatof Section5.3to evaluatea testcaseEssentiallythe resultis a setof errormetrics
for arandomlychosermodelfit to arandomsectionof thetraceandtesteconasubsequerniandom
sectionof thetrace.Whenaworkerfinishesevaluatinga testcaset sendgheresultingsetof error
metricsbackto themasteywhich printsthemin aform suitablefor importinginto a databaséable
for furtherstudy

Becausdhe testcasesrerandomlygeneratedthe databasef testcasesanbe usedto drav
unbiasecconclusionsaboutthe absoluteandrelative performanceof particularpredictionmodels
on particularkindsof measuremergequences.

5.5 Performance

In implementinganon-lineresourceredictionsystemijt is obviously importantto know thecosts
involvedin usingthevariousmodelssupportedy thetime seriespredictionlibrary. For example,
if the measurememgtreamproducesdataat a 10 Hz rate andthe predictorrequires200 ms to
producea prediction,thenit will fall furtherandfurtherbehind,producing‘predictions”for times
that areincreasinglyfurther in the past. Clearly, sucha predictoris useless.Another predictor
thatrequireslO0O mswill give up-to-datepredictionsbut at the costof saturatinghe CPU of the
machinewhereit is running.A predictorthatrequiresl msor lesswould clearlybedesirablesince
it would consumeonly 1% of the CPU. Similarly, the costof fitting amodelandthe measurement
ratedeterminefiow oftenwe canrefit themodel. At the 10 Hz rate,amodelthattakes10seconds
to fit cannotbefit any moreoftenthanevery 100 measurementgndonly thenif we arewilling to
saturatehe CPU.

We measuredhecosts,in termsof systemandusertimerequiredto (1) fit amodelandcreatea
predictorand(2) steponemeasuremenhto the predictorproducingonesetof 30-step-aheagre-
dictions.Becausehetimeto fit amodelis dependentn thelengthof the measuremergequence,
while the predictortime is not, we measuredhe costsfor two differentmeasuremergequence
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Figure5: Timing of variouspredictionmodels,600samplefits.

lengths,600 samplesand 2000 samples. The measurementgequenceaisedwas a representate
hostloadtrace.

Theresultsareshavnin Figuress and6. Eachfigurecontainssix plots,onefor the(a) MEAN,
LAST, andAR models,andoneeachfor theremaining(b) BM, (c) MA, (d) ARMA, (e) ARIMA,
and (f) ARFIMA models. The REFIT<T> variantswere not measuredalthoughtheir perfor
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Figure6: Timing of variouspredictionmodels,2000samplefits.

mancecan certainly be derived from the measurementae did take. For eachmodel, we plot
severaldifferentandinterestingcombination®f parametewalues.For eachcombinationwe plot
two bars,thefirst bar (Fit/Init) plotsthetime to fit the modelandproducea predictorwhile the
secondoar (Step/Predictplotsthetime to stepthatpredictor Eachbaris the averageof 30 trials,
eachof which consistf oneFit/Init stepanda large numberof Step/Predicsteps.They axison
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eachplot is logarithmic.We replicatesomeof the barsfrom graphto graphto simplify comparing
modelsacrosgraphsandwe alsodraw horizontallinesatroughlyl msand100ms,which arethe

Fit/Init timesof AR(16) andAR(512) models,respectrely. 1 msis alsothe Step/Predictime of

anAR(512)predictor

Thereareseveralimportantthingsto notewhenexaminingFiguress and6. First,theinclusion
of LAST andMEAN onthe(a)plotsprovide measuresf theoverheadf thepredictorandmodeler
abstractionssinceLAST's predictorand MEAN’s modelerdo hardly ary work. As we cansee,
the overheadof the abstractionsrequite low andon parwith virtual function calls,aswe might
expect.

The secondimportantobsenration from the figuresis that AR models,even with very high
order, arequite inexpensve to fit. An AR(512)fit on a 2000elementsequencéakesabout100
ms. In fact, ignoring LAST and MEAN, the only real competitionto even the AR(512) comes
from very low orderversionsof the other models. The downsideof high order AR modelsis
thatthe Step/Predictime tendsto be much higherthanthat of lower orderversionsof the more
complex models. For example,the predictorfor an ARIMA(8,3,8) modeloperatesn 1/100the
time of anAR(512). Thisis becausd¢he numberof operationsan eta-thetgredictorperformsis
linearin the numberof model parameterslf very high measurementatesareimportant,these
moreparsimoniousnodelsmay be preferable Interestingly the ARFIMA modelsalsohave very
expensve predictors. This is becausealthoughthe model capturedong-rangedependenceery
parsimoniouslyin theform of thed parametemwe multiply outthe (1 — B)? termto generate300
coeficientsin the eta-thetgredictor It is not clearhow to avoid this.

A final obsenrationis thatthe MA, ARMA, andARIMA models,quite surprisingly arecon-
siderablymore expensve to fit thanthe muchmorecomplex ARFIMA models. This is because
we usea highly-tunedmaximumlikelihood codethatassumega normalerrordistributionto fit the
ARFIMA model. The MA, ARMA, andARIMA modelsarefit without makingthis assumption
using a function optimizer which doesnot requirederivatives. We usedthis approachbecause
experimentatiorwith Matlab, which usesa maximumlikelihood approachshaved that the as-
sumptionwasrarely valid for traceswe wereinterestedn. Maximum likelihood basednodelers
for MA, ARMA, andARIMA modelswould reducetheir Fit/Init timesto a bit below thoseof the
ARFIMA models. However, fitting even high-orderAR modelsshouldstill be cheapetbecause
AR(p) modelsarefit by solving a p-diagonalToeplitz while the othermodelsrequiresomeform
of functionoptimizationover their parameters.

6 Mirr or communicationtemplate library

As we bgganto implementanon-lineresourcepredictionservicefor hostload andcontemplated
implementinganotherfor network bandwidth,we discoreredthat we were often rewriting the
samecommunicatiorcodein eachnew program. As the numberof suchpredictioncomponents
beganto grow andwe soughtto incorporatemoresophisticatedommunicatiortransportsuchas
multicastIP, the situationbecameuntenable.Steppingback, we factoredout the communication
requirementsf the predictioncomponentanddecidedo implementsupportfor themseparately
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Request

6.1 Motivation

ConsiderFigure 1, which shavs a high level view of how the component®f anon-lineprediction
servicecommunicateNoticethateachcomponentanis roughlysimilarin how it communicates
with other components.It receves datafrom one or more input data steamsand sendsdata
to one or more outputdatastreams. When a new dataitem becomesavailable on someinput
datastream.the componenperformscomputationon it andforwardsit to all of the outputdata
streamslIn additionto this datapaththe componentlsoprovidesrequest-esponse&ontol which
operategsynchronouslyWe referto this abstractiorasamirror (with no computationjnput data
is “reflected”to all of the outputs)andillustrateit in Figure7(a).

We wantedto be ableto implementhe communicatiora mirror performsin differentwaysde-
pendingonwherethecomponentaresituatedandhow mary thereare.For example thepredictor
componentn Figurel acceptsa streamof measurementsom a sensorandproduces streamof
predictionsvhich areconsumedy the buffer andthe evaluator In addition,the evaluatorandthe
usercanasynchronouslyequesthatthepredictorrefitits model. Applicationsmayconnecttary
time to receve the predictionstream.If we colocateall of the component®n a singlemachine,
Unix domainsocketsor even pipesmight be the fastestcommunicatiormechanismio use. If the
componentareon differentmachines— for example,it maybeimpossibleto locateany compo-
nentsotherthanthe sensoion a networkrouter— TCP-basedommunicatiormay be preferable.
If alargenumberof applicationsareinterestedn the predictionstreamjt maybenecessaryo use
multicastIP in orderto keepnetworktraffic low. Thisis the kind of flexibility we expectedfrom
our mirror implementation.

6.2 Rejectedimplementation approaches

We consideredive differentways of implementingthe mirror abstraction. The first possibility
wasto implementeachcomponentasa CORBA [26] sener and useremotemethodinvocation
(RMI) to transferdatafor the streamsaswell asfor control communication. This would have
theadwantagehatthe IDL compilerwould generatall of the necessarypbjectserializationcode
for us and simplify making changesan the future. However, it would requireusersof RPSto
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buy, install, andunderstanc&a CORBA implementation.Furthermorethereis no single COBRA
implementatiorthatis availableon all the platformswe wantedto be ableto portto, andsomeof
ourtargetplatformsdid nothave a CORBA implementatioratall.

The secondpossibility wasto usean even higherlevel tool, the CORBA eventchannelser
vice[26][196—204].Eventchannelgssentiallyprovide thedatapathpartof ourmirror abstraction,
but withoutcomputationMultiple producerplaceatomiceventsinto thechanneblndthechannel
deliversthemto all listeners. An inputeventchannelriving asinglerequest/responsener driv-
ing anoutputeventchannewould sene to implementa mirror. While this approactwould have
the greatlysimplifying our implementationijt hasthe disadwantagethatit would requireusersof
RPSto notonly buy, install,andunderstanéd CORBA implementatiorbut alsoaneventchannel
implementationUltimately, we decideahis would betoo hearyweight.

Thethird possibilitywasto useJava. Jara RMI [27] is in somewaysevenmorepowerful than
CORBA RMI in that more complex objectstructurescanbe automaticallyserialized. Java also
providesthreadswhich would have considerablysimplified programmingmirrors. However, we
would have hadto makeextensie useof the Java Native Interface(JNI) to call our prediction
library andsensorcode,both of which provide only C++ interfaces.Our experiencewith JNI on
someof the moreuncommorplatformswe wantedto support,especiallyFreeBSDandNetBSD,
led usto fearthe Java approachAvoiding JNI by portingtherestof RPSto Javato avoid wasnot
really anoptionsincesomecomponentssuchsensorsmustusenative code.

The fourth possibility wasto useour home-grevn distributed objectsystem,LDOS. LDOS
consistsof a CORBA IDL compileranda lightweightrun-time system.The combinationallows
for the easydevelopmentof C++ objectsthatcanbe calledover the networkvia objectreference
stubs,a dynamicinvocationmechanismopr via http andan html forms interface. Using LDOS
would conferseveral of the benefitsof the CORBA andJava approachewhile notrequiringusers
to purchaseCORBA implementation®r raisingthe compleity of JNI for us. However, LDOS
reliesheavily on native threads(pthreadsor Win32 threads) which are simply not available on
someof ourtargetplatforms,suchasNetBSDandFreeBSD.

The final possibility we consideredand which we ultimately decidedto implement,was a
“from scratch”mirror implementatiorbasedn socketsandthe Unix selectcall.

6.3 Implementation

Our mirror implementationjllustratedin Figure 7(b), is a C++ templateclasswhich is parame-
terizedat compile-timeby handlerdor streaminput andfor request/responseput. Additionally,

it is parameterizedby handlersfor new connectiomarrivalsfor streamsandfor request/response
traffic, althoughthe defaulthandlersareusuallyusedfor this functionality Parameterizedtream
input andrequest-respondsandlersarealsosuppliedfor serializableobjects,which canbe used
hideall the detailsof communicatiorfrom the computatiorthata mirror performsfor dataor con-
trol. Beyondthis, thereareothertemplateclassesnddefaulthandlenmplementationso simplify
usinga mirror. For example,our predictionmirror implementatiorusesone of thesetemplates,
Fi |l ter Wt hCont r ol <>, to simplify its design:

cl ass Measurement : public Serializablelnfo {...};

class Predicti onResponse : public Serializablelnfo {...};
cl ass PredictionReconfigurati onRequest : public Serializablelnfo {...};
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cl ass PredictionReconfigurationReply : public Serializablelnfo {...};
class Prediction {
public:
static int Conpute(Measurenent &nreasure,
Predi cti onResponse &pred);

cl ass Reconfiguration {
public:
static int Conpute(PredictionReconfigurationRequest &req,
Predi cti onReconfi gur ati onResponse &resp);

typedef FilterWthControl <

Measur enent ,

Predi cti on,

Predi cti onResponse,

Predi cti onReconfi gur ati onRequest,

Reconfigurati on,

Predi cti onReconfi gurati onResponse
> PredictionMrror;

Toimplementserializationtheclasseslescendeftom Ser i al i zeabl el nf oimplementmeth-
odsfor gettingtheir packedsize andfor packingand unpackingtheir datato andfrom a buffer
object. Theimplementeof the predictionmirror doesnot write arny communicatiorcode,which
is all providedin theFi | t er Wt hCont r ol templatewhich ultimately expandsinto a mirror
template.

As shavnin Figure7(b),theheartof amirror is a selectstatementhatwaitsfor actvity onthe
file descriptorsaassociateavith the variousinput streamsrequest/respongeorts,andportswhere
new connectionsarrive. Streamscan also originatefrom in-processsourcesand so the select
includesa timeoutfor periodicallycalling backto theselocal sourcedo getinput streandata.

Whenthe selectfalls through,all local callbacksthatare pastdueare executedandtheir cor-
respondingstreamhandleris executedon the new dataitem. Next, eachopenfile descriptorthat
hasareadpendingonit is passedo its correspondingtreamyequest/responset new connection
handler A streamhandlemwill unserializeaninputdataitemfrom thestreamperformcomputation
onit yielding anoutputdataitem, which it passeso themirror’'s dataforwardercomponent.

The dataforwarderwill thenserializetheitem to all the openoutputstreams.If a particular
outputstreamis notwriteable,it will buffer thewrite andregistera handlemwith the selectorto be
calledwhenthestreams onceagainwriteable.Thisguaranteethatthemirror’'soperatiorwill not
block dueto anuncooperatie communicatioriarget.
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A request/respongendlemwill unserializeheinputdataitemfrom thefile descriptorperform
computatioryielding an outputdataitem, andthenserializethat outputdataitem onto the same
file descriptor A new connectiorhandlerwill simply acceptthe new connectionjnstantiatethe
appropriatehandlerfor it (ie, streamor requestresponseandthenregisterthe handlerwith the
connectiormanager

The mirror classknows abouta variety of differenttransportmechanismsn particular TCR
UDP (including multicastlP), Unix domainsocketsandpipesor file-like entities. The userasks
themirror to bagin listeningat a particularport for dataor controlmessagesitherthroughan ex-
plicit mirror interfaceor by usingeEndPoi nt s,whichareobjectsthatencapsulatall of amirror’'s
availabletransporimechanismandcanparseastringinto aninternalrepresentationf a particular
transporimechanism.

6.4 Example

Hereis how the predictionsener instantiatesa predictionmirror thatwill receve measurements
from a hostnamed‘pyramid” using TCP at port 5009, supportreconfiguratiormrequestssia TCP
at port 5010, andsendpredictionsto all partiesthatconnectvia TCP at port 5011 or listenvia
multicastlP ataddres239.99.99.99port5012,andalsoto standardut:

PredictionMrror mrror;
EndPoi nt tcpsource, tcpserver, tcpconnect
EndPoi nt nulticasttarget, stdouttarget;

t cpsour ce. Parse("source: tcp: pyram d: 5009") ;

tcpserver. Parse("server:tcp: 5010");

t cpconnect . Par se("connect : tcp: 5011");

mul ticasttarget. Parse("target: udp: 239. 99. 99. 99: 5012");
stdouttarget.Parse("target:stdio:stdout");

rror. AddEndPoi nt (t cpsource);

rror. AddeEndPoi nt (t cpserver);

rror. AddeEndPoi nt (t cpconnect) ;
rror. AddeEndPoi nt (rmul ti casttarget);
rror. AddEndPoi nt (st douttarget);

3. 3.3 3 3

3.

rror. Run();

In orderto simplify writing clientsfor mirrors, we alsoimplemented referenceclassespne
for streamingnput, onefor streamingoutput,andonefor request/respondeansactionsHereis
how a clientwould begin to receve the multicastedoredictionstreamproducedoy the mirror code
above:

EndPoi nt source;
St r eam ngl nput Ref er ence<Pr edi cti onResponse> ref;
Predi cti onResponse pr ed;

sour ce. Parse("source: udp: 239. 99. 99. 99: 5012") ;
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ref . Connect To( sour ce) ;
while (...) {
ref. Get NextlItem pred);
pred. Print();

}

ref. D sconnect ();

Similarly, hereis the codethata client might useto reconfigurethe predictionmirror via its TCP
request/responseterface assuminghemirror is runningon mojave:

EndPoi nt sour ce;
Ref er ence<Pr edi cti onReconfi gur ati onRequest,
Predi cti onReconfi gurati onResponse> ref;
Predi cti onReconfigurati onRequest req(...);
Predi cti onReconfi gurati onResponse resp;

sour ce. Parse("source: tcp: noj ave: 5010") ;
ref . Connect To(source);

ref.Call (req, resp);

resp.Print();

7 Prediction components

Usingthefunctionalityimplementedn the sensotibrariesof Section4, thetime seriesprediction
library of Section5, andthe mirror communicatioriemplatdibrary of Section6, we implemented
a setof predictioncomponents Eachcomponenis a programthatimplementsa specificRPS
function. On-lineresourcepredictionsystemsareimplementedy composinghesecomponents.
Thecommunicatiorconnectvity of acomponents specifiedvia command-lineargumentswhich
meanghelocationof thecomponentandwhattransporiary two componentsiseto communicate
canbedeterminedat startuptime. In addition,the componentglsosupporttransientconnections
to allow run-time reconfigurationand to permit multiple applicationsto usetheir services. In
Section8.1we composenon-linehostloadpredictionsystemout of thecomponentsve describe
in this section.

We implementeda large setof predictioncomponentsyhich are shavn in Figure8. They
fit into five basicgroups: hostload measurementjow bandwidthmeasurementneasurement
managemenstream-basegdrediction,andrequest/respong®ediction.

The hostload measuremerdndflow bandwidthmeasuremergroupsimplementsensorsand
toolsfor working with them. In eachgroup,the sensorcomponen{eg, loadserer, flowbwsener)
generates streamof sensoispecificmeasurementsyhile the othercomponentgrovide mech-
anismsto control the sensor readthe measuremergtreamspuffer the measuremergtreamso
provide asynchronousequest/responsecesso themeasurementand,finally, to corvertsensor
specificmeasurementmto a genericmeasuremenlype. The remainderof the componentsise
thesegenericmeasuremergtreams.

Themeasurememhanagemergroupprovidestoolsfor receving generiomeasuremerstreams,
buffering genericmeasurementgndaccessinguchbuffers.
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Component | Function
HostLoadMeasurement
loadserer Generatestreamof hostload measurements
loadclient Printsloadserer’s stream
loadreconfig Changesloadserer's hostloadmeasuremernate
loadhuffer Buffersmeasurementsith request/responsecess
loadhufferclient Providesaccesso aloadhuffer
load2measure Corvertsaload measuremerttreanto genericmeasuremergtream
Flow BandwidthMeasurement
flowbwsener Generatestreanof flow bandwidthmeasuremenissingRemos
flowbwclient Printsflowbwsener’s stream
flowbwreconfig Reconfiguresirunningflowbwsener
flowbwhbuffer Buffersa flow bandwidthmeasuremerdtreamwith request/responsecess

flowbwhbufferclient | Providesaccesgo aflowbwbuffer

flowbw2measure | Corvertsaflow bandwidthmeasuremergtreamto genericmeasuremergtream
Measuremerntlanagement

measureclient Printsa genericmeasuremergtream

measurebffer Buffersgenericmeasurementsith request/responsecess
measurebfferclient | Providesaccesso a measuretifer

Stream-baseBrediction

predserer Computegpredictionsfor a genericmeasuremergtream
predserer_core Performsactualcomputationgo containfailures

predreconfig Reconfiguresirunningpredserer

evalfit Evalutesarunningpredsererandreconfigurest whennecessary
predclient Printsa predictionstream

predhuffer Buffersa predictionstreamwith request/responsecess
predhufferclient Providesaccesgo apredhuffer

Request/Responsg&ediction
predreqrespsener | Computesone-ofi” predictionsfor request/responssients
predreqgrespclient | Makes“one-off” predictionrequest®na predreqrespsener

Figure8: PredictioncomponentimplementedisingRPSlibraries.

Thestream-orientegredictiongroupprovidescontinuougredictionservicedor generianea-
suremenstreamsPredserer is themaincomponentn this group. Whenstartedup, it retrievesa
measuremergequencérom a measurebffer, fits the desiredmodelto it, andthencreatesa pre-
dictor. As new measurementarrive in the streamthey are passedhroughthe predictorto form
m-step-aheagbredictionsand correspondingestimatesof predictionerror. Theseoperationsare
similartothosedescribedn Sectiorb.3. Theactualworkis doneby asubprocesgredserer_core.
Thislimits theimpactof a crashcausedy a badmodelfit. If predserer_corecrashespredserer
simply startsa new copy.

Predserer alsoprovidesa request/responsmsntrol interfacefor changingthe type of model,
thelengthof thesequencéo whichthemodelis fit, andthenumberm, of predictiongt will make.
This interfacecanbe usedby the userthroughthe predreconfigorogram.Alternatively, andeven
atthe sametime evalfit canusetheinterface .Evalfit recevesa genericmeasuremerdtreamanda
predictionstream,andcontinuouslyevaluateghe quality of the predictionsusingan evaluatoras
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discussedn Section5.2.3. Whenthe predictionquality exceeddimits setby the user evalfit will
forcethepredsererit is monitoringto refit themodel.

The remainingcomponentsn the stream-orientegbredictionservicesgroup simply provide
buffering andclient functionalityfor predictionstreams.

Therequest/respongaredictiongroup providesclassicclient/serer accesgo the time series
predictionlibrary. Predreqgrespclient sendsa measuremengequenceand a model templateto
predreqrespsener, which fits a modeland return predictionsfor the next m valuesof the se-
guence.

It is importantto note that the setof of predictioncomponentss not fixed. It is quite easy
to constructnen componentsising the librarieswe describedearlier Indeed,we constructed
additionalcomponentsor the performancevaluationwe describan the next section.

8 Performance

The RPS-basegredictioncomponentslescribedn the previous sectionarecomposedt startup
time to form on-line predictionsystemsTo evaluatetheperformancef RPSfor constructingsuch
systemswe constructeda representatie RPS-basegredictionsystemand measuredts perfor

mancein termsof the timelinessof its predictions the maximummeasurementatesthatcanbe
achieved, andthe additionalcomputationabnd communicatiorload it placeson the distributed
system.In additionto the composedsystem we alsoconstructech monolithic systemusingthe
RPSlibrariesdirectly andmeasuredhe maximummeasuremerratesit couldsupport.

The conclusionof our studyis that,for interestingneasurementtes boththe composeand
the monolithic systemsanprovide timely predictionsusingonly tiny amountsof CPU time and
networkbandwidth.In addition,the maximumachiezablemeasurementaitesare2 to 3 ordersof
magnitudehigherthanwe currentlyneed.

It is importantto notethatRPSis atoolkit for resourceprediction,and,becausef theinherent
flexibility of sucha design,it is difficult to measureRPS5 performancdor creatingon-line re-
sourcepredictionsystemsn avacuum.Predictioncomponentsanbecomposedn mary different
waysto constructon-line resourcepredictionsystemsandthe RPSlibrariesenablethe construc-
tion of additionalcomponent®r increasedntegrationof functionality Furthermoreprediction
componentsancommunicateén differentways.Finally, differentresourcesequiredifferentmea-
surementatesand predictve models. More comple predictve modelsrequiremore computa-
tional resourcesvhile highermeasurementatesrequiremorecomputationandcommunication
resources.

Becauseof the intractability of attemptingto characterizehis space we insteadfocusedon
measuringthe performanceof a representate RPS-basean-line hostload predictionsystem.
Thesystemis representate in thesensehatit implementghe functionalityof Figurel usingthe
predictioncomponentsFurthermoreit is alsoarealisticsystem.It usesa predictve modelthat
we have foundappropriatdor hostload predictionin otherwork [10]. Finally, it is afairly widely
usedsystemwhich hasbeendistributedwith Remos[18], is currentlyusedin QuO [33], andis
currentlybeingusedin our distributedreal-timeschedulingvork [8].
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Figure9: Online hostload predictionsystemcomposedut of the RPS predictioncomponents
describedn Section7.

8.1 Hostload prediction system

Figure 9 shaws the configurationof predictioncomponentsisedfor hostload prediction. The
boxesin the figure represenpredictioncomponentsvhile dark arrowvs represenstreamcommu-
nication betweencomponentsand symmetricarrons representequest/responsgommunication
betweencomponentsThe arrowvs areannotatedvith communicationvolumesper cycle of oper
ationof the systemfor streamsandper call for request/responssommunication.s is the number
of measurementseingrequeste@synchronousljrom the measurebffer while m is the number
of stepsaheador which predictionsaremadeandw is thenumberof predictionsbeingrequested
from the predluffer. Noticethe similarity of this systento the high-level view of Figurel.

The systemworks asfollows. The loadserer componenperiodically measureshe load on
the hoston which it is runningusingthe GetLoadAq library describedn Section4. Eachnewn
measuremens forwardedto ary attachedoadclientsandalsoto load2measureyhich corverts
it to a genericmeasuremenfiorm and forwardsit to measurebffer. Measurebffer buffers the
last N measurementand provides request/responsaccesdo them. It alsoforwardsthe cur-
rentmeasuremenb predserer andevalfit. Predserer consumeshe measuremerdndproduces
an m-step-aheagbredictionusingits subprocesspredserer_core. It forwardsthe predictionto
predluffer andto evalfit. Evalfit continuouslycomparegredserer’s predictionswith the mea-
surementst recevesfrom measurebffer andcomputedts own assessmertf the quality of the
predictions.For eachnevw measurementt comparests assessmentith therequirementsheuser
hasspecifiedaswell aswith the predictors own estimatesof their quality. Whenquality limits
areexceededt callspredsererto refit themodel.Predserer’s predictionsalsoflow to predhuffer,
which providesrequest/responsecesso somenumberof previouspredictionsandalsoforwards
the predictionsto ary attachedoredclients.Predlufferclientscanasynchronouslyequestpredic-
tions from predhuffer. Of course,applicationscandecide,at ary time, to accesgshe prediction
streamor the bufferedpredictionsn the mannerof predclientandpredhufferclient.

Eachmeasuremerthatloadserer producess timestamped.This timestamps passedlong
asthemeasurememhakesdts way throughthe systemandis joinedwith atimestamdor whenthe
correspondingpredictionis completed andfor whenthe predictionfinally arrivesat anattached
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predclient. We shall usethesetimestampdo measurdhe lateny from whena measurement
madeto whenits correspondingpredictionis availablefor applications.

The systemcanbe controlledin variousways. For example,the usercanchangdoadserer’s
measuremenmntte,the predictve modelthatpredserer uses andthetime horizonfor predictions.
We usedthe controlover loadserer’'s measuremerrateto help determinehe computationabnd
communicatiomesourceshe systemuses.

Sofar, we have not specifiedwhereeachof the componentsunsor how thecomponentgom-
municate.As we discussedn the previous section RPSlets us deferthesedecisionauntil startup
time andevenrun-time. In the studywe describen this section,we ranall of the component®n
thesamemachineandarrangdor themto communicateisingTCP. Themachinewe usedis a500
MHz Alpha21164-base®EC personalvorkstation.

This configuratiorof predictioncomponentss aninterestingoneto measurelt is reasonablé
runall thecomponentsn a singlemachinesincerelatively low measurementaitesandreasonably
simple predictve modelsare sufiicient for hostload prediction[10]. It would be more efficient
to usea local IPC mechanisnmsuchas pipesor Unix domainsocketsto communicatebetween
componentsindeed,aproductionhostload predictionsystemmight very well beimplementedas
a singleprocess We briefly discusghe performancef suchanimplementatiorin Section8.3.3.
TCP is interestingto look at becausat givesus someideaof how well an RPS-basedystem
might performrunningon multiple hosts,which might be desirablefor, say networkbandwidth
prediction. Furthermorejf RPScan achieve reasonablgerformancdevels in sucha flexible
configuration,it is surelythe casethata performance-optimizeBPS-basedystemwould do at
leastaswell.

The predictve modelthatis usedis an AR(16) fit to 600 samplesand evalfit is configured
sothatmodelrefitting doesnot occur Predictionsaremade30 stepsinto the future. The default
measurememntteis 1 Hz. Thismodelandrateis appropriatdor hostloadprediction,aswediscuss
in earlierwork[9, 10.

Thefollowing illustrateshow the variouspredictioncomponentgarestarted:

% | oadserver 1000000 server:tcp: 5000 connect:tcp: 5001 &
% | oadcl i ent source:tcp: " hostnane': 5001 &
% | oad2nmeasure 0 source:tcp: ‘' host name’ : 5001 connect:tcp: 5002 &
% measur ebuf fer 1000 source:tcp:‘ host nane’ : 5002
server:tcp: 5003 connect:tcp: 5004 &
% predserver source:tcp: " hostnane': 5004
source:tcp: ‘ host nanme’ : 5003 server:tcp: 5005 connect:tcp: 5006 &
% eval fit source:tcp: "’ hostnanme’: 5004 source:tcp: ' hostnane': 5006
source:tcp: ‘ host name’ : 5005
30 999999999 1000. 0 999999999 600 30 AR 16 &
% predbuffer 100 source:tcp: "’ host name’ : 5006 server:tcp: 5007
connect:tcp: 5008 &
% predclient source:tcp:*hostnane':5008 &

Theuseof measurebfferclientandpredhufferclientarenot shavn above sincethesearerunonly
intermittently
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8.2 Limits

Beforewe presenthe detailsof the performanceof the hostload predictionsystemit is a good
ideato understandhe limits of achiezable performanceon this machine.Recallfrom Section4

thatthe hostload sensoiibrary requiresonly about1.6 ;s to acquirea sample. As for the cost
of prediction,Figure5 indicatesthatfitting andinitializing an AR(16) modelon 600 datapoints
requiresaboutl ms of CPU time, with a step/predictime of about100 ;S. The computation
involvedin evalfit, load2measureandthe variousbuffersamountsto about50 xS, thusthe total

computatiortime percycleis 151.6 us. If nocommunicatiorwasinvolved, we would expectthe

predictionsystemto operateatarateno higherthan6.6 KHz.

However, the predictionsystemalsoperformscommunication Examinationof Figure9 indi-
catesthat, for 30-step-aheafln = 30) predictions eightmessagearesentfor eachcycle. There
are 3 28 byte messages? 52 byte messagesand 3 536 byte messages.The measuredand-
widthsof the hostfor messagesf this sizeare2.4 MB/s (28 bytes) 4.2 MB/s (52 bytes),and15.1
MB/s (536 bytes). Thereforethe lower boundtransfertimesfor thesemessageare 11.7 s (28
bytes),12.4 ;s (52 bytes),and 35.5 us (536 bytes). The total communicatiortime per cycle is
thereforeatleast(3)11.7 + (2)12.4 + (3)35.5 = 166.4 us, andthetotal time percycle is at least
151.6 + 166.4 = 318 us, which suggests correspondingipperboundon systems rate of about
3.1KHz.

It is importantto notethattheseratesarefar in excessof the 1 Hz ratewe expectfrom a host
load predictionsystem,or eventhe 14 Hz peakratefor our Remos-basedetworksensar What
thesehigh ratessuggesthowever, is that, for ratesof interestto us, we canexpectthe prediction
systemto useonly a tiny percentag®f the CPU.In termsof communicatiodoad, we will only
place(3)28 + (2)52 + (3)536 = 1796 bytesontothe networkpercycle. At arateof 14 Hz, this
amountdo about25 KB/s of traffic.

Of coursethesearetheupperlimits of whatis possible We would expectthatoverhead®f the
mirror communicatiortemplatelibrary andthe datacopyingimplied by the TCP communication
we useto resultin lower performancdevels.

Thehostwe evaluatedhesystemon hasatimer interruptrateof 1024Hz, which meangheall
measuremematesin excesof thisamountto “as fastaspossibl€. Thisratealsoresultsin aclock
accurag of approximatelyonemillisecond.

8.3 Evaluation

We configuredthe hostload predictionsystemso that the modelwill be fit only once,andthus
measuredhe systemin steadystate. We measuredhe predictionlateng, communicatiorband-
width, andthe CPUloadasfunctionsof the measurememntate,which we sweptfrom 1 Hz to 1024
Hz in powersof 2. We foundthatthe hostload predictionsystemcansustainmeasurementates
of 730Hz with meanandmedianpredictionlatencief around2 ms. For measuremematesthat
areof interesto us,suchasthe 1 Hz ratefor loadandthe 14 Hz for flow bandwidththeadditional
loadthe systenplaceson themachings minimal.
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8.3.1 Prediction latency

In an on-line predictionsystem,the timelinessof the predictionsis paramount.No matterhow
gooda predictionis, it is uselessf if it doesnot arrive sufficiently earlierthanthe measurement
it predicts. We measuredhis timelinessin the hostload predictionsystemasthe latengy from
whena measuremertecomesvailableto whenthe predictionit generate®ecomesvailableto
applicationsthat areinterestedn it. This is the lateny from the loadserer componento the
predclientcomponentin Figure9.

The predictionlateny shouldbe independentf the measurementate until the prediction
system$ computationalor communicationresourcedemandssaturatethe CPU or the network.
Figure 10 shaws thatthis is indeedthe case. Figure 10(a) plots the 95% confidencenterval for
the meanpredictionlateny asa function of increasingmeasurementates. We do not plot the
lateny for the 1024Hz ratesinceat this pointthe CPUis saturatedndthelateng increasesvith
backloggedredictions.Up to this point, themeanpredictionlateng is roughly2 ms.

Figure10(b) plots the minimum, median,andmaximumpredictionlatenciesas a function of
increasingneasurememate. Onceagain,we have elidedthe 1024Hz ratesincelateny beginsto
grow with backlog. The medianlateng is 2 ms, while the minimumlateng is at 1 ms, which is
theresolutionof thetimer we used.The highestiateny we sav was33ms.

8.3.2 Resourceusage

In additionto providing timely predictionsanon-lineresourceredictionsystenmshouldalsomake
minimal resourcademandsAfter all, the purposeof the systemis to predictresourceavailability
for applicationsnotto consumeheresourcesor itself.

To measurghe CPU usageof our representatie hostload predictionsystemwe did the fol-
lowing. First, we startedtwo resourcemonitors,vmstatandour own hostload sensor Vmstatis
run every secondandprintsthe percentagef thelastsecondhathasbeenchagedto systemand
usertime. Our hostload sensormeasureshe averagerun queuelengthevery second.After the
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details,(c) shavs userandsystentime, (d) shavs loadaverage.

sensorsverestartedwe startedthe predictionsystemat its defaultrateof 1 Hz andlet it quiesce.
Next, we starteda predclientandlet the systemquiesce.Then,we sweptthe measurementate
from 1 Hz to 1024Hz in powersof 2. For eachof the 10 rateswe let the systemquiesce Finally,
we resettherateto 1 Hz. Figure11 shows plotsof whatthe sensorgecordedver time.

Figurell(a)shaws the percentagef the CPUthatwasin useover time, asmeasuredby vm-
stat. Figure11(b)is the samegraph,annotatedvith the operationabletailsdescribedabore. Fig-
urell(c)breaksdownthe CPUusaganto its systemandusercomponentsThesystenmcomponent
is essentiallyhetime spentdoing TCP-basedP C betweerthedifferentcomponentsFigure11(d)
shaws the outputof theload averagesensar Whentheload measuredby this sensorexceedone,
we have saturatedhe CPU.

Thereareseveralimportantthingsto noticeaboutFigurel1l. First, we cansustaina measure-
mentrate of betweerb12 Hz and 1024 Hz on this machine. Interpolating,it seemghatwe can
sustainabouta 730Hz rateusing TCP-basedPC, or about850Hz ignoring the system-sideost
of IPC.While thisis nowherenearthe upperboundof 3.1KHz thatwe arrivedatin Section8.2, it
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Rate(Hz) | Bytes/sec

1 1796
2 3592
4 7184
8 14368
16 28736
32 57472
64 114944

128 229888
256 459776
512 919552
1024 1839104

Figure12: Bandwidthrequirementgsafunctionof measurementte.

System Transport OptimalRate MeasuredRate Percenbf Optimal
Monolithic  In-process 6.6 KHz 5.3KHz 80%
Monolithic  Unix domainsocket  5.5KHz 3.6KHz 65%
Monolithic TCP 5.3KHz 2.7KHz 51%
Composed TCP 3.1KHz 720Hz 24%

Figurel3: Maximummeasuremerratesachiezed by monolithicandcomposedostload predic-
tion systems.

is still muchfasterthanwe actuallyneedfor the purpose®f hostload prediction(1 Hz) andthan
thelimits of our networkflow bandwidthsenso14 Hz).

In Section8.3.3,we comparethe maximumrateachiasable by this composedostload pre-
diction systemto a monolithicsystem.Themonolithicsystemachiazesmuchhigherratesoverall,
andthoseratesarecloserto the upperbound.

A secondobsenrationis thatfor theseinterestingl and14 Hz rates,CPU usages quite low.
At 1 Hz, it is around2% while at 16 Hz (closestrateto 14 Hz) it is about5%. For comparison,
the“background”’CPUusaganeasureavhenonly runningthevmstatprobeis itself aroundl.5%.
Figurell(d)shavsthatthisis alsothe casewhenmeasuredby loadaverage.

Figure12 showvs thebandwidthrequirementsf the systemat the differentmeasurementtes.
To understanchow small theserequirementsare, considera 1 Hz hostload predictionsystem
runningon eachhostin the networkand multicastingits predictionsto eachof the otherhosts.
Approximately583 hostscould multicasttheir predictionstreamsan 1 MB/s of sustainedraffic,
with eachhostusingonly 0.5%of its CPUto runits predictionsystem.Alternatwvely, 42 network
flowsmeasure@tthe maximumratecouldbepredicted.If eachhostor flow only usedthenetwork
to provided asynchronousequest/responsaccesgo its predictions,mary morehostsandflows
couldbe predicted.For example,if predictionrequestsrom applicationsarrivedat a rateof one
per hostper secondjntroducing552 bytesof traffic per predictionrequest/respondeansaction,
1900hostscouldoperatan 1 MB/s.
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8.3.3 A monolithic system

The composedostload predictionsystemwe have describedso far canoperateat arate52—730
timeshigherthanwe needandusesnegligible CPU andcommunicatiorresourcest the ratesat

which we actuallydesireto operatet. However, the maximumrateit cansustainis only 24% of

the upperboundwe determinedn Section8.2. To determinaf higherratesareindeedpossible,
we implementeda monolithic, singleprocesshostload predictionsystemusingthe RPSlibraries
directly. This designcansustaina peakrate of 2.7 KHz whenconfiguredto useTCR which is

almostfour timeshigherthanthecomposedystem.

Figure 13 shavs the maximumratesthe monolithic systemachieved for threetransports:in
processwheretheclientisin thesameprocesstJnix domainsocketwherethe(local)clientlistens
to thepredictionstreamthrougha Unix domainsocket;andTCR wherethe clientoperatesaswith
the earlier system. For comparisonijt alsoincludesthe maximumrate of the composedsystem
describeckarlier In eachcasewe alsoshav theoptimalrate,whichis dervedin amannersimilar
to Section8.2. The in-processcaseshavs us the overheadof usingthe mirror communication
templatdibrary, which enablesonsiderabldlexibility . Thatoverheads approximately20%. The
domainsocketand TCP casesncludeadditional,unmodeledverheadghat are specificto these
transports.

9 Relatedwork

Application-level scheduler$5], suchasbest-efort real-timescheduler$8], aretheprimaryusers
of on-lineresourcepredictionsystems.

Researchnto resourcepredictionhasfocusedon determiningappropriatgpredictve models
for hostbehaior [10, 31, 25], andnetworkbehaior [30, 3, 15]. RPSis atoolboxthatcanhelp
facilitatethis research.

Interactve dataanalysistools suchasMatlab [22, 21] and S-Plus[20] provide mary of the
statisticalandsignalprocessingrocedureseededo studyresourcesignalsandto find appropriate
predictve models.ldeally, large scale randomizecdevaluationsof suchcandidateanodelsarethen
neededWe have built RPS-basetbolsto helpto efficiently conductsuchstudies.

ResourceneasuremerstystemssuchastheNetworkWeatheiService 32, 31,30], Remod18],
andTopology-d[23] provide sensorshatcreatethe measuremergtreamshatRPS-basedystems
canattemptto predict.

On-lineresourcegredictionsystemgollectmeasurementsom resourcaneasuremersystems
andusethemto predictfuture measurementtherthanRPS the NetworkWeatherService[32,
31, 30] (NWS) is the only exampleof an on-line resourcepredictionsystemwe are aware of.
While NWS is a productionsystemthattriesto provide a ubiquitousresourcepredictionservice
for metacomputingRPSis a toolkit for constructingsuch systemsand others. The RPSuser
cancommitto aslittle or asmuchof RPSasis desired.NWS andRPSare complementaryFor
example RPS-basedystemsoulduseNWS sensorsor NWS coulduseRP S5 predictve models.
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10 Conclusion

We have designedjmplementedand evaluatedRPS, a toolkit for constructingon-line and off-
line resourcepredictionsystemsn which resourcesrerepresentethy independentperiodically
sampledscalarvaluedmeasuremerdtreamsRPSconsistf resourcesensotibraries,anexten-
sive time seriespredictionlibrary, a sophisticatedommunicatioribrary, anda setof prediction
componentsut of whichresourcepredictionsystemsanbereadilycomposedThe performance
of RPSisquite good. We measured representafie RPS-basethostload predictionsystemand
foundthatit providestimely predictionswith minimal CPU andnetworkload at reasonablenea-
surementates.Thesystemcanoperateat measuremermnatesapproachind KHz, while asecond,
monolithicRPS-basedystemcanoperateat2.7 KHz.

Theseresultssupportthe feasibility of resourcepredictionin generalandof usingRPS-based
systemsfor resourcepredictionin particular The RPS-basedhostload predictionsystemswe
implementedarebeingusedin ourresearchnto prediction-basetlest-efort real-timesystemg8]
for interactve applicationssuchasscientificvisualizationtools [2]. The systemsave within the
Remosameasuremergystem 18] andQuOobjectquality of servicesystem33].

We have several extensionsn mind for RPS.Currently the useris responsibldor instantiat-
ing andfinding RPS-basegredictioncomponentsin the future, we intendto provide a service,
probablyover SLP [29], to managaunningRPScomponentspredictionsystemsandthe mea-
suremenstreamshatthey predict.We alsowill provide high-level callsto estimategaskexecution
timesbasedn applicationinput andpredictedhostandnetworkloads.We mayincreasehefunc-
tionality of the mirror library’s supportfor request/respons®mmunicationmakingit morelike
a CORBA ORB. This would makeit possibleto write templateclasseso makethe construction
of very fast monolithic predictionsystemdrivial. Finally, we will graduallyaddnew predictve
modelsasthey becomedesirable.Currently we areinterestedn providing supportfor nonlinear
thresholdautorgressve models[28] andmodelsappropriatdor chaoticsignals[1].
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