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Abstract

Enegy is a critical resouce in manycomputingsystemsmotivatingthe needfor enegy-eficient softwae
design.Thiswork proposes hew approad, enegy-drivenstatisticalprofiling, to helpsoftwaedeveloperseason
aboutthe enegy impactof softwae designdecisions.We describea prototypeimplementatiorof this approad
for theltsy podketcomputingplatform. Our experimentalesultsusingthe prototypewith 13 bendimarkprograms
showthat (i) enegy measuementoolsthatignore system/kernedffectscan give erroneougesultsaboutenegy
hotspotsand (ii) usingexecutiontime profilesto developintuition aboutenegy usagecanoftenbemisleading
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1 Intr oduction

To develop enegy-eficient software,programmersieedto understandhe enegy impactof their designde-
cisions.Whenreasoningboutsuchdecisionsprogrammersendto rely onintuition. Unfortunatelyintuition can
bemisleadingbecausenostprogrammerslo notinternalizeanaccuratanodelof the enegy costof differentop-
erationspr properlyaccountor therelative frequeng of theoperationghattakeplace.In this paperwe describe
a tool that helpsprogrammerslevelop enegy-efficient softwareby helpingthem evaluatethe enegy impactof
their designdecisions.In particular our tool enablegprogrammergo quickly determinethe enegy requiredto
executesomesoftwareandthe enegy hot spotswithin that software. With this information, programmersnay
thenemploytechniquessuchasthosedescribedy Simunicetal. [9], to improve enegy efficiency.

Ourtoolis basednenegy-drivenstatisticalsampling While statisticasamplings notanew idea(e.g.,[1, 5]),
we introducetheideaof usingenegy consumptiorto drive samplecollection. As illustratedin Figurel, we in-
terposea simple enegy counterbetweerthe enegy supplyandthe systemunderstudy This countermeasures
the enegy consumedy the systemandcauseaninterruptto be generatean the systemwheneer a predefined
amountof enegy (i.e.,anenegy quantg hasbeenconsumedThesystemhandlegheseinterruptsby executinga
particularinterruptserviceroutinethatwill recordsamplesdentifyingthe programinstructionghatwereinterrup-
ted. Therecordedsamplesareprocessedff-line, to generatenegy consumptiorestimategor eachapplication,
procedureandinstruction.

Priorwork hasproposedereralothertoolsfor helpingprogrammersvaluatetheenegy impactof their design
decisions Most of thosetools arenot basedn statisticalsampling.Unlike our tool, they rely on estimate®f the
enegy costof usingvarioussystem-dependehiardwarecomponentsand generallyrequireeitherbinary modi-
fication or specialcompilersupport4, 8, 3]. Thereforeour tool is moreportableandeasierto use. In contrast,
like ourtool, PoverScopd6] is basedn statisticalsamplingandrequiresneitherbinary modificationnor special
compilersupport. However, it relieson time-driven statisticalsampling. By relying on enegy-driven statistical
sampling,our tool deliversbetteraccurag for a given amountof overhead,and offers the potentialfor enegy
consumptiorestimateshataremoreprecise.

Thekey contributionsof this paperarethreefold.

o First,weintroduceanew approach- enegy-drivenstatisticalsampling—to evaluatingtheenegy impactof
softwaredesigndecisions.
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Figure 1. High-le vel overvie w of energy-driven statistical sampling.

e Secondwedescribeaprototypemplementatiorof thisapproactor theltsy pocketcomputingplatform[7],
andpresenexperimentaldatathatvalidateshis implementation.

e Third, we presenthe resultsof an enegy-consumptiorstudy of 13 benchmarks.Our resultsemphasize
that that (i) enegy measuremeribols thatignore system/kerneéffects can give erroneougesultsabout
enegy hotspotsand(ii) usingexecutiontime profilesto developintuition aboutenegy usagecanoftenbe
misleading.

Theprototypethatwe describén this paperattributestheenegy consumedby all systemactivity to thesoftware
modulesthatare executingwhile this actiity is on-going. Thus,for example,shoulda softwaremoduleturn on
thebacklightfor aminute,the enegy consumedy thebacklightduringthis minutewill beattributedto all of the
softwaremodulesthat executeduring this minute. While this approachto attributing enegy consumptiorgives
programmersnsight into system-lgel enegy consumptionjt doesnot identify the modulesthat are actually
responsiblefor suchbackgroundactivity. However, attributing the enegy due to backgroundactuities is not
relevantfor this paper sincenoneof our benchmarksnitiate suchactiities. We are currently exploring more
sophisticateattributionapproachesyneof whichwe discussn thefuturework sectionof this paper

Therestof the paperis organizedasfollows. In Section2, we begin by discussingour prototypeandan error
analysisof this prototype. In Section3, we discussthe resultsof our studyof 13 benchmarks.Section4 dis-
cusseshekey differencedbetweerourapproactandprior approached-inally, Section5 concludesanddiscusses
ongoingandfuturework.

2. Itsy-basedPrototype

We have built a prototypeimplementatiorof enegy-basedstatisticalprofiling on the Itsy version2.0 pocket
computingplatform [7]. This sectiondescribeghe hardwareand softwarecomponentf our prototype,and
experimentakesultsvalidatingthis prototype.

2.1 Hardware

Asillustratedin Figure2, we replacedheltsy's batterywith a power supply andinterposedanenegy counter
betweenthe power supplyandthe Itsy electronics.We useda power supplyratherthanthe batteryto simplify
our experimentaprocedureandto ensurehattheltsy's power efficieng staysconstantiuringexperimentst The
purposeof the enegy counteris to generatean interruptwheneer a predetermineémountof enegy hasbeen
consumedTheenegy counteroperatessfollows.

As currentz, is dravn from the power supplyby theltsy, a currentmirror comprisinga resistoranda current-
senseamplifiergenerates currenti,, = o x i, (Wherea = 1.5 x 102 in ourimplementation) This currents,y,

The Itsy includesa numberof voltageregulatorswhosevoltagecorversionefficiency dependson the supplyvoltage. As the ltsy's
batterydischages, the batteryvoltage drops, which causeghe efficiency of the regulatorsto drop. Consequentlyat lower operating
voltagesmorepoweris dissipatedasheat.By usinga power supply, our resultsarenot affectedby this effect.
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Figure 2. The Itsy energy-driven statistical sampling prototype . The energy counter is interposed
between the power supply and the Itsy pocket computer .

depositchage onthepositive plateof a capacitorwhich actsasa currentintegrator Whenthevoltageacrosshe
capacitorplatesreache% of the supplyvoltage(V,), amonostablenultivibratorgenerateanoutputpulseP, and
dischagesthe capacitorto avoltageof % Thecapacitothenbeginsto accumulatehage againvia i,,.

Thus, eachpulse P indicatesthat the capacitor(with capacitance” Farads)hasaccumulated). = %
Coloumbsgduringwhichtime theltsy hasconsumed); = a x Q. Coloumbs Sincethevoltagepoweringtheltsy
staysconstanat V;, theenegy consumedy the Itsy duringthistimeis simply V, x Q;. Wereferto this quantity
astheenegy quanta Theenegy quantain ourimplementations about30 pJ.

Eachpulsedecrementghevalueof a count-davn counter Whenthis counters valuereachesero,thecounter
generateaninterruptrequesby assertinga signalthatis connectedo oneof theltsy's generapurposd/O lines
(GPI10s).Thevalueof the counteris resetby software asdescribedn the next section.Thus,theenegy counter
allowstheamountof enegy consumptiorthatwill generataninterruptto bevarieddynamically

2.2 Software

Thesoftwarefor enegy-drivenstatisticalsamplingis dividedinto threecomponents- (i) akernel-level pseudo
device driver andinterruptserviceroutine, (i) a userlevel datacollectiondaemonand(iii) userlevel datapro-
cessingools. This softwarehasbeenwritten to run on top of Linux (version2.0.30),the operatingsystemrun
by the Itsy. Callsto the pseudadevice driver control profiling (e.g. turnit on or off). Whenprofiling is turned
on, the kernel-level interruptserviceroutine handlesinterruptsraisedvia the abore notedGPIO line. On each
interrupt,this routine performstwo tasks.First, it recordsa samplein a circular buffer. A sampleconsistof the
identity of the processthe softwaremodule(executableor dynamicallylinked library), andtheinstructionwithin
thatmodulethatwasinterrupted.Second peforethe routineends,it resetshe valueof the count-davn counter
discussebove. (Callsto the pseudadevice driver candesignate singleresetvalue,or a smallrangeof values
from which theinterruptserviceroutinecanrandomlyselectavalue.)

Theuserlevel datacollectiondaemorissuescallsto the pseudadevice driver to obtainsampledata,andwrites
one or more sampledatafiles. At ary subsequentime, thesefiles canbe processedising the userlevel data
processingoolsto producehuman-readablenegy profiles.

2.3 Error Analysisand Validation

In this section,we discussthe sourcesof errorinherentin our prototype. Broadly, the sourcesof error can
be classifiedinto two cateyories: (i) enegy measurementlated,and (ii) attribution andanalysisrelated. The
following two sectionsliscussegachof thesein detail.



2.3.1 Measurement-related Err ors

Enegy is givenby [* v(t)i(t)dt, wherev(t) is the instantaneousoltageandi(t) theinstantaneousurrent. Yet,
the prototypeintegratesonly the current,thusintroducinga sourceof measurement-relatedror. This sourceof
erroris not significant,however. First, the power supply we usedprovidesa regulatedoutputof 4.1V + 1mV.
Secondwhile the senseresistorbetweenthe power supplyandthe Itsy rendersthe voltagesuppliedto the Itsy
dependenon the amountof currentthe ltsy draws, the ltsy supplyvoltagevariedby lessthan2% of thenominal
value. If, on the otherhand,we had usedthe Itsy battery our analysisindicatesthat good accurag could be
obtainedwith periodicsamplingof thevoltage

A secondsourceof measurement-relatedroris theinhereninon-idealcharacteristicsf electricalcomponents.
However, sucherrorsarenegligible in our prototypeowing to carefulcomponenselection.

Finally, a third sourceof error is the impactthat the enegy counterand the samplingsoftwarehason the
resultingsampledistribution. This erroris dominatedoy the heatdissipatedy the 0.150hmresistor which, for
our benchmarkswasat most17mW To put this numberinto perspectie, the maximumpower consumedy our
benchmarkss 1.4W.

In termsof the enegy consumedy the profiling software we measuredhe enegy consumedy the pseudo
devicedriverandby theuserdaemon Figure3 summarizeshesemeasurement$or eachof ourbenchmarkgsee
Figure4), this table presentexecutiontime, the numberof samplescollected,the averagesamplingfrequeng,
andtheapproximatexecutiontime overheadsn theinterruptserviceroutineandthe userdaemorasafractionof
total executiontime. As we canseefrom Figure3, theoverhead®f boththeinterruptserviceroutineandtheuser
daemorarenggligible for all our benchmarks.

2.3.2 Attrib ution and Analysis Err or

Theothermajorclassof errorsis attribution andanalysiserrors.

To accuratelyattribute a sampleto aninstruction,it is importantto minimize the delay betweernthe follow-
ing two events: the monostablemultivibrator generatinga pulse P thatwill decrementhe counterto zero(see
Section2.1), andtheinterruptionof the programin executionsothattheinterruptcanbe serviced.This delayis
composeaf thetime requiredfor theinterruptto be corveyedto the processocore,andthetime requiredfor the
processoto bayin servicingtheinterrupt.In our prototype theformeris negligible.

The latter, however, cannoticeablyaffect attribution. The Itsy pocketcomputerusesa StrongARMSA1100
processar One characteristiof this processois that, beforeservicinga trap or exception,the processoffirst
completesxecutionof theinstructionsin the decodeandlater pipeline stages.Thus,whenthe enegy-counter
interruptis processedhesamplewill beattributedto theinstructionthatwasfetchedafter theinstructionthatwas
in executionatthetime thattheinterruptwasdeliveredto thecore. This propertyleadsto poorsampleregistration
andpossibleskensin theattribution.

To evaluatethe extent of this problem,we performeda numberof experimentswith carefully designednicro-
benchmarkgomprisinginterleared groupsof high lateny andlow lateng instructionsand proceduresUsinga
time profiler, we determinedhatlessthan2% of the samplesvereincorrectlyattributedat the procedurdevel,
but significantdiscrepanciesccurredattheinstructionlevel. Hence|f fine-grainedattribution (attheinstruction
level) is required jt maybenecessaryo adjustthe attribution of samplesdy analyzingthe sampleoffline usinga
modelthatincludesa detailedmodelof interrupthandling the pipelineschedulingules,andtheinstructiondelay
andenegy parameterfor the SA1100processar

A secondsourceof error arisesif phasesf the applicationbeing profiled are synchronizedactly with the
dischaging of the capacitor Althoughnoneof our benchmarkgxposedthis error, our prototypeavoidsthis error
by allowing for a small dynamicijitter in the numberof quantaafter which aninterruptwill be generatedas
describedn Section2.2).



Application || Time | Samples| Average ISR daemon
(sec) frequeng (Hz) | overhead| overhead
cpu-bound-1j| 193 | 85047 | 441 0.2% 0.25%
cpu-bound-2|| 444 | 125556 | 282 0.18% 0.20%
idle 299 | 38950 | 130 0.11% 0.01%
MPEG 171 | 190458 | 1113 1.89% 0.50%
synth 375 | 222207 | 592 1.23% 0.11%
synth2 377 | 300731 | 797 1.55% 0.13%
voice 41 12143 | 297 0.30% 0.15%
midi 342 | 140678 | 411 0.57% 0.02%
wave 141 | 42068 | 298 0.26% 0.01%
zip 30 23335 | 782 1.13% 0.29%
ftp 55 16166 | 291 0.35% 01.49%
Xwin 71 17677 | 248 0.42% 0.13%
edemo 365 | 181695 | 498 0.86% 0.17%

Figure 3. Summary of overheads with energy profiling

Finally, a third sourceof error concernssensitvity to the samplingrate. The accurag with which a sample
distributionreflectsthetrue allocationof enegy consumptiorfor anapplicationis proportionalto the squareoot
of the numberof sampleq1]. However, larger numberof samplescanleadto greaterprocessingverheadand
increasedrofiler intrusiveness.For our benchmarksour defaultparametersesultedin the collectionof 12,000
to 125,000samplesat 130Hz-1100H=amplingfrequenciesSensitvity experimentswith longerexecutiontimes
andhighersamplingfrequenciesndicatedthatthis setupdid not have appreciablesrrors.We alsostudiedsereral
carefully-designedicro-benchmarkwith known enegy profiles.For all of thesebenchmarksheenegy profiles
reportedby ourtool matchedvery closelythe expectedenegy profiles.

3 Application analysis

Figure4 describesur thirteenbenchmarksndtheir executiontimes. The benchmarksvere choserto cover
awide rangeof actiities. They includetwo contrived CPU-intensie benchmarksa variety of mediaprocessing
benchmarksfile handlingandfile transferbenchmarksandtwo morecomple« benchmarkgxwin and edemo)
thatincludea combinationof thefunctionality of severalof the otherbenchmarks.

3.1 Application profiles

Figure5 summarizesheprofilesfor our thirteenbenchmarksFor eachbenchmarkthebarontheleft indicates
the (self-normalizedprofile generatedy time profiling andthe bar on the right indicatesthe (self-normalized)
profile generatedby enegy profiling. Eachprofileis dividedinto four components- the applicationmodulesthe
kernel-idleloop, otherkernelmodules andmiscellaneousibrary modules.

As Figure5 indicates,the systemenegy consumptionis importanton mary of our benchmarks.While the
simple CPU-intensie benchmarksio not shav a significantkernelcomponentthe non-idle kernelcomponent
is large in eight of the remainingbenchmarks.Theseresultsindicatethe importanceof enegy measurement
tools accountingfor systemeffects. Secondthe resultsindicatethat time and enegy profiling can often give
significantlydifferentresults.Seven of thethirteenbenchmarkén our studyshaow significantdifferencedetween
time andenegy profiling. Thesedifferencesareparticularlyevidentfor benchmarkshat cycle throughmultiple
enegy states.The mostdominantexampleof this is the differencebetweernthe enegy consumedy the kernel-
idle loop versusotherportionsof the code.For our systemthe power consumedy theidle loopis about120mwW
comparedo the 330mWconsumedvhenthe CPUis busy.

Figure 6 onceagainsummarizeghe profilesfor our thirteenbenchmarksbut this time with the kernel-idle
componentactoredout. As before for eachbenchmarkthe barontheleft indicateshe (self-normalizedprofile
generatedy time profiling andthe bar on the right indicatesthe (self-normalized)profile generatedy enegy
profiling. Eachprofile is now divided in greaterdetail into the top five applicationmodules(App-1 to App-5)
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| Application | Description | Time |
cpu-bound-1| A simpleCPU-intensie applicationthat spendsts time in two procedureslom- | 193seconds
inatedby loop-basedomputationaddition)
cpu-bound-2| Multiple runsof asimpleCPU-intensie applicationwith loop-basedomputation| 444 seconds
interspersedvith sleeptimes
idle 5 minutesof Itsy in idle mode 299seconds
MPEG Six iterations of the MPEG benchmarkplaying the movies bigtoy.mpg and | 171seconds|
swars2.mpg
synth Speectsynthesiof thespeech.txfile (samplescaledoy 0.25) 377seconds
synth2 Speectsynthesiof thespeech.txfile (samplescaledby 8) 375seconds
voice Recordingdictationof a singleparagraph 41 seconds
MIDI MIDI benchmarKtimidity) playingthe m3-spain.midile to completion 342seconds
wave Four iterationsof playingtheltsy.wav soundfile 141seconds
zip Threeinstance®f tarring,zipping,andremaoving a 573KB directory 30seconds
ftp FTP'inga573KBfile 55seconds
Xwin Operation®on the X-windows ervironmentincluding minimizing, maximizingof | 71 seconds
windows, useof characterecognition,andthe xeyesbenchmark
edemo An e-maildemodistributedas part of the Itsy distribution. Our experimentin- | 365seconds
cludedvoice-actvatedturningon of the unit, severalinstance®f voice-actvated
mail reading,one video attachmentpne voice mail composition,and usageof
buttonsto navigate.

Figure 4. Applications studied

andthetop two kernelmodulegKernel-landKernel-2).As we canseefrom Figure6, time andenegy profiling
continueto yield differentresultseven with the idle time factoredout. However, in this case,the differences
areimportantonly on four of the benchmarks- MPEG, voice, wave, and x-win. Onceagain, the differences
canmainly beattributedto benchmarkshattransitionthroughmultiple enegy statesparticularlythroughuseof
differenthardwareresourceshatcanconsumea substantiahmountof power (e.g.,display audio,modem.etc.).
In particular they arelikely to be further emphasizedn multi-programmingor otherworkloadsthat are more
complex thanthe benchmarksve considetin this study

3.2 Observations
Basedon our results we canmaketwo key obsenations.

e System-lgel componentsontributesignificantlyto the enegy consumptiorof the system.Evenfactoring
out the kernel-idletime, several of our benchmarkstill spendlarge amountsof enegy in variouskernel
modules.Thisimpliesthatenegy monitoringtoolsthatonly focusontheapplication-leel (similarto some
thatexist today)may not be presentinga completepictureof theenegy consumptiorof the system.

e Time profilesdo not accuratelyreflectenegy consumptiorin mary cases.Suchinaccuraciesreparticu-
larly pronouncedvhensoftwarecyclesthroughmultiple enegy states(e.g.,idle modeversusCPU-lusy,
useof hardwaraleviceslike audio,microphonebacklight,etc.),whichis commonin practice.Thisimplies
thatenegy-monitoringtoolsandoptimizationsthatusetime consumptiorasa first-orderapproximatiorof
enegy consumptiorarelikely to leadto erroneousonclusionsvith mary real-worldworkloads. As dis-
cussedn thenext sectionthisresultalsohasimplicationsregardingthe useof time-drivenenegy sampling
approachebke PaverScopd6].

4 Comparisonwith Other Approaches

Two kinds of approache$iave beenproposedwith the aim of providing programmersith insight into the
enegy impactof softwaredesigndecisions.
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Figure 5. Comparison of profiles from time and energy profiling

4.1 Activation Models

Activation-modebpproachesequiretwo components(1) enegy-useestimatedor specificsystemactuities,
suchasexecutinga specifictype of instruction,idling the processqraccessingnemoryor a disk, andsendingor
receving messagesver anetwork;and(2) activationcountsfor eachactwvity, which areobtainedoy countingthe
numberof timeseachactiity occurswhenan applicationruns. Enegy consumptiorfor the applicationis then
obtainedby multiplying the activationcountsby theenegy costperactivation.

Activation-modelapproachegliffer widely in how they obtain activation counts. They canbe classifiedas
counting-basedsampling-basedyr simulation-base@pproaches.With counting-base@pproachesactivation
countsareobtainedby eitherrunninginstrumentedrersionsof applicationge.g.,Millywatt [4]), or running(un-
modified)applicationson an operatingsystemthatis modifiedto leveragehardwareevent counters(e.g., Joule
Watcher[2]). PoverMeasure/StateProfilg8] is a sampling-basedpproachn that someactivation countsare
estimatedoy periodicallysamplingthe systems state. Finally, with simulation-base@pproachesge.g.,Simple-
Pawver [10] and Wattch [3]), a specially-designedimulatoris usedto collect the activationsof interestfor an
application.

Oneadwantageof activation-modebpproacheis thatthey canleverageactivationcountsfor backgroundctiv-
ites to more easily attribute enegy consumedasynchronously The main disadwantageof activation-modelap-
proachess the difficulty of ensuringtheir accurag. In particular the accurag of theseapproacheslependson
trackingall importantactivation counts,andon obtainingaccurateenegy-useestimategor all importantsystem
states Obtainingsuchestimatess non-trivial for asingleplatform,let alonemary platforms.In contrastpur tool
requiresneitherintuition aboutwhatactiities may be of interestnor enegy-useestimategor specificactiities.
While asynchronougneqgy attribution is currently a problemfor our tool, we are working on addressinghis
limitation; Section5 discussesnesolutionwe areconsidering.

4.2 Statistical Samplingand PowerScope

A secondapproachwhich wasdevelopedby Flinn andis the basisfor his PowverScopéool [6], is to augment
theinformationgatheredy a time-driven statisticalsamplerto include power usage.While a numberof imple-
mentatiordifferencesxist betweerourtool andPaverScopethis sectionfocuseson the conceptuadifferences.



100% T

E [EE

il

| |
== 1
o]

75%

O App-5
= W App-4
i @ App-3
[ App-2
B O App-1
I | Kernel-2
@ Kernel-1

50% A

%attribution

25% A

Figure 6. Comparison of profiles from time and energy profiling — idle time factored out

PaverScopaisesatimerto generate streamof inte'rrupts,eachseparatem time by afixedtime interval. On
eachinterrupt,in additionto recordinginformationaboutthe interruptedsoftwaremodule,PonverScopeecords
an estimateof the amountof power the systemwasusingimmediatelyprior to the interrupt's occurrence More
exactly, PoverScopeecordgheinstantaneousurrentbeingdravn by thesystem Later, duringoffline processing,
PaverScopeestimateshe enegy usedoy the systembetweerthe occurrencef the (i — 1)t* ands® interruptby
multiplying the currentsamplez, the (assumedaonstantsupplyvoltage,andthetime betweerthetwo interrupts.

One notewvorthy differencebetweenour tool and PoverScopes that samplecollectionis driven by enegy
consumptiomottime. Consequentlyfor a givenamountof systemoverheadpur tool will morequickly identify
enegy hot spotsthanwill PonverScope.PaverScopecan achieve similar accurag if it is run longeror with a
highersamplingfrequeng. Anotherpoint of comparisorrelatesto the frequeny of interruptsduring periodsof
low enegy usage.Undera time-driven approach(e.g., PoverScope)sampleswill be collectedeven whenthe
systemis consumingrelatively little enegy, suchaswhenthe processois in alight sleepmode. Consequently
the act of collectingsampleswill significantly affect the enegy profile of the system. In comparisonjn such
a situation,an enegy-driven approactwill generatanuchfewer interrupts,therebyperturbingthe systemmuch
less.

A final point of comparisoris thatPoverScopesampleghe currentwhile our tool usesa capacitotto integrate
the current. To investigatethe impactof this difference we have examinedthe extentto which currentsampling
andcurrentintegrationmay give differentresults. We have alsoimplementedhe PoverScopeapproacHor our
testsystemandarein theprocessf evaluatingthe differenceghatoccurin practice.

Curr ent Sampling Assessment

Theltsy's currentshawvs considerablevariation. For example,Figure7 shows the current-consumptioprofile of
theltsy while runningtwo of our benchmarksMPEGandMIDI. This profile wasobtainedoy samplingtheltsy's
currentl0,000timesa secondisinga dataacquisitionsystem As canbeseenfrom thefigure, thevariationin the
currentis dominatediy pronouncegbeaks.

To assesshe informationcontainedn suchpeakswe useda 1 GHz digital oscilloscopeto examinethe fre-
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Figure 7. Variation in current samples across two benchmarks, MPEG and MIDI

MPEG
Procedure Time Enegy | Pscope
mpegVidRsrc 24.13%| 22.73%| 22.08% MIDI
-- - 0, 0, 0,
mpeg-j-rev-dct 20.08% | 17.65%| 17.89% Procedure Time Enegy | Pscope

GrayDitherlmage| 14.66% | 17.89%| 17.80%
ParseReconBlock 12.68% | 11.48% | 11.26%

Kernel-idle 63.49% | 39.42%| 51.48%
Kernel-emulatg 16.11%| 25.96% | 21.89%

-start 08.64%| 09.94% | 10.28% !
mpegaudio-Misc | 04.86%| 04.55% 04.75%| | Kermermisc | 002836 19.35561 07,8536
Kernel-misc 04.47% | 03.45%| 04.19%| | Mty 10.95%) 18.97% 14.97%
Kemel-idle 00.79%| 00.76%| 01.020| LMISC 03.17%] 05.30%] 03.81%
libc 07.39%| 09.04% | 08.67%
Misc 2.30% | 02.51%| 02.06%

Figure 8. Profiles obtained with a time-only profiler, our energy profiler, and PowerScope for the
MPEG and MIDI benchmarks.

gueng contentof the ltsy's supplycurrent. In particular we measuredhe currentdravn from theltsy's battery
whentheltsy wasrunningour two MPEGclips. For each we capturedive 20 msectracesof the batterycurrent,
andthenusedthe oscilloscopes FFT functionto computedhe FFT of eachtracewith a50 Hz resolutionand250
KHz bandwidth. Finally, we determinedor eachFFT curve the frequeny at which 50% and 75% of the area
underthe FFT curveswasobtainedelative to 0 Hz. Theresultsof this analysisverethat,in orderto capturer5%
of theinformationin the batterycurrent the batterycurrentmustbe sampledat the Nyquistrateof approximately
60 KHz for oneclip and22 KHz for the other Further to capturejust 50% of the informationwould require22
KHz and4 KHz samplingratesrespectiely. Thedifferencebetweerthe50%and75%r ratesindicateshepresence
of significantinformationat frequenciesbore 11 KHz and2 KHz respectiely. Thus,periodicsamplingat low
frequencie®f the current,asis doneby PaverScopemaybeinaccuratecomparedo our approachof integrating
thecurrentin theanalogdomainif the samenumberof samplesarecollectedin bothcases.



Preliminary PowerScopeComparison

To evaluatethe extentto which the high variancein batterycurrentmatterswe implemented versionof Powver-
Scopeon our baseltsy systemthat samplescurrent 100 times a second. Our implementationis similar to
Flinn's[6], with the key differencebeingthatwe useda dataacquisitionsystemratherthana digital meter Fig-
ure8 presentacomparisorof the profilesgeneratedby atime profiler, our enegy-driven profiler, andour version
of PawverScopdor theMIDI andMPEGbenchmarksiespectiely.

PowverScopeaddressealot of theinaccuraciesissociateavith thetime profiler, asdemonstratetly theresults
for the MPEGbenchmarkHowever, asseerfrom theresultsfor the MIDI benchmarkPoverScopettributestoo
muchenegy to the Kernelidle loop. This discrepang arisesbecauséehe currentdravn by the Itsy while idle is
not constantRathey dueto backgroundsystemactiity (e.g.,real-timeclock updatesgdaemoractivations) there
areoccasionapronouncecturrentpeaksof shortduration. Becauseour versionof PaverScopesamplesat 100
Hz, samplingsucha peakcanhave a significanteffect.

Althoughtheseresultsare preliminary we weresurprisedoy the lack of a greaterdifferencebetweerenegy-
drivenprofiling andour versionof PonverScope Onepossiblereasomrmaybethatthe high-frequeng information
in thecurrentwaveformis notdistributedevenlyin time, sothatrepeatedime-basedamplingof theinstantaneous
power doesnotyield significanterrors.We arecurrentlyexaminingthis andotherpossibilities.

Finally, it shouldbenotedthatbothour currenttool andPaverScopecannotcorrectlyattributetheenegy used
by backgroundactivities.

5 Summary and Futur e Work

While the issueswith designingapplicationsto reducethe executiontime are fairly well understoodthere
doesnot exist a similar understanding@boutdesigningapplicationsto reducetheir enegy consumption. This
work presented new approachenegy-drivenstatisticalprofiling. Tools developedwith this approackcanhelp
the softwaredesignebothreasonaboutthe enegy impactof softwaredesigndecisionsandidentify application
enegy hotspots.

Enegy-drivenstatisticalprofiling usesa smallamountof hardwareo triggeraninterruptat pre-definedjuanta
of enegy consumption.The interruptis usedto collectinformationaboutthe programcurrently executing,and
theinformationthuscollectedoverthe courseof the programis usedoffline to generat@nenegy profile of where
enegy is beingspentin theworkload. We have developeda prototypesystemon the Itsy mobile computingen-
vironmentandour studieson the prototypeindicatethatenegy-drivenstatisticalprofiling approachesanprovide
anaccuratesystem-lgel enegy profile of the softwarewith very little extra overhead.

Ourresultsusingthe enegy profiler to studythe behaior of 13 benchmarkgrogramsshow thata non-trivial
amounbf enegy is spentby theoperatingsystem Additionally, thereareoftensignificantdifferencebetweerthe
profilesgeneratedy time andenegy profiling, especiallyin workloadsthat transitionbetweernmultiple enegy
states.Our resultshave importantimplicationsfor future studiesthattry to identify andoptimizeenegy hotspots
in software. Specifically (i) enegy measuremeribols that do not study system/kernegffects cangive highly
erroneousesultsaboutenegy hotspotsand(ii) usingintuitionsbasedon executiontime profilesto approximate
enegy usagecanbeveryinaccuratén mary cases.

As partof ourongoingefforts, we planto extendourwork to accounfor backgroungowerusage Onesolution
we areexploring is to augmenthe enegy-countinghardwareof a systemto include software-readableounters
thattracktheamountof enegy consumedy backgroundnegy consumerge.g.,thebacklight,awirelessradio).
Thesecounterscould thenbe usedby our interruptserviceroutineto assignfractionsof the sample(basedon
enegy usage}o systemenegy-usecatgories(e.g.,backlighton, wirelessactive). In thisway, aprogrammemay
identify majorenegy consumersandwith furtherinvestigationthe softwaremodulesesponsible.

We arealsoevaluatingthe versionof our profiler we describehereaswell asour extendedversionswith the
PocketPCGervironmenton theiPAQ pocketcomputer Finally, we arealsousingtheinsightsfrom our studiesto
identify optimizationgo makeapplicationanoreenegy-eficient.
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