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Abstract—Clock (and voltage) schedulingis an important tech-
nigue to reducethe energy consumption of processorsthat sup-
port voltage scaling It is difficult, however, to achieve goodre-
sultsusingonly statisticsfrom the OSlevel whenapplications show
bursty (unpredictable) behavior. We take the approachthat such
applications must be madepower-aware and specifytheir Average
Execution Time (AET) and the deadlineto the schedulercontrol-
ling the clock speedand processorvoltage. This paper describes
our Energy Priority Scheduling (EPS)algorithm supporting power-
aware applications. EPSorders tasksaccording to how tight their
deadlinesare and how often tasksoverlap. Low-priority tasksare
scheduledfirst, sincethey can be easily preemptedto accommo-
date for high-priority taskslater. The EPSalgorithm doesnot al-
ways yield the optimal schedule,but has a low complexity. We
have implemented EPS on a StrongARM-based variable-voltage
platform. We conducted experimentswith a modified video de-
coderthat estimatesthe AET of eachframe. Measurementsshow
that application-dir ectedvoltage scaling reducesprocessomower
consumptionwith 50% for the bursty video decoderwithout miss-
ing any frame deadlines.

Index Terms— Low power, voltage scaling, adaptive software,
power awareness.

|. INTRODUCTION

OWER consumptionis becomingthe limiting factor for

thefunctionality of wearabledevices,becausadvancesn
batterytechnologyareprogressinglowly whereazomputation
and communicationdemandsare increasingrapidly. It is
thereforeimportantto utilize the available enegy as efficient
as possible. Enegy preseration, or enegy managementis
furthertranslatednto alow power consumptiorof all partsof a
wearabladevice. Theinitial responséo the low-powerdemand
wasto lower the supplyvoltage. For example,by reducingthe
supplyvoltagefrom standarc.0V to 3.3V powerwasreduced
by 56 %.

Additional reductionscan be obtainedby selectvely low-
ering the supply voltage of specific partsin either a discrete
or continuousmanner An obvious candidates the processor
sinceit is responsibldor a significantportionof thetotal power
consumptiorjl].

A discreteapproachto voltage reductionis using power
down featuresto minimize the power consumptiorof unused
hardware. For portablecomputersthis meansturning off the
harddisk, processarscreenmodem,sound etc. Re-actiation
of hardware can take sometime, which affects performance
(e.g., responsetime). Using simple power-down-when-idle
techniquesthe processos power consumptioncan be sig-
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nificantly reduced. Pawer savings up to 66 % have been
reported?2].

A further refinementis to make continuoustrade-ofs be-
tweenperformanceand cost. Performancemetricsare appli-
cation dependentput often a combinationof responsdime
and quality is used. Video decodingis used as a case
study throughoutthis paper and typical quality metrics are
spatialtemporatesolution, color depth, and distortion level.
The user demand (performance)should be satisfied at the
lowestcost(power consumption).\oltage scalingis a method
to trade-of processoffrequeng (performanceggainstpower
consumptionThepowerconsumptiorof aprocessorunningat
a high frequeny andhigh voltageis muchlargerthanrunning
at a low frequeny andlow voltage. The power consumption
of digital CMOS circuits can be modeledquite accuratelyby
simpleequationgP = a C f V3,) [3], [4].

A. Woltage scalingimplementations

In 1996 one of the first paperswas publishedthat describes
an actual hardware implementationusing voltage scaling[5].
This implementationappliesvoltage scalingto MPEG video
decodingon a DSP. The frequeng and voltage are adjusted
to matchthe varying complexity of video frames. In [6] a
dedicatedryptographyprocessors presentedhatusesvoltage
scaling. When running at 50 MHz this processorrequires
a supply voltage of 2 V and consumesat most 75 mW, at
3 MHz asupplyvoltageof only 0.7V is requiredandthe power
consumptiordropsto amere525 pW.

In 1998 the first experimentalresultson a general-purpose
processomwere published[7]. The architectureof a R3900
RISC core was enhancedvith a critical pathreplicato mea-
sure the minimal required supply voltage. The RISC core
operateson 1.9 V at 40 MHz and on 1.3 V at 10 MHz.
All intermediatefrequenciesare also supported. This first
general-purposémplementationdid not have a full chip-set
and lacked an operatingsystem. In 2000 Grunwald et al.
presentedxperimentalresultson a completegeneral-purpose
platform, called Itsy, runningthe Linux operatingsystem[8].
Itsy usesastandardcommercialStrongARMSA1100processor
that supportsvoltage scaling. The sasings by the Itsy are
very modestbecaus@nly two voltagelevels have beenimple-
mented,1.5V (> 162 MHz) and1.23V (< 162 MHz). The
resultingdifferencein processompower consumptiorbetween
thetwo levelsis only 15 %. Betterresultsareobtainedwith the
SmartBadgeplatform, which is similar to the Itsy. Extensve
power measurementsn real-time MP3 audio decodingand
MPEG video decodingshow thatanenegy reductionof 40 %
is possible[9]. Burd and Peringdesignedandimplementeca
voltage-scalingapableprocessobasecdbnanARMS core[10].
Their processoiis fabricatedin 600 nm technologyand uses
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aggressie power saving features. In high performancemode
it runs at a speedof 80 MHz and consumes476 mW at
3.8 V. Whenrunningat 5 MHz and 1.2V the processoonly
consumes.24mW. Thus,power consumptioris reducedwith
afactor147,while performancelropswith afactor16.

In parallel with the above projects we have createdour
own portable platform for voltage scaling research[11]. It
is somavhat similar to Itsy; we alsousea standardSA1100
processomnd run Linux. Our platform is called LART, and
describedn detailin SectionV-A. Figurel shavstheprocessor
ervelopefor the differentfrequencieghataresupportedy the
StrongARMprocessarThe LART supportsl28 differentsup-
ply voltagelevels. A supplyvoltageof 0.79V is sufficientwhen
running the processomt 59 MHz. A frequeny of 251 MHz
requiresl.65V. Thesesupplyvoltagesareoutsidethe manufc-
turersspecificationof 1.5 V. All processorsve obtainedwere
ableto run at thesevoltage and frequeng combinations. A
switch betweensuchcombinationgakes140 us. A numberof
destructve testsindicatedthat the maximumfrequeng of the
SA1100processorss around265 MHz, significantly beyond
theofficial specifiedmaximumof 190 MHz.

We measurecdthe effect of voltage scaling on the power
consumptiorof the completeLART platform,includingmem-
ory, voltage corversion,etc. Figure 2 shavs the total power
consumptiorof the LART undertwo differentworkloads:ldle
andCPU-intenste.

The Idle workload measuregshe backgroundpower con-
sumptionof the LART, whichis alwaysspentregardlesf the
processofload. The Linux schedulemputs the processoiinto
halt modewhenno processegreactive. Halt modestallsthe
CPU, but otherservicesof theembeddegrocessosuchasthe
memorycontrollerandinternaltimer arestill operationa[12].
All theseservicesare driven by the processorclock, which
explains why the power consumptionin halt modeincreases
with the frequeng. The SA-1100alsosupportsa more power
efficient sleepmode, but this modeinterruptsDMA transfers,
stopsthe LCD controller, blocks memory accessgetc. Also
the wake-up sequencedakes much longer than in halt mode
compromisingesponsieness.

The CPU-intenste workload consistsof the Dhrystone
benchmarlutilizing boththe CPUandthe cache We first mea-
suredtheeffectof scalingtheclockfrequeng while keepingthe
voltageconstantat 1.5 V. In this casethe power consumption
increasedinearly with the frequeng, asis expected.Next, we
measuredhe power consumptionwhenthe corevoltageis set
to the minimal valuereportedin Figurel. Theresultingcurve
shaws the expectedquadraticincreaseof power consumption
whenthe frequeng is variedfrom 59to 251 MHz.

From the power consumptionat 59 MHz (105.8 mW) and
at 251 MHz (963.7mW) it follows thataninstructionat peak
performanceonsumes factor2.1 moreenegy thanat lowest
performance. When we neglect the non-CPUsubsystem®f
the LART, which are suppliedfrom a fixed 3.3 V, and focus
on the CPU, the power consumptionis 33.1 mW at 59 MHz
and 696.7 mW at 251 MHz (not shawvn). The raw CPU
enegy/instructiondifferenceis thusafactor4.9.

Voltage scalingis moving from the researchfield into the
commercialmarket place of embeddedand x86-compatible
processorsAMD hasaddedvoltagescalingcapabilitiesto the
AMD K6 processofamily in April 2000. The AMD-K6-IIIE
supportsclock frequenciefrom 200 to 500 MHz, the power
consumptions 2.95and11.40W, respectiely. Thismeanghat
thelowestfrequeng providesa power efficiency improvement
perinstructionof 55 % versushehighestfrequeng. Transmeta
andintel currentlyalsoprovide processorwith voltagescaling.
Dueto therising importanceof power consumptiorit is likely
that voltage scalingwill soonbecomea standardfeaturefor
processorin theembeddedndlaptopmarket.

B. Systenarchitectue

In this paperwe concentrateon a wearableplatform con-
sisting of a general-purpos@rocessorwith voltage-scaling
capabilities controlledby a general-purposeperatingsystem,
andrunning multiple applications.Figure 3 givesan overvien
of sucha system.The clock scheduleoptimizesthe processor
frequeng with respectto the workload to be serviced. The
clock scheduler part of the operatingsystem(OS), mustde-
terminewhenthe clock frequeng needsto be changedandto
whatfrequeng. This problem,known asclock scheduling is
the centralproblemaddressedh this paper The actualswitch
of the processorclock frequeng is handledby an OS device
driver. We have implementedsucha driver for the Linux OS
(detailscan be found in [13]). The device driver adjuststhe
supply voltage of the processorand adaptsmemory and bus
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configurations. Note that a changein frequeny implies a
correspondingchangein supply voltage. Our LART device
driver has a hard-codedtable of the frequeny and voltage
combinationsderived from Figure 1. The device driver sends
the voltagesettingto a D/A corverter This D/A corverterin
turnis connectedo a voltagecontrolledDC/DC corverter On
our LART platform the switch of frequeng andvoltagetakes
140 ps, during which the systemis stalled. This implies that
settingscan be changedrequentlywithout causingtoo much
overhead.

C. Paperoutline

In this paperwe argue that voltage scaling in a general-
purposecontext canonly be effective whenapplicationscoop-
erate. It is vital that applicationscommunicatetheir (future)
processingneedsto the operating system (OS), much like
in real-time systems. Only then the OS can handle bursty
(unpredictableppplicationsandcomputean optimal schedule.
The generalclock schedulingproblemitself is NP complete.
We presenta new heuristicschedulingalgorithmcalledenegy
priority scheduling (EPS) that usesworkload descriptionsto
computeenegy-efficient schedulesWe have implementedhe
algorithmaspartof theLinux OSandperformedseveralexperi-
mentson our variable-wltageL ART platform. In particularwe
demonstrat¢he ability to schedulea computationataskwith a
bursty video playbacktask;the computationataskis executed
betweenwo low-complexity videoframes.

Section Il presentsa generalframewvork for the various
approachesto solve the clock schedulingproblem. Sectionlll
introducesthe conceptof power-aware applicationsand de-
scribeshow we have addedpower-awareness$o a H.263video
decoder SectionlV describesur enegy priority scheduling
algorithm. In SectionV, we discussthe implementatiorof the
EPS algorithm and presentpower measurementsFinally in
SectionVIl we concludeandindicatefutureresearctdirections.

Il. APPROACHES AND RELATED WORK

Voltagescalingandclock schedulinghave beeninvestigated
in the context of four main areas: dedicatedhardware, com-
pilers, real-timeOSes,andgeneral-purpos®Ses. They differ
in the time of fixation of the clock schedulethetime at which
schedulingnformationis available,andtheamountandquality
of thatinformation. With dedicatechardwarethe clock sched-
ule is determinedat designtime, using a priori information

derived from the application. A compiler, in contrast,can
only extract a limited amountof information from the source
code of an applicationto determinethe clock schedule. A

real-timeOS includesa task schedulethat takesinto account
start times, deadlines,and required cycles, allowing more
flexible clock schedulingschemesA general-purpos®S has
to derive a clock schedulgrom run-timestatistics suchasthe
processorutilization in previous periods. In general,clock
schedulingbecomessimpler and more power efficient when
more (accurate)nformationis available. An overview of the
differentapproachess shovn in Tablel. Thefirst row liststhe
quality of the informationthat is availableto solve the clock
schedulingproblem,rangingfrom very poor (- - ) to very good
(++). Thesecondow lists at whattime workloadinformation
is available: during designtime, compiletime, or at run time.

In the sequelwe will usethe approachei Tablel to discuss
relatedwork.

A. Dedicatedhardware

When crafting dedicatedhardware, for example, a GSM
speecttodeoor JPEGcompressqmll possiblevorkloaddetails
areknown in advance. Thereforethe optimal clock schedule
canoftenbecalculatedwvith bruteforceatchipdesigntime [14].
This canbe costly sincethe non-preemptie clock scheduling
problemwheretaskcannoteinterruptedjs NP completq15];
Hongetal. presentineffective heuristicyielding scheduleshat
arewithin 2% of the optimum[15]. In the preemptie casethe
optimalscheduleanbe computedvith anO(n log? n) off-line
algorithm[16].

B. Compiler

When a compileris usedto determinethe clock schedule,
the largestproblemis to deducethe appropriateinformation
from thesourcecode.For example,deriving the executiontime
on the target platform from the high-level programcodeis a
non-trivial task. This forcesthe compilerto make conserative
assumptionsand yields low quality schedulinginformation.
If extensie profiling information is present,the scheduling
techniquesfor dedicatedhardware can be used. Otherwise,
heuristicsmust be appliedto identify code sectionsthat can
be executedat low speeds.For example,Hsu et al. describea
systemthatis basedon identifying memory-boundoops|[17].
Within suchloopsthe clock frequeng canbe reduced,since
thememorysubsystenis muchslower thanthe processarThis
approachhowever, canonly be effective whenmemory-bound
loops occur frequently and the cost of a frequeng/voltage
changeis negligible relative to the total executiontime of a
loop.

C. Real-timeOS

In the realm of real-timeoperatingsystemsyoltagescaling
focuseon minimizing powerconsumptiorof thesystemwhile
still meeting strict task deadlines. Real-time tasks specify
their startingtime and deadline;tasksthat must be repeated
also specifytheir period. In hardreal-timesystemshe worst
caseexecutiontime (WCET) canoftenbe obtainedat software



TABLE |
COMPARISON OF CLOCK SCHEDULING APPROACHESIN SEVERAL AREAS.

dedicated real-timeOS general-purpos®S application

hardware | compiler | fixed | dynamic hardv\are‘ interval ‘ integrated| directed
Quality ++ - +- + - - +- ++
Availability design | compile | design run run run run run

designtimethroughstaticanalysisprofiling, or directmeasure-
ments[18], [19]. Whenall detailsof the workloadare known
andtheschedulabilityis verifiedatdesigntime we classifysuch
systemaunder“fix edreal-time”. Whendetailsof theworkload,
suchasWCET or eventhetasksthemseles,areonly known at
run-timewe classify suchsystemaunder“dynamic real-time”.
For example for multimediasenersthe exactworkloadis only
available at run-time [20]. An admissioncontroller needsto
determindf new taskscanbe schedulecandadmitted.

An example of a schedulerfor fixed real-time systemsis
the Average Rate run-time heuristicby Yao et al., which is
provedto consumeat mosta factorof 8 moreenegy thanthe
optimal preemptve schedulg16]. Peringet al. presenta dy-
namicreal-timesystenmbasedn EarliestDeadlineFir st (EDF)
scheduling21]. They assumedhattasksspecifyno starttimes
and, hence,can be executedat ary moment. Measurements
shaw that significantenegy savings can be obtained(20% of
peakpower) for someapplications.

In both classesof real-time OSesthe WCET is usedto
checktheschedulabilityandpossibilitiesfor reducingtheclock
frequeng in the schedulewithout violating deadlines. For
example,the algorithmin [15] initially schedulesall tasksat
maximumfrequeng. After thatthe task scheduleis adjusted
until no further reductionis possiblewithout violating dead-
lines. The ratio betweenthe actual executiontime and the
WCET can be quite low: an averageof 0.5 is reportedfor
several hardreal-timeapplicationsstudiedin [22]. Whenthe
WCET is not anaccuratesstimationof the executiontime, the
assignedalockfrequencieso meetdeadlinegendto betoohigh
(factorof 2 on average).Consequentlya taskusuallyfinishes
early, andanidle periodsoccurs.If anothertaskis eligible for
execution,however, theidle periodcanbe usedto executethat
taskatareducedspeedsee[23].

A recentpaperby Pillai et al. discussesan alternatve ap-
proachto handlethe conserative WCET rarelyencounteredh
practice[24]. Their “look-ahead”clock schedulingalgorithm
is basedon an EDF scheduler The task with the earliest
deadlineis scheduledvith the lowestpossibleprocessospeed
thatdoesnot violateits deadline. This forcesothertasksto be
scheduledht a high frequeng to compensateThe assumption
is that the taskis not likely to useits WCET and will finish
early Whenthe task finishesearly, enegy is saved and the
next task with the earliestdeadlineis schedulecat its lowest
possiblefrequeng. Note that for some(artificial) workloads
thelook-aheadalgorithmmay defertaskstoo aggressiely and
actuallyincreasepower consumptionas canbe derived from
their simulationresults.

D. Geneal-purposeOS

Clock schedulingin the context of a general-purpos®©Sis
difficult, sincelittle informationis known aboutthe applica-
tions. Applicationsdo not communicatedeadlinesor priorities
to the OS, hence,all the clock schedulercan do is obsene
the load that has beengeneratedn the pastand extrapolate
into the future. The clock schedulemeasureghe processor
loadin fixedintervals, for example,every 20 ms. A common
techniqueis to usetwo boundaryvalueson the processotoad
to decidewhetherto increase,decreasepr keepthe current
clock frequeng in the next interval. If the measuregbrocessor
load drops below the lower bound, the processorfrequeny
is decreased.Similarly, if the processoload risesabove the
upper bound, the frequeng is increased. This techniqueis
calledinterval-basedclock scheduling,or interval-scheduling
for short.

The TransmetaCrusoeprocessois the prime exampleof a
hardware-base@dpproactto interval-schedulinglt hasbuilt-in
supportfor clock schedulingin the "microcode” of the pro-
cessol25]. Unfortunatelylittle informationis madeavailable
aboutthe exactworkingsof the “LongRun” technology but it
is clearthatit canoperaten isolation,thatis, without any help
from the OS or application[26]. The microcodehasonly a
smallawarenes®f the global systemstate for example,it can
not distinguishOSforegroundtasksfrom backgroundasks.

Weiseret al. first presentedhe ideaof interval-basedvolt-
age scaling for a general-purpos@®S in 1994 [27]. Most
contributions regardinginterval-basedvoltage scaling consist
of theoreticalanalysis[4] and simulations[28], [29], [30].
The simulationstudiesshav that interval-schedulingreduces
power consumptionconsiderablycomparedo running at full
power. Thereare,however, somefundamentaproblems.First,
the optimal interval lengthis applicationdependent.Second,
bursty applicationswith unpredictableworkloads cannotbe
scheduleceffectively at all. The simulationsby Peringet al.
shav that the power consumptionof their interval schedule
for video decodingwas 36 % above the optimum. Recent
measurementsn actualhardwareby Grunwald et al. confirm
theseobsenations|[8].

Traditionalinterval-schedulingoasedon processcfoad can
be improved by incorporating other information (run-time
statistics)to estimatethe processingequirementof applica-
tions. Such“integratedclock schedulers’require numerous
modificationsto the OS. For example, Flautneret al. [31]
describeanintegratedschedulethatmaintaingprocessousage
statisticsof every processpbsenesthe communicatiorpattern
betweenprocesseskeepstrack of input/outputdevice usage



by processesand tries to extract deadlinesfrom periodic
tasks.The simulationsresultsarepromising,but a comparison
with a traditional interval-scheduleris not included, so the
adwantageof using additionalinformationis still to be deter
mined. Anotheraspecthatneedsadditionalstudyis the effect
of their scheduleron bursty and cpu-intensie applications,
suchasvideo decodingand speechrecognition,becausesuch
applicationsverenotincludedin thesimulations.

Userrelatedtiming characteristicareanotherusefulsource
of informationfor integratedclock scheduling31], [32]. For
example Lorchetal.[32] exploit theobsenationthatareaction
time of 50 msfor interactve applicationss below the percep-
tion thresholdof theuser Thereforetheapplicationprocessing
time for, say a mouse click can be increasedto 50 ms
(by slowing down the CPU) without noticeableperformance
degradation Off-line simulationsshav thatthe upperboundon
the additionalenepgy saving is in the orderof 20%. It remains
to be seenhow much enegy can actually be saved in a real
implementation.

E. Application-directedclodk scheduling

Reliable,accuratanformationfor solvingtheclock schedul-
ing problemcanonly be obtainedfrom the applicationshem-
selwes. Whenapplicationsoperatingon a general-purpos©S
aremodifiedto registertheir processingequirementgcycles,
deadlines,etc) clock schedulingbecomessimpler and more
effective. Application-directed:lock schedulingholdstwo op-
portunitiesfor furtherpower savingscomparedo theintegrated
clock scheduler Thefirst opportunityis to allow the updating
of processingrequirements. The secondopportunity is to
useaverageprocessingequirementsnsteadof the worst-case
estimateghatareusedin real-timesystems.

We call the updating of task processingrequirementsin
application-directedchedulingntra-taskinformationupdates
Intra-taskinformation updatesare proposedn a recentarticle
by Shinetal. [33]. They combinethe compilerbasedapproach
with application-directectlock scheduling. Shin et al. use
source code analysisto extract the WCET and combine it
with a run-time component. An MPEG 4 decoderis used
as a casestudy for their analysistool. The tool calculates
off-line the WCET updatedfor several pointsin the MPEG 4
frame decodingprocess. For example, at the start of the
frame decodingprocessonly the overall worst WCET of ary
frame type is known. When the frame type is determined,
it is replacedby the WCET of that frame type. During
the decodingof the frame even more information becomes
available (such as motion vectorsand macroblocks)and the
WCET is updatedand cornvergesto the actualframe decoding
time. This refinementtechniqueis guaranteedo meethard
real-time deadlinerequirementgi.e. frame deadlines). The
disadwantageis that the overall WCET is not very likely to
occurand consequentlythe clock speedis setfar too high at
thebeginningof everyframe.

In contrastto real-timesystemsapplicationsoperatingon a
generaburposeDSarenottime-criticalanddeadlinesnayoc-
casionallybe missed.Typical laptopapplicationssuchasword
processinggamesyideo editing,and(wireless)web browsing
arereal-time(interactve) applications yet their deadlinesare

soft. Userswill tolerate(some)jitter in responsdimes. This
allows for an easysolutionto the problemsassociatedvith
the WCET. Applications may report their averageexecution
time (AET), which is generallya much better estimatorof
the true executiontime, leadingto more power-efficient clock
schedulesThisis theapproachwe take in this paper Notethe
resemblancwith thelook-aheadlgorithmfrom Pillai [24] (see
Sectionll-C). Thelook-aheadalgorithmis the only algorithm
known to us that also exploits the low likelihood of WCET
occurrencebefore theactualexecutionof atask.

The application-directedclock schedulingalgorithm pre-
sentedin this papercan be appliedin both a real-time and
general-purpos®S context. The applicationson a general-
purposeOS needto be modifiedto passon intra-taskinforma-
tion updatesandindicatetheir AET.

I1l. POWER-AWARE VIDEO DECODING

To exploit the power consumptionreduction of voltage
scaling, we proposeto make applicationspower-aware such
that bursty and cpu-intensie applicationscan decreaseheir
power consumptiorby indicatingtheir processousageto the
clock scheduler We modified a video decoderto estimateits
averagesxecutiontime (AET) for eachframeandcommunicate
this requirementalong with the frame deadlineto the clock
scheduler In this section, we briefly discussH.263 video
compressionpour methodfor estimatingthe frame decoding
time, andour modifiedH.263application.

A. H.263videocompession

TheH.263standards createdor low-bitratevideocompres-
sion[34]. The standards basedon bothH.261and MPEG2.
H.263 framesare displayedat a fixed rate. Throughoutthis
papemve useaframerateof 15framespersecondwhichmeans
a maximumdecodingtime of 67 ms perframe. H.263defines
threetypesof frames: I-frames(intra picture), P-frames(pre-
dictedpicture),and B-frames(bidirectionalpredictedpicture).
I-framesare self containedmages,similar to JPEG.P-frames
encodethe differencefrom a previous| or P frame. B-frames
containreferences$o bothpre-andsucceedindrames.Because
a B-frame containsforward referencesthe succeedingrame
mustbe decodedprior to the B-frameitself. As a resultthe
decodemustprocesswo framesin a singleframetime. We
usethe PB-framenotationto indicatethe framein which two
dependentonsecutie framesaredecoded.

A frame consistsof a grid of blocks that measurel6x16
pixels,calledmacroblocksA macroblockin a P-frameconsists
of the differenceswith a referenceto the previous frame that
is displacedby a vectorto compensatdor motion. Motion
compensationis usedto decreasethe difference from the
previous frame. The pixelsin eachmacroblockare efficiently
encodedusing a Discrete CosineTransform(DCT), which is
a computationalintensive operation. The numberof bytes
for eachmacroblockin the encoderoutputis variable. Mac-
roblocksthat containno information are not insertedinto the
compressedbitstream. The numberof inverseDCTsrequired
to decodethe macroblocksis thereforevariable. This is the
main causefor the bursty behavior of bothH.263andMPEG2



decoders. Variable-lengthencoding(e.g. Huffman coding) is
usedto further compresghe macroblocksthe motion vectors,
andthe frameheader Note thatthe type of the frameis only
known to the decodemafter the variable-lengtidecodingstep.

B. AET estimation

Predictionsof decodingimesaredifficult to make dueto the
wide variationin sceneqe.g. talking headsversusMTV). A
framethatis very similar to the previous frameresultsin few
encodedmacroblocksto capturethe difference,hence,takes
little time to decode. Framesthat differ considerablyfrom
their predecessoresultin longer decodingtimes. Figure 4
shavs the variation of the frame size for the well known
Carphoneestsequencél90frames)whichwasencodedising
the TelenorH.263 encoderV2.0 with the following settings:
qcif resolution,15fps, defaultquantizationunrestrictednotion
vectors, syntax-basedrithmetic coding, advancedprediction
mode,anduseof PB-frames.Note the largeinitial I-framein
theupperleft corner

Variousmethodshave beendevelopedto estimatethe AET
of a video frame. One methodis to include a complete
referencedecoderinside the encoderand measurethe actual
framedecodingtimes. Thesedecodingtimesareaddedto the
compressedideo sequenceThis methodis proposedn [35],
but requiresareferencalecoderfor eachtargetplatform. Using
a genericmodel of the frame decodingcompleity eliminates
this drawback. Such a compleity model for MPEG4 (7
parametersjs presentedn [36]. They reportaccurateresults
(error < 5%). The drawvbackof their method,however, is the
necessityo modify MPEG4encoderso includethecomplexity
parameterin eachframeheader

To ensurebackwardscompatibility and generalacceptance
modificationof video sequencesto include clock scheduling
information) must be avoided whenever possible. Therefore,
aninterestingguestionis which propertyfrom theH.263frame
gives a good estimationof the AET of the frame decoding
processand canbe obtainedwithout beingaddingany knowl-
edgeto the H.263 compresseditstream. We found that the
combinationof frametype andframesizeyields an estimation
thatis simple,yet accurate A similar estimatorfor MPEG2is
presentedhn [37].

Figure 5 plots the decodingtime versusthe frame size for
the Carphonetestsequencen the LART platform. Two fre-
quenciesareusedto decoddramesof bothP andPB type. The
figureshavsthatvideodecodings ademandingpplication:at
the lowestclock frequeng of our LART platform noneof the
framescanbedecodedvithin therequired67 ms(i.e. 15frames
per second). Furthermore,running the processoron a high
speed(221 MHz) is only necessaryor the largestPB-frames.
The cost of decodinga two image PB-frameis consistently
higherthana singleimageP-frame. Simple P-framesdecode
in roughly 75 ms at the lowest clock frequeng, the most
complex PB-framedake almost200msto decodeatthis speed,
a significantvariance. Measurementsn more testsequences
shawv thatframedecodingiimesareindependenof the content
of the test sequenceitself; they only dependon the type
and length [38]. Note that changingthe spatial or temporal
resolution keepsthe linear relation betweenframe size and
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Fig.5. Decodingtimevs.framesize&type.

decodingtime, but modifiesthe parameters Fortunatelysuch
resolutionchangesio notoccurinsidenormalvideosequences.
The characteristicof Figure 5 will be usedto estimatethe
minimal processingequirementgor eachframe.

Thetype of thevideoframeis indicatedin theframeheader
Unfortunately the frame length is not part of the header;so
we cannotdirectly determinghemostsuitableAET. Theframe
lengthcanoptionallybeaddedo theheadeby usingtheH.263
PEI headerfield. This requireschangingH.263 encodersto
addtheframelengthinformationto the header A solutionthat
modifiesonly thedecodeis preferred By usinginputbuffering
in the decoderit would also be possibleto determinethe
framelengthbeforecommencingvith the decoding.However,
this approachwould increasethe decodinglateng, which is
a severe drawback for interactive applicationssuch as video
conferencing.

C. Implementation

We extendedthe TelenorH.263 decodemwith an AET esti-
matorbasedntheobsenredlinearrelationbetweerframesize
and clock frequeny for equalframe types(Figure5). Three
modesare supportedoy our enhancementoptimal, feedfor-
ward, and feedbadkward. The differencebetweenthe three
modesis the knowledgeaboutthe framedecodingtimes. The
optimal modeusesa priori knowledgeaboutthe decodingre-
quirements. By using off-line analysisthe exact processing



requirementsare determinedfor eachvideo frame and made
availableto the decoder similar to [35]. This modeprovides
a lower boundin termsof power consumptionfor the clock

scheduleThefeedforwardmodeusesapriori knowledgeabout
the framelengththroughthe PEI headeffield. The feedback-

wardmodedoesnotrequireany modificationgo theencodeior

compressethitstream,andusesintra-taskinformationupdates
to adjustmispredictedAETs. Our H.263 decodercommuni-
catesdts processingequirementgor the next deadlinewith the

EPSscheduleponceperframein bothfeedforwardandoptimal

modeandtwice in feedbackwardmode.

The power-awaredecodelin feedbackward modeusesser-
eral heuristicsto estimatethe processingequirementsas ac-
curatelyas possible. Framestatisticsare kept by frametype.
Initially the decoderequestshe maximumprocessingcapac-
ity for the first few framesof a sequenceuntil an estimation
of thetime-framelengthrelationbecomeswvailable (usingleast
squaredit). The bestspeedor the previousP-frameis usedas
a startingpoint for the currentP-frame. Whenthe upperhalf
of thevideoframeis decodedhnintra-taskupdateis calculated
andsendto theclock schedulerThedecodingtiime andsizeof
thefirst 50 % of the macroblockds usedto determinethe de-
codingprogressTheremaining50 % of the macroblocksnust
alsobe decodedn the sameframetime. Whenthe decodelis
runningaheador behind,the estimatedime-framelengthrela-
tion is usedto calculatethe new processingequirementsUn-
fortunately the complexity of the upperhalf of theimageof a
videoframeis notalwaysequalto the bottomhalf. To compen-
satefor this, we usethecomplexity ratio of the upperandlower
half of the imagefrom the previous frameto updatethe AET.
Wetherebyassuméhatthe compleity ratiois aslow changing
parametem avideosequence.

At thestartof aframethe speedf the previousframeis only
maintainedf thereis no frametype change Whena PB-frame
follows a P-frame,the speedof the last PB-frameis usedbe-
causehe previousP-framehasalower processingequirement.

The“frame_typelen” estimatorfrom [37] alsousesthe type
and length of the previous decodedframesto estimatethe
decodingtime of the current frame. For their calculations
they requirethe off-line calculated-elationbetweerframe-size
and decodingtime. Our implementationis similar to the
frametype len estimatorbut we createcanon-lineversionthat
usesintra-taskinformationupdates.

IV. ENERGY PRIORITY SCHEDULING

In application-directeatlock schedulingapplicationsspec-
ify their AET to thenext deadlineanduseintra-taskinformation
updatego increasethe power efficiencgy of the clock schedule.
Our enengy priority scheduleris an incrementalon-line algo-
rithm that dynamicallyadjuststhe clock schedulevhena new
taskentersthe systemor anold taskcompletests execution.

A. Model

Thissectiondefinesamodelfor clockschedulingThemodel
combinesandenhanceshe modelspresentedn [16] and[39].
Eachreal-timetaskj is definedby:

e s; Startingtime

TABLE Il
WORKLOAD DESCRIPTIONS.

casel | case?

6]' Sj—dj Sj—dj

Al 2] 0-3]|]0-3
B|{2|0-6]| 0-6
Ccl1 4—-6

e d; Deadlinetime

« ¢; Executiontime athighestspeed

Theexecutioninterval of taskj is [s;, d;]. Theenegy priority
schedulingalgorithmis usedto determine:

e s(t) Speedftheprocessoattimet

« run(t) Taskthatis executedontheprocessoattimet

We furtherdefinethe following parameters:

o N;(tr) Numberof tasksoverlappingwith time regiont¢r
besidedaskj

« N; = EtTE[Sj,dj]%Nj(tr)
othertasksbesidegask;

o fj= dﬁsj- Flat processorateof taskj, usingtheleast
amountof enegy

« u; = The processoutilization currently scheduledn
time region tr;

Average number of

B. Algorithm

Beforedescribingour algorithm,we first presentwo exam-
plesthatmotivatethe schedulingheuristicwe emplgy. Tablell
gives two simple workloads. The first caseconsistsof just
two tasks(A andB). An incrementalschedulerconsidershe
tasks one-by-one. Following the Average Rate heuristic by
Yao et. al. [16] we simply add the minimum required flat
processoratesf; for eachtaskattime¢. Thus,taskA executes
atspeed2/3 andB atspeedl /3 (seeFigure6).

1

2131 A
u

13

0 t
Fig.6. Average Ratescheduldor casel.

The Average Rateschedulds not optimalsinceA andB can
be scheduledack-to-backasshovn in Figure7. (Runningat
a constantspeedis more enepy efficient thanwith a varying
speed).

A first improvementto the Average Rate heuristic, is to
take into accountthe other tasksalready scheduled. When
schedulinga next task, we can computethe (water) level
above the currentscheduldcontourn)to fit in the computational
demandgarea)of thetask. Thetasklevelingideais outlinedin
Figure8.

Applying task-leveling to the first exampleyields the opti-
mum (Figure 7) whenschedulingtask A first, followed by B.
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Fig. 8. Taskleveling.

SchedulingB first andthenA, however, still yieldstheinferior
scheduleshavn in Figure6.

Our secondmprovementis to accountfor overlappingtasks
thatcanbe pushedaside.Considerthe secondcasein Tablell,
which addsa third task C to the optimal schedulen Figure7.
First note that task-leveling fails to find a suitable schedule
in this casesince C mustbe layeredon top of B, raising the
processorutilization above 1. The following method does
find the optimal schedule(an equalload of 5/6 acrossthe
entire [0, 6] interval). In steponewe determinethe maximum
processoutilization w4, 0n the interval [s¢, d¢], which is
2/3 (cf. intenval [4, 6] in Figure7). In steptwo wefill upthefree
spacebelaw level u,,, oninternval [s¢, d¢]; this hasno effect
in our examplebecause¢hereis no spaceavailable.In thethird
stepwe determineall overlappingtasks(thesetT’) thatoverlap
with C; T' equals{B}. In thefourth stepwe computethe water
level (5/6) above the contourof T+C thataccommodatethe
remaindemnf C. Finally, we rescheduld¢asksfrom the setT to
createspacen theinterval [s¢, d¢]; seeFigure9.
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Fig.9. Optimalscheduldor case2.

Reschedulingn the final stepis not always possibledue
to deadlinesregardingtasksT', in which casestepsfour and
five mustberepeated.Dealingwith overlappingtasksgreatly
enhanceshe quality of the clock schedules Furtherimprove-
mentscan be expectedto also accountfor tasksthat overlap
with theoverlappingtasks.etc. We do notpursuethis direction,
butratherarrangehattasksarescheduledn ascendingpriority.
Taskswith relaxed deadlineqf; closeto 0) andfew overlaps
(low IV;) arerankedto be scheduledirst, sothey caneasilybe
pushedasidewhenmoredifficult tasksarescheduledater

The detailsof our enegy priority schedulearepresentedn

Algorithm 1 Enegy Priority Scheduling
0 Givenasetof tasksT', eachtaskwith a startingtime, deadline
time, andfastesexecutiontime.
1 Partition intenal [smin, dmaz] INtO a set of time regions
tri[start;, end;] where start; andend,; arestartor deadline
times of T', and there exists no other start or deadlinetime
within tr;.
2 For eachtaskcomputeits priority: p; = f; N;.
3 Repeal T | times:
3.1Selecttaskj thatis notscheduledet andhaslowestp; .
3.2Repeauntil taskj is fully scheduled:
3.2.1Determineintervalstr; C [s;,d;] with lowestscheduled
processoutilization u;
3.2.2Determineoverlappingtaskintervals try, tr; C [s¢,dq],
util(¢,tr;) > 0,8 # 5
3.2.3Determinespill intervalstry, € {tri} \ {tr;}, up = u;
3.2.4Define

uyp = lowestprocessoutilizationon{tr;} \ {tr«}

(or Lif {tr;} \ {trs} =0)

Ly =Y |t

L = 3 Il tre | ,

5 min(Uyp — u;, % if L, =0
min( 424, max(thyy, Temae;)y _ y;)  otherwise

3.2.5Setprocessoutilizationsu; to u; + § andrescheduléasks
(including j) ontr; andtr; accordingly
4 Regrouptasksspreadacrosamultiple intervals.

Algorithm 1. Step2 calculateshe priorities of the tasks. For
example,in case2 abovetheprioritiesaresettopa = 2 (2 x1),
pB = &% (3 x 2), andpc = § (3 x 1). ThereforeEPS
will scheduldaskB first, thenC, andfinally A. Notethatthis
orderis independentf theactualtaskarrivals,which avoidsthe
sensitvity obsenedfor the simplerheuristicsdiscussedbove.
In steps3.2n apartof taskj is scheduledby raisingthe“water”
to the next level up. This level is to be found on the interval
thatincludesall overlappingtasks. The spill intervals arethe
time regions of the overlappingtasks, not including [s;, d;],
werethe processoutilization is equalto u; andthe utilization
will beincreasedo make roomfor taskj. Notethatwe only
considemnverlappingtasksthatareactuallyschedulean ¢tr; by
including the ‘util(¢,tr;) > 0’ condition. If thereareno spill
intervals(Ly = 0), for example whenschedulinghefirst task,
the remainingwork of j will be scheduledon top of the ¢r;
time regions. Otherwise,the work of the overlappingtasksis
spilled from the tr; intervals to the try, intervals. The actual
increasdd) is boundby theamountof work thatcanbe spilled
(L;u;), theremainderof j thatstill needgo be scheduledand
the stepup (u,, — u;). Theincrementalschedulingof task j
in steps3.2n can be efficiently implementedby maintaining
the overlappingintervals as a sortedlist (ascendingprocessor
utilization). Oncethe final schedulas determinedtaskstend
to bescattereaver multiple intervals. To minimizethenumber
of context switches,we regroup tasksin step4 by swapping
workloadsbetweerintenals.

The enepgy priority schedulingheuristic does not always



find the optimal schedule sinceit only accountsfor pushing
asidetasksthat directly overlap with j. If non-overlapping
taskswerealsore-scheduledh step3.2n, boththe complexity
and the ability of EPSto find the optimal schedulewould
increase.A heuristicsuchasEPSwill fail to find the optimal
scheduleén complex workloadswith mary tasks.For example,
when modifying case?2 slightly by changingtask B to start
at time 2, the insertion of task C will not raise the “water”
above interval [0,2] asit could whenrealizingthat B in turn
shouldpushtaskA aside.Fortunately suchworkloadsarenot
commonfor wearabledevices where userstypically run one
or two concurrentpplications.Thecompleity of theheuristic
depend®nthenumberof iterationsneededo schedulg. In the
worstcaseeachinterval tr; cause®nestepup. Themaximum
numberof intervals is 2n — 1, leadingto the upper bound
of O(n?) for the completeheuristic. In practice,one or two
iterationsoften sufice andthe numberof overlappingtasksis
small,loweringthe complexity to O(nlogn).

The presentedenengy priority algorithm makesa complete
new scheduleeachtime anew taskarrives.Whenimplementing
this algorithmsereraladditionsmustbe madesuchasproperly
updatingthetasklist T whena new taskarrivesandthecurrent
runningtaskis not yet finished. For anincrementalersionof
theschedulingalgorithmthefollowing proceduréds used:each
time a new taskj arrives,the setof intervalstr; is extended,
followedby oneroundof schedulingor taskj (noloopingover
all tasksin step3).

The enegy priority algorithm must supportsporadictasks
in areal-timeOS contet. The algorithmcansupportperiodic
tasksby addinga parametemw thatindicatesthe window size
for periodic task scheduling. Before step 0, every periodic
tasksis corvertedin up to w sporadictasksand addedto the
tasksetT'. The periodictaskwith the shortestepetitionperiod
rmin DOUNdgheinterval [0, 7minw] in whichthe periodictasks
are cornvertedinto multiple sporadictasks. For example,T" is
extendedwith A (r, = 5,e, = 2) andB (r, = 9, = 3).
Whenw = 10 theinterval [0, 50] is scheduledvith 10 sporadic
tasksA and6 sporadicdasksB.

V. RESULTS

To demonstratethe effectivenessof application-directed
clock schedulingwe have performedpower measurementsn
acompletesystemconsistingof variable-wltagehardware,0S
driver, clock schedulingdaemonand algorithm, and power-
awarevideodecoder

A. Experimentaplatform

The embeddedStrongARM processorboard displayedin
Figurel0formstheheartof thewearableaugmented-realitier-
minal thatwe aredevelopingwithin the UbiCom project[40].
The board,namedLART, hasa size of 10x7.5cm, a weight
of 50 gr, 32 MB of volatile memory 4 MB of non-wlatile
memory a SA-1100 190 MHz processar and various I/O
capabilities. The LART hasa programmablevoltageregulator
to controlthe voltageof the processocore. In Sectionl-A we
alreadydiscussedherelationbetweemrocessofrequeng (59

Fig. 10. Low-power StrongARMembedded.inux platform (LART).

- 236MHz, stepsof 14.7MHz) andcorevoltage(0.79- 1.5V),
seeFigurel.

The LART runsundercontrolof the Linux operatingsystem
(Version2.4.0),which hasbheenenhancedo supportfrequeny
andvoltagescaling. We addeda kernelmodulethat readsthe
requiredfrequeng from / pr oc, a Linux pseudo-filesystem
usedasageneridnterfaceto kerneldatastructureschangeshe
clock frequeng, and adjustthe corevoltage. It subsequently
recalibrateghe kernels internal delay routines, in particular
thosethatbusy-wait by countinginstructioncycles.In addition,
the kernelmoduleadjuststhe memoryparametershat control
the timings of the read/writecycleson the externalbus. The
codehasbeenstructuredsuchthat it may be interruptedand
doesnot dependon external memory which is temporarily
unavailableduring a clock frequeng change.The SA-1100is
notdesignedor onthefly clock frequeny changesAll DMA
transfersareinterruptedduringa changecausingproblemsfor
the DMA transfersof LCD videodata. The LCD device driver
needgo beinformedof frequengy changesndtemporarilyhalt
the DMA transfer All LART designschematicsand kernel
modulesarepublically available[41].
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Fig. 11. Measuremensetup.

To measureéhepowerconsumptiorof the LART, we usedhe
configurationshovn in Figure11. The unregulatedpower of a
batteryis corvertedinto a fixed 3.3 V for all the components
on the board,exceptthe processocore (CPU + cache)which
is suppliedby a variablevoltageregulator The fixedhariable
voltageandcurrentare sampledusinga small senseresistorat
arateof 2.5kHz. The standardieviation of the measurements
is within 2 % of themean.



We implementeda clock schedulerthat mediatesbetween
applicationsandthebasicOSdrivercontrollingthecorevoltage
andprocessospeed.To minimizeimplementatioreffort atthe
applicationlevel we designedthe clock schedulerto support
both unmodifiedapplicationsaswell aspower-awareapplica-
tionsspecifyingtheir futureneedqAET anddeadline).We use
a combinationof interval-scheduling(for handling unknavn
workloads)andenegy priority scheduling(supportingpower-
aware applications). We call the combinedclock scheduler
PowerScale For corveniencePaverScaleis implementedas
a daemonprocessin userspace,but it can be moved inside
the kernelwhen the needarises. An applicationconnectsto
PaverScaleusing a UNIX soclket and specifiesits workload
asa setof taskswith startingtimes, deadlinesandprocessing
needg(cycle count,minimum speedor AET). Beforerunning
the enegy priority scheduling(EPS) algorithm, PaverScale
emptiesall socletsto considerat onceall taskscurrentlymade
available by the power-aware applications. The computed
schedulds thenexecutedin aloop, listeningon the soclet for
new tasksby invoking select()with a time-outvaluematching
the time to the next speedchange. The EPS algorithm may
preemptasks.PaverScalaisegheLinux processchedulefor
this purposeand sendsSTOP and CONT signalsto processes
thatmustbe preemptedndresumedrespectiely.

The intenal-basedcomponentof PowerScalesenes two
purposes:it supportstraditional applicationsand it corrects
for miss predictedworkloads by power-aware applications.
Traditional applicationsdo not register their workload with
EPS, hence,the speedsdeterminedby EPSwill be too low.
Miss predictedworkloadscan causeEPSto determinea too
low aswell astoo high speed. The interval schedulemithin
PaverScalemonitorsthe Linux processschedulerstatisticsto
seeif the EPS scheduleneedsto be adjustedor not. When
the systemload (processoutilization) is closeto 1, the CPU
is runningat theright speed.Otherwise the speeds adjusted:
an overload (util = 1) is handledby increasingthe speed,
an underload(util < 0.5) is handledby reducingthe speed.
In effect the interval schedulerprovides negative feedback
to the speedscheduleproducedby EPS. To ensurestability
the interval schedulerusesrelatively long intervals in which
EPS canissuemultiple speedchanges. Thereforethe speed
correctionis appliedasadelta(e.qg.,two stepsup) to therapidly
changingePSschedule.

The interval scheduleritself is quite flexible and operates
with a parametrizednterval length (a multiple of 10 ms, the
granularityof Linux’s 100Hz internaltimer). This allows it to
operatestand-alondi.e. without EPS);a shortinterval length
should be usedto be able to closely follow the changesin
the workload. To further improve the responsienessof the
systemwe emplgy the following heuristic. On consecutie
speedncrementsve doublethe correctionfactor (exponential
increase). On consecutie speeddecrementshowever, we
simply stepdown to the next lower correction(linear decrease)
sincerunningat a too high speeddoesnot impactresponsie-
ness;only enepgy is wasted. The correctionfactor (delta) is
appliedto afixedmaximumperformanceschedulg236 MHz).

A modification of the power-aware video decoderwas re-
quired to work aroundthe poor granularity of the internal
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TABLE Il
AVERAGE POWER CONSUMPTION [MW].

total (core+ fixed)
Sequencel 236 FB| FF| opt| fixed
Grandma || 404.6 | 244.5| 243.1| 242.2 || 209.6
Salesman| 417.0| 262.7 | 254.2 | 245.5 || 208.3
Trevor 496.1| 362.8| 355.6| 347.9| 249.4
Carphone|| 556.5| 368.7| 357.4| 351.2 || 263.5
Foreman || 571.6| 389.7| 380.3| 374.7 || 283.5

Linux timer (100 Hz). The H.263 decoderhasa simple rate
control mechanisnfor displayingthe framesat the specified
rate (15 fps): after decodinga frameit computeghetime left
until the next displaydeadline andinvokesthe usleep(system
call to wait for that time to passbefore outputtingthe video
frame. Usleep()may returnup to 10 ms late dueto the poor
Linux timer granularity which is a significantpartof theframe
time (67 ms). Eachdelay causesa frame deadlinemiss, and
mustbe compensatetbr in the next frameto catchup. When
runningataconstantigh speedthis happensautomaticallyby
waiting a bit shorterin the next frame. Whenscalingspeeds,
however, we must explicitly accountfor the inaccurag by
overestimatinghe computationadlemandof eachframe. We
took a drasticapproachand replacedthe usleep()call with a
busy-waitloop,in whichwereadtheclockuntil thenext display
deadlineis met.

B. Videodecodemodes

We usedthe experimentalsetupdiscussedn SectionV-A to
measurehepowerconsumptiorof ourextendedH.263decoder
(Sectionlll) ontop of PowerScale.

Tablelll shavstheaveragepowerconsumptiorof theLART
platform for decodinga testsequencdor the threesupported
modesof the decoderfeedbackward (FB), feedforward (FF),
andoptimal(opt). For comparisorthe“236” columnshonsthe
averagepowerconsumptiorwith clock schedulinglisabledand
usingafixedclock frequeny of 236 MHz. The averagepower
is computedby measuringthe total enegy consumedby the
LART anddividing that by the durationof the testsequence.
The test sequencesire storedin the RAM-disk provided by
Linux, hencelittle enepgy is neededo retrieve them.

The measurementshawv that the FB modereducesenegy
consumptionconsiderablycomparedto running at 236 MHz,
for example,the averagepower dissipatedvhendecodingthe
Grandmasequencaropsfrom 404.6 mW to 244.5mW. The
reductionfor FB rangesfrom 1.37(Trevor) to 1.66(Grandma).
Providing the decoderwith additional information (FF and
optimal) doesindeedreduceenegy consumptionfurther, but
thegainis limited. In the caseof FF the reductionrangedrom
1.40(Trevor) to 1.67 (Grandma).The optimal policy achieses
reductionsn therangeof 1.43(Trevor) to 1.70(Salesman).

Thedifferencedetweerthevariouspoliciesis smallbecause
voltage scaling only reducesthe power consumptionof the
processocore. Thelastcolumnin Tablelll presentshepower
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consumedby the componentdmemory bus, etc.) supplied
from the fixed 3.3 V. It shaws that the fraction of the total
power that can be attributed to non-CPUsubsystemss con-
siderable For example, whendecodingthe Grandmasequence
at 236 MHz, 209.6 mW out of 404.6 mW are consumedby
non-CPUsubsystemsThefixedfractionof thetotal powercon-
sumptionrangedrom 47.4% (Carphonejo 51.8% (Grandma).
As a consequencéhe maximumpower reductionthat can be
obtainedby controllingthe processospeedandcorevoltageis
limited to roughlyafactorof two. We expect,however, thatthis
limit canbeincreasedy optimizingthe H.263decodeto take
the size of the cache,which is part of the scalableprocessor
core,into accountto reducethe memorytraffic. For example,
large look-uptablesareineffective onthe LART with its small
datacacheof 8 KB, anddegradeperformance.

Whenconsideringonly thepowerconsumedby theprocessor
core, FB achieves a significant reduction of 2.25 (Trevor)
to 6.45 (Grandma). The reductionby FF rangesfrom 2.33
(Trevor) to 6.63 (Grandma),and the optimal policy results
in a reduction of 2.59 (Trevor) to 7.02 (Salesman). The
relatively small differencebetweenthe FB, FF, and optimal
modeindicatesthata priori knowledgeof framelength(FF) or
completeprocessingequirementgopt) providesonly a small
benefit. Thus,standardH.263video sequencesanbe decoded
efficiently (powerwise) usingthe feedbackmode.

C. Application-directedversusOSsceduling

To showv theadvantageof application-directedlock schedul-
ing over interval-scheduling,we study the behaior of the
bursty video-decodingapplicationin detail. We usethe Car
phonetestsequencsincesubsequerftamesin thisvideooften
differ considerablyn sizeandsometimesn type(seeFigure4).
Decodingaframeatatoo high speedresultsin wastedenegy;
decodingat a too low speedresultsin a misseddeadline.Our
modified H.263 decoderreportsthe accumulatedmiss times
at the end. With this quality measureit is possibleto study
the trade-of betweenpower and quality. Our accumulated
misstimes metricis similar to the clipped-delaymetricin the
simulationsby Pering[30].
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Figure12 shaws the power-quality trade-of for application-
directedclock schedulingjnterval-schedulinganddecodingat
fixed speedsNotethatin all casegeadlinesaaremissed.This
is causeddy theinitial I-frame in the Carphonesequencehat
cannotbe decodedvithin 67 ms,evenatthehighestfrequeng.
The solid line in Figure 12 shawvs the effect of decreasing
the (fixed) frequeny from 236 MHz (405 mW, 63 ms) down
to 133 MHz (278 mW, 388 ms). The power consumption
goesdown at the expenseof additionaldeadlinemissessince
the numberof framesthat cannotbe decodedwithin 67 ms
increasesvhentheclock frequeng lowers.

In interval-basedmode PaverScale performs worse than
running at a fixed speed. For example,with a 20 msinterval
settingPoverScaleoperatewith anaveragepower of 337mwW
andcausegl00msof misseddeadlinesfunningatafixedspeed
of 192 MHz requiresthe samepower, but reduceghe missed
deadlinesto only 92 ms, while running at 133 MHz incurs
a similar misstime, but requiresless power (278 mW). The
problemfor theinterval-schedulers thata short-timeaverage
is not a good predictorfor the speedat which to decodethe
next frame. Increasinghe interval lengthmakesthe scheduler
behae morelik e afixed-speedchedulerwith a50 msinterval
the power consumptiorgapto the fixed schedulegsolid line)
is smallerthanat 20 ms, but mary moredeadlinesaremissed.
Without additionalknowledgeaninterval-schedulewill never
beableto handleburstyworkloadswell.

Using the AET information from the power-aware video
decoderresultsin substantiapower savings sincetheworkload
descriptionallows PaverScale(lEPSmode)to selectthe right
decodingspeedn mostcases.The decodingof the Carphone
sequenceequiresonly 304 mwW (100 mW CPU, 204 mW
non-CPU),and missesjust a few deadlines:67 ms in total,
of which the largestfraction is causedby the too-demanding
initial I-frame. For comparisondecodingatthefixedfrequeny
of 236 MHz consumes405 mW (198 mW CPU, 207 mW
non-CPU)anddeliversthe samequality: 63 msof accumulated
deadlinemisses. Thus, application-directedsoltage scaling
reducesthe power consumptionof the processorcore with a
factorof two. Thetotal systempower, however, is only reduced
by 25 % becauseof the power consumedby the non-CPU
subsystemsuppliedby thefixed3.3 V.

D. Multiple applications

We now demonstratehe ability of the EPS algorithm to
combine the processingneedsof multiple applicationsand
create a power-efficient clock schedule. In the following
experimentthe Carphonesequenceés decodedn conjunction
with a syntheticapplication.The syntheticapplicationis setto
executefor a short period (150 ms, 40 MHz) nearthe end of
thevideo sequencéframes141-143). Both the video decoder
and the synthetictask register their processingrequirements
(AETs and cycle count, respectiely) with the PowerScale
scheduler We log the speedchangesnitiated by PowverScale
duringthe experiment,andmeasurdhe power consumptiorof
theprocessocore. Thesolidlinein Figurel3shavstheactions
of the PawerScaleschedulefor one secondof the benchmark
video (frames135-150). The curve shovs how the processor
speedchange®vertime (eachframetakes67 ms). Theshaded
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areashavstheimpactof thesynthetidaskonthe EPSschedule:
thespeeds raisedto 207 MHz. For comparisorthe dottedline

in Figure 13 shows the behaior of PaverScalewhenrunning
in interval-basedmode. The resultingspeedis eithertoo low

(e.g.,frame136)or too high (e.g,framesl144-150).

We carefully crafted the combined workload to contain
overlappingtasks. The synthetictask entersthe system25 ms
afterframe 141 startsandmustfinish 25 ms beforeframe 143
ends; the start-stopintenval is indicatedin Figure 13. The
synthetictask thus overlapswith frames141, 142, and 143.
The EPSalgorithm scheduleghe synthetictaskfirst, because
it hasthe lowest flat processorrate (40 MHz), followed by
141 (148 MHz), 142 (162 MHz), and 143 (207 MHz). The
final scheduleraisesthe processospeedduring the decoding
of frames141 and 142 (i.e. the shadedareain Figure 13).
This effectively createsa 30 ms gap betweenframe 141 and
142, which containsenoughcyclesto run the synthetictask
(30x207> 150x40).

Themeasuregower dissipationof the processofFigure14)
shavs a shapethat is quite similar to the clock schedule
executedby PowverScalein EPS-mode(Figure 13). Note,
however, that the peak-to-bottompower ratio is larger than
the correspondingspeedratio. Neglecting frame 137, which
requiresno computationand causeghe processoto enterits
specialidle-mode,the peak-to-bottonpower ratio is around6
(frame136: frame135~ 271: 43), thespeedatiois around?2.5(221: 89).
This shows the effect of the quadraticrelationbetweenpower
andvoltage. The exact time location of the synthetictaskis
markedin Figurel14. Its power consumptioris largerthanthat
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of its neighboringdecodingtasksrunning at the samespeed
becausehe synthetictask doesnot referencemain memory
hence,incurs no processorstalls when waiting for memory
accesse® complete.

Figure 14 shavs the power dissipatedby the CPU only.
Figure15 shows the power dissipationof the 3.3V partof our
system(memory bus, etc.). Despitethe clock speedchanges
inducedby PowerScalethe systemloadin Figure15 shovs a
quite regular pattern,except form frames136, 137, and 142.
The decodingof frames136 and 137 involvesa PB sequence
whereall computationis performedin the first frame (136),
hence the“zero” power consumptiorin frame137. The drop
to zeroin frame142is causedy the executionof the synthetic
task that doesnot referenceary memory but only exercises
the CPU. The high peaksat the beginning of eachframe are
causedy thevideodecodeperformingtherunlengthdecoding
of the compressedrame. This involves fetching data from
the RAM disk, wherethe Carphonesequencas stored,into
the cacheover the external bus. After this burst of memory
traffic the decoderstartsprocessingthe data, which requires
more computation,and the power dissipationof the memory
subsystemdrops to a level around 200 mW. Note that the
averagenon-CPUpawer (202 mW) exceedsthe averagepro-
cessoipower (118 mW), which limits the overall effectiveness
of voltagescaling.

V1. CONCLUSIONS AND FUTURE WORK

Clock (and voltage) schedulingis an important technique
to reducethe enegy consumptiorof mobile devicesequipped
with a general-purposeariable-wltage processar From the
hardwareperspectie the gainsareimpressve, for example the
StrongARM SA1100processorunning at 251 MHz requires
five times more enegy per instructionthan when running at
59 MHz. Fully utilizing thesegains,however, hasprovento be
difficult.

Various researcherdiave addressedhe underlying clock
schedulingproblem. We classifiedthe different approaches
basedon the the quality and availability of informationabout
the (future) workload, sincethat mainly determineghe enegy
efficiency of the resulting clock schedules. The application-
directedapproachhasthe bestinformation on the workload,
and can createan enepgy-efficient clock schedulethat meets
thedemandf the applicationswhile minimizing therequired
enepy.

Application-directedclock schedulingin a general-purpose
OS context requiresapplicationsto becomepower-aware and



explicitly specifytheir processingequirementanddeadlines.
In contrastto real-time systems,applicationsshould specify
their averageexecutiontime (AET) insteadof the conserative

worst-casexecutiontime (WCET). Thisresultsin lower power

consumptionsincethe AET is a betterpredictorfor the true

execution time than WCET. Another advantageis that an

application may updateits processingrequirementwhen its

demandAET) changeslin the caseof videodecodingwve have

shavn that adding power-awarenes<an be done effectively.

Our AET estimatoris both accurateand requiresno a priori

information.

This paper describes our Enegy Priority Sdeduling
(EPS)algorithm that combinesthe varioustask requirements
(AET+deadlinepndyieldsaclock scheduldghatis bothenegy
efficient and meetstask deadlines. The approachis to order
tasksaccordingto how tight their deadlinesareandhow often
tasks overlap with others. We schedulelow-priority tasks
first, since they can be easily pushedaside (preempted)to
accommodatéor high-priority tasksscheduledater EPSdoes
not alwaysyield the optimal scheduleput haslow compleity
andcanbeusedasanincrementabn-linealgorithm.

To demonstratethe effectivenessof application-directed
clock schedulingwe have actually build a completesystem
consistingof variable-wltage hardware (StrongARM based),
OS support(Linux driver), clock schedulingdaemon(Pow-
erScale) clock schedulingalgorithm (EPS),and power-aware
application(H.263videodecoder) We measuredndanalyzed
the effectivenessof EPS with a workload consistingof the
power-aware video decodercompetingwith a computational
task. Theresultsshav thatEPSsuccessfullyscheduledothap-
plicationsandreduceghe enegy consumptiorof the processor
with 50% whencomparedo runningat full speed236 MHz).
This is a significant improvement over interval-scheduling
achieving 33% reduction. EPSachievesits reductionwithout
missing deadlines,unlike internval schedulingthat doesmiss
deadlines.The processopnly consumes portion of the total
systempower. Whencomparedo runningat full speed EPS
reduceghe systempowerwith 25 %.

Our future plans are to extend the application-directed

methodfor controlling voltage scalingto power management

in general. Within the UbiCom programwe are developing
a framework thatis basedon the explicit exchangeof perfor
manceand power consumptiorinformationbetweerhardware
devices (CPU, hard disk, wirelesslink, etc.) OS, and appli-
cations. The explicit exchangeof informationwill allow us
to performintelligent and efficient power managementor the
completewearabldJbicomsystem.

Figure 16 shaws four power managemenframenorks with
threedifferentlayers: hardware, OS, and application. Frame-
work (@) is the traditional framevork without performance-
power consumptionexchange the situationfor interval-based
clock schedulers.Within Frameavork (b) applicationsspecify
their future requirementsto the lower layer and hardware
devices can be scheduledmore efficiently, as shavn in this
paper Framavork (c) demonstratesteractionbetweerappli-
cationsand hardware. An exampleof suchinteractionwould
be a power-aware video decoderthat meetsalmostall frame
decodingdeadlinesyet missesthe deadlinesfor the complex

13

applications applications applications applications
[arivers J| | | [ divers |
hardware hardware hardware hardware

@ (b) © (d

Fig. 16. Four powver managemerframeavorks.

andpower expensve frames.Sucha decodemwould extendthe
single power-awarenesslata point in Figure 12 into a curve
that is more power efficient than the fixed frequeny curve.
Framevork (d) addsobsenersthatlog all applicationrequests
andtry to predictfuture requestsor applicationsthat do not
specifytheir hardwareneedgsimilar to integratedschedulers).
The purposeof including obsenersis to improve the enegy
efficiency of legagy codes.

Currentlywe are working on an implementationof frame-
work (d) on our LART platform. The tamget applicationis
wirelessaudio and video playbackwith a guaranteedattery
lifetime that is specifiedby the user Using the power con-
sumptioninformationof thehardwaredevices(CPU, harddisk,
wirelesslink) and the applications ability to scalethe image
andsoundquality, we caninfer the control settinggthatprovide
the bestquality without drainingthe batterycompletelybefore
theuserdefinedtargettime.
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