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Abstract

Thispaperevaluatedinear modeldor predictingthe Dig-
ital Unix five-secondhostload avelagefrom1 to 30 seconds
into the future. A detailedstatistical studyof a large num-
ber of long, finegrain load tracesfroma variety of real ma-
chinesleadsto consideation of theBox-Enkinsmodel AR,
MA, ARMA,ARIMA),andthe ARFIMAmodels(dueto self-
similarity.) Thesemodels,as well as a simplewindowed-
meanscteme,are thenrigorously evaluatedby running a
largenumberof randomizedestcasesntheloadtracesand
data-mininghheir results.Themainconclusionsre thatload
is consistentlypredictableto a very usefuldegree, and that
the simplermodelssud as AR are suficientfor doing this
prediction.

1. Introduction

Consideran applicationprogramthat wantsto schedule
a compute-boundoft real-timetaskin atypical distributed
computingervironment[8]. By usingmechanismsuchas
CORBA [23] or Java RMI [26], thetaskcanbe executedon
ary of the hostmachinesn the network. Given this free-
dom,theapplicationcanchoosehe hoston whichthetask’s
deadlineis mostlikely to bemet.

If the applicationcould predictthe exactrunningtime of
thetaskon eachof the hosts,choosinga hostwould beeasy
However, suchpredictionsareunlikely to beexactdueto the
dynamicnatureof the distributedsystem.Eachof the hosts
is actingindependentlyits vendorsuppliedoperatingsystem
schedulingasksinitiated by otherusers,payingno special
attentionto thetasktheapplicationis trying to scheduleThe
computationaload on eachof the hostscanvary drastically
overtime.

Becausef this dynamicnature the applications predic-
tions of the task’s runningtime on eachof the hostshave
confidencentervalsassociateavith them.Betterpredictions
leadto smallerconfidencentervals, which makesit easier
for theapplicationto choosebetweernthe hosts,or to decide
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Figure 1. Benefits of prediction: length of 95%
confidence interv al for running time of a one
second task on an interactive cluster machine
with long term load average of 0.17.

how likely a particularhostis to meetthe deadline.

The runningtime of a compute-boundask on a hostis
stronglyrelatedto the computationaload onthe host. If we
could predictthe load that a taskwould encountelon some
host,we could predictthe runningtime on that host. Better
load predictionslead to betterpredictionsof runningtime
andthusto smallerconfidencentervals. For this reasonwe
concentrat®n hostloadpredictionhere.

Better load predictionscan indeed lead to drastically
smaller confidenceintervals on real hosts, even lightly
loadedones.For example,Figurel plots,for onesuchhost,
thelengthof theconfidencenterval for therunningtime of a
onesecondaskasa functionof how far aheadheloadpre-
dictionsaremade. The confidencentervalsfor a predictive
AR(18) model(describedn Sectiond) andfor theraw vari-
anceof theload signalitself arerepresentedNotice thatfor
upto 25 secondsnto thefuture,the AR(18) modelprovides
a confidencanterval of lessthan200 mswhile theraw load
signalprovidesa confidencenterval of over two seconds.

The existenceof clearbenefitsof this kind motivatesthe
following questions:s hostload consistentlypredictableor
are exampleslike Figure 1 merely flukes? If hostload is
indeed consistentlypredictable what classesof predictive
modelsare appropriatefor predictingit? Whatare the dif-
ferencedetweerthesedifferentclassesFinally, whatclass



canberecommendetbr usein arealsystem?This paperde-
scribegheresultsof alargescalerealworld studyto provide
statisticallyrigorousanswergo theseguestions.
Wefoundthathostloadis, in fact,consistentlyredictable
to a very usefuldegreefrom pastbehaior, andthat simple,
practicallineartime seriesmodelsare suficiently powerful
load predictors. Theseresultsare someavhat surprisingbe-
causdoadhascomplex behaior andexhibits propertiesuch
asself-similarityandepochabehaior thatsuggesthatmore
complex modelswould be more appropriate.As far aswe
areaware, this is thefirst studyto identify theseproperties
of hostloadandthento rigorouslyevaluatethe practicalpre-
dictive power of lineartime seriesmodelsthatboth canand
cannotcapturethem. Furthermorepur evaluationapproach,
while much more computationallyintensive than those of
traditionaltime seriesanalysisjs unbiasedaindtherefordets
usrealisticallygaugehow the modelsactuallybehae when

confrontedwith messyreal world hostload measurements.

Our studyis alsouniquein focusingon predictabilityon the
scaleof secondssopposedo minutesor longertime scales,
andthusis perhapanostusefulin the context of interactive
applicationsuchasscientificvisualizationtools[1] running
on distributed systems.Finally, we usedthe codebas®f a
realdistributedresourceredictionservice RPS[10]. RPSis
usedin theRemogesourceneasuremertystem21] andin
BBN’sQuOdistributedobjectquality of servicesysteni29].

We beganby choosingto measurénostload by the Digi-
tal Unix five-secondoad average.We foundthatthis mea-
sure,which canbe easilyacquiredby userlevel programs,
is closely relatedto the executiontime of short compute-
boundtasks(Section2.) We collecteda large numberof 1
Hz benchmarKoad traces,which captureall the dynamics
of theloadsignal,andsubjectedhemto a detailedstatistical
analysiswhichwe summarizeén Section3.

On the onehand,this analysissuggestedhatlineartime
seriesmodels such as thosein the Box-Jenkins[6] AR,
MA, ARMA, andARIMA classesnight be appropriateor
predictingload. On the other hand,the existenceof self-
similarity induced long-range dependencesuggestedhat
such models might require an impractical numberof pa-
rameteror thatthe muchmore expensve ARFIMA model
class[18, 14, 4], which explicitly capturedong-rangede-
pendencemight bemoreappropriateSinceit is notobvious
which modelis best,we empirically evaluatedthe predic-
tive power of the AR, MA, ARMA, ARIMA, andARFIMA
modelclassesaswell asa simplead hoc windowed-mean
predictorcalledBM anda long-termmeanpredictorcalled
MEAN. We describeéhesemodelclassesandourimplemen-
tationsof themin Sectior4.

Our evaluationmethodologywhich we describan detail
in Section5, wasto run randomizedestcasesn the bench-
markloadtraces.Thetestcase€l52,00Gn all, or about4000
pertrace)wererandomizedvith respecto modelclass,the
numberof modelparameterandtheir distribution, thetrace
subsequenceasedto fit themodel,andthelengthof the sub-
sequentracesubsequencasedto testthe model. We col-
lecteda large numberof metricsfor eachtestcaseput we
concentrat®n the meansquaredprediction)errormetricin
thispaper This metricis directly comparabléo theraw vari-
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Figure 2. Relationship between average load
during execution and execution time

ancen theloadsignal,and,with anormalityassumptiongan
be translatednto a confidencenterval for the runningtime

of a task. Moreover, by the centrallimit theorem thesees-
timatesof a modelclasss expectedmeansquarecerror are
themselesnormallydistributed,andthuswe candetermine,
to a given significancelevel, whetherone model provides
lower expectedmeansquarecerrorthananother Further we

determinehow muchthe error variesfrom testcaseo test-
case.

The resultsof our evaluationare presentedn Section6.
We found thathostloadis consistentlypredictableto a use-
ful degreefrom pastbehaior. Exceptfor the MA models,
which performedquite badly, the predictve modelswereall
roughly similar, althoughstatisticallysignificantdifferences
wereindeedfound. Thesemaginal differenceslo notseem
to warrantthe useof the more sophisticatednodelclasses
becauseéheir run-time costsare much higher Our recom-
mendationis to useAR modelsof relatively high order(16
or better)for load predictionwithin theregime we studied.

2. Host load and running time

For CPU-boundtasks,thereis an intuitive relationship
betweenhostload and executiontime. ConsiderFigure 2,
which plots executiontime versusaverageload experienced
during executionfor tasksconsistingof simplewait loops.
Thedatawasgeneratedby runningvariablenumberof these
taskstogethersimultaneouslyat identicalpriority levels,on
anotherwiseunloadedigital Unix machine.Eachof these
taskssampledthe Unix five-secondoad averageat roughly
one secondntervals during their executionand at termina-
tion printedthe averageof thesesamplesaswell astheir ex-
ecutiontime. It is thesepairsthatmakeup the42,000points
in thefigure. Notice thatthe relationshipbetweerthe mea-
suredioadduring executionandthe executiontime is almost
perfectlylinear(R? > 0.99.)

If load werepresentedsa continuoussignal, we would
summarizehisrelationshipbetweerexecutiontime andload

as _—
now exec 1
/ S -
t 1+ 2(t)

now

tn ominal

wheret,,,,, IS whenthe task begins executing, t,, ominar IS



the executiontime of the task on a completely unloaded
machine,(1 + z(¢)) is the load experiencedduring execu-
tion (z(¢) is the continuous‘background”load), and ¢, ..

is the task’s executiontime. Notice thatthe integral simply
computeghe inverseof the averageload during execution.
In practice,we canonly samplethe load with somenon-
infinitesimal sampleperiod A so we can only approximate
the integral by summingover the valuesin the samplese-
guence.In this paper A = 1 secondsowe will write such
asequencef loadsamplesas(z:) = ..., zt_1, 2, 2t 41, - - -

Wewill alsoreferto sucha sequencasaload signal

If weknew z;4 for & > 0, we coulddirectly computethe
executiontime. Unfortunatelythe bestwe cando is predict
thesevaluesin someway. The quality of thesepredictions
will thendeterminehow tightly we canboundthe execution
time of ourtask.We measurgredictionquality by themean
squaederror, which is the averageof the squareof the dif-
ferencebetweenpredictedvaluesand actual values. Note
thatthereis a meansquarederrorassociateavith every lead
time k. Two-step-aheagredictions(k = 2) have a differ-
ent(andprobablyhigher)meansquarederrorthanone-step-
aheadpredictiongk = 1), andsoon.

Duringsomeintervalsof time, theloadsignalmaybeless
predictableghanothers.Estimateof themeansquarederror
for thoseintervals would be larger thanfor otherintervals.
Becausef this variability, caremustbe takenin comparing
differentpredictiontechniquesHowever, if we aggrejatethe
estimatedor mary differentintervals, the centrallimit the-
oremtells usthatthe resultingexpectedmeansquaederror
is normally distributed,andthuswe usethis quantityin our
comparisonslntuitively, this is the meansquaredrediction
error one would expect from a given predictiontechnique
confrontedwith arandomlychoserinterval.

For thesimplestprediction thelong-termmeanof thesig-
nal,themeansquarecrroris simply the varianceof theload
signal. As we shall seein Section3, load is highly vari-
able and exhibits other complex propertieswhich leadsto
very looseestimate®of executiontime. The hopeis thatso-
phisticatedpredictionschemeawill have muchlower mean
squarecerrors.

3. Statistical propertiesof load traces

TheloadonaUnix systematary giveninstantis thenum-
berof processethatarerunningor arereadyto run, which
in turn is the length of the readyqueuemaintainedoy the
schedulerThe kernelsampleghe lengthof thereadyqueue
at somerateandexponentiallyaverageghe samplego pro-
duceaload averagewhich canbe accessefrom a userpro-
gram.lt isimportantto notethatwhile thisfiltering doestend
to correlatetheloadaverageoverthe shortterm(shorterthan
thetime constanbf thefilter), the exponential-geragindfil-
ter doesexposethe full spectralcontentof the underlying
signal.

The Unix we usedwasDigital Unix (DUX.) DUX is in-
terestingbecauseahe time constantis a merefive seconds,
whichminimizestheeffectof phantoncorrelationdueto the
filter. Thisis especiallimportantwhengaugingthe efficagy
of predictiontechniques.While the analysisof this section
andthe predictionresultsof Section6 usethe filtered load

signalasit is directly available to applications(and which
correlatestronglywith runningtime asshavn in Section?),
we have alsoappliedour analysisand predictiontechniques
to the“unfiltered” load signalwith similarresults.

By subjectingvariousDUX systemgo varyingloadsand
samplingat progressiely higherrates,we determinedhat
DUX updatesthe load averagevalue at a rate of 1/2 Hz.
We choseto sampleat 1 Hz in orderto captureall of the
load signal's dynamicsmadeavailable by the kernel. We
collectedload traceson 38 hostsbelongingto our lab and
to the Pittshurgh Supercomputin@enter(PSC)for slightly
morethanoneweekin late August,1997. A secondsetof
week-longtraceswas acquiredon almostexactly the same
setof machinesn late Februarythroughearly March,1998.
Theresultsof the statisticalanalysiswveresimilar for thetwo
setsof traces.In this paper we describeandusethe August
1997set.A moredetaileddescriptiorof our analysisandthe
individualresultsfor eachtraceis availableelsavhere[9] and
we will happily supply the tracesthemselesto interested
parties.

All of the hostsin the August 1997 setwere DEC Al-
phamachinesunningDUX. Thirteenof the hostsarein the
PSCs productioncluster Of these therearetwo front-end
machinesfour interactve machines,and seven batch ma-
chines. In addition, traceswere takenon eight hoststhat
compriseour lab’s experimentalcluster two large memory
machinesisedby our groupascomputeseners,andfifteen
desktopworkstationsowned by membersof our research
group.

Thefollowing pointssummarizehe resultsof our statis-
tical analysiq9] thatarerelevantto this study:

(1) Thetracesexhibit low meandut very high variability,
measurethy thevariancejnterquartilerange andmaximum.
Only four traceshave meanloadsnearl.0. Thestandardie-
viation (squareroot of the variance)is typically at leastas
large asthe mean,while the maximumscanbe asmuchas
two ordersof magnitudelarger. This high variability indi-
categhatthereexists ampleopportunityfor predictionalgo-
rithmsto improve things.

(2) Measure®f variability, suchasthevarianceandmax-
imum, arepositively correlatedvith themean,soamachine
with a high meanload will alsotendto have a large vari-
anceand maximum. This correlationsuggestghat thereis
moreopportunityfor predictionalgorithmson morehearily
loadedmachines.

(3) Thetraceshave relatively comple, sometimesgnulti-
modal distributionsthat are not well fitted by commonan-
alytic distributions. However, we note herethat assuming
normality (but disallowving negative values)for the purpose
of computinga 95% confidencenterval is a reasonabl®p-
eration.

(4) Time seriesanalysisof the tracesshaws that load is
strongly correlatedover time. The autocorrelatiorfunction
typically decaysvery slowly while the periodogranshowvs a
broad,almostnoise-likecombinationof all frequeng com-
ponents An importantimplicationis thatlinearmodelsmay
be appropriatefor predictingload signals. However, the
compl frequeny domainbehaior suggestsuchmodels
may have to be of unreasonablhigh ordet
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Figure 3. Linear time series models.

(5) The tracesexhibit self-similarity with Hurst Parame-
ters[2, 4] rangingfrom 0.63to 0.97,with a strongbiasto-
wardthetop of thatrange.Hurstparameter the rangeof
0.5to 1.0indicateself-similaritywith positive nearneighbor
correlations. This resulttells us that load variesin com-

plex wayson all time scalesandhaslong-rangedependence.

Long-rangedependencesuggestshat using the fractional
ARIMA (ARFIMA) modelingapproacH18, 14, 4] may be
appropriate.

(6) The tracesdisplaywhatwe term “epochalbehaior.”
The local frequeng content(measuredy usinga spectro-
gram)of theloadsignalremaingyuitestablefor long periods
of time (150-450secondanean,with high standarddevia-
tions),but changegbruptlyattheboundarie®f suchepochs.
Suchabruptiransitionsarelikely to bedueto processebeing
createddestroyedpr enteringnew executionphases.This
resultimpliesthatlinearmodelsmayhave to berefit atthese
boundariesOur evaluation(Section6) ignoresthesebound-
aries,so we do seethe effect of inadwertentlycrossingone
duringprediction.

Strictly speaking,(6) meansthat load is not stationary
However, it is alsonot freeto wanderat will — clearlyload
cannotrise to infinite levels or fall below zero. Thisis not
incompatiblewith the “borderline stationarity”implied by

(5).
4. Linear timeseriesmodels

The main idea behind using a linear time seriesmodel
in load predictionis to treatthe sequencef periodicsam-
plesof hostload,(z; ), asarealizationof astochastiprocess
that can be modeledas a white noise sourcedriving a lin-
earfilter. Thefilter coeficientscanbe estimatedrom past
obsenationsof the sequence.lf mostof the variability of
the sequenceesultsfrom the actionof thefilter, we canuse
its coeficientsto estimatefuture sequenceralueswith low
meansquarecerror.

Figure 3 illustratesthis decomposition.In keepingwith
the relatively standardBox-Jenkinsnotation[6], we repre-
sentthe input white noisesequences (a;) andthe output
load sequencaas (z;:). On the right of Figure 3 we see
our partially predictablesequencéz. ), which exhibits some
meanu andvariances?. Onthe left, we seeour utterly un-
predictablevhite noisesequencéa; ), which exhibits a zero
meananda varianceo2. In the middle, we have our fixed
linearfilter with coeficients (;). Eachoutputvaluez; is
the sumof the currentnoiseinput a; andall previous noise
inputs,weightedby the(¢;) coeficients.

Givenanobsered load sequencéz; ), the optimumval-
uesfor the coeficientsy; arethosethat minimize o2, the
varianceof the driving white noisesequencea;). Notice

that the one-step- aheapiredlctlon glven all the dataup to
andincludingtimet — 1is 2! | = Z -, ¥ja;_j, sincethe
expectedvalueof a; = 0.) The n0|sesequenceon5|st$|m-
ply of the one-step-aheagredictionerrorsandthe optimal
coeficient valuesminimize the sumof square®f thesepre-
dictionerrors.

The generalform of the linear time seriesmodelis, of
course,impractical,sinceit involvesan infinite summation
usinganinfinite numberof completelyindependentveights.
Practicalineartime seriesmodelsusea smallnumberof co-
efficientsto represeninfinite summationswith restrictions
on theweights,aswell asspecialcasingthe meanvalue of
thesequencey. To understandhesemodels,it is easiesto
representheweightedsummatiorasa ratio of polynomials
in B, thebackshiftoperatoywhereB?z;, = z;_,. For exam-
ple, we canwrite z; = Zj’;l Yjai_j + a; asz = ¢(B)ay
wherey(B) = 1+ ¢1 B + ¢2B? + ... Usingthis scheme,
themodelswe examinein this papercanberepresenteds

0(B)
¢(B)(1 - B)?

wherethe differentmodelclassesve examinein this paper
(AR, MA, ARMA, ARIMA, ARFIMA, BM, and MEAN)
constraind(B), ¢(B) andd in differentways. In the sig-
nal processinglomain this kind of filter is known asa pole-
zerofilter. Therootsof #(B) arethe zerosandthe rootsof
#(B)(1 — B)? arethe poles. It is alsoa state-spacéilter,
ascanbe seenif writtenasz; + n1zi—1 + n22ze—2 + ... +
Mp+dZt—p—d = Q¢ +01a;_1+0zsai_o+ ...+ ngt—q where
n(B) = ¢(B)(1 — B)? for integerd. In generalsuchafilter
canbe unstablein thatits outputscanrapidly diverge from
theinputsignal. Thisinstability is extremelyimportantfrom
the point of view of the implementorof a load prediction
system.Suchasystemwill generallyfit amodel(choosehe
6(B) and¢(B) coeficients,andd) usingsomem previous
obserations.Themodelwill thenbe“fed” thenext n obser
vationsandaskedto makepredictionsin the process.If the
coeficientsaresuchthatthefilter is unstablethenit mayex-
plaintheinitial m obsenationsvery well, yet fail miserably
andevendiverge (andcrash!) whenusedon the n obsenra-
tionsafterthefitting.

AR(p) models: The classof AR(p) models(purely au-
toreggressie models)hasz; = ¢(B) a: + ¢ where¢(B) has

p coeficients. Fromthe point of view of a systemdesigner
AR(p) modelsare highly desirablesincethey canbefit to
datain a deterministicamountof time. In the Yule-Walker
techniquehatwe usedthe autocorrelatiorfiunctionis com-
putedto amaximumlag of p andthena p-wide Toeplitzsys-
tem of linear equationds solved. Even for relatively large
valuesof p, this canbe donealmostinstantaneously
MA(q) models: Theclassof MA(q) models(purelymov-
ing averagemodelshasz; = 0(B)a; wherefl(B) hasq coef-
ficients.MA(¢) modelsareamuchmoredifficult proposition
for a systendesignesincefitting themtakesa nondetermin-
istic amountof time. Insteadof a linear system,fitting a
MA(¢) modelpresentsiswith a quadraticsystem.Our im-
plementationwhichis nonparametrigie, it assumeso spe-
cific distributionfor thewhite noisesource) useshe Pavell

2= as + p (1)



procedurgo minimizethesumof square®f thet + 1 predic-
tion errors. The numberof iterationsnecessaryo converge
is nondeterministi@nddatadependent.

ARMA(p,q) models: The classof ARMA(p,q) models
(autorgressiemoving averagemodelshasz; = f;((—g%at-m
where¢(B) hasp coeficientsandf(B) hasq coeficients.
By combiningthe AR(p) and MA(¢) models,ARMA(p,q)
modelshopeto achieve greaterparsimoly — using fewer
coeficientsto explain the samesequence.From a system
designers point of view, this maybeimportant,atleastin so
far asit may be possibleto fit a more parsimoniousnodel
more quickly. Like MA(q) models,however, ARMA(p,q)
modelstakea nondeterministi@mountof timeto fit to data,
and we usethe samePawell minimizationprocedureto fit
them.

ARIMA(p,d,q) models. The class of ARIMA(p,d,q)
models(autorgressie integratedmoving averagemodels)
implementEquation1 for positive integer d. Intuitively,
the (1 — B)¢ componenamountgo a d-fold integrationof
the outputof an ARMA(p,q) model. Although this makes
thefilter inherentlyunstablejt allows for modelingnonsta-
tionary sequences.Such sequencesan vary over an infi-
nite rangeandhave no naturalmean. Althoughload clearly
cannotvary infinitely, it doesnt have a naturalmeaneither
ARIMA( p,d,q) modelsarefit by differencinghe sequencéd
timesandfitting anARMA( p,q) modelasabore to theresult.

ARFIMA(p,d,q) models: The classof ARFIMA(p,d,q)
models(autorgressie fractionally integratedmaving aver
agemodels)implementEquationl for fractionalvaluesof d,

0 < d < 0.5. By analogyto ARIMA( p,d,q) models,ARFI-
MAs arefractionallyintegratedARMA( p,¢) models.Thede-
tails of fractionalintegration[18, 14] arenotimportanthere
otherthanto notethat (1 — B)¢ for fractionald is aninfinite
sequencevhosecoeficientsarefunctionsof d. Theideais
that this infinite sequencecapturedong rangedependence
while the ARMA coeficients captureshort range depen-
dence.Sinceour sequenceexhibit long-rangedependence,
even after differencing,ARFIMAs may prove to be benefi-
cial models.To fit ARFIMA modelswe useFraley’s Fortran
77 code[13], which doesmaximumlikelihood estimationof
ARFIMA modelsfollowing Haslettand Raftery[17]. This
implementations alsousedby commerciapackagesuchas
S-PlusWetruncate(1 — B)? at300coeficientsandusethe
samerepresentatioandpredictionengineaswith the other
models.

Simple models for comparison: We alsoimplemented
two very simple modelsfor comparison MEAN and BM.
MEAN hasz = pu, soall future valuesof the sequence
arepredictedto be the mean. This is the bestpredictor in
termsof minimummeansquarecerror, for asequencevhich
hasno correlationover time andwe alsouseit to measure
the raw varianceof the load signal. The BM modelis an
AR(p) modelwhosecoeficientsareall setto 1/p. Thissim-
ply predictsthe next sequencealueto be the averageof the
previous p values,a simplewindowedmean.p is choserto
minimize meansquarederrorfor ¢ 4+ 1 predictions.It is im-
portantto notethatBM subsumesgven simplermodelssuch
as“predict that the next valuewill be the sameasthe last

value” (ie, p=1.)

Making predictions: After fitting oneof theabore mod-
els,we constructa predictorfrom it. The predictorconsists
of themodelcorvertedto a uniformform, the predictechext
sequencealue,aqueuehatholdsthelastp+d (d = 300 for
ARFIMA models)sequencevalues,and a queuethe holds
the last ¢ predictionerrors. Whenthe next sequencevalue
becomesvailable,it is pushedntothe sequencegueuejt’s
correspondingredictedvaluesabsoluteerroris pushednto
theerrorqueueandthemodelis evaluated O (p+ d + ¢) op-
erations)to producea new predictednext sequencevalue.
We referto this assteppingthe predictor At ary point, the
predictorcan be queriedfor the predictednext k& valuesof
thesequencealongwith their expectedmeansquareckrrors
(O(k(p + d + ¢) operations.)

5. Evaluation methodology

Our methodologyis designedo determinewhetherthere
are consistendifferencedn the practical predictive power
of the differentmodelclassesOthergoalsarealsopossible.
For example,onecould determinghe explanatorypowerof
themodelsby evaluatinghow well they fit data,orthegener
ativepowerof themodelby generatinghew loadtracesfrom
fitted modelsandevaluatinghow well their statisticalprop-
ertiesmatchthe original traces. We have touchedon these
othergoals,but do notdiscusgshemhere.To assessheprac-
tical predictive power of the differentmodelclassesye de-
signeda randomizedtrace-drven simulationmethodology
thatfits randomlyselectednodelsto subsequencesf aload
traceandteststhemonimmediatelyfollowing subsequences.

In practice aloadpredictiondaemorwill have onethread
of controlof thefollowing form:

do forever {
get new | oad neasurenent;
updat e history;
if (some criteria) {
refit nodel to history;
make new predictor;

step predictor;
sl eep for sanple interval;

}

wherehi st ory is a window of previousloadvalues. Fit-

ting themodelto thehistoryis anexpensve operation.Once
amodelis fitted, a predictorcanbe producedrom it. Step-
ping this predictormeansinforming it of a new load mea-
surementso that it can modify its internal state. This is
an inexpensve operation. Predictionrequestsarrive asyn-
chronouslyand are servicedusing the currentstateof the
predictor A predictionrequesthatarrivesattime ¢ includes
a leadtime k. The predictedload valuesz}, 22, ..., zF

arereturnedalongwith model-base@stimatef the mean
squaregredictionerrorfor eachprediction.

Evaluatingthe predictive power of the different model
classedn suchacontet is complicatedbecaus¢hereis such
a vastspaceof configurationparameterso explore. These
parametergclude:thetrace themodelclass the numberof
parametersve allow themodelandhow they aredistributed,
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Figure 4. Testcase generation.

theleadtime, thelengthof the historyto which themodelis
fit, thelengthof theinterval duringwhich the modelis used
to predict,andatwhatpointsthemodelis refit. We alsowant
to avoid biasegdueto favoring particularregionsof traces.

To explore this spacein a reasonablyunbiasedwvay, we
ran a large numberof randomizedestcasesn eachof the
traces.Figure4 illustratesthe parametespacefrom which
testcasgrarameterarechosen.A testcases generatecind
evaluatedusingthefollowing steps.

1 Choosea randomcrossove point, ¢cr.ss, from within the

trace.

2 Choose a random number of samples, m, from
600,601,...,10800 (5 minutes to three hours.)
The m samples preceding the cross@er point,
Ztoross—my Ftoross—m+t1ly -+ Ftoross—1 are in the fit
interval.

3 Choose a random number of samples, n from
600, 601, ...,10800 (5 minutes to three hours.) The

n samplesincluding and following the crosswer point,
Ztorosss Zterosst1y - -+ Ztoress+n—1,arein thetestinterval.

4 Choosea randomAR, MA, ARMA, ARIMA, or ARFIMA
testmodelfrom the tablein Figure4, fit it to the sampledn
the fit intenal, and generatea predictorfrom the fitted test
model.

5 Fori = m to 1, stepthe predictorwith z._, .. —: (thevalues
in thefit interval) to initialize its internalstate After this step,
the predictoris readyto betested.

6 For: = 0ton — 1 dothefollowing:

e Stepthe predictorwith z;_, __.+: (thenext valuein the
testintenal.)

e For eachlead time ¥ = 1,2,...,30 seconds,
produce the predictions 2f ... 2f .. is
the prediction of z:_ ., ..+i+x given the samples
Ztoross—mMy Ftoross—m+1y -+ Ftorosstis CompUtethe
predictionerrorsaf,; = 2f i — zeo.o.. itk

7 For eachleadtimek = 1,2,...,30 secondsanalyzethe k-
step-aheaﬂredictionerrorSaerz-, 1=0,1,...,n— 1.

8 Outputthetestcas@arameterandtheanalysisof the predic-
tion errors.

For clarity in theabore, we focusedon thelineartime series
modelundertest. Eachtestcasalsoincludesa paralleleval-
uation of the BM and MEAN modelsin orderto facilitate
direct comparisorwith the simple BM modelandthe raw
signalvariance.

The lower limit we place on the length of the fit and

testintervalsis purely prosaic— the ARFIMA modelneeds
aboutthis muchdatato be successfullyfit. The upperlimit

is chosento be greaterthan mostepochlengthsso that we
canseethe effect of crossingepochboundaries.The mod-
elsarelimited to eightparameterbecauséditting largerMA,
ARMA, ARIMA, or ARFIMA modelsis prohibitively ex-
pensve in a real system. We did also explore larger AR
modelsupto order32.

The analysisof the predictionerrorsincludesthe follow-
ing. For eachleadtime, the minimum, median,maximum,
meanmeanabsoluteandmeansquaregredictionerrorsare
computed. The one-step-aheagredictionerrors (ie, aj, ;,
i = 0,1,...,n — 1) arealsosubjectto IID and normaTity
testsas describedby Brockwell and Davis [7], pp. 34-37.
IID testsincludedthefractionof theautocorrelationthatare
significant,the Portmantea@ statistic(the power of theau-
tocorrelationfunction), the turning point test, and the sign
test. Normality wastestedby computingthe R? valueof a
least-squarest to a quantile-quantileplot of the valuesor
errorsversusa sequencef normalsof the samemeanand
variance.

We ran approximately152,000 such testcaseswhich
amountedo about4000testcaseper trace,or about1000
per model classand parameterset, or about30 per trace,
modelclassand parameteset. Our parallelizedsimulation
discardedestcasen which an unstablemodel“blew up;
eitherdetectablyor dueto a floating point exception. The
resultsof the acceptedestcasesvere committedto a SQL
databaseo simplify the analysisdiscussedn the following
section.

6. Results

The sectionaddresseshe following questions:Is load
consistenthypredictable?f so,whataretheconsistendiffer-
encesbetweerthe differentmodelclassesand which class
is preferable? To answerthesequestionswe analyzethe
databasef randomizedestcased$rom Section5. For the
most partwe will addresonly the meansquarederror re-
sults,althoughwe will touchon the otherresultsaswell. It
is importantto reiteratethe commentsf Section5: we are
examiningthepracticalpredictive power of themodelshere,
notthe their explanatorypower, or “fit.”

L oad isconsistently predictable: Foramodelto provide
consistenpredictabilityof load,it mustsatisfytwo require-
ments.First, for the averagetestcasethemodelmusthave a
considerablyowerexpectedmeansquarecerrorthantheex-
pectedraw varianceof theloadsignal(ie, theexpectedmean
squarecerrorof theMEAN model.) Thesecondequirement
is thatthis expectationis alsovery likely, or thatthereis lit-
tle variability from testcaseo testcase Intuitively, the first
requirementsaysthat the model provides good predictions
on average while the secondsaysthat mostpredictionsare
closeto thataverage.

Figure 5(a) suggeststhat load is indeed consistently
predictablein this sense. The figure is a Box plot that
shavs thedistribution of one-step-ahea@nesecond)nean
squarederror measuregie, the distribution of the measure
LS (aly;)? usingthe formalismsof Section5) for 8
parametemodelson all of thetracesIn thefigure,eachcat-
egory is a specificclassof modelandis annotatedvith the
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Figure 5. Distrib utions of mean squared errors
for all traces using 8 parameter models.

numberof sampledor thatclass. For eachclass,the circle
indicatesthe expectedmeansquarederror, while the trian-
glesindicatedthe 2.5th and 97.5th percentilesassuminga
normaldistribution. The centerline of eachbox shavs the
medianwhile thelowerandupperlimits of thebox shav the
25thand75th percentilesandthe lower andupperwhiskers
shav theactual2.5thand97.5thpercentiles.

Noticethatthe expectedraw variance(MEAN) of atest-

casds approximatel0.05,while theexpectedneansquared
errorfor all of themodelclassess nearlyzero. In termsof
the lengthof the 95% confidenceinterval for the execution
time of a onesecondaskasdescribedn Section2, this is
areductionfrom (2)(1.96)+/0.05 = 0.87 secondso virtu-
ally zerofor all of theclasse®f predictive modelsjncluding
the simple BM model. The figure also shows that our sec-
ondrequiremenfor consistenpredictabilityis met. We see
that the variability aroundthe expectedmeansquarederror
is muchlowerfor thepredictve modelsthanfor MEAN. For
example,the 97.5thpercentileof the raw varianceis almost
0.3 (2.2 secondinterval) while it is about0.02 (0.6 second
interval) for the predictive models.

Figures5(b) and5(c) shav theresultsfor 15 secondpre-
dictionsand 30 secondpredictions. Notice that, exceptfor
the MA models,the predictve modelsare consistentlybet-
ter thanthe raw load variance,even with 30 secondahead
predictions. We also seethat MA models perform quite
badly, especiallyat higherleadtimes. Thiswasalsothe case
whenwe consideredhe tracesindividually and broadened
the numberof parameters MA modelsareclearly ineffec-
tivefor load prediction.

Successful models have similar performance: Surpris-
ingly, Figures5(a)—(c)also shawv that the differencesbe-
tweenthe successfumodelsare actually quite small. This
is alsothe caseif we expandto includetestcasesvith 2 to
8 parameterénsteadof just 8 parametersWith longerlead
times,thedifferenceslo slowly increase.

For moreheaily loadedmachinesthedifferencexanbe
much more dramatic. For example, Figure 6(a) shaws the
distributionof one-step-aheg@nesecondjnearsquaredr
ror measuresor 8 parametemodelson the axp0.psdrace.
Herewe seeanexpectedaw variancd MEAN) of almost0.3
(2.2 secondconfidencdnterval) reducedto about0.02 (0.6
secondinterval) by nearlyall of the models. Furthermore,
the meansquarecerrorsfor the differentmodelclassesare
tightly clusteredaroundthe expected0.02 value, quite un-
like with MEAN, wherewe canseea broadrangeof values
andthe 97.5thpercentiles almost0.5 (2.8 secondnterval.)
Theaxp0.psdraceandothersarealsoquiteamenabléo pre-
diction with long leadtimes. For example,Figures6(b) and
(c) shav 15and30 secondaheadoredictiongor 8 parameter
modelson the axp0.psdrace,respectiely. With the excep-
tion of theMA modelsgeven30secondhheadredictionsare
consistentlymuchbetterthantheraw signalvariance These
figuresremainessentiallythe sameif we includetestcases
with 2 to 8 parameteristeadof just8 parameters.

Althoughthedifferencesn performancéetweerthesuc-
cessfulmodelsare very small, they are generallystatisti-
cally significant. We can algorithmically comparethe ex-
pectedmeansquarecerrorof the modelsusingthe unpaired
t-test[19], pp. 209-212 anddo ANOVA procedureso ver
ify thatthe differenceave detectaresignificantlyabore the
noisefloor. For eachpair of modelclassesthet-testtells us,
with 95% confidencewhetherthe first modelis better the
same or worsethanthe second.We do the comparisongor
thecrossproductof the modelsata numberof differentlead
times. We considerthetraceshothin aggrejateandindivid-
ually, andwe useseveral differentconstrainton thenumber
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Figure 6. Distrib utions of mean squared errors
for axp0.psc trace using 8 parameter models.

of parameters.
Figure7(a) shawvs the resultsof sucha t-testcomparison

for theaggrejatedtracesaleadtime of 1, and8 parameters.

In thefigure, therow classis beingcomparedo the column
class. For example, at the intersectionof the AR row and
MA column,thereis a’<’, which indicatesthat, with 95%
confidencetheexpectedneansquarecerrorof the AR mod-
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Figure 7. T-test comparisons: (a) all traces ag-
gregated, lead 1, 8 parameters. Longer leads
are essentiall y the same except MA is always
worse. (b) axp0, lead 16, 8 parameters.

elsis lessthanthatof MA modelsthusthe AR modelsare
betterthanMA modelsfor this setof constraintsFor longer
leadtimes,we foundthattheresultsremainedessentiallythe
samegxceptthatMA becameconsistentlyworse.

The messagef Figure7(a) is that, for the typical trace
anda sufficient numberof parametersthereare essentially
nodifferencesn theexpectedneansquarecerrorof theBM,
AR, ARMA, ARIMA, andARFIMA modelsevenwith high
leadtimes. Further with theexceptionof theMA modelsall
of the modelsare betterthanthe raw varianceof the signal
(MEAN model.)

For machinesvith highermeanloads,therearemoresta-
tistically significant differencesbetweenthe models. For
example, Figure 7(b) shavs a t-test comparisonfor the
axp0.psdraceat a leadtime of 16 seconddor 8 parameter
models. Clearly, thereis moredifferentiationhere,andwe
also seethat the ARFIMA modelsdo particularlywell, as
we might expectgiventhe self-similarityresultof Section3.
However, noticethatthe AR modelsaredoingaboutaswell.

Theresultsof thesdg-testcomparisonsanbesummarized
asfollows: (1) Exceptfor the MA models,the modelswe
testedaresignificantlybetter(in a statisticalsense}hanthe
raw varianceof thetraceandthe differencein expectedper
formanceis significantfrom a systemspoint of view. (2)
The AR, ARMA, ARIMA, andARFIMA modelsaresignif-
icantly betterthanor equalto the BM modelandoccasion-
ally thedifferencan expectedpberformancés alsosignificant
from asystemgointof view. (3) TheAR, ARMA, ARIMA,
andARFIMA modelshave similar expectedperformance.

AR models are appropriate: Clearly usingoneof the
modelclassesptherthanMA, for load predictionis benefi-
cial. Further usingan AR, ARMA, ARIMA, or ARFIMA
modelis occasionallypreferableto the BM model. Since
thereare no major differencesn the performanceof these
models,andsincefitting AR modelsis muchlessexpensve
thanthe othermodels(and alsotakesdeterministicamount
of time), we recommendheuseof AR modelsfor loadpre-
diction. AR modelsof order4 or higherseemto work fine.
However, we foundthe kneein the performanceof the AR
modelsto be aroundorder16. Sincefitting AR modelsof
this ordet or evenconsiderabhhigher is quitefast(2 msfor
anAR(16) fit to 2000datapointsona500MHz Alpha[10]),



werecommendisingAR(16)s or betterfor loadprediction.

Prediction errorsarenot 11D normal: Aswe described
in Section5, our evaluationof eachtestcasancludestests
for theindependencandnormality of predictionerrors.In-
tuitively, we wantthe errorsto be independenso that they
canbecharacterizegvith a probabilitydistribution function,
andwe wantthe distribution functionto be normalin order
to simplify computingconfidencentervalsfrom it.

For the most part, the errorswe seewith the different
modelsare not independenbr normalto ary confidence
level. However, from a practicalpoint of view, theerrorsare
muchlesscorrelatedover time thanthe raw signal. For ex-
ample,for AR(8) models,the PortmanteaW statistictends
to bereducedoy anorderof magnitudeor more,which sug-
geststhatthoseautocorrelationshat arelarge enoughto be
significantare only maginally so. Furthermore assuming
normality for computingconfidencentervals for high con-
fidencelevels, suchas95%, seemso be reasonableHow-
ever, sincea load predictionsystemwill probablycontinu-
ously evaluatea fitted modelin orderto determinewhento
refitit, it seemgeasonabléor it to keepa histogramor other
more detailedrepresentatiof the errorsin orderto more
accuratelycomputeconfidencentervals.

7. Related wor k

In application-centricchedulind5], applicationssched-
ulethemseles,adaptingo the availability of resourcesper
hapsusing a framevork suchasQuO [29] or Dv [1]. Re-
sourcemonitoringsystemsuchasRemod21], theNetwork
WeatherService[28], or Topology-d[24] provide measure-
mentsandpredictionsto help applicationamakescheduling
decisions. This papercharacterizedne suchmeasurement
(theUnix load average)andstudiedhow to predictit.

While considerableeffort has goneinto characterizing
workloads[12, 20, 16], the focus hasbeenon load shar
ing systemg11], which schedulall of jobsin a distributed
system,and not on application-centricscheduling. An im-
portantassumptionn load sharingandbalancingsystemss
that currentload is a predictorof future load. This work
shavsthatthatassumptioris valid in a statisticallyrigorous
manner andalsoexploresthe predictve power of more so-
phisticatedpredictve models.MutkaandLivny [22] studied
workstationavailability asa binaryfunction of load average
andothermeasuresOur previouspape9] andthesummary
in this paperarethefirst detailedstudyof the Unix load av-
eragewe areawvareof.

Although linear time seriesmethodsare widely usedin
other areas,including networking [3, 15], little work has
beendonein usingtime seriesmethodsfor hostload pre-
diction. Samadaniand Kalthofen’s work [25] is the clos-
estto ours. They found that small ARIMA modelswere
preferableto single-pointpredictorsand Bayesianpredic-
torsfor predictingload. Their empiricalstudyconcentrated
on coarsegrain prediction (one minute samplinginterval)
of four tracesthat measuredoad as the numberof non-
idle processeshavn by the Unix “ps” command. In con-
trast,we studiedfiner grain (one secondsamplinginterval)
predictionof the DUX five-secondoad averageon a much
larger set of machinesusing higher order modelsas well

asthe ARFIMA classof models. Additionally, our study
wasrandomizedwith respecto modelsinsteadof usingthe
Box-Jenkinsheuristicidentificationprocedure.Finally, we
reacheda differentconclusionfor our regime, namelythat
AR modelsaresuficient.

The Network WeatherService (NWS) useswindowed
mean,median,and AR modelsto predictvariousresource
measureg$28] including CPU availability [27]. Our study
andthe studydescribedn thelatter paperarequite comple-
mentary The NWS studyconfirmsour earlierself-similarity
results,quantifieshow well variousmeasuresf CPU avail-
ability, including the Unix one-minuteload average,corre-
latewith runningtime, proposes new hybrid CPUavailabil-
ity measureandstudiesthe performanceof NWS'’s predic-
tivemodelsfor 10 secondandfive minutepredictionsof CPU
availability measurecta 0.1 Hz rate. In contrastwe evalu-
atedthe performanceof AR andmore comple lineartime
seriesmodels(including one that capturesthe long-range
dependencéhat self-similarity induces)appliedto shorter
rangeprediction(1 to 30 secondspf a more dynamicload
signal(theDUX five-secondoadaveragemeasure@t1 Hz.)
In addition,our evaluationuseda randomizednethodology
and a much larger set of tracesto gaugethe models’pre-
dictive powerindependentf ary particularsystem.nterest-
ingly, bothstudiegeachthe conclusiorthatrelatively simple
predictve modelssuchasAR areadequatéor hostloadpre-
diction.

8. Conclusions and future wor k

We have presentech detailed evaluation of the perfor
manceof lineartime seriesmodelsfor predictingthe Unix
five-secondoad averageon a host machine,from 1 to 30
secondinto the future, using 1 Hz samplesof its history.
Predictingthisloadsignalis interestingbecausé is directly
relatedto therunningtime of compute-boundasks.

We began by studyingthe statisticalpropertiesof week-
long 1 Hz load tracescollectedon 38 different machines.
This study suggestedhat Box-Jenkins(AR, MA, ARMA,
and ARIMA) and ARFIMA modelsmight be appropriate.
We evaluatedhe performancef theseclasse®f modelsand
a simplewindowed-mearpredictorby running152,000ran-
domizedtestcase®n the load tracesand thenanalyzedthe
results.

The main contritution of our evaluationis to shaw, in a
rigorousmanneythathostloadonrealsystemss predictable
to a very usefuldegreefrom pastbehaior by usinglinear
time seriedechniqueslin addition,we discoveredthat, while
therearestatisticallysignificantdifferencedetweerthe dif-
ferentclasse®f modelswe studied the maginal benefitsof
the morecomplex modelsdo not warranttheir muchhigher
run-time costs. We reachedhe conclusionthat AR models
of order16 or higherare sufficient for predictingl Hz data
upto 30 secondsn thefuture. Thesemodelswork very well
andarevery inexpensveto fit to dataandto use.

Host load signalsare not generatedy linear systems.
Othertechniquessuchasthresholdautorgressie modelsor
a methodologybasedon chaoticdynamicsmaybe moreap-
propriatefor generatingr understandingpadsignals.How-
ever, for predictionwe aresatisfiedwith simplelinearmeth-



odsin the regime we studiedin this paper We arecurrently
workingonusingpredictiongproducedy RPSin scheduling
the softreal-timetasksof a distributedvisualizationapplica-
tion[8, 1].
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