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Abstract

This paperdescribesthe design,implementation,andperformanceof RPS,an extensibletoolkit
for building flexible on-lineandoff-line resourcepredictionsystemsin which resourcesarerep-
resentedby independent,periodicallysampled,scalar-valuedmeasurementstreams.RPS-based
predictionsystemspredictfuturevaluesof suchstreamsfrom pastvalues.Systemsarecomposed
at run-timeout of an extensiblesetof communicatingpredictioncomponentswhich are in turn
constructedusingRPS’s sensor, prediction,andcommunicationlibraries. We have usedRPSto
evaluatepredictive modelsandbuild on-linepredictionsystemsfor hostloadandnetworkband-
width. Theoverheadsinvolvedin suchsystemsarequitelow.
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1 Intr oduction

In orderfor a distributed, interactive applicationsuchasa scientificvisualizationtool [2] to be
responsive to theuser’s demandswhenrunningona shared,unreserveddistributedcomputingen-
vironment,it mustadaptits behavior to dynamicallychangingresourceavailability [8, 11]. Adap-
tation can takemany forms, including dynamicallychoosingwhereto executethe application’s
tasksandchangingthe computationthat a taskperforms,perhapsby changingthe quality of its
results.

Implicit in suchapplication-level scheduling[5] is resourceprediction.Theapplicationsched-
uler adaptstheapplication’s behavior basedon predictedresourceavailability. Eachresourcehas
anassociatedsensormechanismwhichperiodicallymeasuresits availability asascalarvalue.The
predictionsystemfor aparticularresourceusesanappropriatepredictivemodelto mapcurrentand
pastresourcemeasurementsinto predictionsof future resourcemeasurements.Thesepredictions
andtheapplication’s resourcerequirementsarethenmappedinto anapplication-level metricsuch
astaskexecutiontime. Theschedulerusesthesemetricsto makeschedulingdecisions.

Becauseof their centralrole, resourcepredictionsystemsareof considerableimportance.Un-
fortunately, tools to simplify studyingresourcepredictionandbuilding appropriateandefficient
resourcepredictionsystemsarescarce.To remedythis situation,we have createdthe RPS(Re-
sourcePredictionSystem)toolkit. RPSis a setof librariesandprogramsimplementedusingthem
that simplifiesthe evaluationof prospective modelsandthe creationof efficient andflexible re-
sourcepredictionsystemsoutof communicatingcomponents.Thispaperdescribesthedesignand
implementationof RPS andthe performanceof a representative RPS-basedresourceprediction
system.

To understandthe role RPSplays,considertheprocessof building a predictionsystemfor a
new kind of resource.Onceasensormechanismhasbeenchosen,thisentailsessentiallytwo steps.
Thefirst is anoff-line processconsistingof analyzingrepresentativemeasurementtraces,choosing
candidatepredictive modelsbasedon theanalysis,andevaluatingthesemodelsusingthe traces.
The secondstepis to build an on-line predictionsystemthat implementsthe mostappropriate
modelwith minimal overhead.Therearea wide varietyof statisticalandsignalprocessingtools
for interactiveanalysisof measurementtracesthatwork very well for performingmostof thefirst
step.However, toolsfor doinglargescaletrace-basedmodelevaluationareusuallyadhocanddo
not takeadvantageof theavailableparallelism.With regardto thesecondstep,building anon-line
predictive systemusingtheappropriatemodel,RPSprovidestools for quickly building a on-line
resourcepredictionsystemout of communicatingcomponents.

RPSis designedto be generic,extensible,distributable,portable,and efficient. The basic
abstractionis the predictionof periodicallysampled,scalar-valuedmeasurementstreams.Many
suchstreamsarisein a typicaldistributedsystem.RPScanbeeasilyextendedwith new classesof
predictivemodelsandnew componentscanbeeasilyimplementedusingRPS.Thesecomponents
inherit theability to run on any hostin thenetworkandcancommunicatein powerful ways.The
only tool neededto build RPSis a C++ compiler, andit hasbeenportedto four differentUnix
systemsandWindows NT. For typical measurementstreamsampleratesandpredictive models,
theadditionload thatanRPS-basedpredictionsystemplaceson a hostis in thenoise,while the
maximumsampleratespossibleon a typicalmachineareashighas2.7KHz.

Our experienceshows that it is possibleto useRPSto find andevaluateappropriatepredic-
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tive modelsfor a measureof resourceavailability, andthenimplementa low overheadprediction
systemthatprovidestimely andusefulpredictionsfor that resource.We usedRPSfor anexten-
sive evaluationof linear modelsfor host load prediction[10] anda smallerevaluationof linear
modelsfor networkbandwidthprediction.Following theevaluationstudies,we usedRPSto im-
plementon-linepredictionsystemsfor theseresources.Thesesystemshavebeenusedin theCMU
Remos[18] resourcemeasurementsystem,theBBN QuOdistributedobjectqualityof servicesys-
tem[33], andarecurrentlybeingintegratedin to theDv distributedvisualizationframework [2].
Partsof RPShave alsobeenusedto explore the relationshipbetweenSNMP networkmeasure-
mentsandapplication-level bandwidth[19].

We begin our descriptionof RPSby enumerating,in generalterms,thestepsthata researcher
would follow in providing predictionfor a new resource(Section2.) Simplifying the final two
stepsof theprocessis theprimarygoalof RPS.In thesamesection,we alsodetail theadditional
requirementsweplacedontheRPSimplementation.Next, wedescribethehighlevel composition
of the RPStoolkit andhow the piecesfit together(Section3.) Thenwe describeeachpieceof
RPSin detail: the sensorlibraries,which measurehost load andnetworkflow bandwidth(Sec-
tion 4); the time seriespredictionlibrary which providesanextensibleabstractionfor prediction
andimplementationsof a numberof usefulpredictive models(Section5); the mirror communi-
cationtemplatelibrary, which providesthe infrastructureto build predictioncomponentswhich
cancommunicatein sophisticatedways(Section6); andthepredictioncomponentswe have built
(Section7.)

Throughoutthesesections,we provide examplesof how thesetools can be usedby a re-
searcheror practitioner. In Section5.4, we describethe parallelizedcross-validationsystemwe
implementedaroundthetime seriespredictionlibrary in orderto evaluateprospective modelson
measurementtraces.

We illustratetheperformanceof RPSin two ways.First, in Section5.5,we detail thecompu-
tationalcostsinvolvedin usingthevariouspredictive modelsin thetime seriespredictionlibrary
on representative measurementstreams.Thecostto fit andusedifferentpredictive modelsvaries
widely. Second,in Section8, we describearepresentativeandrealisticRPS-basedpredictionsys-
temfor hostload. We measuretheperformanceof this systemin termsof theachievablesample
rates,the measurementto predictionlatency, andthe additionalCPU andcommunicationloads
presentedby thesystemwhenrun at differentsamplerates.For samplesratesthatof areinterest
in this system,we find that theadditionalloadis barelydiscernible.Its maximumachievablerate
is abouttwo ordersof magnitudehigherthanwe need.

Finally, we addressrelatedwork in Section9 andconcludein Section10 with a discussion
of the limitations of RPSandthe work that is neededto simplify managingrunningRPS-based
predictionsystems.

2 Goal and requirements

The goal of RPSis to facilitate two aspectsof the constructionof on-line resourceprediction
systems.Theaspectsaretheoff-line evaluationof predictive modelsandtheconstructionof on-
line systemsusingappropriatemodels.In addition,we placedotherrequirementsonRPSthatwe
felt wouldprovideflexibility for furtherresearchinto resourceprediction.
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2.1 Designinga newprediction system

To understandthegoalof RPS,it is usefulto considerthe taskof a researcherinterestingin pre-
dictinganew kind of resource.Roughly, hewill follow thesesteps:

1. Constructa sensorfor the resource.The sensorgeneratesa periodicallysampled,scalar-
valuedmeasurementstream. Wewill alsoreferto sucha streamasa signal.

2. Collectmeasurementtracesfrom representativeenvironments.

3. Analyzethesetracesusingvariousstatisticaltools.

4. Choosecandidatemodelsbasedon thatanalysis.

5. Evaluatethemodelsin anunbiasedoff-line evaluationstudybasedonthetracesto findwhich
of thecandidatemodelsareindeedappropriate.

6. Implementanon-linepredictionsystembasedon theappropriatemodels.

Thefirst two stepsgenerallyrequiretheresearcherto implementcustomtoolsusinghis domain-
specificknowledgeof theresourcein question.Whencarryingout thethird step,theresearcheris
aidedby powerful,commonlyavailabletools.Thisstep,aswell asthefourthstep,alsorely heavily
on thestatisticalexpertiseof theresearcher. Thefinal two stepscanbenefitconsiderablyfrom au-
tomatedandreusabletools.However, suchtoolsarescarce.Thegoalof RPSis to providetoolsfor
theselasttwosteps.Theresearchershouldbeableto useRPSto conductoff-line modelevaluation,
andthenconstructanon-lineresourcepredictionsystembasedon theappropriatemodels.

The first steprequiresdomain-specificknowledge. Therearea myriad of waysin which in-
terestingsignalsin a distributedenvironmentcanbecaptured.For example,our loadprediction
work usesOS-specificmechanismsto retrieveUnix loadaverages(averagerunqueuelengths)[9].
TheNetworkWeatherServiceusesbenchmarkingto measurenetworkbandwidthsandlatencies
betweenhosts[30] and load averageand accounting-basedsensorsfor host load [31]. Remos
usesSNMPqueriesto measurebandwidthsandlatencieson supportedLANs [18]. Thesediffer-
entmechanismsdevelopedfrom theexpertiseof their researchers.Of course,somemeasurement
issuesaremoregeneral.For example,determiningthe signal’s bandwidthandhow to resample
possiblyaperiodicallysampledsignalsto periodicity areimportantsignalprocessingissuesthat
arisefor all signals.

Oncethe issuesinvolved in the sensorareresolved, the researchermustusehis expertiseto
choosea representative set of environmentsandcapturetracesfrom themusing the sensorim-
plementation.This secondstepis alsohighly dependenton the particularsof the signalandthe
environmentsof interest.

Unlike the first two steps,the third stepandfourth steps,analyzingthe collectedtracesand
choosingcandidatemodelsbasedon theanalysis,requiresfar lessdomain-specificknowledgeand
moregeneralpurposestatisticalknowledge.Consequently, therearea numberof toolsavailable
to help the researcherperformthesesteps.For example,our researchinto thepropertiesof host
loadsignals[9] madeextensive useof theexploratorydataanalysisandtime seriesanalysistools
availablein S-Plus[20], andin Matlab’s [22] SystemIdentificationToolbox[21].
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Surprisingly, therearefew tools to simplify thefifth step,evaluatingthecandidatemodelsin
anunbiasedmanner. Time seriesanalysismethodologiessuchasthatof Box andJenkins[6], do
generallyhave anevaluationstep,but it is very interactive andprimarily concernedwith thefit of
themodelandnot its predictive power, which is really what is of interestto thedistributedcom-
putingcommunity. Furthermore,thesemethodologiesoftenassumethatcomputationalresources
arescarce,when,in fact,they arecurrentlywidely available.

We believe thattheappropriateway to to evaluateprospective modelsis to studytheir predic-
tiveperformancewhenconfrontedby many randomlyselectedtestcases.Runningthis plethoraof
testcasesrequiresconsiderablecomputationalresources.While it is possibleto script tools such
asMatlabandS-Plusto do the job, it would be considerablymoreefficient to have a morespe-
cializedtool thatcouldexploit theembarrassingparallelismavailablehere.Furthermore,it would
bedesirablefor thetool to usethesamemodelimplementationsthatwould ultimatelybeusedin
theon-linepredictionsystem.Weevaluatedtheuseof linearmodelsfor hostloadpredictionusing
suchaparallelizedtool implementedusingRPS[10], whichwe describein Section5.4.

Thefinal step,implementinganon-linepredictionsystemfor thesignal,requiresimplement-
ing,or reusing,themodelor modelsthatsurvivedtheevaluationstepandenablingthemto commu-
nicatewith sensorsandtheapplicationsor middlewarethatmaybeinterestedin thepredictions.In
addition,mechanismsto evaluateandcontrolapredictionsystemmustbeprovided.In Section8.1
we show how we useRPSto implementan on-line host load predictionsystemusingthe same
modelswe evaluatedearlier.

2.2 Implementation requirements

Thegoalof RPSis to providea toolkit thatsimplifiesthefinal two stepsof thepredictionprocess,
asdescribedabove. We alsorequiredthatour implementationwould provide generacity, extensi-
bility, distributability, portability, andefficiency. Theserequirementswereintendedto makeRPS
asflexible aspossiblefor future researchinto resourceprediction. We addresseachof thesere-
quirementsbelow, notinghow our implementationaddressestheserequirements.

Generacity: Nothingin thesystemshouldbetied to a specifickind of signalor measurement
approach.RPSshouldbe able to operateon periodically sampled,scalar-valuedmeasurement
streamsfrom any source.Generacityis importantin a researchsystemsuchasRPSbecausethere
area plethoraof differentsignalsin a distributedsystemwhosepredictabilitywe would like to
study. While our researchhasfocusedprimarily on thepredictionof hostloadasmeasuredby the
loadaverage,wehavealsousedRPSto studythepredictabilityof networkbandwidthasmeasured
by Remosandthroughcommonlyavailabletraces.

Extensibility: It shouldbeeasyto addnew modelsto RPSandto write new RPS-basedpre-
diction components.Beingableto addnew modelsis importantbecausethestatisticalstudyof a
signalcanpoint to their appropriateness.For example,we addedan implementationof the frac-
tional ARIMA model to RPSafter we notedthat host load tracesexhibited self-similarity. An
obvious exampleof the needfor easilyconstructablecomponentsis implementingnew sensors.
For example,we addeda Remos-basednetworkbandwidthsensormany monthsafter writing a
hostloadsensor.

Distrib utability: It shouldbepossibleto placeRPS-basedpredictioncomponentsin different
placeson the networkandhave themcommunicateusingvarioustransports.On-lineprediction
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Figure1: Overview of anon-lineresourcepredictionsystem.

placescomputationalloadonthedistributedsystemandit shouldbepossibleto distributethis load
acrossthehostsasdesired.Similarly, it shouldbepossibleto adjustthecommunicationloadand
performanceby usingdifferenttransports.For example,many applicationsmaybe interestedin
hostloadpredictions,soit shouldbeeasyto multicastthem.If two communicatingcomponentsare
locatedon thesamemachine,they shouldbeableto usea fastertransport.RPS-basedcomponents
aredistributableandcancommunicateusingTCP, UDP, Unix domainsockets,pipes,andfiles.

Portability: It shouldbeeasyto port RPSto new platforms,includingthosewithout threads,
suchasFreeBSD,andnon-Unixsystems,suchasNT. FreeBSDandNetBSDareimportanttarget
platformsfor Remosand RPS.Someof the potentialusersof RPS suchas organizationslike
theARPA Quorumproject,areincreasinglyinterestedin NT-basedsoftware.RPSrequiresonly
a modernC++ compilerto build andhasbeenportedto Linux, Digital Unix, Solaris,FreeBSD,
NetBSD,andWindowsNT.

Efficiency: An on-linepredictionsystemimplementedusingRPScomponentsshouldbeable
to operateat reasonablyhigh measurementrates,andplaceonly minor computationalandcom-
municationloadson the systemwhen operatingat typical samplingrates. Obviously, what is
reasonabledependson thesignalandthemodelbeingusedto predictit. The ideahereis not to
achieve near-optimalperformance,but ratherto achieve sufficient performanceto makeanRPS-
basedresourcepredictionsystemusablein practice. Ultimately, somethinglike a hostload pre-
diction systemwould probablybe implementedasa single,hand-codeddaemonwhich would be
considerablyfasterthana systemcomposedout of communicatingRPSpredictioncomponents,
suchaswe measurelater. However, the latterRPS-basedsystemcanoperateat over 700Hz and
offersnoise-floorlevel loadat appropriaterateswith medianpredictionlatenciesin the2 millisec-
ondrange.A comparablemonolithicsystem,composedat compile-timeusingRPS,cansustaina
rateof 2.7KHz.

3 Overall systemdesign

Herewe describethestructureof RPSasit relatesto theconstructionof anon-lineresourcepre-
diction system(step6 of Section2.1.) In addition,RPScanalsobe usedto implementoff-line
evaluationsystemsasperstep5 of Section2.1. In thefollowing, we focuson on-lineprediction,
pointingout theparticularsof off-line predictiononly in passing.Section5.4presentsmoredetails
abouta paralleloff-line system.
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Figure1 presentsan overview of an on-line time seriespredictionsystem. In the system,a
sensorproducesa measurementstream(we alsoreferto this asa signal) by periodicallysampling
someattributeof thedistributedsystemandpresentingit asa scalar. Themeasurementstreamis
theinputof a predictor, which,for eachindividualmeasurementproducesavector-valuedpredic-
tion. Thevectorcontainspredictionsfor thenext � valuesof themeasurementstream,where� is
configurable.Eachof thepredictionsin avectoris annotatedwith anestimateof its error. Consec-
utivevectorsform apredictionstream, whichis theoutputof thepredictor. Applications(including
othermiddleware)cansubscribedirectlyto thepredictionstream.Thepredictionstreamalsoflows
into abuffer, whichkeepsshorthistoryof thepredictionstreamandpermitsapplicationsto access
thesepredictionsasynchronously, via a request/responsemechanism.Themeasurementandpre-
diction streamsalsofeedanoptionalevaluator, which continuouslymonitorstheperformanceof
thepredictorby comparingthepredictor’s actualpredictionerrorwith a maximumpermitteder-
ror andby comparingthepredictor’sestimatesof its errorwith anothermaximumpermittederror
level. If eithermaximumis exceeded— thepredictoris eithermakingtoo many errorsor is mis-
estimatingits own error— theevaluatorcallsbackto thepredictorto tell it to refit its model.The
usercanexert controlof thesystemby anasynchronousrequest/responsemechanism.For exam-
ple, hemight changethesamplingrateof thesensor, themodelthepredictoris using,or thesize
of thebuffer’shistory.

The implementationof Figure1 relieson several functionallydistinctpiecesof software:the
sensorlibraries,thetime seriespredictionlibrary, themirror communicationtemplatelibrary, the
predictioncomponents,andscriptsandotherancillarycodes.

Sensorlibraries implementfunctioncalls that measuresomeunderlyingsignalandreturna
scalar. Section4 providesmoreinformationabouthostloadandflow bandwidthlibrariesthatwe
provide.

The time seriesprediction library providesan extensible,object-orientedC++ abstraction
for timeseriespredictionsoftwareaswell asimplementationsof avarietyof usefullinearmodels.
Section5 providesadetaileddescriptionof this library andastudyof thestand-aloneperformance
of thevariousmodelswe implemented.

Themirr or communicationtemplate library providesC++ templateclassesthatimplement
thecommunicationrepresentedby arrowsin Figure1. It makesit veryeasyto createacomponent,
suchaspredictor, or any of theotherboxesin thefigure,whichhasalargeamountof flexibility . In
particular, thelibrary providesrun-timeconfigurability, theability to handlemultipledatasources
andtargets,request/responseinteractions,andthe ability to operateover a varietyof transports.
Section6 describesthemirror library in detail.

Prediction componentsareprogramsthatweimplementedusingtheprecedinglibraries.They
realizetheboxesof Figure1 andcanbeconnectedasdesiredwhenthey arerun.Section7 describes
thepredictioncomponentswe implemented.Section8 describestheperformanceandoverheadof
anon-linehostloadpredictionsystemfor composedfrom thesecomponentsandcommunicating
usingTCP.

Ancillary software includesscriptsto instantiatepredictionsystemson machines,tools for
replayinghostload traces,andtools for testinghostloadprediction-basedschedulers.We don’t
describethis softwarein any furtherdetail in this paper. Onepieceof softwarethathasnot been
implementedis a systemfor keepingtrackof instantiatedpredictionsystemsandtheirunderlying
datastreams.Currently, theclient middlewareor theusermustinstantiatepredictioncomponents
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andmanagethem.

4 Sensorlibraries

Currently, two sensorlibrarieshave beenimplemented.Thefirst library, GetLoadAvg providesa
function that retrievesthe load averages(ie, averagerun queuelength)of the Unix systemit is
runningon. Onsomesystems,suchasDigital Unix, theseare5, 30,and60secondaverages,while
onothers,suchasLinux, theseare1, 5,and15minuteaverages.Wehaveshown elsewherethatthe
executiontimeof acompute-boundtaskonaDigital Unix systemis stronglyrelatedto theaverage
loadit experiencesduringexecution[10].

TheGetLoadAvg codewasborrowedfrom Xemacsandconsiderablymodified.It usesefficient
OS-specificmechanismsto retrieve thenumberswherepossible.Whensuchmechanismsarenot
available,or whentheuser’spermissionsareinadequate,it runstheUnix uptimeutility andparses
its output. BecauseNT doesnot have an equivalent to the load average,it gracefully fails on
thatplatform. Additional codeis availablefrom usfor directly samplingtherun-queuelengthon
anNT systemusingthe registry interface.On a 500MHz Digital Unix machine,approximately
640,000GetLoadAvg callscanbemadepersecond.Themaximumobservedlatency is about10
milliseconds.Wenormallyoperateatabout1 call persecond.

Thesecondlibrary, GetFlowBW, providesafunctionthatmeasuresthebandwidththataprospec-
tive new flow betweentwo IP addresseswould receive, assumingno changein otherflows. The
implementationis basedonRemos[18], whichusesSNMPqueriesto estimatethisvalueonLANs
andbenchmarkingto estimateit on WANs. For SNMPquerieson a privateLAN, about14 calls
canbemadepersecond.

5 Time seriesprediction library

The time seriespredictionlibrary is an extensiblesetof C++ classesthat cooperateto fit mod-
els to data,createpredictorsfrom fitted models,and thenevaluatethosepredictorsas they are
used. While the abstractionsof the library aredesignedto facilitateon-lineprediction,we have
alsoimplementedseveraloff-line predictiontoolsusingthelibrary, includinga parallelizedcross-
validationtool. Currently, the library implementstheBox-Jenkinslineartime seriesmodels(AR,
MA, ARMA, ARIMA), a fractionally integratedARIMA model which is useful for modeling
long-rangedependencedependencesuchasarisesfrom self-similarsignals,a“last value”model,a
windowedaveragemodel,andalongtermaveragemodel.In addition,weimplementedatemplate-
basedutility modelwhich canbeparameterizedwith anothermodelresultingin a versionof the
underlyingmodelthatperiodicallyrefitsitself to data.

5.1 Abstractions

Theabstractionsof the time seriespredictionlibrary areillustratedin Figure2. Theuserbegins
with a measurementsequence,

�������	��

������
���������
����������
, which is a sequenceof � scalarvaluesthat

werecollectedat periodicintervals,anda modeltemplatewhich containsinformationaboutthe
structureof thedesiredmodel.Althoughtheusercancreatea modeltemplatehimself,a function
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Figure2: Abstractionsof thetimeseriespredictionlibrary

is alsoprovidedto createamodeltemplateby parsingasequenceof stringssuchascommand-line
arguments.

The measurementsequenceand model templateare suppliedto a modelerwhich will fit a
modelof theappropriatestructureto thesequenceandreturnthemodelto theuser. Theusercan
selecttheappropriatemodelerhimselfor usea provided functionwhich choosesit basedon the
modeltemplate.Thereturnedmodelrepresentsa fit of themodelstructuredescribedin themodel
templateto themeasurementsequence.

To predictfuturevalues,themodelcreatesa predictor. A predictoris a filter which operates
on ascalar-valuedmeasurementstream,

����
���������
������
, producinga vector-valuedpredictionstream,�������� � �!��
"��#��� � �$��
�������
$������ ���"%'&�
(������ �!�)� � �$��
*���� �!�)� ���"+�
����
�,
$���� �!�)� � �!���*%-&�
��
���

Eachnew measurementgenerates
predictionsfor whatthenext � measurementswill be,conditionedon thefitted modelandon all
themeasurementsup to andincludingthenew measurement.� canbedifferentfor eachstepand
the predictorcanbe askedfor any arbitrarynext � valuesat any point. The predictorcanalso
produceerror estimatesfor its . 
�/*
��
����
 � -stepaheadpredictions.Ideally, thepredictionerrorwill
benormallydistributedandso theseestimatescanserve to computea confidenceinterval for the
prediction.

The measurementandpredictionstreamscanalsobe suppliedto an evaluator, which evalu-
atestheactualquality of thepredictionsindependentof any particularpredictor, producingerror
metrics.Theusercancomparetheevaluator’s errormetricsandthepredictor’s errorestimatesto
determinewhetheranew modelneedsto befitted.

5.2 Implementation

Thetime seriespredictionlibrary is implementedin C++. To extendthebasicframework shown
in Figure2 to implementa new model,onecreatessubclassesof modeltemplate,modeler, model
and predictor, and updatesseveral helper functions. We implementedthe nine modelsshown
in Figure 3 in this way. Evaluatorcan also subclassed,but the baseclassalreadyprovides a
comprehensive implementation.

In the remainderof this section,we shall focuson the implementationof thetime seriespre-
diction library andthetreatmentof theindividualmodelingtechniquesis intentionallybrief. More
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Model Notes
SimpleModels

MEAN Long-rangemean
LAST Last-value
BM(p) Meanover “best” window

Box-JenkinsModels
AR(p) UsesYule-Walker
MA(q) UsesPowell

ARMA(p,q) UsesPowell
ARIMA(p,d,q) Capturesnon-stationarity, usesPowell

Self-similarModels
ARFIMA(p,d,q) Captureslong-rangedependence

Utiltity Models
REFIT0 T 1 Auto-refittingmodel

Figure3: Currentlyimplementedpredictivemodels.
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detailcanbefoundin ourearlierpaperon linearmodelsfor hostloadprediction[10] andin stan-
dardreferencessuchasBoxandJenkins[6], BrockwellandDavis [7], andin theclassicarticleson
fractionalARIMA models[17, 14]. S-Plus[20] andMatlab’s SystemIdentificationToolbox[21]
providegoodtoolsfor learningandexperimentingwith thesemodels.

Themodelswe implementedaredifferentkindsof lineartime seriesmodels.In fitting sucha
model,theideais to treatthemeasurementsequence

�������
astheoutputof alinearfilter beingdriven

by a white noisesequence
��2	���

. Figure4 illustratesthis decomposition.Thefilter coefficients 354
areestimatedfrom pastobservationsof the sequencewith the goal of minimizing the variance
(or energy) of thedriving source,6 �7 . This residualvarianceis theninterpretedasanestimateof
predictionerrorof themodelfor one-step-aheadpredictions.

This generalform of the linear time seriesmodel is impractical,sinceit involvesan infinite
summationusinganinfinite numberof completelyindependentweights.Thepracticalmodelswe
implementedmodel the filter coefficients 384 asthe coefficientsof a ratio of polynomialsin the
backshiftoperator9 , where 9;: �#�=<>����� : . Usingthis scheme,themodelswe implementedareall
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variantsof thefollowing form:

���8< ?*@ 9BAC @ 9BA @ .EDF9BA :
2���GIH

(1)

5.2.1 Implementedmodels

MEAN model: TheMEAN modelhas
���'<>H

, soall futurevaluesof thesequencearepredicted
to bethemean.This is thebestpredictor, in termsof minimummeansquarederror, for asequence
which hasno correlationover time — in otherwords,it is bestif the sequenceis entirelywhite
noise.TheMEAN modelerandmodelclassesessentiallydo no work, while theMEAN predictor
classmaintainsa runningestimateof themeanandvarianceof thesignal.

LAST model: LAST modelshave
���=< �J�KMLON 2	�

where
C @ 9BA hasonecoefficient, setto one. In

otherwords,
���=<P�����$�

, sotheonestepaheadpredictionis simply thelastmeasuredvalue.LAST
is implementedasa BM(1) model,whichwe describenext.

BM( Q ) models: BM( Q ) modelshave
���=< �J�KML8N 2	�

wherethe
C @ 9BA has � , �SRTQ , coefficients,

eachsetto .VU�� . Thissimplypredictsthenext sequencevalueto betheaverageof theprevious �
values,asimplewindowedmean.TheBM( Q ) modelerchooses� to minimizetheone-step-ahead
predictionerror for themeasurementsequence.TheBM( Q ) modelsimply keepstrackof this �
andtheBM( Q ) predictorimplementsthewindowedaverage.

AR( Q ) models:AR(Q ) (purelyautoregressive)modelshave
���W< �J#KXL8N 2	�*GYH

where
C @ 9BA hasQ

coefficientswhichthemodelerchoosesto minimize 6 �7 . Our implementationusestheYule-Walker
techniqueto fit the model. In this technique,the autocorrelationfunction of the measurement
sequenceis computedto amaximumlagof Q andthena Q -wideToeplitzsystemof linearequations
in thecoefficientsis solved. Even for relatively largevaluesof Q , this canbedonequitequickly,
andthetechniquemakesno assumptionsabouttheerrordistribution. TheAR(Q ) modelstorestheQ coefficients,

H
, and 6 �7 . Predictionis donewith anEta-thetapredictor, whichwedescribenext.

Eta-theta predictor: The AR, MA, ARMA, ARIMA, andARFIMA modelssharea single
predictorimplementation.That predictormaintainsa copy of the model coefficients ( Z @ 9BA <C @ 9BA @ .8D[9BA): ), ?"@ 9BA asbefore,

H
, and 6 �7 . In addition,it maintainsapredictionstatein theform of

a historyof previousone-step-aheadpredictionsandtheir correspondingerrors(thewhite noise).
It operateslinearly on this stateandthe coefficientsto producepredictions. New measurement
streamvalueschangethestate.

MA( \ ) models: MA( \ ) (purely moving average)modelshave
����< ?*@ 9BA 2	�

where ?*@ 9BA has\ coefficients. Themodelerusesthe NumericalRecipesimplementationof Powell’s methodfor
multi-dimensionalfunction minimization[24], pp. 406–413,to choosecoefficientswhich mini-
mize 6 �7 for themeasurementsequence.TheMA( \ ) modelstoresthe \ coefficients,

H
, and 6 �7 .

ARMA( Q ,\ ) models:ARMA( Q ,\ ) (autoregressivemoving average)modelshave
���5<^] KMLONJ#KXL8N 2���G

H
where

C @ 9BA hasQ coefficientsand ?*@ 9BA has \ coefficients.ThemodelerusesPowell’s function
minimizationroutineto choosethe Q G \ coefficientsto minimize 6 �7 for themeasurementsequence.
TheARMA( \ ) modelstoresthe Q G \ coefficients,

H
, and 6 �7 .

ARIMA( Q ,_ ,\ ) models: ARIMA( Q ,_ ,\ ) (autoregressive integratedmoving average)models
implementEquation1 for _ < . 
�/"
������

Thepurposeof theseunitaryrootsis to introduceintegration
of the signal,which allows ARIMA modelsto modelnon-stationarysignals. The modelerfits
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ARIMA( Q ,_ ,\ ) modelsby differencingthesequence_ timesandthenfitting anARMA( Q ,\ ) model
asaboveto theresult.Themodelcontainsthe _ , the Q G \ coefficients,

H
, and 6 �7 . Whenaneta-theta

predictoris constructed,the _ unitaryrootsarefoldedinto the Z portionof thepredictor.
ARFIMA( Q ,_ ,\ ) models: ARFIMA( Q ,_ ,\ ) (autoregressive fractionally integratedmoving av-

erage) modelsimplementEquation1 for fractionalvaluesof _ , `BaT_baF` �Mc
. It canbeshown that

this fractionalintegrationcanmodellong-rangedependencesuchasarisesfrom self-similarity[4,
17, 14]. In addition, the “ARMA part” of the modelmodelsthe short-rangedependencein the
signal. To fit ARFIMA models,we useFraley’s Fortran 77 code[12], which doesmaximum
likelihoodestimationof ARFIMA modelsassuminganormallydistributedwhitenoisesourcefol-
lowingHaslettandRaftery[16]. Thisimplementationisalsousedby commercialpackagessuchas
S-Plus.Whenthepredictoris constructed,wetruncate@ .EDF9BAd: at300coefficients(otherchoices
arepossible).

REFIT a T e model: TheREFITa T e modeler, model,andpredictorareC++templateclasses
thatareparameterizedby somemodelerclassandproducemodelsof theunderlyingtypethatwill
automaticallyrefit themselvesat regular, user-specified,intervals.For example,

RefittingModeler<ARModeler>::Fit(seq,seqlen,modeltemplate,interval)

will returnanAR modelwhosepredictorwill automaticallyfit a new AR modelandupdateitself
aftereveryinterval new samples.

5.2.2 Useof Powell’smethod

The choiceof Powell’s method,which we usein our implementationsof the MA, ARMA and
ARIMA modelsis a compromise.Powell’s methoddoesnot requirederivativesof the function
beingminimized,but operatesmoreslowly thanothermethodswhichcanmakeuseof derivatives.

We usethis methodbecausewe want to minimize 6 �7 (the sumof squaredpredictionerrors)
directly. Other, fastermethodsto fit MA, ARMA, andARIMA modelsexist. Insteadof minimizing6 �7 , thesemethodsmaximizethe likelihood, which is a functionof 6 �7 whoseform is determined
by the distribution of the errors. By assuminga particular distribution, a function with known
derivativesis producedandthisallowstheuseof fasterfunctionminimizationmethods.However,
we foundthatassuminga particularerrordistribution wasrarelyvalid for hostloadandnetwork
flow bandwidth,two signalsthat were of considerableinterestto us. The predictionerrorsof
linear time seriesmodelson real signalsarerarelydistributedaccordingto a convenientanalytic
distribution,althoughthey usuallyarequitewhite (uncorrelated)andhave low 6 �7 .
5.2.3 Prediction evaluation

Theevaluatorwe implementedmeasuresthefollowing errormetricsof a predictor. For eachlead
time,theminimum,median,maximum,mean,meanabsolute,andmeansquaredpredictionerrors
arecomputed.Of these,themeansquaredpredictionerrorsareespeciallyuseful,sincethey can
becomparedagainstthepredictor’s own estimatesto determinewhethera new modelneedsto be
fitted. Of course,a new modelcanalsobefitted if thepredictionerror is simply too high, or for
any reason,atany time.

Theone-step-aheadpredictionerrors(ie,
2 ����"f

, g < . 
h/*
����
��
�i
) arealsosubjectto IID andnor-

mality testsasdescribedby Brockwell andDavis [7], pp. 34–37.IID testsincludethefractionof
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the autocorrelationsthataresignificant,the PortmanteauQ statistic(thepower of theautocorre-
lation function),the turningpoint test,andthesign test. Recallthatwith anadequatemodel,the
predictionerrorsshouldbeuncorrelated(white) noise. If an IID testfindssignificantcorrelation
in theerrors,thena new modelcanbefitted to attemptto capturethis correlation.Theevaluator
alsotestsif theerrorsaredistributednormallyby computingthe j �

valueof a least-squaresfit to
aquantile-quantileplot of theerrorsversusa sequenceof normalsof thesamemeanandvariance.
If the j �

is high, thenusingthesimplifying assumptionthattheerrorsarenormallydistributedis
well founded.

5.3 Example

Thefollowing is acodefragmentto show how thetimeseriespredictionlibrarycanbeused.In the
code,we fit anARMA(2,2) modelto thefirst half of thesequenceseq andthendo 8-step-ahead
predictionson thesecondhalf of thesequence

ModelTemplate *template;
Model *model;
Predictor *predictor;
Evaluator *evaluator;
double predictions[8], errorestimates[8];

// fit model to 1st half and create predictor
template = ParseModel(3,{"ARMA","2","2"});
model = FitThis(&(seq[0]),seqlen/2,*template);
predictor = model->MakePredictor();
eval = new Evaluator;

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

evaluator->Initialize(8);

// 8-ahead predictions for rest of sequecne
for (i=seqlen/2+1;i<seqlen;i++) {
// Step the new observation into the predictor - this
// returns the current one step ahead prediction, but
// we’re just ignoring it here.
predictor->Step(seq[i]);
// Ask for predictions + errors from 1 to 8 steps into the future
// given the state in the predictor at this point
predictor->Predict(8,predictions);
predictor->ComputeVariances(8,errorestimates);
// Send output to evaluator
evaluator->Step(seq[i],predictions);
// do something useful with predictions here

}
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// Get final stats from evaluator
evaluator->Drain();
PredictionStats *predstats = evaluator->GetStats();

To usea differentmodel,all that is neededis to changetheargumentsto theParseModel call,
whichcouldjustaseasilycomefrom thecommandline. ParseModel andFitThis arehelper
functionsto simplify dealingwith thelargeandextensiblesetof availablemodeltemplates,mod-
elers,models,andpredictors.It is alsopossibleto invokemodelersdirectly, with or withoutmodel
templates.

5.4 Parallel cross-validation system

Using the time seriespredictionlibrary, we implementeda parallel cross-validationsystemfor
studyingthepredictivepowerof modelsonetracesof measurementdata.Theusersuppliesamea-
surementtraceandafile containingasequenceof testcasetemplates.A testcasetemplatecontains
rangesof valid valuesfor modelclasses,numbersof modelparameters,lengthsof sequencesto fit
modelsto, andlengthsof subsequentsequencesto testthefittedmodelson.

As thesystemruns,testcasesarerandomlygeneratedby amasterprogramusingthetemplate’s
limits onvalid valuesandparceledout to workerprocessesusingPVM [13]. Theworkersruncode
similar to thatof Section5.3 to evaluatea testcase.Essentially, theresultis a setof errormetrics
for arandomlychosenmodelfit to arandomsectionof thetraceandtestedonasubsequentrandom
sectionof thetrace.Whenaworkerfinishesevaluatinga testcase,it sendstheresultingsetof error
metricsbackto themaster, whichprintsthemin a form suitablefor importinginto adatabasetable
for furtherstudy.

Becausethe testcasesarerandomlygenerated,the databaseof testcasescanbe usedto draw
unbiasedconclusionsabouttheabsoluteandrelative performanceof particularpredictionmodels
onparticularkindsof measurementsequences.

5.5 Performance

In implementinganon-lineresourcepredictionsystem,it is obviously importantto know thecosts
involvedin usingthevariousmodelssupportedby thetime seriespredictionlibrary. For example,
if the measurementstreamproducesdataat a 10 Hz rateand the predictorrequires200 ms to
produceaprediction,thenit will fall furtherandfurtherbehind,producing“predictions”for times
that are increasinglyfurther in the past. Clearly, sucha predictoris useless.Anotherpredictor
that requires100mswill give up-to-datepredictions,but at thecostof saturatingtheCPUof the
machinewhereit is running.A predictorthatrequires1 msor lesswouldclearlybedesirablesince
it wouldconsumeonly 1%of theCPU.Similarly, thecostof fitting amodelandthemeasurement
ratedetermineshow oftenwecanrefit themodel.At the10Hz rate,amodelthattakes10seconds
to fit cannotbefit any moreoftenthanevery100measurements,andonly thenif wearewilling to
saturatetheCPU.

Wemeasuredthecosts,in termsof systemandusertimerequiredto (1) fit amodelandcreatea
predictorand(2) steponemeasurementinto thepredictorproducingonesetof 30-step-aheadpre-
dictions.Becausethetime to fit a modelis dependenton thelengthof themeasurementsequence,
while the predictortime is not, we measuredthe costsfor two differentmeasurementsequence
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(a)AR Models (b) BM Models

(c) MA Models (d) ARMA Models

(e)ARIMA Models (f) ARFIMA Models

Figure5: Timing of variouspredictionmodels,600samplefits.

lengths,600 samplesand2000samples.The measurementsequenceusedwasa representative
hostloadtrace.

Theresultsareshown in Figures5 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 REFITa T e variantswerenot measured,althoughtheir perfor-
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(a)AR Models (b) BM Models

(c) MA Models (d) ARMA Models

(e)ARIMA Models (f) ARFIMA Models

Figure6: Timing of variouspredictionmodels,2000samplefits.

mancecan certainlybe derived from the measurementswe did take. For eachmodel,we plot
severaldifferentandinterestingcombinationsof parametervalues.For eachcombination,weplot
two bars,thefirst bar (Fit/Init) plots the time to fit the modelandproducea predictorwhile the
secondbar(Step/Predict)plotsthetime to stepthatpredictor. Eachbaris theaverageof 30 trials,
eachof whichconsistsof oneFit/Init stepanda largenumberof Step/Predictsteps.They axison
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eachplot is logarithmic.Wereplicatesomeof thebarsfrom graphto graphto simplify comparing
modelsacrossgraphsandwealsodraw horizontallinesatroughly1 msand100ms,whicharethe
Fit/Init timesof AR(16) andAR(512)models,respectively. 1 msis alsotheStep/Predicttime of
anAR(512)predictor.

Thereareseveralimportantthingsto notewhenexaminingFigures5 and6. First,theinclusion
of LAST andMEAN onthe(a)plotsprovidemeasuresof theoverheadof thepredictorandmodeler
abstractions,sinceLAST’s predictorandMEAN’s modelerdo hardlyany work. As we cansee,
theoverheadof theabstractionsarequite low andon parwith virtual functioncalls,aswe might
expect.

The secondimportantobservation from the figuresis that AR models,even with very high
order, arequite inexpensive to fit. An AR(512)fit on a 2000elementsequencetakesabout100
ms. In fact, ignoring LAST andMEAN, the only real competitionto even the AR(512) comes
from very low orderversionsof the other models. The downsideof high order AR modelsis
that the Step/Predicttime tendsto bemuchhigherthanthatof lower orderversionsof the more
complex models. For example,the predictorfor an ARIMA(8,3,8) modeloperatesin 1/100the
time of anAR(512). This is becausethenumberof operationsaneta-thetapredictorperformsis
linear in the numberof modelparameters.If very high measurementratesareimportant,these
moreparsimoniousmodelsmaybepreferable.Interestingly, theARFIMA modelsalsohave very
expensive predictors.This is because,althoughthe modelcaptureslong-rangedependencevery
parsimoniouslyin theform of the _ parameter, we multiply out the @ .kDF9BA): termto generate300
coefficientsin theeta-thetapredictor. It is notclearhow to avoid this.

A final observation is that theMA, ARMA, andARIMA models,quitesurprisingly, arecon-
siderablymoreexpensive to fit thanthe muchmorecomplex ARFIMA models.This is because
weuseahighly-tunedmaximumlikelihoodcodethatassumesanormalerrordistributionto fit the
ARFIMA model. TheMA, ARMA, andARIMA modelsarefit without makingthis assumption
usinga function optimizer which doesnot requirederivatives. We usedthis approachbecause
experimentationwith Matlab, which usesa maximumlikelihood approach,showed that the as-
sumptionwasrarelyvalid for traceswe wereinterestedin. Maximumlikelihood basedmodelers
for MA, ARMA, andARIMA modelswould reducetheirFit/Init timesto a bit below thoseof the
ARFIMA models. However, fitting even high-orderAR modelsshouldstill be cheaperbecause
AR(Q ) modelsarefit by solvinga Q -diagonalToeplitzwhile theothermodelsrequiresomeform
of functionoptimizationover theirparameters.

6 Mirr or communicationtemplate library

As we beganto implementanon-lineresourcepredictionservicefor hostloadandcontemplated
implementinganotherfor networkbandwidth,we discoveredthat we were often rewriting the
samecommunicationcodein eachnew program.As thenumberof suchpredictioncomponents
beganto grow andwesoughtto incorporatemoresophisticatedcommunicationtransportssuchas
multicastIP, thesituationbecameuntenable.Steppingback,we factoredout thecommunication
requirementsof thepredictioncomponentsanddecidedto implementsupportfor themseparately.
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Figure7: Themirror abstraction(a)andimplementation(b).

6.1 Moti vation

ConsiderFigure1, whichshowsahigh level view of how thecomponentsof anon-lineprediction
servicecommunicate.Noticethateachcomponentcanis roughlysimilar in how it communicates
with other components.It receives datafrom one or more input data streamsand sendsdata
to oneor more output datastreams. When a new dataitem becomesavailableon someinput
datastream,the componentperformscomputationon it andforwardsit to all of the outputdata
streams.In additionto this datapaththecomponentalsoprovidesrequest-responsecontrol which
operatesasynchronously. Wereferto this abstractionasamirror (with nocomputation,inputdata
is “reflected”to all of theoutputs)andillustrateit in Figure7(a).

Wewantedto beableto implementthecommunicationamirror performsin differentwaysde-
pendingonwherethecomponentsaresituatedandhow many thereare.For example,thepredictor
componentin Figure1 acceptsa streamof measurementsfrom a sensorandproducesa streamof
predictionswhich areconsumedby thebuffer andtheevaluator. In addition,theevaluatorandthe
usercanasynchronouslyrequestthatthepredictorrefit its model.Applicationsmayconnectatany
time to receive thepredictionstream.If we colocateall of thecomponentson a singlemachine,
Unix domainsocketsor evenpipesmight bethefastestcommunicationmechanismto use.If the
componentsareon differentmachines— for example,it maybeimpossibleto locateany compo-
nentsotherthanthesensoron a networkrouter— TCP-basedcommunicationmaybepreferable.
If a largenumberof applicationsareinterestedin thepredictionstream,it maybenecessaryto use
multicastIP in orderto keepnetworktraffic low. This is thekind of flexibility we expectedfrom
ourmirror implementation.

6.2 Rejectedimplementation approaches

We consideredfive differentwaysof implementingthe mirror abstraction.The first possibility
wasto implementeachcomponentasa CORBA [26] server anduseremotemethodinvocation
(RMI) to transferdatafor the streamsaswell as for control communication.This would have
theadvantagethat theIDL compilerwould generateall of thenecessaryobjectserializationcode
for us andsimplify makingchangesin the future. However, it would requireusersof RPSto
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buy, install, andunderstanda CORBA implementation.Furthermore,thereis no singleCOBRA
implementationthatis availableon all theplatformswe wantedto beableto port to, andsomeof
our targetplatformsdid nothave a CORBA implementationat all.

The secondpossibility wasto usean even higher level tool, the CORBA event channelser-
vice[26][196–204].Eventchannelsessentiallyprovidethedatapathpartof ourmirror abstraction,
but withoutcomputation.Multiple producersplaceatomiceventsinto thechannelandthechannel
deliversthemto all listeners.An inputeventchanneldriving asinglerequest/responseserverdriv-
ing anoutputeventchannelwould serve to implementa mirror. While this approachwould have
thegreatlysimplifying our implementation,it hasthedisadvantagethat it would requireusersof
RPSto not only buy, install, andunderstanda CORBA implementationbut alsoaneventchannel
implementation.Ultimately, we decidedthis wouldbetooheavyweight.

Thethird possibilitywasto useJava. Java RMI [27] is in somewaysevenmorepowerful than
CORBA RMI in that morecomplex objectstructurescanbe automaticallyserialized.Java also
providesthreadswhich would have considerablysimplifiedprogrammingmirrors. However, we
would have hadto makeextensive useof the Java Native Interface(JNI) to call our prediction
library andsensorcode,bothof which provide only C++ interfaces.Our experiencewith JNI on
someof themoreuncommonplatformswe wantedto support,especiallyFreeBSDandNetBSD,
led usto feartheJava approach.Avoiding JNI by portingtherestof RPSto Java to avoid wasnot
reallyanoptionsincesomecomponents,suchsensors,mustusenativecode.

The fourth possibility was to useour home-grown distributedobjectsystem,LDOS. LDOS
consistsof a CORBA IDL compileranda lightweightrun-timesystem.Thecombinationallows
for theeasydevelopmentof C++ objectsthatcanbecalledover thenetworkvia objectreference
stubs,a dynamicinvocationmechanism,or via http andan html forms interface. Using LDOS
wouldconferseveralof thebenefitsof theCORBA andJavaapproacheswhile not requiringusers
to purchaseCORBA implementationsor raisingthe complexity of JNI for us. However, LDOS
reliesheavily on native threads(pthreadsor Win32 threads),which aresimply not availableon
someof our targetplatforms,suchasNetBSDandFreeBSD.

The final possibility we considered,andwhich we ultimately decidedto implement,was a
“from scratch”mirror implementationbasedonsocketsandtheUnix selectcall.

6.3 Implementation

Our mirror implementation,illustratedin Figure7(b), is a C++ templateclasswhich is parame-
terizedat compile-timeby handlersfor streaminput andfor request/responseinput. Additionally,
it is parameterizedby handlersfor new connectionarrivals for streamsandfor request/response
traffic, althoughthedefaulthandlersareusuallyusedfor this functionality. Parameterizedstream
input andrequest-responsehandlersarealsosuppliedfor serializableobjects,which canbeused
hideall thedetailsof communicationfrom thecomputationthatamirror performsfor dataor con-
trol. Beyondthis, thereareothertemplateclassesanddefaulthandlerimplementationsto simplify
usinga mirror. For example,our predictionmirror implementationusesoneof thesetemplates,
FilterWithControl<>, to simplify its design:

class Measurement : public SerializableInfo {...};
class PredictionResponse : public SerializableInfo {...};
class PredictionReconfigurationRequest : public SerializableInfo {...};
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class PredictionReconfigurationReply : public SerializableInfo {...};

class Prediction {
...
public:

static int Compute(Measurement &measure,
PredictionResponse &pred);

...
}

class Reconfiguration {
...
public:
static int Compute(PredictionReconfigurationRequest &req,

PredictionReconfigurationResponse &resp);
...
}

typedef FilterWithControl<
Measurement,
Prediction,
PredictionResponse,
PredictionReconfigurationRequest,
Reconfiguration,
PredictionReconfigurationResponse

> PredictionMirror;

To implementserialization,theclassesdescendedfromSerializeableInfo implementmeth-
odsfor gettingtheir packedsizeandfor packingandunpackingtheir datato andfrom a buffer
object.The implementerof thepredictionmirror doesnot write any communicationcode,which
is all provided in theFilterWithControl templatewhich ultimatelyexpandsinto a mirror
template.

As shown in Figure7(b),theheartof amirror is aselectstatementthatwaitsfor activity onthe
file descriptorsassociatedwith thevariousinput streams,request/responseports,andportswhere
new connectionsarrive. Streamscan also originatefrom in-processsources,and so the select
includesa timeoutfor periodicallycallingbackto theselocal sourcesto getinputstreamdata.

Whentheselectfalls through,all local callbacksthatarepastdueareexecutedandtheir cor-
respondingstreamhandleris executedon thenew dataitem. Next, eachopenfile descriptorthat
hasareadpendingonit is passedto its correspondingstream,request/response,or new connection
handler. A streamhandlerwill unserializeaninputdataitemfrom thestream,performcomputation
on it yieldinganoutputdataitem,which it passesto themirror’sdataforwardercomponent.

Thedataforwarderwill thenserializethe item to all theopenoutputstreams.If a particular
outputstreamis notwriteable,it will buffer thewrite andregistera handlerwith theselectorto be
calledwhenthestreamis onceagainwriteable.Thisguaranteesthatthemirror’soperationwill not
blockdueto anuncooperativecommunicationtarget.
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A request/responsehandlerwill unserializetheinputdataitemfrom thefile descriptor, perform
computationyielding anoutputdataitem, andthenserializethatoutputdataitem ontothe same
file descriptor. A new connectionhandlerwill simply acceptthenew connection,instantiatethe
appropriatehandlerfor it (ie, streamor requestresponse)andthenregisterthe handlerwith the
connectionmanager.

Themirror classknows abouta varietyof differenttransportmechanisms,in particular, TCP,
UDP (includingmulticastIP), Unix domainsockets,andpipesor file-like entities.Theuserasks
themirror to begin listeningat a particularport for dataor controlmessageseitherthroughanex-
plicit mirror interfaceor by usingEndPoints,whichareobjectsthatencapsulateall of amirror’s
availabletransportmechanismsandcanparseastringinto aninternalrepresentationof aparticular
transportmechanism.

6.4 Example

Hereis how thepredictionserver instantiatesa predictionmirror thatwill receive measurements
from a hostnamed“pyramid” usingTCPat port 5009,supportreconfigurationrequestsvia TCP
at port 5010,andsendpredictionsto all partiesthat connectvia TCP at port 5011or listen via
multicastIP ataddress239.99.99.99,port5012,andalsoto standardout:

PredictionMirror mirror;
EndPoint tcpsource, tcpserver, tcpconnect
EndPoint multicasttarget, stdouttarget;

tcpsource.Parse("source:tcp:pyramid:5009");
tcpserver.Parse("server:tcp:5010");
tcpconnect.Parse("connect:tcp:5011");
multicasttarget.Parse("target:udp:239.99.99.99:5012");
stdouttarget.Parse("target:stdio:stdout");

mirror.AddEndPoint(tcpsource);
mirror.AddEndPoint(tcpserver);
mirror.AddEndPoint(tcpconnect);
mirror.AddEndPoint(multicasttarget);
mirror.AddEndPoint(stdouttarget);

mirror.Run();

In orderto simplify writing clientsfor mirrors,we alsoimplemented3 referenceclasses,one
for streaminginput, onefor streamingoutput,andonefor request/responsetransactions.Hereis
how aclientwouldbegin to receive themulticastedpredictionstreamproducedby themirror code
above:

EndPoint source;
StreamingInputReference<PredictionResponse> ref;
PredictionResponse pred;

source.Parse("source:udp:239.99.99.99:5012");
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ref.ConnectTo(source);
while (...) {

ref.GetNextItem(pred);
pred.Print();

}
ref.Disconnect();

Similarly, hereis thecodethata client might useto reconfigurethepredictionmirror via its TCP
request/responseinterface,assumingthemirror is runningonmojave:

EndPoint source;
Reference<PredictionReconfigurationRequest,

PredictionReconfigurationResponse> ref;
PredictionReconfigurationRequest req(...);
PredictionReconfigurationResponse resp;

source.Parse("source:tcp:mojave:5010");
ref.ConnectTo(source);
ref.Call(req,resp);
resp.Print();

7 Prediction components

Usingthefunctionalityimplementedin thesensorlibrariesof Section4, thetimeseriesprediction
library of Section5, andthemirror communicationtemplatelibrary of Section6, we implemented
a setof predictioncomponents. Eachcomponentis a programthat implementsa specificRPS
function. On-lineresourcepredictionsystemsareimplementedby composingthesecomponents.
Thecommunicationconnectivity of acomponentis specifiedvia command-linearguments,which
meansthelocationof thecomponentsandwhattransportany two componentsuseto communicate
canbedeterminedat startuptime. In addition,thecomponentsalsosupporttransientconnections
to allow run-time reconfigurationand to permit multiple applicationsto usetheir services. In
Section8.1wecomposeanon-linehostloadpredictionsystemoutof thecomponentswedescribe
in this section.

We implementeda large setof predictioncomponents,which areshown in Figure8. They
fit into five basicgroups: host load measurement,flow bandwidthmeasurement,measurement
management,stream-basedprediction,andrequest/responseprediction.

Thehostloadmeasurementandflow bandwidthmeasurementgroupsimplementsensorsand
toolsfor workingwith them.In eachgroup,thesensorcomponent(eg, loadserver, flowbwserver)
generatesa streamof sensor-specificmeasurements,while the othercomponentsprovide mech-
anismsto control the sensor, readthe measurementstreams,buffer the measurementstreamsto
provideasynchronousrequest/responseaccessto themeasurements,and,finally, to convertsensor-
specificmeasurementsinto a genericmeasurementtype. The remainderof the componentsuse
thesegenericmeasurementstreams.

Themeasurementmanagementgroupprovidestoolsfor receivinggenericmeasurementstreams,
bufferinggenericmeasurements,andaccessingsuchbuffers.
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Component Function
HostLoadMeasurement

loadserver Generatesstreamof hostloadmeasurements
loadclient Printsloadserver’sstream
loadreconfig Changesa loadserver’shostloadmeasurementrate
loadbuffer Buffersmeasurementswith request/responseaccess
loadbufferclient Providesaccessto a loadbuffer
load2measure Convertsa loadmeasurementstreamto genericmeasurementstream

Flow BandwidthMeasurement
flowbwserver Generatesstreamof flow bandwidthmeasurementsusingRemos
flowbwclient Printsflowbwserver’sstream
flowbwreconfig Reconfiguresarunningflowbwserver
flowbwbuffer Buffersa flow bandwidthmeasurementstreamwith request/responseaccess
flowbwbufferclient Providesaccessto aflowbwbuffer
flowbw2measure Convertsaflow bandwidthmeasurementstreamto genericmeasurementstream

MeasurementManagement
measureclient Printsa genericmeasurementstream
measurebuffer Buffersgenericmeasurementswith request/responseaccess
measurebufferclient Providesaccessto ameasurebuffer

Stream-basedPrediction
predserver Computespredictionsfor a genericmeasurementstream
predserver core Performsactualcomputationsto containfailures
predreconfig Reconfiguresarunningpredserver
evalfit Evalutesa runningpredserverandreconfiguresit whennecessary
predclient Printsa predictionstream
predbuffer Buffersa predictionstreamwith request/responseaccess
predbufferclient Providesaccessto apredbuffer

Request/ResponsePrediction
pred reqrespserver Computes“one-off” predictionsfor request/responseclients
pred reqrespclient Makes“one-off” predictionrequestsona predreqrespserver

Figure8: PredictioncomponentsimplementedusingRPSlibraries.

Thestream-orientedpredictiongroupprovidescontinuouspredictionservicesfor genericmea-
surementstreams.Predserver is themaincomponentin this group.Whenstartedup, it retrievesa
measurementsequencefrom a measurebuffer, fits thedesiredmodelto it, andthencreatesa pre-
dictor. As new measurementsarrive in thestream,they arepassedthroughthepredictorto form� -step-aheadpredictionsandcorrespondingestimatesof predictionerror. Theseoperationsare
similarto thosedescribedin Section5.3.Theactualwork is doneby asubprocess,predserver core.
This limits theimpactof a crashcausedby a badmodelfit. If predserver corecrashes,predserver
simplystartsanew copy.

Predserver alsoprovidesa request/responsecontrol interfacefor changingthe typeof model,
thelengthof thesequenceto whichthemodelis fit, andthenumber, � , of predictionsit will make.
This interfacecanbeusedby theuserthroughthepredreconfigprogram.Alternatively, andeven
at thesametimeevalfit canusetheinterface.Evalfit receivesa genericmeasurementstreamanda
predictionstream,andcontinuouslyevaluatesthequality of thepredictionsusinganevaluatoras
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discussedin Section5.2.3.Whenthepredictionquality exceedslimits setby theuser, evalfit will
forcethepredserver it is monitoringto refit themodel.

The remainingcomponentsin the stream-orientedpredictionservicesgroupsimply provide
bufferingandclient functionalityfor predictionstreams.

The request/responsepredictiongroupprovidesclassicclient/server accessto the time series
predictionlibrary. Predreqrespclient sendsa measurementsequenceanda model templateto
predreqrespserver, which fits a modeland returnpredictionsfor the next � valuesof the se-
quence.

It is importantto note that the setof of predictioncomponentsis not fixed. It is quite easy
to constructnew componentsusing the libraries we describedearlier. Indeed,we constructed
additionalcomponentsfor theperformanceevaluationwe describein thenext section.

8 Performance

TheRPS-basedpredictioncomponentsdescribedin theprevioussectionarecomposedat startup
timeto form on-linepredictionsystems.To evaluatetheperformanceof RPSfor constructingsuch
systems,we constructeda representative RPS-basedpredictionsystemandmeasuredits perfor-
mancein termsof the timelinessof its predictions,themaximummeasurementratesthatcanbe
achieved, andthe additionalcomputationalandcommunicationload it placeson the distributed
system.In additionto the composedsystem,we alsoconstructeda monolithic systemusingthe
RPSlibrariesdirectlyandmeasuredthemaximummeasurementratesit couldsupport.

Theconclusionof our studyis that,for interestingmeasurementrates,boththecomposedand
themonolithicsystemscanprovide timely predictionsusingonly tiny amountsof CPUtime and
networkbandwidth.In addition,themaximumachievablemeasurementratesare2 to 3 ordersof
magnitudehigherthanwecurrentlyneed.

It is importantto notethatRPSis a toolkit for resourceprediction,and,becauseof theinherent
flexibility of sucha design,it is difficult to measureRPS’s performancefor creatingon-line re-
sourcepredictionsystemsin avacuum.Predictioncomponentscanbecomposedin many different
waysto constructon-lineresourcepredictionsystemsandtheRPSlibrariesenabletheconstruc-
tion of additionalcomponentsor increasedintegrationof functionality. Furthermore,prediction
componentscancommunicatein differentways.Finally, differentresourcesrequiredifferentmea-
surementratesandpredictive models. More complex predictive modelsrequiremorecomputa-
tional resourceswhile highermeasurementratesrequiremorecomputationalandcommunication
resources.

Becauseof the intractability of attemptingto characterizethis space,we insteadfocusedon
measuringthe performanceof a representative RPS-basedon-line host load predictionsystem.
Thesystemis representative in thesensethatit implementsthefunctionalityof Figure1 usingthe
predictioncomponents.Furthermore,it is alsoa realisticsystem.It usesa predictive modelthat
wehave foundappropriatefor hostloadpredictionin otherwork [10]. Finally, it is a fairly widely
usedsystemwhich hasbeendistributedwith Remos[18], is currentlyusedin QuO [33], andis
currentlybeingusedin ourdistributedreal-timeschedulingwork [8].
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Figure9: Online host load predictionsystemcomposedout of the RPSpredictioncomponents
describedin Section7.

8.1 Host load prediction system

Figure9 shows the configurationof predictioncomponentsusedfor host load prediction. The
boxesin thefigurerepresentpredictioncomponentswhile darkarrows representstreamcommu-
nicationbetweencomponents,andsymmetricarrows representrequest/responsecommunication
betweencomponents.Thearrows areannotatedwith communicationvolumespercycle of oper-
ationof thesystemfor streamsandpercall for request/responsecommunication.l is thenumber
of measurementsbeingrequestedasynchronouslyfrom themeasurebuffer while � is thenumber
of stepsaheadfor which predictionsaremadeand m is thenumberof predictionsbeingrequested
from thepredbuffer. Noticethesimilarity of thissystemto thehigh-level view of Figure1.

The systemworks as follows. The loadserver componentperiodicallymeasuresthe load on
the hoston which it is runningusingthe GetLoadAvg library describedin Section4. Eachnew
measurementis forwardedto any attachedloadclientsandalsoto load2measure,which converts
it to a genericmeasurementform and forwardsit to measurebuffer. Measurebuffer buffers the
last � measurementsand provides request/responseaccessto them. It also forwardsthe cur-
rentmeasurementto predserver andevalfit. Predserver consumesthemeasurementandproduces
an � -step-aheadpredictionusing its subprocess,predserver core. It forwardsthe predictionto
predbuffer and to evalfit. Evalfit continuouslycomparespredserver’s predictionswith the mea-
surementsit receivesfrom measurebuffer andcomputesits own assessmentof thequality of the
predictions.For eachnew measurement,it comparesits assessmentwith therequirementstheuser
hasspecifiedaswell aswith the predictor’s own estimatesof their quality. Whenquality limits
areexceededit callspredserver to refit themodel.Predserver’spredictionsalsoflow to predbuffer,
whichprovidesrequest/responseaccessto somenumberof previouspredictionsandalsoforwards
thepredictionsto any attachedpredclients.Predbufferclientscanasynchronouslyrequestpredic-
tions from predbuffer. Of course,applicationscandecide,at any time, to accessthe prediction
streamor thebufferedpredictionsin themannerof predclientandpredbufferclient.

Eachmeasurementthat loadserver producesis timestamped.This timestampis passedalong
asthemeasurementmakesits waythroughthesystemandis joinedwith a timestampfor whenthe
correspondingpredictionis completed,andfor whenthepredictionfinally arrivesat anattached
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predclient. We shall usethesetimestampsto measurethe latency from whena measurementis
madeto whenits correspondingpredictionis availablefor applications.

Thesystemcanbecontrolledin variousways.For example,theusercanchangeloadserver’s
measurementrate,thepredictivemodelthatpredserveruses,andthetimehorizonfor predictions.
We usedthecontrolover loadserver’s measurementrateto helpdeterminethecomputationaland
communicationresourcesthesystemuses.

Sofar, wehavenotspecifiedwhereeachof thecomponentsrunsor how thecomponentscom-
municate.As we discussedin theprevioussection,RPSletsusdeferthesedecisionsuntil startup
time andevenrun-time. In thestudywe describein this section,we ranall of thecomponentson
thesamemachineandarrangefor themto communicateusingTCP. Themachineweusedis a500
MHz Alpha21164-basedDECpersonalworkstation.

Thisconfigurationof predictioncomponentsisaninterestingoneto measure.It is reasonableto
runall thecomponentsonasinglemachinesincerelatively low measurementratesandreasonably
simplepredictive modelsaresufficient for hostload prediction[10]. It would be moreefficient
to usea local IPC mechanismsuchaspipesor Unix domainsocketsto communicatebetween
components.Indeed,aproductionhostloadpredictionsystemmightverywell beimplementedas
a singleprocess.We briefly discusstheperformanceof suchanimplementationin Section8.3.3.
TCP is interestingto look at becauseit givesus someidea of how well an RPS-basedsystem
might performrunningon multiple hosts,which might bedesirable,for, say, networkbandwidth
prediction. Furthermore,if RPScan achieve reasonableperformancelevels in sucha flexible
configuration,it is surelythe casethat a performance-optimizedRPS-basedsystemwould do at
leastaswell.

The predictive model that is usedis an AR(16) fit to 600 samplesandevalfit is configured
so thatmodelrefitting doesnot occur. Predictionsaremade30 stepsinto thefuture. Thedefault
measurementrateis 1 Hz. Thismodelandrateisappropriatefor hostloadprediction,aswediscuss
in earlierwork [9, 10].

Thefollowing illustrateshow thevariouspredictioncomponentsarestarted:

% loadserver 1000000 server:tcp:5000 connect:tcp:5001 &
% loadclient source:tcp:‘hostname‘:5001 &
% load2measure 0 source:tcp:‘hostname‘:5001 connect:tcp:5002 &
% measurebuffer 1000 source:tcp:‘hostname‘:5002

server:tcp:5003 connect:tcp:5004 &
% predserver source:tcp:‘hostname‘:5004

source:tcp:‘hostname‘:5003 server:tcp:5005 connect:tcp:5006 &
% evalfit source:tcp:‘hostname‘:5004 source:tcp:‘hostname‘:5006

source:tcp:‘hostname‘:5005
30 999999999 1000.0 999999999 600 30 AR 16 &

% predbuffer 100 source:tcp:‘hostname‘:5006 server:tcp:5007
connect:tcp:5008 &

% predclient source:tcp:‘hostname‘:5008 &

Theuseof measurebufferclientandpredbufferclientarenot shown above sincethesearerunonly
intermittently.
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8.2 Limits

Beforewe presentthe detailsof theperformanceof thehostloadpredictionsystem,it is a good
ideato understandthe limits of achievableperformanceon this machine.Recallfrom Section4
that the hostload sensorlibrary requiresonly about1.6

H
s to acquirea sample.As for the cost

of prediction,Figure5 indicatesthatfitting andinitializing anAR(16) modelon 600datapoints
requiresabout1 ms of CPU time, with a step/predicttime of about100

H
s. The computation

involved in evalfit, load2measure,andthe variousbuffersamountsto about50
H

s, thusthe total
computationtime percycle is . c . �MnoH

s. If no communicationwasinvolved,we would expectthe
predictionsystemto operateata ratenohigherthan6.6KHz.

However, thepredictionsystemalsoperformscommunication.Examinationof Figure9 indi-
catesthat, for 30-step-ahead( � <qp ` ) predictions,eightmessagesaresentfor eachcycle. There
are 3 28 byte messages,2 52 byte messages,and 3 536 byte messages.The measuredband-
widthsof thehostfor messagesof thissizeare2.4MB/s (28bytes),4.2MB/s (52bytes),and15.1
MB/s (536bytes). Thereforethe lower boundtransfertimesfor thesemessagesare11.7

H
s (28

bytes),12.4
H

s (52 bytes),and35.5
H

s (536 bytes). The total communicationtime per cycle is
thereforeat least @ p A�.r. �tsoG @ / A�. /*�vuwG @ p A pxc*�Xcy< . nrn*�vuBH

s, andthetotal time percycle is at least. c . �XnzG . nxn"�{u|<qp .
} H
s, which suggestsa correspondingupperboundon system’s rateof about

3.1KHz.

It is importantto notethat theseratesarefar in excessof the1 Hz ratewe expectfrom a host
loadpredictionsystem,or even the14 Hz peakratefor our Remos-basednetworksensor. What
thesehigh ratessuggest,however, is that, for ratesof interestto us,we canexpecttheprediction
systemto useonly a tiny percentageof theCPU.In termsof communicationload,we will only
place @ p A / } G @ / A cx/wG @ p A cxprn~< . s(�xn

bytesontothenetworkpercycle. At a rateof 14 Hz, this
amountsto about25KB/s of traffic.

Of course,thesearetheupperlimits of whatis possible.Wewouldexpectthatoverheadsof the
mirror communicationtemplatelibrary andthedatacopyingimplied by theTCPcommunication
we useto resultin lowerperformancelevels.

Thehostweevaluatedthesystemonhasatimer interruptrateof 1024Hz, whichmeanstheall
measurementratesin excessof thisamountto “asfastaspossible.” Thisratealsoresultsin aclock
accuracy of approximatelyonemillisecond.

8.3 Evaluation

We configuredthe hostload predictionsystemso that the modelwill be fit only once,andthus
measuredthe systemin steadystate.We measuredthepredictionlatency, communicationband-
width, andtheCPUloadasfunctionsof themeasurementrate,whichwesweptfrom 1 Hz to 1024
Hz in powersof 2. We foundthat thehostloadpredictionsystemcansustainmeasurementrates
of 730Hz with meanandmedianpredictionlatenciesof around2 ms.For measurementratesthat
areof interestto us,suchasthe1 Hz ratefor loadandthe14Hz for flow bandwidth,theadditional
loadthesystemplaceson themachineis minimal.
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(a) (b)

Figure10: Predictionlatency asa functionof measurementrate: (a) 95%confidenceinterval of
meanlatency, (b) Minimum, median,maximumlatency

8.3.1 Prediction latency

In an on-line predictionsystem,the timelinessof the predictionsis paramount.No matterhow
gooda predictionis, it is uselessif if it doesnot arrive sufficiently earlierthanthemeasurement
it predicts. We measuredthis timelinessin the host load predictionsystemasthe latency from
whena measurementbecomesavailableto whenthepredictionit generatesbecomesavailableto
applicationsthat are interestedin it. This is the latency from the loadserver componentto the
predclientcomponentin Figure9.

The predictionlatency shouldbe independentof the measurementrate until the prediction
system’s computationalor communicationresourcedemandssaturatethe CPU or the network.
Figure10 shows that this is indeedthe case.Figure10(a)plots the 95%confidenceinterval for
the meanpredictionlatency asa function of increasingmeasurementrates. We do not plot the
latency for the1024Hz ratesinceat thispoint theCPUis saturatedandthelatency increaseswith
backloggedpredictions.Up to thispoint, themeanpredictionlatency is roughly2 ms.

Figure10(b)plots theminimum,median,andmaximumpredictionlatenciesasa functionof
increasingmeasurementrate.Onceagain,wehave elidedthe1024Hz ratesincelatency beginsto
grow with backlog.Themedianlatency is 2 ms,while theminimumlatency is at 1 ms,which is
theresolutionof thetimerweused.Thehighestlatency we saw was33ms.

8.3.2 Resourceusage

In additionto providing timelypredictions,anon-lineresourcepredictionsystemshouldalsomake
minimal resourcedemands.After all, thepurposeof thesystemis to predictresourceavailability
for applications,not to consumetheresourcesfor itself.

To measuretheCPUusageof our representative hostloadpredictionsystem,we did the fol-
lowing. First, we startedtwo resourcemonitors,vmstatandour own hostloadsensor. Vmstatis
run everysecondandprintsthepercentageof thelastsecondthathasbeenchargedto systemand
usertime. Our hostloadsensormeasuresthe averagerun queuelengthevery second.After the
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(a) (b)

(c) (d)

Figure11: CPUloadproducedby system.Themeasurementrateis sweptfrom 1 Hz to 1024Hz.
(a) shows total percentageof CPUusedover time, (b) is thesameas(a) but includesoperational
details,(c) showsuserandsystemtime,(d) shows loadaverage.

sensorswerestarted,we startedthepredictionsystemat its defaultrateof 1 Hz andlet it quiesce.
Next, we starteda predclientandlet the systemquiesce.Then,we sweptthe measurementrate
from 1 Hz to 1024Hz in powersof 2. For eachof the10 rates,we let thesystemquiesce.Finally,
we resettherateto 1 Hz. Figure11showsplotsof whatthesensorsrecordedover time.

Figure11(a)shows thepercentageof theCPUthatwasin useover time,asmeasuredby vm-
stat.Figure11(b) is thesamegraph,annotatedwith theoperationaldetailsdescribedabove. Fig-
ure11(c)breaksdown theCPUusageinto its systemandusercomponents.Thesystemcomponent
is essentiallythetimespentdoingTCP-basedIPCbetweenthedifferentcomponents.Figure11(d)
shows theoutputof theloadaveragesensor. Whentheloadmeasuredby this sensorexceedsone,
we havesaturatedtheCPU.

Thereareseveral importantthingsto noticeaboutFigure11. First,we cansustaina measure-
mentrateof between512 Hz and1024Hz on this machine.Interpolating,it seemsthat we can
sustainabouta 730Hz rateusingTCP-basedIPC,or about850Hz ignoringthesystem-sidecost
of IPC.While this is nowhereneartheupperboundof 3.1KHz thatwearrivedat in 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: Bandwidthrequirementsasa functionof measurementrate.

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

Figure13: Maximummeasurementratesachievedby monolithicandcomposedhostloadpredic-
tion systems.

is still muchfasterthanwe actuallyneedfor thepurposesof hostloadprediction(1 Hz) andthan
thelimits of ournetworkflow bandwidthsensor(14Hz).

In Section8.3.3,we comparethe maximumrateachievableby this composedhostload pre-
dictionsystemto a monolithicsystem.Themonolithicsystemachievesmuchhigherratesoverall,
andthoseratesarecloserto theupperbound.

A secondobservation is that for theseinteresting1 and14 Hz rates,CPUusageis quite low.
At 1 Hz, it is around2% while at 16 Hz (closestrateto 14 Hz) it is about5%. For comparison,
the“background”CPUusagemeasuredwhenonly runningthevmstatprobeis itself around1.5%.
Figure11(d)shows thatthis is alsothecasewhenmeasuredby loadaverage.

Figure12shows thebandwidthrequirementsof thesystemat thedifferentmeasurementrates.
To understandhow small theserequirementsare, considera 1 Hz host load predictionsystem
runningon eachhost in the networkandmulticastingits predictionsto eachof the otherhosts.
Approximately583hostscouldmulticasttheir predictionstreamsin 1 MB/s of sustainedtraffic,
with eachhostusingonly 0.5%of its CPUto run its predictionsystem.Alternatively, 42 network
flowsmeasuredatthemaximumratecouldbepredicted.If eachhostor flow only usedthenetwork
to providedasynchronousrequest/responseaccessto its predictions,many morehostsandflows
couldbepredicted.For example,if predictionrequestsfrom applicationsarrivedat a rateof one
per hostper second,introducing552 bytesof traffic perpredictionrequest/responsetransaction,
1900hostscouldoperatein 1 MB/s.
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8.3.3 A monolithic system

Thecomposedhostloadpredictionsystemwe have describedso far canoperateat a rate52–730
timeshigherthanwe needandusesnegligible CPUandcommunicationresourcesat the ratesat
which we actuallydesireto operateit. However, themaximumrateit cansustainis only 24%of
theupperboundwe determinedin Section8.2. To determineif higherratesareindeedpossible,
we implementeda monolithic,singleprocesshostloadpredictionsystemusingtheRPSlibraries
directly. This designcansustaina peakrateof 2.7 KHz whenconfiguredto useTCP, which is
almostfour timeshigherthanthecomposedsystem.

Figure13 shows the maximumratesthe monolithic systemachieved for threetransports:in
process,wheretheclientis in thesameprocess;Unix domainsocket,wherethe(local)clientlistens
to thepredictionstreamthroughaUnix domainsocket;andTCP, wheretheclientoperatesaswith
the earliersystem.For comparison,it alsoincludesthe maximumrateof the composedsystem
describedearlier. In eachcase,wealsoshow theoptimalrate,whichis derivedin amannersimilar
to Section8.2. The in-processcaseshows us the overheadof usingthe mirror communication
templatelibrary, whichenablesconsiderableflexibility . Thatoverheadis approximately20%.The
domainsocketandTCP casesincludeadditional,unmodeledoverheadsthatarespecificto these
transports.

9 Relatedwork

Application-level schedulers[5], suchasbest-effort real-timeschedulers[8], aretheprimaryusers
of on-lineresourcepredictionsystems.

Researchinto resourcepredictionhasfocusedon determiningappropriatepredictive models
for hostbehavior [10, 31, 25], andnetworkbehavior [30, 3, 15]. RPSis a toolbox thatcanhelp
facilitatethis research.

Interactive dataanalysistools suchasMatlab [22, 21] andS-Plus[20] provide many of the
statisticalandsignalprocessingproceduresneededto studyresourcesignalsandto findappropriate
predictivemodels.Ideally, largescale,randomizedevaluationsof suchcandidatemodelsarethen
needed.We havebuilt RPS-basedtoolsto helpto efficiently conductsuchstudies.

Resourcemeasurementsystems,suchastheNetworkWeatherService[32, 31,30],Remos[18],
andTopology-d[23] providesensorsthatcreatethemeasurementstreamsthatRPS-basedsystems
canattemptto predict.

On-lineresourcepredictionsystemscollectmeasurementsfrom resourcemeasurementsystems
andusethemto predictfuturemeasurements.OtherthanRPS theNetworkWeatherService[32,
31, 30] (NWS) is the only exampleof an on-line resourcepredictionsystemwe are awareof.
While NWS is a productionsystemthat tries to provide a ubiquitousresourcepredictionservice
for metacomputing,RPSis a toolkit for constructingsuchsystemsand others. The RPSuser
cancommit to aslittle or asmuchof RPSasis desired.NWS andRPSarecomplementary. For
example,RPS-basedsystemscoulduseNWSsensors,or NWScoulduseRPS’spredictivemodels.
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10 Conclusion

We have designed,implemented,andevaluatedRPS,a toolkit for constructingon-line andoff-
line resourcepredictionsystemsin which resourcesarerepresentedby independent,periodically
sampled,scalar-valuedmeasurementstreams.RPSconsistsof resourcesensorlibraries,anexten-
sive time seriespredictionlibrary, a sophisticatedcommunicationlibrary, anda setof prediction
componentsout of whichresourcepredictionsystemscanbereadilycomposed.Theperformance
of RPSisquitegood. We measureda representative RPS-basedhost loadpredictionsystemand
foundthatit providestimely predictionswith minimal CPUandnetworkloadat reasonablemea-
surementrates.Thesystemcanoperateatmeasurementratesapproaching1 KHz, while asecond,
monolithicRPS-basedsystemcanoperateat2.7KHz.

Theseresultssupportthefeasibilityof resourcepredictionin general,andof usingRPS-based
systemsfor resourcepredictionin particular. The RPS-basedhost load predictionsystemswe
implementedarebeingusedin ourresearchinto prediction-basedbest-effort real-timesystems[8]
for interactive applicationssuchasscientificvisualizationtools [2]. Thesystemshave within the
Remosmeasurementsystem[18] andQuOobjectqualityof servicesystem[33].

We have severalextensionsin mind for RPS.Currently, theuseris responsiblefor instantiat-
ing andfinding RPS-basedpredictioncomponents.In the future,we intendto provide a service,
probablyover SLP [29], to managerunningRPScomponents,predictionsystems,andthemea-
surementstreamsthatthey predict.Wealsowill providehigh-level callsto estimatetaskexecution
timesbasedonapplicationinputandpredictedhostandnetworkloads.Wemayincreasethefunc-
tionality of themirror library’s supportfor request/responsecommunication,makingit morelike
a CORBA ORB. This would makeit possibleto write templateclassesto maketheconstruction
of very fast monolithicpredictionsystemstrivial. Finally, we will graduallyaddnew predictive
modelsasthey becomedesirable.Currently, we areinterestedin providing supportfor nonlinear
thresholdautoregressivemodels[28] andmodelsappropriatefor chaoticsignals[1].
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