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Abstract

Differentadaptiveapplicationsare interestedin thedy-
namicbehaviorof a resourceover differentfine-to coarse-
grain time-scales. The resource’s sensorruns at some
fine-grain resource-appropriatesamplingrate, producinga
discrete-timeresource signal. It can be very inefficient to
to answera coarse-grain applicationqueryby directlyus-
ing thefine-grain resourcesignal. We addressthis gapbe-
tweenthesensorandits differentclient applicationswith a
new querymodelthat explicitly incorporatestime-scaleas
a parameter. Thequerymodelis implementedon top of an
inherently multi-scalewavelet-basedrepresentationof the
signal (which could be communicatedover a setof multi-
castchannels.)A queryusesonly the waveletcoefficients
necessaryfor its time-scale(andthuscouldlistento a sub-
setof thechannels),greatly reducingthedata that needto
becommunicated.We presentverypromisinginitial results
on host load signals,showingthe tradeoff betweencom-
pactnessandqueryerror. Finally, wedescribesomeof the
otheroperationsthat thewaveletrepresentationenables.

1. Introduction

Applicationsrunningon shared,unreserved distributed
computingenvironmentsmustadaptto changingresource
supply, either throughtheir own machinationsor through
theservicesof a scheduleror otheradaptationagent[1]. In
eithercase,measurementof resourcesupply, oftenviewed
throughthe lensof prediction,servesasthebasisfor mak-
ing adaptationdecisions.In this paperwe addressperiodic
time-seriesmeasurements(i.e.,discrete-timesignals)of re-
sourcesthataresuppliedin astreamby somesensor. Exam-
plesof systemsthatcanprovideor predictsuchtime-series
dataincludeRemos[9], theNetwork WeatherService[15],
and RPS[5]. We focus herespecificallyon host load, a
signalwith which therunningtime of tasksstronglycorre-
lates,andthathasbeenshown to bequitepredictableover
theshortrange(1 to 30 seconds)[3, 6].

A tensionexists betweensensorsand the applications
and schedulersthat they serve becausedifferent applica-
tions are interestedin the behavior of the signalover dif-
ferenttime-scales.For example,a real-timeschedulingad-
visor for an interactive application[4, Chapter6] may be
interestedin hostloadover thepastsecond,while a sched-
uler for aparallelapplicationmaybeinterestedin hostload
over minutesor hours[14]. Also, while someapplications
desireperiodicupdatesfrom a measurementstream,others
are interestedin aperiodicallyqueryingthosestreamsfor
averagesover intervalsof time.

Sensordevelopershave addressedthe needfor diverse
queriesby samplingatahigh frequency thatcorrespondsto
thesmallestqueryinterval or elseis highenoughto capture
all thedynamicsof theunderlyingresource.Thesehighfre-
quency samplesarethendeliveredto theapplicationwhich
usesthemto computean averageover the query interval.
For most queriesthis resultsin excessive consumptionof
network bandwidth. It is possiblefor the sensorto adjust
the frequency of measurementon a per-applicationbasis,
but this tiessensorsandapplicationsquitecloselyandcan
impedescalability.

We believe that this tensioncan be resolved by repre-
sentingthe measurementstreamsin the wavelet-domain.
Waveletsarea mathematicaltechniquefor simultaneously
representingasignal’s timeandfrequency (scale)behavior.
Thisrepresentationinherentlyprovidesthemulti-resolution
view neededby applicationswhile still preservingthe sig-
nal’s importantdynamicsregardlessof time-scaleor com-
pressionlevel. This paperoutlinesour approachandpro-
videsan initial evaluationof thesetechniqueson an inter-
estingrepresentative signal,hostload. Wavelet techniques
have beenpreviously appliedto characterizeandgenerate
network traffic [13, 7]. We areusingthemto help answer
dynamicapplicationqueries.

Transforminghostloadsignalsinto thewavelet-domain
is very inexpensive, and both streamand interval queries
canbeansweredratheraccuratelyonthetransformedsignal
despitethe extremelyhigh compressionmadepossibleby
thewaveletrepresentation.
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Figure 1. Schematic representation of quer y
model: (a) raw signal, (b) downsampled
stream quer y, (c) inter val quer y.

2. Query model

Distributed applicationscan use time-seriesmeasure-
ments(signals)in differentways. Someare interestedin
thestreamsof valuesthemselves,while otherswantsignal
averagesover intervalsof time. Thedesiredsamplingrates
andtheintervalsfor thesequeriescanalsovarywidely. An-
otherimportantobservation is that theaccuracy thatappli-
cationsrequireof their queriescan vary. Independentof
applications,a sensormustattemptto appropriatelysample
thedynamicsof what it is measuring,obeying theNyquist
Criterion[12, Chapter8].

Thesebroadlyvaryingdemandsof applicationsandsen-
sorscreatea tensionthatwe wish to resolve. To do so,we
mustclearlydefinetheinteractionbetweenapplicationsand
sensors,thatis, thequerymodelthatthesensorssupport.

Our query model includesboth streamingqueriesand
interval queries.Thesequeriesoperateonthereconstructed
signal—theclient specifiesthe level of accuracy required,
andthereconstructionis doneaccordingto therequirements
of thequery.

Figure 1 illustratesour query model. In (a) we show
the discrete-timesignal ������� producedby the sensor. This

time-seriesis assumedto becapturedat anappropriaterate	�

�������
to capturethedynamicsof theunderlyingsignal

thatis measured.Thecurrenttimeis representedby ������� �� ����� � , that is, time is discretizedaccordingto theoriginal
samplerateof thesignal.

In additionto themeasuredseries,we introducea signal�������� thatattemptsto sufficiently representtheoriginal sig-
nal. This time-seriesis calledthereconstructedsignal.The
point of usingthe reconstructedsignalis that it maybefar
lessexpensive to acquire,communicate,andusethan the
original signal. Furthermore,the reconstructionallows us
to decouplethe underlyingsignalandthe useof that data
by anapplication.

Thereis an error betweenthe reconstructedsignaland
theoriginal signal, ��� � ���� �!�"� , that formsanerrorsignal�#���$� . We discusstheuseof waveletsto producetherecon-
structedsignal �������� in the next section. In the limit, the
reconstructedsignalis identicalto theoriginal.

Streaming query: Someapplicationsareinterestedin pe-
riodic updates,perhapsat somerate slower than the raw
samplingrateof the signal,asshown in Figure1(b). For
example,a conferencingapplicationmaywantto modulate
thequality of its videostreamsin stepwith changingband-
width onanetwork path.It would thensubscribeto thenet-
work sensorat its framerate,which may well be different
from thesamplingrateusedby thesensor. Theapplication’s
requestedrate(the frameratein the example)alsobounds
the maximumfrequency in the sensor’s outputthat canbe
resolved. Lower frequency updatesimply lower communi-
cation andcomputationdemands,while higher frequency
updatesimply theopposite.

Theform of thestreamingqueryis

% �'&(��)+*-,/.��0&�132 	�46587 ����"�'�69��:3;< 9
where

	�4
is the desiredmeasurementrate from the query

andis constrainedto be = 	�

. The value ��"� is formedby

limiting the reconstructedsignalto resolve frequenciesup
to
	 4 ��>

andthensamplingat rate
	 4

. It is asif theoriginal
signalweresub-sampledto

	 4
, exceptthatthereconstructed

signal is used,and the result is an estimate. Notice that
becauseit is an estimate,therecanbe error—the error se-
quence�#� � � maybenonzero.Becauseof this,thestreaming
queryalsoreturnsan estimateof the varianceof the error
sequence( �: ;< ). It mayalsoreturna moredetailedreportof
theerrorvariance,suchasacovariancematrix.

Interval query: Otherapplicationsareinterestedin aver-
agebehavior over intervalsof time. In aninterval query, the
applicationcaresaboutthe full dynamicsof thesignal,but
only asfar asit affectstheaverageover a fixedtime inter-
val. Figure1(c) illustratesthis model.An exampleof such
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anapplicationisaparallelschedulerthatneedsto know how
many computecycleswereavailableover thepasthour.

Becausethe reconstructedsignal from which the query
is mademaydiffer from theoriginal signal,thereis alsoan
errorassociatedwith this form of query. In our model,the
applicationspecifiesits tolerancefor this error in the form
of a confidencelevel anda frequency representingthe rate
of thesamplesthatwill beaveraged.

Theform of theinterval queryis

?�@ ����&�AB)BC$,D.E�0&0132$FG9IH(9 	 4 57 )+A�JE2$F 5 90K )+A�J�LM���N2$F 5 9O)�A�J�P �RQ P"2#F 5'S

where

)�A�J32#F 58�
�
F

�MT0U$VW
�MXY� T�U�V Z�[N\^] ��"�I9

and K )+A�J LM��� 2$F 5 9O)�A�J P �RQ P 2#F 5_S
is the H %confidenceinterval

about )�A�J32#F 5 .
Similar to thestreamingquery,

	�4`��>
is themaximumfre-

quency that must be resolved in the reconstructedsignal.
Essentially, a lower

	 4
meansthatthereconstructioncanbe

cheaper, but the confidenceinterval will be wider, while a
higher

	 4
meansthat thereconstructionis moreexpensive,

but the confidenceinterval is tighter. By adjusting
	 4

the
applicationcantradeoff betweenthesetwo.

3. Wavelet representations

Oneway to implementthequerymodelpresentedin the
lastsectionis to useamulti-resolutionrepresentationof the
original measurementstream.This representationmustnot
only producemeasurementsat a particularrate requested
by the application, but must also preserve the time and
frequency dynamicsof the original measurementstream.
Thewavelet-domainrepresentation,wherethesignalis rep-
resentedby a tree of coefficients that combinetime- and
frequency-domaininformation,meetstheseneeds. Time-
domainsignalsarereadilyconvertedto thewavelet-domain
via the discretewavelet transformation[16, 11]. Figure6,
which we will elaborateon later, shows a multi-resolution
representationof hostloadcomputedusingwavelets.

The tree-like structureof the wavelet transformationis
shown to the left of the network cloud in Figure2(a). The
transformreceives measurements,� � at samplerate

	�

,

from the sensorandprovidesa multi-level flow of data,a
multi-scalerepresentationof thesensor’soutput,to thenet-
work. More specifically, this structureis known asMallat’s
treealgorithm[11, Chapter17]. Mallat’s algorithmcalcu-
latesthewaveletcoefficientsin lineartime in thesizeof the
input signal, ab2 @ 5 , where

@
is the lengthof the input sig-

nal. Thenumberof decompositionlevels c in thestructure

t
Original signal times
Level M times
Level M-1 times
Level M-2 times
Level M-3 times

…
…

…

…
…

…

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

is a functionof the lengthof the input signal,andis deter-
minedby

@ �d>�e
. It is importantto notethatthetransform

canalsobe operatedcontinuouslyin a streamingmanner,
in which the numberof levels in the wavelet structurein-
creaseslogarithmicallywith thenumberof samples.

Thestructureis essentiallycomprisedof low-passfilters
(LPF) andhigh-passfilters (HPF) followed by down sam-
pling by 2. At thefirst stage,theLPFandHPFshown in the
figure essentiallysplit the frequency attributesof the orig-
inal signal in half, yielding two frequency bands,the low
ranging from K fg9+hIij S , and the high ranging from K_h�ij 9�h�i; S .
The information of the input signal hasbeensplit in two
andthustheoutputsignalsof thefilters havetwiceasmuch
bandwidthinformationasneeded.Becauseof this redun-
dancy, the output signalscan be downsampledwhile still
retainingall of theinformation.This downsamplingopera-
tion is repeatedat eachlevel.

TheLevel c decompositionis theoutputof thehighfre-
quency, downsampledmeasurementstream.To decompose
levelsfurther, theoutputof thelow frequency downsampled
measurementstreamof thesamestageis theninput into an
identicalfilter-bank,downsamplestructure.This structure
is continueduntil we have resolved the lowest frequency
components.The lowestfrequency rangeof the decompo-
sition,Level

�
, representsthecoarsegraininformationcon-

tainedin theoriginal input signal.
The operationdescribedabove is shown pictorially in

Figure2(b), wherean input signal ��� � � that spansthe fre-
quency band K fk9 h i; S is decomposedinto a c -level decom-
position. If thedecompositiononly consistsof 4 ( c �ml

)
levels,thenthelengthof theinputsignalis only 16samples
long, resultingin a threestagefilter bankstructureshown
in the top portion of Figure2(a) to the left of the network
cloud.Thecorrespondingfrequency bandsarethefirst four
in Figure2(b).

As samplesstreamthrough the discretewavelet tree
structure,thewaveletcoefficientshavea uniquetiming sig-
nature,as shown in Figure 3. From this decomposition
structureandstreamtiming, anapplicationcansubscribeto
thesetof levelsthatbestfits thegranularitythatit requires.
For example,thedecompositionlevelscanbesentover the
network, eachon its own multicastchannel.

While the transformis ab2 @ 5 , and the streamingtrans-
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Figure 2. Streaming wavelet system: (a) diagram of the system, (b) frequenc y representation.

form doesatmost ab2#~M� @ 5 work persample,theactualcom-
putationalcostof thetransformdependson theorderof the
filters. In our analysis,we useorder � filters, often called
D8 Wavelets[2]. Theslow interpretedMatlabcodewe use
heretakesapproximately

��� � CPU secondson a 667MHz
PentiumIII machineto transform8192samples.A stream-
ing versionwould take lessthan220 � � of CPU time per
secondfor 1 Hz loadsignals( ��f �M� % CPUutilization).

Figure4(a)shows a hostloadtracethatspans8192sec-
onds,approximately2.5hours.Fromthis trace,thediscrete
wavelet transformwasappliedto the input signal,yielding
asetof waveletcoefficients.In Figure4(b) themeansquare
energy of eachwaveletcoefficient is shown, perlevel of the
decomposition.Note that level f representstheDC (0 Hz)
energy of the input signal(the long termmean).Fromthis
picture,thegranularityof eachlevel becomesclear, andin
additionthe time burstsseenin the input signalappearto
belocatedat levels7 through10 at variouslocationsalong
thex-axis. Moving acrossthex-axisof theplot represents
moving in time. This phenomenonbecomesmoreclearby
lookingat Figure4(c),a contourmapof Figure4(b).

Fromthedecomposedrepresentationof theinputsignal,
andthequeryparameters,a level canbechosensuchthatit
containsa samplingratehigh enoughto satisfy the query.
Thelevel is chosenaccordingto thefollowing constraint	�


> e Z L <'�6< L \ ; = 	�4 =
	�


> e Z L <'�6< L \�] 9

where
	 


is the samplerateof the input signal, c is the
numberof levelsin thewaveletdecomposition,and C#�0AB�0C is
thelevel requiredin orderto resolve thedesiredrateof the
query’s

	 4
.

Whenthelevel of thedecompositionis foundaccording
to the above constraint,a reconstructionof theoriginal in-
putsignalis performedby acquiringall of thewaveletcoef-
ficientsfrom thedesiredC#�0AB��C andthewaveletcoefficients
from all levels below the chosenone (higher in the tree).
Thisprovidestheoutputreconstructionsignalwith asmuch
informationaspossiblebelow thedesiredrate.

In usingjust the levelsnecessaryfor thequery’s
	 4

, we
areeffectively usingaquery-appropriatecompressedrepre-
sentationof thesignalwhich is cheaperto communicate—
the applicationneedonly listen to someof the multicast
channels.Figure5 givesanexampleof theamountof com-
pressionthat canbe achieved by eliminating levels of the
representationand the correspondingimpact on the peak
frequency thatcanberesolved.

A diagramof thereconstructionstructure,known asthe
inversediscretewavelet transformis shown to the right of
thenetwork cloudin Figure2(a).Any applicationthatsub-
scribesto aparticularsubsetof thelevelsof thedecomposi-
tion, will requirethis structurein orderto have a represen-
tationof theoriginal inputsignal.

The wavelet transformand inversewavelet transform
pair is actuallyloss-less—byincludingall the levels in 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.

reconstructionweendupwith theoriginalsignal.However,
if all levelsarenot includedthereis anassociatederrorbe-
tweenthereconstructionandtheoriginal signal.By choos-
ing levelsasdescribedabove,we arebasicallyintroducing
lossycompressionthatis appropriatefor thequery. Wewill
quantifytheerrorthatthis introducesin Section4.

Frequency Coeffs Coeffs Compression
Level Resolved in level cumulative (% of total coeffs)
DC � 1 1 0.01
1 �`����������� 1 2 0.01
2 � � �`�����0� 2 4 0.03
3 � � �0���`��� 4 8 0.09
4 �`�������0�`� 8 16 0.18
5 �6���0�(�6� 16 32 0.38
6 � � �0����� 32 64 0.77
7 � � ������� 64 128 1.55
8 �6�����`� 128 256 3.12
9 �6�����0� 256 512 6.25
10 � � ����� 512 1024 12.50
11 � � �`� 1024 2048 25.00
12 �6���6� 2048 4096 50.00
13 �6����� 4096 8192 100

Figure 5. Wavelet compression gains

Figure6 shows the reconstructionat different levels of
a representative 8192secondsegmentof a hostload trace.
As morelevelsareaddedin thereconstruction,we capture
moreandmoredynamicsof theoriginalsignal.Also, when
usingjust the lower, coarse-grainedlevels, the reconstruc-
tion tracksthedynamicsof theoriginalsignalin asmoother
fashiondueto theabsenceof high frequency information.

The benefit of using our wavelet representationin-
steadof a moretraditionalfiltering with downsamplingap-
proachis thatour approachprovidesageneral,application-
independentsolutionto obtainingmeasurementstreamsat
differentrates. In our approach,a particularmeasurement
rate requestedby the applicationcan be directly resolved
into a set of levels. A more traditional approachwould
requirethe designof per-applicationlow-passfilters with
an appropriatedownsamplingrate in order to satisfy the
queriesof anapplication.

Ourwaveletrepresentationalsoenablesothertechniques
that canbe appliedto the wavelet coefficient stream.One
well-known techniquethat we arecurrentlyworking with,
wavelet de-noising[10], promisesto further reducethe
numberof samplesbeingsentoverthenetwork. De-noising
throwsoutcoefficientsbasedontheirenergy, nottheir level,
enablingevenfurthercompressiongainsat a givenlevel of
lossy-ness.Thismayalsobeausefultechniquein lowering
storageconstraints,enablinginterval queriesover longer
time intervals. We will saymoreaboutthe techniqueswe
arecurrentlystudyingin Section5.

4. Performance evaluation

To evaluateourwavelet-basedapproachto answeringthe
queriesof the previous section,we consideredseveral of
Digital Unix 5 secondload averagetracesdescribedin a
previous paper[3] as well as a CPU usagetrace from a
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Figure 6. Example of wavelet reconstruction
for host load.

Windows 2000 machinecollectedusing WatchTower [8].
WatchTower measuresCPU usageas a percentageof the
totalavailableCPU.Thespecifictracesarethefollowing:� axp0:aninteractive machinewith high loadin a production

clusterat thePittsburghSupercomputingCenter(PSC),
collectedin August,1997.� axp7:a batchmachinein thePSC’sproductioncluster,
collectedin August,1997.� sahara:a large-memorycomputeserver at CarnegieMellon
University(CMU), collectedin August,1997.� manchester-2: aninteractivemachinein a researchclusterat
CMU, collectedin August,1997.� themis:a desktopworkstationatCMU, collectedin August,
1997.� tlab-03:a teachinglabmachineat NorthwesternUniversity,
collectedin May, 2001.

Thetracesarechosento spanthekindsof machineswehave
observed in the earlier paper[3], both in termsof nomi-
nal classification(“desktop”) and in termsof tracestatis-
tics. In addition, axp0 representsa much more heavily
loadedmachinethan the others,a distinction that is im-
portantbecauseheavily loadedmachinestend to be more
dynamic. Becausemostof our resultson the other traces
are qualitatively similar, we will structureour discussion
aroundtheaxp7trace,pointingout wheretheothersdiffer
asneeded.The Digital Unix tracesarepublicly available
via http://www.cs.nwu.edu/� pdinda/LoadTraces. We will
make theWatchTower traceavailableto interestedparties.

We implementedmockupsof the streamand interval
queriesaroundD.E. Newland’s WaveletToolbox [11]. We
segmentedthe entire12 day traceaxp7(1 Hz samplerate,
over one million samples)into 8192 samplesegmentsto
evaluatestreamqueries.For interval queries,wechoseran-
dom intervals of different sizeswithin the segments. We
answeredeachquery using the original signal and with
waveletreconstructionsof thesignalat eachof the13 pos-
sible levels. The differencesareerrors. In the following,
wesummarizethecharacteristicsof theseerrorsusingsum-
mary statistics(meanandvariance),distributional proper-
ties asmeasuredby histograms,andautocovariance,all as
a functionof level andqueryinterval length.

The main result of our evaluationis that it is possible
to answerthestreamandinterval queriesdescribedin Sec-
tion 2 on hostloadsignalswith low levelsof errorby using
drasticallycompressedwaveletrepresentationscorrespond-
ing to different measurementrates. The amountof com-
pressionvariesaccordingto thegranularityof thequery—
thecoarserthegranularity, thegreaterthecompressionthat
canbeachievedwith agivenamountof error.

A note on presentation: Mostof ourresultsarepresented
usinggraphssimilar in form to that of Figure7(a). While
thesegraphsshow different dependentvariables,they all
usethesamethreeinterrelatedindependentvariables:level,
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compression,and normalizedpeak frequency that is re-
solved. The lower x-axis shows the highestlevel usedin
theanalysisto reconstructthesignal.Level

�0�
corresponds

to usingall thelevels(perfectreconstruction.)Theupperx-
axisshowscompressionandthenormalizedpeakfrequency
(i.e.,

�
correspondsto

	 
 ��>
) thatis resolvedgiventhelevel.

Our purposeis to helpthereaderto keepin mind theexpo-
nentialrelationshiphere—eliminatingonelevel halvesthe
peakfrequency we can resolve anddoublesthe compres-
sion.

4.1. Streams

For the streamingqueries,we streamedthe input seg-
mentsthroughthestructureshown in Figure2, picking dif-
ferentlevelscorrespondingto aparticularcompressionrate
and peak frequency. The absoluteerror for this type of
queryis simply theerrorsignal �$���$� describedin Section2.
The meanabsoluteerror is zerofor all of the traces,even
for the mostactive of the traces,axp0. This resulttells us
that the lossycompressionof our wavelet-basedapproach
doesnot introduceany systematicbiasinto streamqueries.

Figure7(a)shows thatthevarianceof theabsoluteerror
rapidlydecaysasweaddlevels.All of thetracesshow ade-
cayingerrorvarianceaslevelsareadded.Thetlab-03trace
hasagradualdecay—itflattensoutaroundlevel7 and8 and
thencontinuesto decaytowardszeroasthenumberof lev-
elsis increased.We suspectthatthischaracteristicis dueto
high activity in thefrequency band

	�
6���0> � to
	�
6����l

. How-
ever, anFFTof thetracewasunenlighteningandresembled
thatof pink noise.Theresultsfor theaxp0tracedecaymuch
fasterthanall theothertraces,but themagnitudeof theer-
ror varianceis higher. This is becausea moreactive host
loadtracehasasubstantialamountof its informationin the
high frequency portionof its frequency spectrum,andthus
morelevelsareneededbeforethis informationis captured
well.

Figure8 showshow therelativeerrorvariancedecaysas
weaddmorelevels.Therelativeerrorvarianceis definedas
theratioof theabsoluteerrorvarianceto thevarianceof the
input signal. Evenwith the six lowestlevels (representing
fewer than1% of the total numberof coefficients),we can
achieve a relative errorof lessthan20%. It is importantto
notethat theshapeof this figure is thesameasthat in Fig-
ure7(a),but inverselyscaledby theinput signalvariance.

Figure7(b)showsa typicalerrorhistogram(for level 8).
Not only doesthevariancerapidly decay, but errorsfollow
a near-Gaussiandistribution. At level 8, we areonly using
3%of thecoefficientsto representthemeasurementstream,
andyet almostall errorsarelessthan0.2. We seesimilar
behavior for the other traces,except for axp0, which has
a wider Gaussian,very muchin line with the highervari-
anceof that trace.Thevarianceof thedistribution quickly
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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.
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Figure 8. Relative error variance for streaming
queries as a function of reconstruction level.

declinesaslevelsareadded.
The error is not stronglyautocorrelatedandwhat auto-

correlationthereis rapidly decaysaswe add levels. This
canbeseenfrom Figure7(c),whichshowstheenergyof the
autocovariance.However, someof our moreactive traces
do show significantautocorrelationuntil enoughlevelsare
added.For example,theaxp0tracerequires6 levelsbefore
the autocovarianceapproachesthat of uncorrelatednoise.
Level 6 correspondsto fewer that1%of thecoefficients.

The manchester-2, saharaandthemistracespresentre-
sultsthatcloselyresemblethosein theaxp7figuresthatwe
discussed.Theaxp0tracegenerallyrequiresmorelevelsto
driveourvariouserrormeasuresto similar low points.This
is probablybecauseaxp0hasa lot moreactivity andhigh
frequency information. The tlab-03 traceusesa different
measure(Windows2000CPUusageinsteadof Digital Unix
5-secondload)andthusits resultsarenotdirectlycompara-
ble. However, theshapeof thetlab-03resultsis axp7’s.

For all thetracesthatweanalyzedtheoverallstoryis the
same.The numberof levels neededto describethe signal
with low erroris usuallyquitesmall,affordingconsiderable
compression.Furthermore,errorsarenormally distributed
andi.i.d., which shouldmake it easyto estimatethe error
variancefor streamqueries,aswell asconfidenceintervals
for interval queries.

4.2. Intervals

The evaluationof interval queriesis considerablymore
complex thanstreamqueriesbecausethe lengthof the in-
terval ( F ) is an additionalindependentvariablethat must
beaccountedfor. To studyits effect, we choseintervalsof
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
usingboth the original signalandthe signalreconstructed
usingadifferentnumbersof levels.Thedifferencebetween
theseaveragesis the error that we considerhere. Unlike
with the streamquery, the error is not a signal,but rather
a sample. Thereforewe don’t includeany autocorrelation
resultsin thissection.

Figure9 shows the meanof the absoluteerror (the av-
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erageerror) asa functionof level for the differentinterval
lengths. The meanis closeto zero,and is almostalways
lessthana 100thof the input signalmean.For lessactive
traces,suchasmanchester-2, it is even smaller. For inter-
val querieslessthana minutein duration,it takesabout7
levels for the error meanto converge to zero. This many
levelscorrespondsto usingfewer than2%of thetotalnum-
ber of wavelet coefficients in the reconstruction.The fre-
quency informationthatis retainedatthis level is equivalent
to
	�
6�B��> � . For querieslessthana minutelong on our most

active trace,axp0, the error meanconvergesto zeroafter
including 9 levels (only 6% of the coefficients) in the re-
construction.Again,axp0hasmorehigh frequency content
thantheothertraces.

Figure10 shows the varianceof the absoluteerror asa
functionof level for thedifferentinterval lengths.Thevari-
ancerapidlydeclinesto zeroaswe addlevels.A constraint
onthevariancetranslatesto agivennumberof requiredlev-
els.Eachunnecessarylevel weeliminatehalvesthenumber
of coefficientsthatmustbecommunicated.

In Figure 10(f), we can seethat 4 levels are sufficient
to answerqueriesfor 2048secondintervals. Using 4 lev-
els insteadof 13 leadsto nearly1000:1compression.As
the interval lengthof the queryincreases,fewer levels are
requiredto sufficiently characterizetheinputsignal.

For moreactive tracesanda queryinterval shorterthan
oneminute, the absoluteerror varianceconvergesto zero
muchfasterthanthatseenwith axp7(Figures10(a)-(c).)On
the otherhand,for querieslongerthana minute, the vari-
anceon inactive traceslike axp7 (Figures10(d)-(g)) con-
vergesto zerofasterthanthoseon our moreactive traces.
For example, using query intervals longer than 2 hours
(length 8192), axp0 convergesto zero after only 7 levels
while axp7convergesto zeroafteronly 4 levels.Again,we
blamethe high frequency contentin axp0. In general,the
absoluteerrorvarianceis 1/10thof thevarianceof theinput
signalafter7 levels.

Figure11 shows histogramsof the error (at reconstruc-
tion using level 5 and below) for the different interval
lengths. It is importantto notethat the scalesalongthe x-
axis andy-axis aredifferent for eachof the plots and the
scalefor plot (g) is drastically lower than the rest. No-
tice thattheerroris usuallyquiteGaussianonceasufficient
level or interval lengthhasbeenachieved.

Thereis a tradeoff betweentheinterval lengthrequested
andthelevel thatis requiredto satisfythequerywith small
error. If theinterval requestis long (greaterthana minute),
thequerycanbesatisfiedusinga lower level. Likewise, if
the interval requestis short (lessthana minute),a higher
level shouldbe usedto maintainlow error variability. In
our moreactive trace,axp0,thehistogramat level 5 is not
Gaussianuntil theinterval queryis 512secondslong.

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

thoseshown for axp7.Theresultsof thetracemanchester-2
at queryinterval lengthslessthana minutein duration,are
substantiallybetterthanthe other tracesbecauseof its in-
activity. axp0requireslongerdurationinterval queries,or
morelevelsin thereconstructionto maintainlow errormet-
rics. This is againbecauseof its high activity, high usage
characteristics.The resultsof the tracetlab-03areon par
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Figure 11. Histograms of error variance at
level five for inter val queries of diff erent
lengths

with thoseof axp7.

A note on relative error: We hadoriginally intendedto
includea discussionof relativeerrormeanandvariancefor
interval queries. The relative error meanis definedasthe
ratio of the absoluteerror meanto the meanof the input
signalover the interval. The problemwith calculatingthis
metric is that thereare intervals in which the meanof the
input signal is zero(no activity in the trace). The relative
error varianceis definedas the ratio of the absoluteerror
varianceto thevarianceof theinputsignalovertheinterval,
introducingsimilardivide-by-zeroproblemswhenaninter-
val hasno variance. We did computethesemetricsusing

only intervalswith non-zeromeanandvariance,producing
numbersin-line with resultspresentedhere. However, se-
lectingnon-zerosamplesamountsto abiasedsamplingpro-
cessandhenceweareuncomfortablepresentingthegraphs
here.

5. Conclusions and future work

We introduceda querymodel for resourcesignalsthat
explicitly incorporatestime-scaleas a parameterto both
streamandinterval queries.We demonstratedhow to build
themodelon top of a wavelet-domainrepresentationof re-
sourcesignals.This computationallyinexpensiveapproach
communicatesjust enoughdatato answerthe query, often
leadingto substantiallevelsof compressionwith little effect
on accuracy. We reachedthis conclusionby evaluatingour
approachon hostloadsignals.

Thewaveletrepresentationnotonly helpsusto decouple
sensorsandapplications,but it is alsoan enablerof other
powerful techniquesfor processingresourcesignals. For
example,we believe that further compressiongainswith
no lossof accuracy canbe achieved by usingwavelet de-
noising, a well-known techniquein the signal processing
communitythatwe discussedat the endof Section3. We
have experimentedwith de-noisinghost load signalsand
havefoundthatthewaveletcoefficientscanbefurthercom-
pressedby a factorof 10 without a substantialincreasein
error. Theseresultswill beforthcoming.

The wavelet representationalsoprovidesa naturalway
to graduallyincreasecompressionasthesignalages,simply
by throwing awaymorelevelsor increasingthethresholdin
de-noising.We arecurrentlystudyingthisscheme.

Improvedcompressionallowsfor queriesover longerin-
tervals of time usingthe sameamountof storagespaceor
network bandwidth.Applicationschedulerswill beableto
bettervalidateamachineby lookingat its performanceover
monthsof time insteadof days.

We suspectthat wavelet-domainrepresentationswill
leadto improvedpredictionof resourcesignalsdueto the
uncorrelatednatureof thewavelet transformation.By pre-
dicting eachlevel separately, we may be ableto do much
better, especiallyfor long-rangepredictions,than simply
consideringthe time-domainsignal. We arecurrently im-
plementingthewaveletrepresentationandpredictorsin the
RPSsystem[5].

At thispoint,wehaveonly appliedourapproachto Dig-
ital Unix host load signalsandto CPU availability signals
onWindows2000.Weplanto applytheapproachto signals
thatmeasurenetwork properties,perhapsusingRemos[9]
astheproducerof thesignals.

Theapplicationof wavelet-basedtechniquesto resource
signalsappearsto havetremendouspotential.
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