Multi-resolution Resour ce Behavior Queries Using Wavelets

JasorSkicewicz

PeterA. Dinda

JenniferM. Schopf

{jskitz, pdinda,jms} @cs.northwestern.edu
Departmenbf ComputerScience
NorthwesterrJniversity

Abstract

Differentadaptiveapplicationsare interestedin the dy-
namicbehaviorof a resouce over differentfine-to coarse-
grain time-scales. The resouce’s sensorruns at some
fine-grain resouce-appopriatesamplingrate, producinga
discrete-timeresouce signal. It can be very inefficient to
to answera coarse-g@ain applicationqueryby directly us-
ing thefine-grain resouce signal. We addressthis gap be-
tweenthe sensorandits differentclient applicationswith a
new query modelthat explicitly incorporatestime-scaleas
a parameter Thequerymodelis implementedn top of an
inherently multi-scalewavelet-basedepresentationof the
signal (which could be communicateaver a setof multi-
castchannels.) A queryusesonly the waveletcoeficients
necessaryor its time-scalgandthuscouldlistento a sub-
setof the channels) greatly reducingthe data that needto
be communicatedWe presentvery promisinginitial results
on hostload signals, showingthe tradeof betweencom-
pactnessand queryerror. Finally, we describesomeof the
otheropermtionsthat thewaveletrepresentatiorenables.

1. Introduction

Applicationsrunning on shared,unresered distributed
computingervironmentsmustadaptto changingresource
supply eitherthroughtheir own machinationsor through
theservicesof ascheduleor otheradaptatioragent/1]. In
eithercase measurementf resourcesupply oftenviewed
throughthelensof prediction,senesasthe basisfor mak-
ing adaptatiordecisions.In this paperwe addresgeriodic
time-seriesneasurement@.e., discrete-timesignals)of re-
sourceghataresuppliedin astreanby somesensorExam-
plesof systemghatcanprovide or predictsuchtime-series
dataincludeRemod9], the Network WeatherService[15],
and RPS[5]. We focus here specificallyon hostload, a
signalwith which the runningtime of tasksstronglycorre-
lates,andthat hasbeenshawn to be quite predictableover
theshortrange(1 to 30 seconds}3, 6].

A tensionexists betweensensorsand the applications
and schedulerghat they sene becausedifferent applica-
tions areinterestedn the behavior of the signal over dif-
ferenttime-scalesFor example,areal-timeschedulingad-
visor for aninteractve application[4, Chapter6] may be
interestedn hostload over the pastsecondwhile a sched-
ulerfor aparallelapplicationmaybeinterestedn hostload
over minutesor hours[14]. Also, while someapplications
desireperiodicupdatesfrom a measuremergtream others
are interestedin aperiodicallyqueryingthose streamsfor
averagesverintervalsof time.

Sensordevelopershave addressedhe needfor diverse
querieshy samplingatahigh frequeng thatcorrespondso
thesmallesigueryinterval or elseis high enoughto capture
all thedynamicsof theunderlyingresource Thesehighfre-
gueny samplesarethendeliveredto the applicationwhich
usesthemto computean averageover the query interval.
For most queriesthis resultsin excessve consumptionof
network bandwidth. It is possiblefor the sensorto adjust
the frequeng of measurementn a perapplicationbasis,
but this ties sensorsand applicationsquite closelyandcan
impedescalability

We believe that this tensioncan be resohed by repre-
sentingthe measuremenstreamsin the wavelet-domain.
Waveletsare a mathematicatechniquefor simultaneously
representin@ signal'stime andfrequeng (scale)oehaior.
Thisrepresentatiomherentlyprovidesthe multi-resolution
view neededby applicationswhile still preservingthe sig-
nal’s importantdynamicsregardlessof time-scaleor com-
pressionlevel. This paperoutlinesour approachand pro-
videsan initial evaluationof thesetechniqueson aninter
estingrepresentatie signal, hostload. Wavelettechniques
have beenpreviously appliedto characterizeand generate
network traffic [13, 7]. We areusingthemto help answer
dynamicapplicationqueries.

Transforminghostload signalsinto the wavelet-domain
is very inexpensve, and both streamand interval queries
canbeansweredatheraccuratelyonthetransformedignal
despitethe extremely high compressiommadepossibleby
thewaveletrepresentation.
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Figure 1. Schematic representation of query
model: (a) raw signal, (b) downsampled
stream query, (c) inter val query.

2. Query model

Distributed applicationscan use time-seriesmeasure-
ments(signals)in differentways. Someare interestedn
the streamf valuesthemseles, while otherswant signal
averagesver intervals of time. Thedesiredsamplingrates
andtheintervalsfor thesequeriescanalsovary widely. An-
otherimportantobsenationis thatthe accurag thatappli-
cationsrequire of their queriescanvary. Independentf
applicationsa sensomustattemptto appropriatelysample
the dynamicsof whatit is measuringpbeying the Nyquist
Criterion[12, Chapte8].

Thesebroadlyvaryingdemand®f applicationsandsen-
sorscreatea tensionthatwe wish to resohe. To do so,we
mustclearlydefinetheinteractionbetweerapplicationsand
sensorsthatis, the querymodelthatthe sensorsupport.

Our query model includesboth streamingqueriesand
interval queries.Thesequerieoperateonthereconstructed
signal—theclient specifiesthe level of accurag required,
andthereconstructiofis doneaccordingo therequirements
of thequery

Figure 1 illustratesour query model. In (a) we shav
the discrete-timesignal (z;) producedby the sensor This

time-seriess assumedo be capturedat anappropriateate
fs = 1/A to capturethe dynamicsof theunderlyingsignal
thatis measuredThecurrenttimeis representetly ¢,,,., =
inowd, thatis, timeis discretizedaccordingto the original
samplerateof thesignal.

In additionto the measurederieswe introducea signal
(%;) thatattemptgo sufficiently representhe original sig-
nal. Thistime-serieds calledthereconstructedignal. The
point of usingthereconstructedignalis thatit maybefar
lessexpensve to acquire,communicateand usethanthe
original signal. Furthermorethe reconstructiorallows us
to decouplethe underlyingsignalandthe useof that data
by anapplication.

Thereis an error betweenthe reconstructedignal and
theoriginal signal,e; = &; — x;, thatformsanerrorsignal
(e;). We discussthe useof waveletsto producethe recon-
structedsignal (Z;) in the next section. In the limit, the
reconstructedignalis identicalto the original.

Streamingquery: Someapplicationsareinterestedn pe-
riodic updates perhapsat somerate slower thanthe raw
samplingrate of the signal,asshavn in Figure1(b). For
example,a conferencingapplicationmaywantto modulate
the quality of its video streamsn stepwith changingband-
width onanetwork path. It would thensubscribeo the net-
work sensorat its framerate, which may well be different
fromthesamplingrateusedby thesensorTheapplications
requestedate (the frameratein the example)alsobounds
the maximumfrequeng in the sensors outputthat canbe
resolhed. Lower frequeng updatesmply lower communi-
cation and computationdemandswhile higherfrequeng

updatesmply theopposite.
Theform of the streamingqueryis
Stream er f (z;) ~

where f is the desiredmeasurementate from the query
andis constrainedo be  f,. Thevaluez; is formedby

limiting the reconstructeaignalto resolhe frequenciesup

to f / andthensamplingatrate f . It is asif theoriginal

signalweresub-sampletb f , exceptthatthereconstructed
signalis used,and the resultis an estimate. Notice that

becausét is an estimate therecanbe error—the error se-

quencele;) maybenonzero Becausef this, thestreaming
gueryalsoreturnsan estimateof the varianceof the error

sequencé” ). It mayalsoreturna moredetailedreportof

theerrorvariance suchasa covariancematrix.

Interval query: Otherapplicationsareinterestedn aver
agebehaior overintervalsof time. In aninterval query, the
applicationcaresaboutthe full dynamicsof the signal, but
only asfar asit affectsthe averageover afixedtime inter-
val. Figurel(c)illustratesthis model. An exampleof such



anapplicationis aparallelschedulethatneedgo know how
mary computecycleswereavailableoverthe pasthour.

Becausehe reconstructedignal from which the query
is mademay differ from the original signal,thereis alsoan
errorassociatedvith this form of query In our model,the
applicationspecifiests tolerancefor this errorin the form
of a confidencdevel anda frequeng representinghe rate
of thesampleghatwill beaveraged.

Theform of theinterval queryis

ter a er f
a a ow a i
where
1 K3
a = — i’i
i
anda .y a isthe % confidencenterval
abouta

Similarto thestreamingquery f / isthemaximumfre-
gueng that mustbe resohed in the reconstructedignal.
Essentiallyalower f meanghatthereconstructiortanbe
cheaperbut the confidencenterval will be wider, while a
higher f meanshatthe reconstructioris moreexpensve,
but the confidenceinterval is tighter By adjustingf the
applicationcantradeoff betweerthesetwo.

3. Wavelet representations

Oneway to implementthe querymodelpresentedn the
lastsectionis to usea multi-resolutionrepresentatioof the
original measuremerdtream.This representatiomustnot
only producemeasurementat a particularrate requested
by the application, but must also presere the time and
frequengy dynamicsof the original measuremenstream.
Thewavelet-domairrepresentationyherethesignalis rep-
resentecby a tree of coeficients that combinetime- and
frequeng-domaininformation, meetstheseneeds. Time-
domainsignalsarereadily corvertedto thewavelet-domain
via the discretewavelet transformatior{16, 11]. Figure6,
which we will elaborateon later, shovs a multi-resolution
representatioof hostload computedusingwavelets.

The tree-like structureof the wavelet transformationis
shawn to theleft of the network cloudin Figure2(a). The
transformrecevves measurementsy,, at samplerate f;,
from the sensorand providesa multi-level flow of data,a
multi-scalerepresentationf the sensors output,to the net-
work. More specifically this structureis known asMallat’s
treealgorithm[11, Chapterl7]. Mallat’s algorithmcalcu-
latesthewaveletcoeficientsin lineartimein thesizeof the
input signal, , where is thelengthof the input sig-
nal. Thenumberof decompositioevels  in thestructure

© Level M-3times
Level M-2 times
. Level M-1times
Level M times
Original signal times
™

Figure 3. Timing of wavelet coefficients from
streaming transf orm.

is a function of thelengthof the input signal,andis deter

minedby = . Itisimportantto notethatthetransform
canalso be operatedcontinuouslyin a streamingmanney
in which the numberof levelsin the wavelet structurein-

creasesogarithmicallywith the numberof samples.

Thestructureis essentialljcomprisecof low-passfilters
(LPF) and high-pasdilters (HPF) followed by down sam-
pling by 2. At thefirst stagethe LPFandHPFshowvnin the
figure essentiallysplit the frequeng attributesof the orig-
inal signalin half, yielding two frequeng bands,the low
rangingfrom  — , andthe high rangingfrom — — .
The information of the input signal hasbeensplit in two
andthustheoutputsignalsof thefilters have twice asmuch
bandwidthinformation as needed.Becauseof this redun-
dang, the output signalscan be downsampledwhile still
retainingall of theinformation. This downsamplingopera-
tion is repeatecht eachlevel.

TheLevel decompositioris theoutputof thehighfre-
gueng, downsampledneasuremergtream.To decompose
levelsfurther, theoutputof thelow frequengy downsampled
measuremerdtreamof the samestageis theninputinto an
identicalfilter-bank, downsamplestructure. This structure
is continueduntil we have resohed the lowest frequeny
componentsThe lowestfrequeny rangeof the decompo-
sition, Level 1, representthecoarsegraininformationcon-
tainedin the original input signal.

The operationdescribedabove is shavn pictorially in
Figure2(b), wherean input signal (x;) that spansthe fre-
gqueny band — isdecomposeéhtoa -level decom-
position. If the decompositioronly consistof4( = )
levels,thenthelengthof theinputsignalis only 16 samples
long, resultingin a threestagefilter bank structureshaovn
in the top portion of Figure2(a) to the left of the network
cloud. Thecorrespondindrequeny bandsarethefirst four
in Figure2(b).

As samplesstreamthrough the discretewavelet tree
structure thewaveletcoeficientshave a uniquetiming sig-
nature,as shavn in Figure 3. From this decomposition
structureandstreamiming, anapplicationcansubscribgo
the setof levelsthatbestfits the granularitythatit requires.
For example,the decompositiodevels canbe sentover the
network, eachonits own multicastchannel.

While the transformis , andthe streamingtrans-
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Figure 2. Streaming wavelet system: (@) diagram of the system, (b) frequenc y representation.
form doesatmost work persampletheactualcom- where f, is the samplerate of the input signal, is the

putationalcostof thetransformdepend®n the orderof the
filters. In our analysis,we useorder filters, often called
D8 Wavelets[2]. Theslow interpretedViatlab codewe use
heretakesapproximatelyl CPU secondona 667 MHz
Pentiumlll machineto transform8192samplesA stream-
ing versionwould take lessthan220  of CPUtime per
secondor 1 Hz loadsignals( 1 % CPU utilization).
Figure4(a) shavs a hostloadtracethatspans8192sec-
onds,approximately?2.5hours.Fromthistrace thediscrete
wavelettransformwasappliedto the input signal,yielding
asetof waveletcoeficients.In Figure4(b) themeansquare
enegy of eachwaveletcoeficientis shovn, perlevel of the
decompositionNotethatlevel representshe DC (0 Hz)
enegy of theinput signal(the long term mean).Fromthis
picture,the granularityof eachlevel becomesglear andin
additionthe time burstsseenin the input signalappearto
belocatedat levels 7 through10 at variouslocationsalong
the x-axis. Moving acrossthe x-axis of the plot represents
moving in time. This phenomenomecomesnoreclearby
looking at Figure4(c), a contourmapof Figure4(b).
Fromthedecomposedepresentationf theinputsignal,
andthe queryparametersa level canbe chosersuchthatit
containsa samplingrate high enoughto satisfythe query
Thelevel is choseraccordingo thefollowing constraint

[s f fs

numberof levelsin thewaveletdecompositionand e e is
thelevel requiredin orderto resole the desiredrateof the
querysf .

Whenthelevel of the decompositions foundaccording
to the above constraint,a reconstructiorof the original in-
putsignalis performedby acquiringall of thewaveletcoef-
ficientsfrom the desired e e andthe waveletcoeficients
from all levels below the chosenone (higherin the tree).
This providesthe outputreconstructiorsignalwith asmuch
informationaspossiblebelow the desiredrate.

In usingjust the levels necessaryor the querys f , we
areeffectively usinga query-appropriateompressedepre-
sentatiorof the signalwhich is cheapeto communicate—
the applicationneedonly listen to someof the multicast
channelsFigure5 givesanexampleof theamountof com-
pressionthat can be achievzed by eliminating levels of the
representatiorand the correspondingmpact on the peak
frequeng thatcanberesolhed.

A diagramof thereconstructiorstructure known asthe
inversediscretewavelettransformis shavn to the right of
thenetwork cloudin Figure2(a). Any applicationthatsub-
scribego aparticularsubsebf thelevelsof thedecomposi-
tion, will requirethis structurein orderto have a represen-
tationof the original input signal.

The wavelet transform and inverse wavelet transform
pair is actuallyloss-less—byncluding all thelevelsin the
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Figure 4. Example wavelet decomposition for
host load: (a) host load trace for 8192 sec-
onds, (b) mean square energy of the wavelet
coefficients (black indicates low energy, light
indicates higher energy), (c) contour of the
mean square energy.

reconstructiornwe endup with the original signal. However,
if all levelsarenotincludedthereis anassociateerrorbe-
tweenthereconstructiorandthe original signal. By choos-
ing levelsasdescribedabove, we arebasicallyintroducing
lossycompressiotthatis appropriatdor thequery We will
qguantifythe errorthatthisintroducesn Section4.

Frequeng | Coefs Coefs Compression
Level | Resohed | inlevel | cumulatve | (% of total coefs)

DC 1 1 0.01

1 1 2 0.01

2 2 4 0.03

3 4 8 0.09

4 8 16 0.18

5 16 32 0.38

6 32 64 0.77

7 64 128 1.55

8 128 256 3.12

9 256 512 6.25

10 512 1024 12.50

11 1024 2048 25.00

12 2048 4096 50.00

13 4096 8192 100

Figure 5. Wavelet compression gains

Figure 6 shaws the reconstructiorat differentlevels of
arepresentatie 8192 secondsegmentof a hostload trace.
As morelevelsareaddedin the reconstructionye capture
moreandmoredynamicsof the original signal. Also, when
usingjust the lower, coarse-grainetkvels, the reconstruc-
tion tracksthedynamicsof theoriginal signalin asmoother
fashiondueto the absencef high frequeng information.

The benefit of using our wavelet representationn-
steadof a moretraditionalfiltering with downsamplingap-
proachis thatour approactprovidesa general application-
independensolutionto obtainingmeasurementtreamsat
differentrates. In our approacha particularmeasurement
rate requestediy the applicationcan be directly resohed
into a setof levels. A more traditional approachwould
requirethe designof perapplicationlow-passfilters with
an appropriatedownsamplingrate in order to satisfy the
gueriesof anapplication.

Ourwaveletrepresentatioalsoenablethertechniques

that canbe appliedto the wavelet coeficient stream.One
well-known techniquethat we are currentlyworking with,
wavelet de-noising[10], promisesto further reducethe
numberof sampledeingsentoverthenetwork. De-noising
throwsoutcoeficientsbasedntheirenegy, nottheirlevel,
enablingevenfurther compressiomainsat a givenlevel of
lossy-nessThis mayalsobeausefultechniquén lowering
storageconstraints,enablinginterval queriesover longer
time intervals. We will say more aboutthe techniquesve
arecurrentlystudyingin Section5.

4. Performance evaluation

To evaluateour wavelet-basedpproacto answeringhe
gueriesof the previous section,we consideredseveral of
Digital Unix 5 secondload averagetracesdescribedn a
previous paper[3] aswell asa CPU usagetracefrom a
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Figure 6. Example of wavelet reconstruction
for host load.

Windows 2000 machinecollectedusing WatchTower [8].
WatchTower measuresCPU usageas a percentagef the
total available CPU. The specifictracesarethefollowing:
axp0: aninteractive machinewith highloadin aproduction
clusteratthe Pittskurgh Supercomputingenter(PSC),
collectedin August,1997.
axp7:abatchmachinein the PSC5 productioncluster
collectedin August,1997.
saharaalarge-memorycomputesener at Carngjie Mellon
University (CMU), collectedin August,1997.
mancheste®: aninteractve machinen aresearclclusterat
CMU, collectedin August,1997.
themis:a desktopworkstationat CMU, collectedin August,
1997.
tlab-03: ateachingab machineat Northwesterriniversity,
collectedin May, 2001.

Thetracesarechoserto spanthekindsof machinesve have
obsened in the earlier paper[3], both in termsof nomi-
nal classification(“desktop”) andin termsof trace statis-
tics. In addition, axpO representsa much more heavily
loadedmachinethan the others,a distinction that is im-
portantbecauséheaily loadedmachinesendto be more
dynamic. Becausemostof our resultson the othertraces
are qualitatively similar, we will structureour discussion
aroundthe axp7trace,pointing out wherethe othersdiffer
asneeded. The Digital Unix tracesare publicly available
via http://www.cs.nwu.edu/ pdinda/Loadlraces. We will
malke the WatchTower traceavailableto interestegparties.

We implementedmockupsof the streamand interval
gueriesaroundD.E. Newland’s Wavelet Toolbox [11]. We
segmentedhe entire12 day traceaxp7 (1 Hz samplerate,
over one million samples)into 8192 samplesggmentsto
evaluatestreamqueries.For interval querieswe choseran-
dom intervals of differentsizeswithin the sggments. We
answeredeach query using the original signal and with
waveletreconstructionsf the signalat eachof the 13 pos-
sible levels. The differencesare errors. In the following,
we summarizehecharacteristicef theseerrorsusingsum-
mary statistics(meanand variance),distributional proper
tiesasmeasuredy histogramsandautocwariance all as
afunctionof level andqueryinterval length.

The main resultof our evaluationis thatit is possible
to answerthe streamandinterval queriesdescribedn Sec-
tion 2 on hostload signalswith low levelsof errorby using
drasticallycompressewaveletrepresentationsorrespond-
ing to differentmeasurementates. The amountof com-
pressiorvariesaccordingto the granularityof the query—
thecoarsetthe granularity the greatetthe compressiorhat
canbeachievedwith a givenamountof error.

A noteon presentation: Mostof ourresultsarepresented
usinggraphssimilar in form to that of Figure7(a). While
thesegraphsshaw differentdependentariables,they all
usethesamethreeinterrelatedndependentariables:level,



compressionand normalizedpeak frequeng that is re-
solved. The lower x-axis shaws the highestlevel usedin
theanalysisto reconstructhesignal.Level 1 corresponds
to usingall thelevels(perfectreconstruction.he upperx-

Compression and Peak Frequency

axisshavs compressiomndthenormalizedpeakfrequeny 0,012 200 0.01 0.1 1
(i.e.,1 correspondso f;/ ) thatis resohedgiventhelevel. ' .
Our purposss to helpthereaderto keepin mind the expo- 0.011
nentialrelationshiphere—eliminatingone level halvesthe
peakfrequeny we canresolhe and doublesthe compres- 0.008;
sion. 0,006
4.1. Streams 0.0041
0.002]
For the streamingqueries,we streamedhe input seg-
in Fi icking dif- 0 ; ‘ ‘ ‘ ‘ u
mentsthroughthe structureshavn in Figure?2, picking dif T

ferentlevelscorrespondingo a particularcompressiomate
and peak frequeng. The absoluteerror for this type of
queryis simply theerrorsignal{e;) describedn Section2.
The meanabsoluteerroris zerofor all of the traces,even
for the mostactive of the traces,axp0. This resulttells us
thatthe lossy compressiorof our wavelet-basedipproach
doesnotintroduceary systematidiasinto streamqueries.
Figure7(a) shavs thatthe varianceof the absoluteerror
rapidly decaysaswe addlevels. All of thetracesshav ade-
cayingerrorvarianceaslevelsareadded.Thetlab-03trace
hasagradualdecay—itflattensoutaroundevel 7 and8 and
thencontinueso decaytowardszeroasthe numberof lev-
elsis increasedWe suspecthatthis characteristiés dueto
high actiity in thefrequeng bandf,/1 to fs/ . How-
ever, anFFT of thetracewasunenlighteningandresembled
thatof pink noise.Theresultsfor theaxpOtracedecaymuch

Level

(a) AbsoluteError Variance

x 10°

Count

-1 -0.5 0 0.5 1 15
Error Values

(b) AbsoluteError Histogram
Compression and Peak Frequency

fasterthanall the othertracesbut the magnitudeof the er- 0.001 0.01 0.1 1
ror varianceis higher This is becausea more active host 018 ‘ ‘ ‘ ‘
loadtracehasa substantiabmountof its informationin the 0.161
high frequeng portion of its frequeng spectrumandthus 0.141
morelevels are neededeforethis informationis captured 0.124
well. 0.1
Figure8 shavs how therelative errorvariancedecaysas 0.087
weaddmorelevels. Therelative errorvariances definedas 0.06
theratio of theabsoluteerrorvarianceto thevarianceof the 0.044
input signal. Evenwith the six lowestlevels (representing 0.024
fewer than 1% of the total numberof coeficients),we can 0 ‘ ‘ ‘ ‘ ‘ )
achieve arelative error of lessthan20%. It is importantto ! 3 5 Le7ve| o 1 13

notethatthe shapeof this figure is the sameasthatin Fig-
ure7(a),but inverselyscaledby theinput signalvariance.
Figure7(b) shavs atypical errorhistogram(for level 8).

(c) Enegy in errorauto-caowariance

Figure 7. Absolute error variance and en-
ergy in auto-co variance function for stream-
ing queries as a function of reconstruction

level, and representative histogram of errors.

Not only doesthe variancerapidly decay but errorsfollow
anearGaussiardistribution. At level 8, we areonly using
3% of the coeficientsto representhemeasuremergtream,
andyet almostall errorsarelessthan0.2. We seesimilar
behaior for the othertraces,exceptfor axp0, which has
a wider Gaussianyery muchin line with the highervari-
anceof thattrace. The varianceof the distribution quickly
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Figure 8. Relative error variance for streaming
queries as a function of reconstruction level.

declinesaslevelsareadded.

The erroris not strongly autocorrelateéndwhat auto-
correlationthereis rapidly decaysaswe add levels. This
canbeseerfrom Figure7(c),which shavstheenepy of the
autocwariance. However, someof our more active traces
do shaw significantautocorrelatioruntil enoughlevels are
added.For example,the axpOtracerequirest levelsbefore
the autocwarianceapproacheshat of uncorrelatechoise.
Level 6 correspondso fewer that 1% of the coeficients.

The manchesteR, saharaand themistracespresentre-
sultsthatcloselyresemblghosein the axp7figuresthatwe
discussedTheaxpOtracegenerallyrequiresmorelevelsto
drive our variouserrormeasure$o similar low points. This
is probablybecauseaxp0hasa lot moreactivity and high
frequeng information. The tlab-03 traceusesa different
measuréWindows 2000CPUusagéansteadof Digital Unix
5-secondoad)andthusits resultsarenot directly compara-
ble. However, the shapeof thetlab-03resultsis axp7's.

For all thetraceghatwe analyzedheoverall storyis the
same. The numberof levels neededo describethe signal
with low erroris usuallyquite small,affording considerable
compressionFurthermoregrrorsare normally distributed
andi.i.d., which shouldmale it easyto estimatethe error
variancefor streamqueriesaswell asconfidencentervals
for interval queries.

4.2. Intervals

The evaluationof interval queriesis considerablymore
comple thanstreamqueriesbecausehe length of the in-
tenval () is an additionalindependentariablethat must
be accountedor. To studyits effect, we choseintervals of
sizes2, 8,32,128,512,2048,and8192seconds.

For interval queries we chooserandomintervalswithin
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Figure 9. Absolute error mean as a function of
level for inter val queries of diff erent lengths.

our segments. We computethe averageover the interval
using both the original signalandthe signalreconstructed
usingadifferentnumbersof levels. Thedifferencebetween
theseaveragess the error that we considerhere. Unlike
with the streamquery, the error is not a signal, but rather
a sample. Thereforewe don't include any autocorrelation
resultsin this section.

Figure 9 shavs the meanof the absoluteerror (the av-



erageerror) asa function of level for the differentinterval
lengths. The meanis closeto zero,andis almostalways
lessthana 100thof the input signalmean. For lessactive
traces,suchasmanchestep, it is evensmaller For inter-
val querieslessthana minutein duration,it takesabout7
levels for the error meanto corvergeto zero. This mary
levelscorrespond$o usingfewerthan2% of thetotal num-
ber of wavelet coeficientsin the reconstruction.The fre-
gueng informationthatis retainedatthislevelis equivalent
to f;/1 . For queriedessthana minutelong onour most
active trace,axp0, the error meancorvergesto zero after
including 9 levels (only 6% of the coeficients)in the re-
construction Again, axpOhasmorehigh frequeng content
thanthe othertraces.

Figure 10 shaws the varianceof the absoluteerrorasa
functionof level for thedifferentinterval lengths.Thevari-
ancerapidly declinesto zeroaswe addlevels. A constraint
onthevarianceranslate$o a givennumberof requiredlev-
els. Eachunnecessarlgvel we eliminatehalvesthenumber
of coeficientsthatmustbe communicated.

In Figure 10(f), we can seethat 4 levels are sufficient
to answerqueriesfor 2048 secondintervals. Using 4 lev-
elsinsteadof 13 leadsto nearly 1000:1compression.As
theinterval lengthof the queryincreasesfewer levels are
requiredto sufficiently characterize¢heinputsignal.

For moreactive tracesanda queryinterval shorterthan
one minute, the absoluteerror variancecorvergesto zero
muchfasterthanthatseerwith axp7(Figuresl0(a)-(c).)On
the otherhand,for querieslongerthana minute, the vari-
anceon inactive traceslike axp7 (Figures10(d)-(g)) con-
vergesto zerofasterthanthoseon our more active traces.
For example, using query intervals longer than 2 hours
(length 8192), axp0 corvergesto zero after only 7 levels
while axp7corvergesto zeroafteronly 4 levels. Again, we
blamethe high frequeng contentin axp0. In generalthe
absoluteerrorvarianceis 1/10thof thevarianceof theinput
signalafter7 levels.

Figure 11 shows histogramsf the error (at reconstruc-
tion using level 5 and below) for the different interval
lengths. It is importantto notethatthe scalesalongthe x-
axis and y-axis are differentfor eachof the plots andthe
scalefor plot (g) is drastically lower than the rest. No-
ticethattheerroris usuallyquite Gaussiaroncea sufficient
level or interval lengthhasbeenachieved.

Thereis atradeof betweertheinterval lengthrequested
andthelevel thatis requiredto satisfythe querywith small
error. If theinterval requesis long (greatethana minute),
the querycanbe satisfiedusinga lower level. Likewise, if
the interval requestis short (lessthana minute), a higher
level shouldbe usedto maintainlow error variability. In
our moreactive trace,axp0,the histogramat level 5 is not
Gaussianuntil theinterval queryis 512 seconddong.

Theresultsfor thesaharandthemistracesaresimilarto
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Figure 10. Absolute error variance as a func-
tion of level for inter val queries of diff erent
lengths

thoseshawn for axp7. Theresultsof thetracemanchestel
at queryinterval lengthslessthana minutein duration,are
substantiallybetterthanthe othertracesbecausef its in-
activity. axpOrequireslongerdurationinterval queries,or
morelevelsin thereconstructiorto maintainlow errormet-
rics. Thisis againbecausef its high actiity, high usage
characteristics.The resultsof the tracetlab-03 are on par
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Figure 11. Histograms of error variance at
level five for interval queries of diff erent
lengths

with thoseof axp7.

A noteon réelativeerror:  We hadoriginally intendedto
includeadiscussiorof relative errormeanandvariancefor
interval queries. The relative error meanis definedasthe
ratio of the absoluteerror meanto the meanof the input
signalovertheinterval. The problemwith calculatingthis
metric is that thereareintenvals in which the meanof the
input signalis zero (no actvity in the trace). Therelative
error varianceis definedasthe ratio of the absoluteerror
varianceo thevarianceof theinputsignalovertheinterval,
introducingsimilar divide-by-zerogproblemswhenaninter-
val hasno variance. We did computethesemetricsusing

10

only intervalswith non-zeromeanandvariance producing
numbersin-line with resultspresentechere. However, se-
lectingnon-zercsamplesamountgo abiasedsamplingpro-
cessandhencewe areuncomfortableresentinghegraphs
here.

5. Conclusions and future work

We introduceda query modelfor resourcesignalsthat
explicitly incorporatestime-scaleas a parameterto both
streamandinterval queries.We demonstratetiow to build
themodelon top of a wavelet-domairrepresentationf re-
sourcesignals.This computationallyinexpensve approach
communicategust enoughdatato answerthe query, often
leadingto substantialevelsof compressionvith little effect
on accuray. We reachedhis conclusionby evaluatingour
approacton hostloadsignals.

Thewaveletrepresentationotonly helpsusto decouple
sensorsand applicationsbut it is alsoan enablerof other
powerful techniquedor processingesourcesignals. For
example, we believe that further compressiorgains with
no lossof accurag canbe achiezed by usingwavelet de-
noising, a well-known techniquein the signal processing
communitythatwe discussedt the end of Section3. We
have experimentedwith de-noisinghost load signalsand
have foundthatthewaveletcoeficientscanbefurthercom-
pressedy a factorof 10 without a substantiaincreasen
error. Theseresultswill beforthcoming.

The wavelet representatiomlso providesa naturalway
to graduallyincreasecompressiomsthesignalagessimply
by throwing away morelevelsor increasinghethresholdn
de-noising We arecurrentlystudyingthis scheme.

Improvedcompressiomllows for queriesoverlongerin-
tervals of time usingthe sameamountof storagespaceor
network bandwidth. Application schedulersvill beableto
bettervalidateamachineby looking atits performancever
monthsof time insteadof days.

We suspectthat wavelet-domainrepresentationswill
leadto improved predictionof resourcesignalsdueto the
uncorrelatedhatureof the wavelettransformation.By pre-
dicting eachlevel separatelywe may be ableto do much
better especiallyfor long-rangepredictions,than simply
consideringthe time-domainsignal. We are currentlyim-
plementingthe waveletrepresentatioandpredictorsin the
RPSsystem[5].

At this point, we have only appliedour approacho Dig-
ital Unix hostload signalsandto CPU availability signals
onWindows 2000.We planto applytheapproacho signals
that measurenetwork properties perhapsusingRemos[9]
astheproducerof thesignals.

The applicationof wavelet-basedechniquego resource
signalsappeargo have tremendougpotential.
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