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Abstract

Thispaperevaluateslinear modelsfor predictingtheDig-
ital Unix five-secondhostloadaveragefrom1 to 30seconds
into the future. A detailedstatisticalstudyof a large num-
berof long,finegrain load tracesfroma varietyof real ma-
chinesleadsto considerationof theBox-Jenkinsmodels(AR,
MA, ARMA,ARIMA),andtheARFIMAmodels(dueto self-
similarity.) Thesemodels,as well as a simplewindowed-
meanscheme,are then rigorously evaluatedby running a
largenumberof randomizedtestcasesontheloadtracesand
data-miningtheir results.Themainconclusionsarethatload
is consistentlypredictableto a veryusefuldegree,and that
the simplermodelssuch as AR are sufficient for doing this
prediction.

1. Introduction

Consideran applicationprogramthat wantsto schedule
a compute-boundsoft real-timetaskin a typical distributed
computingenvironment[8]. By usingmechanismssuchas
CORBA [23] or Java RMI [26], thetaskcanbeexecutedon
any of the hostmachinesin the network. Given this free-
dom,theapplicationcanchoosethehostonwhichthetask’s
deadlineis mostlikely to bemet.

If theapplicationcouldpredicttheexact runningtime of
thetaskoneachof thehosts,choosinga hostwouldbeeasy.
However, suchpredictionsareunlikely to beexactdueto the
dynamicnatureof thedistributedsystem.Eachof thehosts
is actingindependently, its vendor-suppliedoperatingsystem
schedulingtasksinitiated by otherusers,payingno special
attentionto thetasktheapplicationis trying to schedule.The
computationalloadon eachof thehostscanvary drastically
over time.

Becauseof this dynamicnature,theapplication’spredic-
tions of the task’s running time on eachof the hostshave
confidenceintervalsassociatedwith them.Betterpredictions
lead to smallerconfidenceintervals, which makesit easier
for theapplicationto choosebetweenthehosts,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 meetthedeadline.
The running time of a compute-boundtaskon a host is

stronglyrelatedto thecomputationalloadon thehost.If we
couldpredictthe load thata taskwould encounteron some
host,we couldpredicttherunningtime on thathost. Better
load predictionslead to betterpredictionsof running time
andthusto smallerconfidenceintervals.For this reason,we
concentrateonhostloadpredictionhere.

Better load predictionscan indeed lead to drastically
smaller confidenceintervals on real hosts, even lightly
loadedones.For example,Figure1 plots,for onesuchhost,
thelengthof theconfidenceinterval for therunningtimeof a
onesecondtaskasa functionof how far aheadtheloadpre-
dictionsaremade.Theconfidenceintervalsfor a predictive
AR( ��� ) model(describedin Section4) andfor theraw vari-
anceof theloadsignalitself arerepresented.Noticethatfor
up to 25secondsinto thefuture,theAR( ��� ) modelprovides
a confidenceinterval of lessthan200mswhile theraw load
signalprovidesa confidenceinterval of over two seconds.

Theexistenceof clearbenefitsof this kind motivatesthe
following questions:Is hostloadconsistentlypredictableor
are exampleslike Figure 1 merely flukes? If host load is
indeedconsistentlypredictable,what classesof predictive
modelsareappropriatefor predictingit? Whatare the dif-
ferencesbetweenthesedifferentclasses?Finally, whatclass
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canberecommendedfor usein arealsystem?Thispaperde-
scribestheresultsof alargescale,realworldstudyto provide
statisticallyrigorousanswersto thesequestions.

Wefoundthathostloadis, in fact,consistentlypredictable
to a very usefuldegreefrom pastbehavior, andthatsimple,
practicallinear time seriesmodelsaresufficiently powerful
load predictors. Theseresultsaresomewhat surprisingbe-
causeloadhascomplex behavior andexhibitspropertiessuch
asself-similarityandepochalbehavior thatsuggestthatmore
complex modelswould be moreappropriate.As far aswe
areaware,this is the first studyto identify theseproperties
of hostloadandthento rigorouslyevaluatethepracticalpre-
dictive power of linear time seriesmodelsthatbothcanand
cannotcapturethem.Furthermore,our evaluationapproach,
while much more computationallyintensive than thoseof
traditionaltimeseriesanalysis,is unbiasedandthereforelets
usrealisticallygaugehow themodelsactuallybehave when
confrontedwith messyreal world host load measurements.
Ourstudyis alsouniquein focusingonpredictabilityon the
scaleof secondsasopposedto minutesor longertimescales,
andthusis perhapsmostusefulin thecontext of interactive
applicationssuchasscientificvisualizationtools[1] running
on distributedsystems.Finally, we usedthe codebaseof a
realdistributedresourcepredictionservice,RPS[10]. RPSis
usedin theRemosresourcemeasurementsystem[21] andin
BBN’sQuOdistributedobjectqualityof servicesystem[29].

We beganby choosingto measurehostloadby theDigi-
tal Unix five-secondloadaverage.We foundthat this mea-
sure,which canbe easilyacquiredby user-level programs,
is closely relatedto the execution time of short compute-
boundtasks(Section2.) We collecteda large numberof 1
Hz benchmarkload traces,which captureall the dynamics
of theloadsignal,andsubjectedthemto adetailedstatistical
analysis,whichwesummarizein Section3.

On theonehand,this analysissuggestedthat linear time
seriesmodels such as those in the Box-Jenkins[6] AR,
MA, ARMA, andARIMA classesmight beappropriatefor
predictingload. On the other hand,the existenceof self-
similarity induced long-rangedependencesuggestedthat
such modelsmight require an impractical numberof pa-
rametersor that the muchmoreexpensive ARFIMA model
class[18, 14, 4], which explicitly captureslong-rangede-
pendence,mightbemoreappropriate.Sinceit is notobvious
which model is best,we empirically evaluatedthe predic-
tive power of theAR, MA, ARMA, ARIMA, andARFIMA
modelclasses,aswell asa simplead hoc windowed-mean
predictorcalledBM anda long-termmeanpredictorcalled
MEAN. Wedescribethesemodelclassesandour implemen-
tationsof themin Section4.

Ourevaluationmethodology, which wedescribein detail
in Section5, wasto run randomizedtestcaseson thebench-
markloadtraces.Thetestcases(152,000in all, or about4000
per trace)wererandomizedwith respectto modelclass,the
numberof modelparametersandtheir distribution, thetrace
subsequenceusedto fit themodel,andthelengthof thesub-
sequenttracesubsequenceusedto test the model. We col-
lecteda large numberof metricsfor eachtestcase,but we
concentrateon themeansquared(prediction)errormetricin
thispaper. Thismetricis directlycomparableto theraw vari-
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Figure 2. Relationship between average load
during execution and execution time

ancein theloadsignal,and,with anormalityassumption,can
be translatedinto a confidenceinterval for therunningtime
of a task. Moreover, by the centrallimit theorem,thesees-
timatesof a modelclass’s expectedmeansquarederror are
themselvesnormallydistributed,andthuswecandetermine,
to a given significancelevel, whetherone model provides
lowerexpectedmeansquarederrorthananother. Further, we
determinehow muchthe error variesfrom testcaseto test-
case.

The resultsof our evaluationarepresentedin Section6.
We foundthathostloadis consistentlypredictableto a use-
ful degreefrom pastbehavior. Exceptfor the MA models,
whichperformedquitebadly, thepredictivemodelswereall
roughlysimilar, althoughstatisticallysignificantdifferences
wereindeedfound. Thesemarginal differencesdo not seem
to warrantthe useof the moresophisticatedmodelclasses
becausetheir run-timecostsaremuchhigher. Our recom-
mendationis to useAR modelsof relatively high order(16
or better)for loadpredictionwithin theregimewestudied.

2. Host load and running time

For CPU-boundtasks,there is an intuitive relationship
betweenhost load andexecutiontime. ConsiderFigure2,
which plotsexecutiontime versusaverageloadexperienced
during executionfor tasksconsistingof simplewait loops.
Thedatawasgeneratedby runningvariablenumbersof these
taskstogethersimultaneously, at identicalpriority levels,on
anotherwiseunloadedDigital Unix machine.Eachof these
taskssampledtheUnix five-secondloadaverageat roughly
onesecondintervalsduring their executionandat termina-
tion printedtheaverageof thesesamplesaswell astheir ex-
ecutiontime. It is thesepairsthatmakeup the42,000points
in thefigure. Notice that therelationshipbetweenthemea-
suredloadduringexecutionandtheexecutiontime is almost
perfectlylinear( ���	��

� ��� .)

If load werepresentedasa continuoussignal,we would
summarizethisrelationshipbetweenexecutiontimeandload
as ����������������� �"!

� � ��� �
�$#�%'&)(�*,+ (.-/(10�24365)0,7 8

where (10�249 is when the taskbegins executing, (10,2�3:5)0�7 8 is
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the execution time of the task on a completelyunloaded
machine, &��;#<%'&=(�*1* is the load experiencedduring execu-
tion ( %'&=(�* is the continuous“background”load), and (�>4?@>4A
is the task’s executiontime. Notice that the integral simply
computesthe inverseof the averageload during execution.
In practice,we can only samplethe load with somenon-
infinitesimalsampleperiod B so we canonly approximate
the integral by summingover the valuesin the samplese-
quence.In this paper, BC-D� second,sowe will write such
a sequenceof loadsamplesas EF% �1G -H�I��� J�% ��KML J�% � J�% �"�NL J����I�
Wewill alsoreferto sucha sequenceasa loadsignal.

If weknew % �"��O for PQ�R
 , wecoulddirectlycomputethe
executiontime. Unfortunately, thebestwe cando is predict
thesevaluesin someway. The quality of thesepredictions
will thendeterminehow tightly wecanboundtheexecution
timeof our task.We measurepredictionqualityby themean
squarederror, which is theaverageof thesquareof thedif-
ferencebetweenpredictedvaluesand actualvalues. Note
thatthereis a meansquarederrorassociatedwith every lead
time P . Two-step-aheadpredictions( P�-TS ) have a differ-
ent(andprobablyhigher)meansquarederrorthanone-step-
aheadpredictions( PU-V� ), andsoon.

Duringsomeintervalsof time,theloadsignalmaybeless
predictablethanothers.Estimatesof themeansquarederror
for thoseintervalswould be larger thanfor other intervals.
Becauseof this variability, caremustbetakenin comparing
differentpredictiontechniques.However, if weaggregatethe
estimatesfor many differentintervals, the centrallimit the-
oremtells us thattheresultingexpectedmeansquarederror
is normallydistributed,andthuswe usethis quantityin our
comparisons.Intuitively, this is themeansquaredprediction
error one would expect from a given predictiontechnique
confrontedwith a randomlychoseninterval.

For thesimplestprediction,thelong-termmeanof thesig-
nal,themeansquarederroris simplythevarianceof theload
signal. As we shall seein Section3, load is highly vari-
ableandexhibits othercomplex properties,which leadsto
very looseestimatesof executiontime. Thehopeis thatso-
phisticatedpredictionschemeswill have muchlower mean
squarederrors.

3. Statistical properties of load traces
TheloadonaUnix systematany giveninstantis thenum-

berof processesthatarerunningor arereadyto run, which
in turn is the lengthof the readyqueuemaintainedby the
scheduler. Thekernelsamplesthelengthof thereadyqueue
at somerateandexponentiallyaveragesthesamplesto pro-
ducea loadaveragewhich canbeaccessedfrom a userpro-
gram.It is importanttonotethatwhile thisfilteringdoestend
to correlatetheloadaverageover theshortterm(shorterthan
thetimeconstantof thefilter), theexponential-averagingfil-
ter doesexposethe full spectralcontentof the underlying
signal.

TheUnix we usedwasDigital Unix (DUX.) DUX is in-
terestingbecausethe time constantis a merefive seconds,
whichminimizestheeffectof phantomcorrelationdueto the
filter. This is especiallyimportantwhengaugingtheefficacy
of predictiontechniques.While the analysisof this section
andthe predictionresultsof Section6 usethe filtered load

signalas it is directly available to applications(andwhich
correlatesstronglywith runningtimeasshown in Section2),
we have alsoappliedour analysisandpredictiontechniques
to the“unfiltered” loadsignalwith similar results.

By subjectingvariousDUX systemsto varyingloadsand
samplingat progressively higher rates,we determinedthat
DUX updatesthe load averagevalue at a rate of ��WXS Hz.
We choseto sampleat 1 Hz in order to captureall of the
load signal’s dynamicsmadeavailable by the kernel. We
collectedload traceson 38 hostsbelongingto our lab and
to the Pittsburgh SupercomputingCenter(PSC)for slightly
morethanoneweekin late August,1997. A secondsetof
week-longtraceswasacquiredon almostexactly the same
setof machinesin lateFebruarythroughearlyMarch,1998.
Theresultsof thestatisticalanalysisweresimilar for thetwo
setsof traces.In this paper, wedescribeandusetheAugust
1997set.A moredetaileddescriptionof ouranalysisandthe
individualresultsfor eachtraceis availableelsewhere[9] and
we will happily supply the tracesthemselves to interested
parties.

All of the hostsin the August 1997 set were DEC Al-
phamachinesrunningDUX. Thirteenof thehostsarein the
PSC’s productioncluster. Of these,therearetwo front-end
machines,four interactive machines,and seven batchma-
chines. In addition, traceswere takenon eight hoststhat
compriseour lab’s experimentalcluster, two large memory
machinesusedby our groupascomputeservers,andfifteen
desktopworkstationsowned by membersof our research
group.

Thefollowing pointssummarizetheresultsof our statis-
tical analysis[9] thatarerelevantto this study:

(1) Thetracesexhibit low meansbut veryhighvariability,
measuredby thevariance,interquartilerange,andmaximum.
Only four traceshave meanloadsnear1.0.Thestandardde-
viation (squareroot of the variance)is typically at leastas
large asthe mean,while the maximumscanbe asmuchas
two ordersof magnitudelarger. This high variability indi-
catesthatthereexistsampleopportunityfor predictionalgo-
rithmsto improve things.

(2) Measuresof variability, suchasthevarianceandmax-
imum,arepositively correlatedwith themean,soa machine
with a high meanload will also tendto have a large vari-
anceandmaximum. This correlationsuggeststhat thereis
moreopportunityfor predictionalgorithmson moreheavily
loadedmachines.

(3) Thetraceshave relatively complex, sometimesmulti-
modaldistributionsthat arenot well fitted by commonan-
alytic distributions. However, we note herethat assuming
normality (but disallowing negative values)for the purpose
of computinga 95%confidenceinterval is a reasonableop-
eration.

(4) Time seriesanalysisof the tracesshows that load is
stronglycorrelatedover time. The autocorrelationfunction
typically decaysvery slowly while theperiodogramshows a
broad,almostnoise-likecombinationof all frequency com-
ponents.An importantimplicationis thatlinearmodelsmay
be appropriatefor predicting load signals. However, the
complex frequency domainbehavior suggestssuchmodels
mayhave to beof unreasonablyhighorder.
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Figure 3. Linear time series models.
(5) The tracesexhibit self-similaritywith HurstParame-

ters[2, 4] rangingfrom 0.63to 0.97,with a strongbiasto-
wardthetop of thatrange.Hurstparametersin therangeof
0.5to 1.0indicateself-similaritywith positivenear-neighbor
correlations. This result tells us that load varies in com-
plex waysonall timescalesandhaslong-rangedependence.
Long-rangedependencesuggeststhat using the fractional
ARIMA (ARFIMA) modelingapproach[18, 14, 4] may be
appropriate.

(6) The tracesdisplaywhat we term“epochalbehavior.”
The local frequency content(measuredby usinga spectro-
gram)of theloadsignalremainsquitestablefor longperiods
of time (150-450secondsmean,with high standarddevia-
tions),but changesabruptlyattheboundariesof suchepochs.
Suchabrupttransitionsarelikely tobedueto processesbeing
created,destroyed,or enteringnew executionphases.This
resultimpliesthatlinearmodelsmayhave to berefit at these
boundaries.Our evaluation(Section6) ignoresthesebound-
aries,so we do seethe effect of inadvertentlycrossingone
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. This is not
incompatiblewith the “borderline stationarity” implied by
(5).

4. Linear time series models

The main idea behindusing a linear time seriesmodel
in load predictionis to treat the sequenceof periodicsam-
plesof hostload, E�% �1G , asarealizationof astochasticprocess
that canbe modeledas a white noisesourcedriving a lin-
earfilter. The filter coefficientscanbe estimatedfrom past
observationsof the sequence.If mostof the variability of
thesequenceresultsfrom theactionof thefilter, we canuse
its coefficientsto estimatefuture sequencevalueswith low
meansquarederror.

Figure3 illustratesthis decomposition.In keepingwith
the relatively standardBox-Jenkinsnotation[6], we repre-
sentthe input white noisesequenceas E�Y �1G andthe output
load sequenceas EF% ��G . On the right of Figure 3 we see
ourpartiallypredictablesequenceEF% �1G , which exhibits some
meanZ andvariance[\�] . On the left, we seeour utterly un-
predictablewhitenoisesequenceEFY � G , whichexhibits a zero
meananda variance[\�7 . In the middle, we have our fixed
linear filter with coefficients EF^�_ G . Eachoutputvalue % � is
thesumof thecurrentnoiseinput Y � andall previousnoise
inputs,weightedby the E�^`_ G coefficients.

Givenanobserved loadsequenceEF% � G , theoptimumval-
uesfor the coefficients ^�_ arethosethat minimize [\�7 , the
varianceof the driving white noisesequenceEFY �1G . Notice

that the one-step-aheadpredictiongiven all the dataup to
andincludingtime ($aR� is b% L��KML -dcfe_Ig L ^�_XY ��K _ , sincethe
expectedvalueof Y � -h
 .) Thenoisesequenceconsistssim-
ply of the one-step-aheadpredictionerrorsandthe optimal
coefficient valuesminimizethesumof squaresof thesepre-
dictionerrors.

The generalform of the linear time seriesmodel is, of
course,impractical,sinceit involvesan infinite summation
usinganinfinite numberof completelyindependentweights.
Practicallineartimeseriesmodelsuseasmallnumberof co-
efficients to representinfinite summationswith restrictions
on theweights,aswell asspecialcasingthe meanvalueof
thesequence,Z . To understandthesemodels,it is easiestto
representtheweightedsummationasa ratio of polynomials
in i , thebackshiftoperator, whereikjl% � -R% �4K j . For exam-
ple, we canwrite % � -mcRe_Ig L ^ _ Y ��K _ #nY � as % � -V^o&"ip*1Y �
where ^o&"ik*�-H�6#R^ L if#R^ � ik�o#f���I� Usingthis scheme,
themodelsweexaminein this papercanberepresentedas

% � - q &"ik*r &"ik*s&1�tauik* j Y � #�Z (1)

wherethe differentmodelclasseswe examinein this paper
(AR, MA, ARMA, ARIMA, ARFIMA, BM, and MEAN)
constrainq &�ik* , r &�ik* and + in differentways. In the sig-
nalprocessingdomain,this kind of filter is known asa pole-
zerofilter. Therootsof q &�ik* arethezerosandtherootsofr &�ik*v&��kaRik*�j arethe poles. It is alsoa state-spacefilter,
ascanbe seenif written as % � #Rw L % ��KML #fw � % ��K � #d�����@#wsx � j % ��K x K j -fY � # q L Y �4KML # q � Y ��K � #h�I���v# qsy % ��K y wherew�&�ik*$- r &"ik*s&1�za{ik*�j for integer + . In general,suchafilter
canbeunstablein that its outputscanrapidly diverge from
theinputsignal.This instability is extremelyimportantfrom
the point of view of the implementorof a load prediction
system.Suchasystemwill generallyfit amodel(choosethe

q &�ik* and
r &"ik* coefficients,and + ) usingsome| previous

observations.Themodelwill thenbe“fed” thenext } obser-
vationsandaskedto makepredictionsin theprocess.If the
coefficientsaresuchthatthefilter is unstable,thenit mayex-
plain theinitial | observationsvery well, yet fail miserably
andevendiverge (andcrash!) whenusedon the } observa-
tionsafterthefitting.

AR(~ ) models: The classof AR(~ ) models(purely au-
toregressive models)has % � - L������� Y � #/Z where

r &"ip* has
~ coefficients.Fromthepoint of view of a systemdesigner,
AR(~ ) modelsarehighly desirablesincethey canbe fit to
datain a deterministicamountof time. In the Yule-Walker
techniquethatwe used,theautocorrelationfunctionis com-
putedto amaximumlagof ~ andthena ~ -wideToeplitzsys-
tem of linear equationsis solved. Even for relatively large
valuesof ~ , thiscanbedonealmostinstantaneously.

MA( � ) models: Theclassof MA( � ) models(purelymov-
ingaveragemodels)has% � - q &"ik*�Y � whereq &"ik* has� coef-
ficients.MA( � ) modelsareamuchmoredifficult proposition
for asystemdesignersincefitting themtakesanondetermin-
istic amountof time. Insteadof a linear system,fitting a
MA( � ) modelpresentsuswith a quadraticsystem.Our im-
plementation,which is nonparametric(ie, it assumesnospe-
cific distributionfor thewhitenoisesource),usesthePowell
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procedureto minimizethesumof squaresof the (X#�� predic-
tion errors.Thenumberof iterationsnecessaryto converge
is nondeterministicanddatadependent.

ARMA(~ , � ) models: The classof ARMA( ~ , � ) models
(autoregressivemoving averagemodels)has% � -T� ������������ Y � #�Z
where

r &�ik* has~ coefficientsand q &"ip* has � coefficients.
By combiningthe AR(~ ) and MA( � ) models,ARMA( ~ , � )
modelshopeto achieve greaterparsimony — using fewer
coefficients to explain the samesequence.From a system
designer’spointof view, thismaybeimportant,at leastin so
far as it may be possibleto fit a moreparsimoniousmodel
more quickly. Like MA( � ) models,however, ARMA( ~ , � )
modelstakea nondeterministicamountof time to fit to data,
andwe usethe samePowell minimizationprocedureto fit
them.

ARIMA(~ , + , � ) models: The class of ARIMA( ~ , + , � )
models(autoregressive integratedmoving averagemodels)
implementEquation1 for positive integer + . Intuitively,
the &1�	a�ik*�j componentamountsto a + -fold integrationof
the outputof an ARMA( ~ ,� ) model. Although this makes
thefilter inherentlyunstable,it allows for modelingnonsta-
tionary sequences.Suchsequencescan vary over an infi-
nite rangeandhave no naturalmean.Althoughloadclearly
cannotvary infinitely, it doesn’t have a naturalmeaneither.
ARIMA( ~ , + , � ) modelsarefit by differencingthesequence+timesandfitting anARMA( ~ , � ) modelasaboveto theresult.

ARFIMA(~ , + , � ) models: The classof ARFIMA( ~ , + , � )
models(autoregressive fractionally integratedmoving aver-
agemodels)implementEquation1 for fractionalvaluesof + ,
�� + �d
'��� . By analogyto ARIMA( ~ , + , � ) models,ARFI-
MAs arefractionallyintegratedARMA( ~ , � ) models.Thede-
tails of fractionalintegration[18, 14] arenot importanthere
otherthanto notethat &1�zauik*�j for fractional + is aninfinite
sequencewhosecoefficientsarefunctionsof + . The ideais
that this infinite sequencecaptureslong rangedependence
while the ARMA coefficients captureshort rangedepen-
dence.Sinceour sequencesexhibit long-rangedependence,
even afterdifferencing,ARFIMAs may prove to be benefi-
cial models.To fit ARFIMA models,weuseFraley’sFortran
77code[13], whichdoesmaximumlikelihoodestimationof
ARFIMA modelsfollowing HaslettandRaftery[17]. This
implementationis alsousedby commercialpackagessuchas
S-Plus.We truncate&1�za�ik*�j at300coefficientsandusethe
samerepresentationandpredictionengineaswith theother
models.

Simple models for comparison: We alsoimplemented
two very simple modelsfor comparison,MEAN and BM.
MEAN has % � -�Z , so all future valuesof the sequence
arepredictedto be the mean. This is the bestpredictor, in
termsof minimummeansquarederror, for asequencewhich
hasno correlationover time andwe alsouseit to measure
the raw varianceof the load signal. The BM model is an
AR(~ ) modelwhosecoefficientsareall setto �IWv~ . Thissim-
ply predictsthenext sequencevalueto betheaverageof the
previous ~ values,a simplewindowedmean. ~ is chosento
minimizemeansquarederrorfor (�#f� predictions.It is im-
portantto notethatBM subsumesevensimplermodelssuch
as“predict that the next valuewill be the sameas the last

value” (ie, p=1.)
Making predictions: After fitting oneof theabove mod-

els,we constructa predictorfrom it. Thepredictorconsists
of themodelconvertedto auniformform, thepredictednext
sequencevalue,aqueuethatholdsthelast ~$# + ( + -f�X
X
 for
ARFIMA models)sequencevalues,anda queuethe holds
the last � predictionerrors. Whenthe next sequencevalue
becomesavailable,it is pushedontothesequencequeue,it’ s
correspondingpredictedvalue’sabsoluteerroris pushedonto
theerrorqueue,andthemodelis evaluated( �Q&�~6# + #��l* op-
erations)to producea new predictednext sequencevalue.
We refer to this assteppingthepredictor. At any point, the
predictorcanbe queriedfor the predictednext P valuesof
thesequence,alongwith their expectedmeansquarederrors
( �Q&�P\&�~k# + #n�l* operations.)

5. Evaluation methodology

Our methodologyis designedto determinewhetherthere
areconsistentdifferencesin the practical predictivepower
of thedifferentmodelclasses.Othergoalsarealsopossible.
For example,onecoulddeterminetheexplanatorypowerof
themodelsby evaluatinghow well they fit data,or thegener-
ativepowerof themodelby generatingnew loadtracesfrom
fitted modelsandevaluatinghow well their statisticalprop-
ertiesmatchthe original traces.We have touchedon these
othergoals,but donotdiscussthemhere.To assesstheprac-
tical predictive power of thedifferentmodelclasses,we de-
signeda randomized,trace-driven simulationmethodology
thatfits randomlyselectedmodelsto subsequencesof a load
traceandteststhemonimmediatelyfollowingsubsequences.

In practice,a loadpredictiondaemonwill haveonethread
of controlof thefollowing form:

do forever {
get new load measurement;
update history;
if (some criteria) {

refit model to history;
make new predictor;

}
step predictor;
sleep for sample interval;

}

wherehistory is a window of previous loadvalues.Fit-
ting themodelto thehistoryis anexpensive operation.Once
a modelis fitted, a predictorcanbeproducedfrom it. Step-
ping this predictormeansinforming it of a new load mea-
surementso that it can modify its internal state. This is
an inexpensive operation. Predictionrequestsarrive asyn-
chronouslyand are servicedusing the currentstateof the
predictor. A predictionrequestthatarrivesat time ( includes
a lead time P . The predictedload values b% L� J,b%X�� JI���I� J,b% O�
arereturnedalongwith model-basedestimatesof the mean
squaredpredictionerrorfor eachprediction.

Evaluating the predictive power of the different model
classesin suchacontext is complicatedbecausethereis such
a vastspaceof configurationparametersto explore. These
parametersinclude:thetrace,themodelclass,thenumberof
parametersweallow themodelandhow they aredistributed,
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Load Trace 
~one week

345,000 to >1M
samples at 1Hz

Fit Interval
5 min...3 hours

(m=600 to 10800 samples)

Test Interval
5 min...3 hours

(n=600 to 10800 samples)

Crossover Point
3 hours, trace length - 3 hours

crosstzmtcross
z − 1−+ntcross

z

Modelclass Numberof parameters
MEAN none
BM none
AR(p) p=1..32
MA(q) q=1..8
ARMA(p,q) p=1..4,q=1..4
ARIMA(p,d,q) p=1..4,d=1..2,q=1..4
ARFIMA(p,d,q) p=1..4,d by fit, q=1..4

Figure 4. Testcase generation.
theleadtime, thelengthof thehistoryto which themodelis
fit, thelengthof theinterval duringwhich themodelis used
to predict,andatwhatpointsthemodelis refit. Wealsowant
to avoid biasesdueto favoringparticularregionsof traces.

To explore this spacein a reasonablyunbiasedway, we
ran a large numberof randomizedtestcaseson eachof the
traces.Figure4 illustratesthe parameterspacefrom which
testcaseparametersarechosen.A testcaseis generatedand
evaluatedusingthefollowingsteps.

1 Choosea randomcrossover point, �"��������� , from within the
trace.

2 Choose a random number of samples, � , from�I���X�����X���v� � � ��� ���I���
(5 minutes to three hours.)

The � samples preceding the crossover point,�I  !�¡"��¢"¢�£'¤ � ��  !F¡"��¢"¢�£¥¤�¦�§ � � � � � ��  !F¡"��¢"¢�£�§ are in the fit
interval.

3 Choose a random number of samples, ¨ from�I���X�����X���v� � � ��� ���I���
(5 minutes to three hours.) The¨ samples including and following the crossover point,�   !�¡"��¢"¢ � �   !�¡"��¢�¢ ¦�§ � � � ��� �   !�¡"��¢�¢ ¦
©l£�§ ,arein thetestinterval.

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

5 For ªN«R� to
�
, stepthepredictorwith �I  !�¡"��¢"¢�£¥¬ (thevalues

in thefit interval) to initialize its internalstate.After thisstep,
thepredictoris readyto betested.

6 For ª`« �
to ¨®­ �

do thefollowing:¯ Stepthepredictorwith �I  !�¡"��¢�¢F¦'¬ (thenext valuein the
testinterval.)¯ For each lead time ° « �I��±²� � ��� ��³��

seconds,
produce the predictions ´�Xµ  !�¡"��¢�¢ ¦'¬ . ´�Xµ  !F¡"��¢"¢ ¦'¬ is
the prediction of �   !�¡"��¢�¢ ¦'¬�¦ µ given the samples�I  !�¡"��¢�¢ £¥¤ � �I  !�¡"��¢�¢ £'¤�¦¶§ � ��� � � �I  !�¡"��¢�¢ ¦'¬ . Computethe
predictionerrors· µ  ¦'¬ «f´�Xµ  !�¡"��¢�¢ ¦'¬ ­ �I  !�¡"��¢�¢ ¦'¬�¦ µ .

7 For eachleadtime °¸« �I�1±²�v� � ����³��
seconds,analyzethe ° -

step-aheadpredictionerrors· µ  ¦'¬ , ª`« �X� ��� ��� �v� ¨®­ �
.

8 Outputthetestcaseparametersandtheanalysisof thepredic-
tion errors.

For clarity in theabove,we focusedon thelineartimeseries
modelundertest.Eachtestcasealsoincludesaparalleleval-
uationof the BM andMEAN modelsin order to facilitate
direct comparisonwith the simpleBM modeland the raw
signalvariance.

The lower limit we place on the length of the fit and
testintervalsis purelyprosaic— theARFIMA modelneeds
aboutthis muchdatato besuccessfullyfit. Theupperlimit

is chosento be greaterthanmostepochlengthsso that we
canseethe effect of crossingepochboundaries.The mod-
elsarelimited to eightparametersbecausefitting largerMA,
ARMA, ARIMA, or ARFIMA modelsis prohibitively ex-
pensive in a real system. We did also explore larger AR
models,up to order32.

Theanalysisof thepredictionerrorsincludesthefollow-
ing. For eachleadtime, the minimum,median,maximum,
mean,meanabsolute,andmeansquaredpredictionerrorsare
computed. The one-step-aheadpredictionerrors(ie, Y L��� 5 ,¹ -º

JI��JI�����1J }�a<� ) arealsosubjectto IID andnormality
testsasdescribedby Brockwell andDavis [7], pp. 34–37.
IID testsincludedthefractionof theautocorrelationsthatare
significant,thePortmanteauQ statistic(thepower of theau-
tocorrelationfunction), the turning point test,and the sign
test. Normality wastestedby computingthe ��� valueof a
least-squaresfit to a quantile-quantileplot of the valuesor
errorsversusa sequenceof normalsof the samemeanand
variance.

We ran approximately152,000 such testcases,which
amountedto about4000testcasesper trace,or about1000
per model classand parameterset, or about30 per trace,
modelclassandparameterset. Our parallelizedsimulation
discardedtestcasesin which an unstablemodel“blew up,”
eitherdetectablyor due to a floating point exception. The
resultsof the acceptedtestcaseswerecommittedto a SQL
databaseto simplify theanalysisdiscussedin the following
section.

6. Results

The sectionaddressesthe following questions: Is load
consistentlypredictable?If so,whataretheconsistentdiffer-
encesbetweenthe differentmodelclasses,andwhich class
is preferable? To answerthesequestionswe analyzethe
databaseof randomizedtestcasesfrom Section5. For the
mostpart we will addressonly the meansquarederror re-
sults,althoughwe will touchon theotherresultsaswell. It
is importantto reiteratethecommentsof Section5: we are
examiningthepracticalpredictivepowerof themodelshere,
not thetheirexplanatorypower, or “fit.”

Load is consistently predictable: For amodelto provide
consistentpredictabilityof load,it mustsatisfytwo require-
ments.First, for theaveragetestcase,themodelmusthave a
considerablylowerexpectedmeansquarederrorthantheex-
pectedraw varianceof theloadsignal(ie, theexpectedmean
squarederrorof theMEAN model.)Thesecondrequirement
is that this expectationis alsovery likely, or thatthereis lit-
tle variability from testcaseto testcase.Intuitively, the first
requirementsaysthat the modelprovidesgoodpredictions
on average,while the secondsaysthatmostpredictionsare
closeto thataverage.

Figure 5(a) suggeststhat load is indeed consistently
predictablein this sense. The figure is a Box plot that
shows thedistributionof one-step-ahead(onesecond)mean
squarederror measures(ie, the distribution of the measureL0 c 0 KNL5�g\» &"Y L�"� 5 *1� , using the formalismsof Section5) for 8
parametermodelsonall of thetraces.In thefigure,eachcat-
egory is a specificclassof modelandis annotatedwith the
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(c) 30secondpredictions

Figure 5. Distrib utions of mean squared errors
for all traces using 8 parameter models.

numberof samplesfor thatclass.For eachclass,the circle
indicatesthe expectedmeansquarederror, while the trian-
gles indicatedthe 2.5th and 97.5thpercentilesassuminga
normaldistribution. The centerline of eachbox shows the
medianwhile thelowerandupperlimits of thebox show the
25thand75thpercentilesandthelower andupperwhiskers
show theactual2.5thand97.5thpercentiles.

Noticethat theexpectedraw variance(MEAN) of a test-

caseis approximately0.05,while theexpectedmeansquared
error for all of themodelclassesis nearlyzero. In termsof
the lengthof the 95%confidenceinterval for the execution
time of a onesecondtaskasdescribedin Section2, this is
a reductionfrom &�SX*v&��X���X¼�*1½ 

��
X��-T

� ��¾ secondsto virtu-
ally zerofor all of theclassesof predictivemodels,including
the simpleBM model. The figurealsoshows that our sec-
ondrequirementfor consistentpredictabilityis met. We see
that the variability aroundthe expectedmeansquarederror
is muchlowerfor thepredictivemodelsthanfor MEAN. For
example,the97.5thpercentileof theraw varianceis almost
0.3 (2.2 secondinterval) while it is about0.02 (0.6 second
interval) for thepredictivemodels.

Figures5(b) and5(c) show theresultsfor 15 secondpre-
dictionsand30 secondpredictions.Notice that, except for
the MA models,the predictive modelsareconsistentlybet-
ter thanthe raw load variance,even with 30 secondahead
predictions. We also seethat MA modelsperform quite
badly, especiallyathigherleadtimes.Thiswasalsothecase
whenwe consideredthe tracesindividually andbroadened
the numberof parameters.MA modelsareclearly ineffec-
tive for loadprediction.

Successful models have similar performance: Surpris-
ingly, Figures5(a)–(c) also show that the differencesbe-
tweenthe successfulmodelsareactuallyquite small. This
is alsothe caseif we expandto includetestcaseswith 2 to
8 parametersinsteadof just 8 parameters.With longerlead
times,thedifferencesdoslowly increase.

For moreheavily loadedmachines,thedifferencescanbe
muchmore dramatic. For example,Figure6(a) shows the
distributionof one-step-ahead(onesecond)meansquareder-
ror measuresfor 8 parametermodelson theaxp0.psctrace.
Hereweseeanexpectedraw variance(MEAN) of almost0.3
(2.2 secondconfidenceinterval) reducedto about0.02(0.6
secondinterval) by nearlyall of the models. Furthermore,
the meansquarederrorsfor the differentmodelclassesare
tightly clusteredaroundthe expected0.02 value,quite un-
like with MEAN, wherewe canseea broadrangeof values
andthe97.5thpercentileis almost0.5 (2.8secondinterval.)
Theaxp0.psctraceandothersarealsoquiteamenableto pre-
diction with long leadtimes. For example,Figures6(b) and
(c) show 15and30secondaheadpredictionsfor 8 parameter
modelson theaxp0.psctrace,respectively. With theexcep-
tion of theMA models,even30secondaheadpredictionsare
consistentlymuchbetterthantheraw signalvariance.These
figuresremainessentiallythe sameif we includetestcases
with 2 to 8 parametersinsteadof just8 parameters.

Althoughthedifferencesin performancebetweenthesuc-
cessfulmodelsare very small, they are generallystatisti-
cally significant. We can algorithmically comparethe ex-
pectedmeansquarederrorof themodelsusingtheunpaired
t-test[19], pp. 209–212,anddo ANOVA proceduresto ver-
ify that thedifferenceswe detectaresignificantlyabove the
noisefloor. For eachpairof modelclasses,thet-testtells us,
with 95% confidence,whetherthe first model is better, the
same,or worsethanthesecond.We do thecomparisonsfor
thecrossproductof themodelsata numberof differentlead
times.We considerthetracesbothin aggregateandindivid-
ually, andweuseseveraldifferentconstraintson thenumber
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(c) 30secondpredictions

Figure 6. Distrib utions of mean squared errors
for axp0.psc trace using 8 parameter models.

of parameters.

Figure7(a)shows theresultsof sucha t-testcomparison
for theaggregatedtraces,a leadtimeof 1, and8 parameters.
In thefigure,therow classis beingcomparedto thecolumn
class. For example,at the intersectionof the AR row and
MA column,thereis a ’ � ’, which indicatesthat,with 95%
confidence,theexpectedmeansquarederrorof theAR mod-

MEAN BM AR MA ARMA ARIMA ARFIMA
MEAN ¿ À À À À À À
BM Á ¿ ¿ Á ¿ ¿ ¿
AR Á ¿ ¿ Á ¿ ¿ ¿
MA Á À À ¿ À ¿ À
ARMA Á ¿ ¿ Á ¿ ¿ ¿
ARIMA Á ¿ ¿ Á ¿ ¿ ¿
ARFIMA Á ¿ ¿ Á ¿ ¿ ¿

(a)all traces,onestepahead
MEAN BM AR MA ARMA ARIMA ARFIMA

MEAN ¿ À À ¿ À À À
BM Á ¿ À Á ¿ ¿ À
AR Á Á ¿ Á ¿ Á ¿
MA ¿ À À ¿ À À À
ARMA Á ¿ ¿ Á ¿ ¿ À
ARIMA Á ¿ À Á ¿ ¿ À
ARFIMA Á Á ¿ Á Á Á ¿

(b) axp0.psctrace,16stepsahead

Figure 7. T-test comparisons: (a) all traces ag-
gregated, lead 1, 8 parameter s. Longer leads
are essentiall y the same except MA is always
worse. (b) axp0, lead 16, 8 parameter s.

els is lessthanthatof MA models,thusthe AR modelsare
betterthanMA modelsfor this setof constraints.For longer
leadtimes,wefoundthattheresultsremainedessentiallythe
same,exceptthatMA becameconsistentlyworse.

The messageof Figure7(a) is that, for the typical trace
anda sufficient numberof parameters,thereareessentially
nodifferencesin theexpectedmeansquarederrorof theBM,
AR, ARMA, ARIMA, andARFIMA models,evenwith high
leadtimes.Further, with theexceptionof theMA models,all
of themodelsarebetterthanthe raw varianceof the signal
(MEAN model.)

For machineswith highermeanloads,therearemoresta-
tistically significantdifferencesbetweenthe models. For
example, Figure 7(b) shows a t-test comparisonfor the
axp0.psctraceat a leadtime of 16 secondsfor 8 parameter
models. Clearly, thereis moredifferentiationhere,andwe
alsoseethat the ARFIMA modelsdo particularlywell, as
wemightexpectgiventheself-similarityresultof Section3.
However, noticethattheAR modelsaredoingaboutaswell.

Theresultsof theset-testcomparisonscanbesummarized
as follows: (1) Exceptfor the MA models,the modelswe
testedaresignificantlybetter(in a statisticalsense)thanthe
raw varianceof thetraceandthedifferencein expectedper-
formanceis significantfrom a systemspoint of view. (2)
TheAR, ARMA, ARIMA, andARFIMA modelsaresignif-
icantly betterthanor equalto theBM modelandoccasion-
ally thedifferencein expectedperformanceis alsosignificant
from asystemspointof view. (3) TheAR, ARMA, ARIMA,
andARFIMA modelshave similarexpectedperformance.

AR models are appropriate: Clearly, usingoneof the
modelclasses,otherthanMA, for loadpredictionis benefi-
cial. Further, usingan AR, ARMA, ARIMA, or ARFIMA
model is occasionallypreferableto the BM model. Since
thereareno major differencesin the performanceof these
models,andsincefitting AR modelsis muchlessexpensive
thanthe othermodels(andalsotakesdeterministicamount
of time),we recommendtheuseof AR modelsfor loadpre-
diction. AR modelsof order4 or higherseemto work fine.
However, we found the kneein the performanceof the AR
modelsto be aroundorder16. Sincefitting AR modelsof
thisorder, or evenconsiderablyhigher, is quitefast(2 msfor
anAR( �I¼ ) fit to 2000datapointsona500MHz Alpha[10]),
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werecommendusingAR( ��¼ )sor betterfor loadprediction.
Prediction errors are not IID normal: As wedescribed

in Section5, our evaluationof eachtestcaseincludestests
for theindependenceandnormalityof predictionerrors.In-
tuitively, we want the errorsto be independentso that they
canbecharacterizedwith aprobabilitydistributionfunction,
andwe want thedistribution function to benormalin order
to simplify computingconfidenceintervalsfrom it.

For the most part, the errorswe seewith the different
modelsare not independentor normal to any confidence
level. However, from a practicalpointof view, theerrorsare
muchlesscorrelatedover time thanthe raw signal. For ex-
ample,for AR( � ) models,thePortmanteauQ statistictends
to bereducedby anorderof magnitudeor more,whichsug-
geststhat thoseautocorrelationsthatarelargeenoughto be
significantareonly marginally so. Furthermore,assuming
normality for computingconfidenceintervals for high con-
fidencelevels,suchas95%,seemsto be reasonable.How-
ever, sincea load predictionsystemwill probablycontinu-
ouslyevaluatea fitted modelin orderto determinewhento
refit it, it seemsreasonablefor it to keepahistogramor other
moredetailedrepresentationof the errorsin order to more
accuratelycomputeconfidenceintervals.

7. Related work
In application-centricscheduling[5], applicationssched-

ulethemselves,adaptingto theavailability of resources,per-
hapsusinga framework suchas QuO [29] or Dv [1]. Re-
sourcemonitoringsystemssuchasRemos[21], theNetwork
WeatherService[28], or Topology-d[24] provide measure-
mentsandpredictionsto helpapplicationsmakescheduling
decisions.This papercharacterizedonesuchmeasurement
(theUnix loadaverage)andstudiedhow to predictit.

While considerableeffort has gone into characterizing
workloads[12, 20, 16], the focus has beenon load shar-
ing systems[11], which scheduleall of jobs in a distributed
system,andnot on application-centricscheduling.An im-
portantassumptionin loadsharingandbalancingsystemsis
that current load is a predictorof future load. This work
showsthatthatassumptionis valid in a statisticallyrigorous
manner, andalsoexploresthepredictive power of moreso-
phisticatedpredictivemodels.MutkaandLivny [22] studied
workstationavailability asa binaryfunctionof loadaverage
andothermeasures.Ourpreviouspaper[9] andthesummary
in this paperarethefirst detailedstudyof theUnix loadav-
erageweareawareof.

Although linear time seriesmethodsarewidely usedin
other areas,including networking [3, 15], little work has
beendonein using time seriesmethodsfor host load pre-
diction. Samadaniand Kalthofen’s work [25] is the clos-
est to ours. They found that small ARIMA modelswere
preferableto single-pointpredictorsand Bayesianpredic-
tors for predictingload. Their empiricalstudyconcentrated
on coarsegrain prediction (one minute samplinginterval)
of four tracesthat measuredload as the numberof non-
idle processesshown by the Unix “ps” command. In con-
trast,we studiedfiner grain (onesecondsamplinginterval)
predictionof the DUX five-secondload averageon a much
larger set of machinesusing higher order modelsas well

as the ARFIMA classof models. Additionally, our study
wasrandomizedwith respectto modelsinsteadof usingthe
Box-Jenkinsheuristicidentificationprocedure.Finally, we
reacheda differentconclusionfor our regime, namelythat
AR modelsaresufficient.

The Network WeatherService (NWS) useswindowed
mean,median,andAR modelsto predictvariousresource
measures[28] including CPU availability [27]. Our study
andthestudydescribedin thelatterpaperarequitecomple-
mentary. TheNWSstudyconfirmsourearlierself-similarity
results,quantifieshow well variousmeasuresof CPUavail-
ability, including the Unix one-minuteload average,corre-
latewith runningtime,proposesanew hybridCPUavailabil-
ity measure,andstudiestheperformanceof NWS’s predic-
tivemodelsfor 10secondandfiveminutepredictionsof CPU
availability measuredat a 0.1Hz rate.In contrast,we evalu-
atedthe performanceof AR andmorecomplex linear time
seriesmodels(including one that capturesthe long-range
dependencethat self-similarity induces)appliedto shorter
rangeprediction(1 to 30 seconds)of a moredynamicload
signal(theDUX five-secondloadaveragemeasuredat1 Hz.)
In addition,our evaluationuseda randomizedmethodology
and a much larger set of tracesto gaugethe models’pre-
dictivepowerindependentof any particularsystem.Interest-
ingly, bothstudiesreachtheconclusionthatrelativelysimple
predictivemodelssuchasAR areadequatefor hostloadpre-
diction.

8. Conclusions and future work
We have presenteda detailedevaluationof the perfor-

manceof linear time seriesmodelsfor predictingthe Unix
five-secondload averageon a host machine,from 1 to 30
secondinto the future, using 1 Hz samplesof its history.
Predictingthis loadsignalis interestingbecauseit is directly
relatedto therunningtimeof compute-boundtasks.

We beganby studyingthe statisticalpropertiesof week-
long 1 Hz load tracescollectedon 38 differentmachines.
This studysuggestedthat Box-Jenkins(AR, MA, ARMA,
and ARIMA) and ARFIMA modelsmight be appropriate.
Weevaluatedtheperformanceof theseclassesof modelsand
a simplewindowed-meanpredictorby running152,000ran-
domizedtestcaseson the load tracesandthenanalyzedthe
results.

The main contribution of our evaluationis to show, in a
rigorousmanner, thathostloadonrealsystemsis predictable
to a very usefuldegreefrom pastbehavior by using linear
timeseriestechniques.In addition,wediscoveredthat,while
therearestatisticallysignificantdifferencesbetweenthedif-
ferentclassesof modelswestudied,themarginal benefitsof
themorecomplex modelsdo not warranttheir muchhigher
run-timecosts.We reachedtheconclusionthat AR models
of order16 or higheraresufficient for predicting1 Hz data
up to 30secondsin thefuture.Thesemodelswork very well
andarevery inexpensiveto fit to dataandto use.

Host load signalsare not generatedby linear systems.
Othertechniques,suchasthresholdautoregressivemodelsor
a methodologybasedonchaoticdynamicsmaybemoreap-
propriatefor generatingor understandingloadsignals.How-
ever, for prediction,wearesatisfiedwith simplelinearmeth-
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odsin theregimewe studiedin this paper. We arecurrently
workingonusingpredictionsproducedby RPSin scheduling
thesoft real-timetasksof adistributedvisualizationapplica-
tion [8, 1].
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