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Abstract

Recentprocessoisupportfor dynamicfrequeng and volt-
agescaling(DVS) allows softwareto affectpowerconsump-
tion by varying executionfrequeng and supplyvoltageon
the y. However, processorgienerallyentera sleepstate
while transitioningbetweerfrequencies/altagesin this pa-
per, we examinethe meritsof hardware/softvare co-design
for afeedbackDVS algorithmanda novel processorcapa-
ble of executinginstructionsduring frequeng/voltagetran-
sitions. We study several power-aware feedbackschemes
basedon earliest-deadline- rst(EDF) schedulingthat ad-
just the systembehavior dynamically for different work-
load characteristicsAn infrastructurefor investigatingser-
eral hard real-time DVS schemesjncluding our feedback
DVS algorithm,is implementednan|BM PowverPC405LP
embeddedboard.Architectureandalgorithmoverheads as-
sessedor differentDVS schemesMeasuremententhe ex-
perimentatiorboardprovide aquantitatve assessmermif the
potentialof enegy savings for DVS algorithmsasopposed
to prior simulation work that could only provide trends.
Enegy consumptionmeasuredhrougha dataacquisition
board,indicatesa considerablgotentialfor real-timeDVS
schedulingalgorithmsto lower enegy up to 64% over the
nave DVS schemeOur feedbackDVS algorithm saves at
leastasmuchandoftenconsiderablymoreenegy thanpre-
vious DVS algorithmswith peaksavings of an additional
24% enegy reduction.To the bestof our knowledge, this
is the rst comparatie study of real-timeDVS algorithms
on a concretemicro-architectureandthe rst evaluationof
asynchronou®VS switching.
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1. Intr oduction

Enegy consumptiorhasbecomea vital designconstraintin
embeddedsystemsThe demandfor ef cient enegy man-
agements increasingin hand-heldand embeddedievices,
wherebatteryservicdife is usuallycritical to systemperfor
mance For mary non-batterypoweredsystemsenegy con-
sumptionis alsoanimportantcostfactordueto ervironment
issuesCPUis oneof the mostpower-consuminglevicesof
a computer In orderto reducethe CPU enegy consump-
tion, dynamicvoltage scaling (DVS) technologyis widely
supportedn recentprocessoproductsfor extendingbattery
life. DVS dynamicallyscaleshe processocorevoltagede-
pendingonthecomputationatlemandf thesystemReduc-
ing the supplyvoltageresultsin alowertransistorswitching
speedwhich alsoallows a lower clock frequeng. Assum-
ing that voltageand frequeng arelinearly related,scaling
voltage and frequeng resultsin cubic reductionof power
consumptionP / V2 ) [4]. While usefulfor simula-
tion, theformulaignoresarchitecturadetailsstudiedin this
paper

DVS algorithmshave beenintensiely studiedfor both
nonreal-timeandreal-timesystemg20, 1, 13, 6, 8, 19, 24].
In the caseof real-timesystemsthe DVS algorithmcalcu-
latesa safefrequeng that providesjust enoughprocessing
resource$o nish agiventaskbeforeits deadlineThegoal
is to save the maximumpossibleamountof enegy andstill
guarante¢heschedulabilityof hardreal-timesystemsvhere
all tasksarerequiredto meettheir deadlines.

In this work, we develop several power-aware feedback
schemedor our feedbackDVs algorithmbasedon earliest-
deadline- rst (EDF) scheduling which adjustsa real-time



systemdynamically accordingto differentworkload char
acteristicsA feedbackDVS framework hasbeenpresented
and evaluatedin simulation experimentsin our previous
work [5, 25]. We re ne thosealgorithmsin this paperand
developseveralfeedbackschemegonsideringpracticalde-
sign and implementationissueson a real embeddedarchi-
tecture We focuson the performancef the DVS algorithm
in an embeddecervironmentwherethe overheadand the
actualenegy consumptiorcanbe measuredjuantitatvely.
The DVS-enhancedeal-timeschedulemay itself execute
at several different CPU frequencieswhich also requires
accuratemodeling of the entire system.We examine all
theseissuesby implementingour feedbackDVS algorithm
aswell asseveral other DVS algorithmson an IBM Pow-
erPC405LP embeddedioard, which was specially modi-
ed for powermanagememesearchA uniqueDVS feature
supportedoy the testboardis thatfrequeny switchingcan
be synchronousr asynchronoudyoth of which we evaluate
experimentallyfor differentDVS algorithms.We show the
strengthof our feedbackDVS algorithm by comparingits
enegy consumptionwith that of other DVS algorithmson
thetestboard.

This paperis organizedas follows. Section2 gives a
brief introduction of the DVS schedulingframewnork and
taskmodel.Section3 discussesur DVS algorithmandtwo
feedbackmechanismsproposedfor the practical erviron-
ment.Detailedexperimentatesultsarepresentedn Section
4. Sectionb discussesomeof therelatedwork. Conclusions
aregivenin Section6.

2. EDF Schedulingwith DVS Support

In this work, we considerthe intertask DVS scheduling
problemin hardreal-timesystemswith the earliestdeadline
rst (EDF) policy. In orderto assesDVS algorithmsfor
their suitability and enegy saving performanceye regard
the entire systemas consistingof two components(1) an
EDFschedulerand(2) aDVS schedulerTheEDF scheduler
always assignghe taskwith the earliestdeadlinethe high-
estschedulingpriority. The DVS schedulethendetermines
the processovoltageandfrequeng duringthe executionof
a particulartask.Thesetwo componentgreindependenof
eachother so that the EDF scheduleris capableof work-
ing with differentDVS algorithms.Our DVS scheduleris
basedon feedbaclkcontrolthatincrementallyadjustssystem
behaior in orderto reduceenegy consumptionEDF is es-
peciallyattractve to DVS algorithmsbecausef its dynamic
assignmenof taskpriority, which allows the DVS scheduler
to maximally exploit slackfor eachtask.
A periodic,fully preemptve andindependentaskmodel
is usedin the frameawork. Eachtask T; is de ned by a
triple (P;; Dj; Ci), whereP; is the periodof T;, D; is the
relative deadlineof T;, and C; is the worst-casesxecution
time of T;, measuredht the maximal processofrequeng.
We always assumeD;=P; in our model. The periodically

releasednstancesf a task are called jobs. Tj; is usedto
denotethej " job of taskT;. ltsreleasdimeisP; (j 1)
andits deadlineis P; j.We usec; to representheactual
executiontime of job Tj . The hyperperiodH of the task
setis theleastcommonmultiplier (LCM) amongthe tasks'
periods.

In thefollowing, we describen detailthe feedbaclkDVS
schedulerandseveral feedbackschemesisedin the frame-
work.

3. FeedbackDVS Algorithm

OurfeedbaclkDVS algorithmanticipatesnactualexecution
time of eachtaskinstancébasednthefeedbacknformation
from previousinvocations.t splits the executionbudgetof

ataskinto two sub-tasksTp andTg, asdepictedin Figure
1. Underthe maximal frequeng, the worst-casesxecution
time of thesetwo subtasksinderthemaximalfrequeng are
representedsCp andCg (Cg = WCET Ca), respec-
tively. FeedbaclbVs triesto scaleT 5 atthelowestpossible
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Figure 1. TaskSplitting

frequeny while Tg is always scaledat the maximumfre-
gueny to meetthe deadlinerequirementof the real-time
task. = CACfSk is the scalingfactorwhich determineghe
correspondingrocessoffrequeny andvoltagefor the Ta
subtasksy is the availableamountof slackto the taskde-
rivedfrom the worst-casesxecutionpro le. FeedbaclbVSs
keepsthetotal systemutilization below 100%evenwith re-
ducedprocessofrequeny andvoltage.This guaranteethe
schedulabilityof the hard real-time task set (for algorith-
mic details,see[25]). The algorithmis capableof captur
ing variationsin actual executiontimes throughthe feed-
back schemeDue to the even more greedyapproachthan
ary of the previous schemesthe algorithmwasreportedto
exhibit additionalenegy savingsin simulationexperiments,
particularlyfor mediumutilization systemswhich arequite
common[5]. Even more substantiakavings have beenob-
senedfor uctuating executiontimeswherePID-feedback
provides new opportunitiesfor aggressie scaling.In the
implementationof the algorithmfor the 405LP embedded
board,we re ned thefeedbaclkschemeproposedn [25] and
developedthefollowing feedbackmechanisms.

3.1 Simple Feedback

If a periodicreal-timeworkload exhibits a relatively stable
behaior during a certaininterval of time, the actualexecu-
tion time of differentjobsremainsnearlyconstanbr varies



within a very small range.For suchworkloads,we usea
very simplefeedbackmechanisnby computingthe moving
averageof previous jobs' actualexecutiontimes and feed
it back to the DVS schedulerWe try to avoid the over
headof more complicatedfeedbackmechanismssuchas
the PID-feedbackcontroller describedin the next section,
because simplefeedbackusuallyprovidessufciently ac-
curatepredictions The quantitatve comparisorof the over-
headbetweerour PID-feedbackDVS algorithmandseveral
other DVS algorithmsalso shows that a complicatedfeed-
backDVS schemecandegradethe enegy saving potential
to someextent, aslaterdiscussn the context of Table3.

In this simplefeedbacknechanismwe choosethe value
of Ca asthecontrolledvariable Eachjob T;; 'sactualexecu-
tiontimec; is chosemasthesetpoint. Ca is assignedo be
50% WCET for the rst job of eachtask,which meanshalf
of the job's executionis budgetedat a low frequeng, and
half of it is resened at the maximumfrequeng. The max-
imum frequeny portion guaranteesghe deadlinerequire-
ments,even if the worst-caseexecutiontime is exhibited.
Eachtime a job completesijts actualexecutiontime is fed
back and aggrejatedto anticipatethe next job's Cp. Let
Caj denotetheCa valuefor Tj . The(j + 1) job of the
taskis assigne@ Cp valueaccordingo:

Caig+) = (Caj  N+g¢c g ~n))N 1)
where N is a constantrepresentinghe number of items
usedin the moving averagecalculation.Our experiments
shaw signi cant enegy savings for sucha simplefeedback
mechanisnwith very low schedulingoverheadaslong as
the workload's actual executiontime exhibits a stablebe-
havior during someinterval. When the workload's beha-
ior keepschangingdynamicallywith highly uctuating exe-
cutiontimes,simplefeedbackbecomesot enoughto yield
thebestenepgy savings.In thosecasesa moresophisticated
feedbackmechanisnis required,asdetailedin the next sec-
tion.

3.2 PID Feedback

Theoriginal PID-feedbaclDVS mechanismaspresentedh
[25], requiregheDVS scheduleto createandmaintainmul-
tiple independenteedbackcontrollersfor eachof the tasks
in the workload.Multiple inputsand multiple outputsneed
to be manipulatedsimultaneouslyby the DVS scheduler
Sucha PID-feedbackmechanismalbeitits potentialfor en-
ergy savings shawn in our previous simulationexperiments,
resultsin substantialexecutionoverheadon an embedded
architectureGiventhedif culty of preciselycharacterizing
thebehaior of amultiple-inputmultiple-outputcontrolsys-
tem, it alsoaddscompleity to thetheoreticahnalysisof the
algorithm. Therefore,we re ne the original PID-feedback
DVS mechanisnby thefollowing simpli ed design.
Insteadof usingCp; (i = 1:::n) asthecontrolledvariable
for eachtaskT; andcreatingn differentfeedbackcontroller

for n differenttasks we now de ne asinglevariabler asthe
controlledvariablefor the entiresystemas:

_ }X] Caj G

n =1 Gij

(2)

wherej is the index of the latestjob of task T; beforethe
samplingpoint.r; describesheaveragedifferencebetween
tasks' actual executiontimes and their correspondingCa
values.Our objective is to make r approximate0 (i.e., the
setpoint). Thesystemerrorbecomes

(r)=r O (3)

where (r; ) re ectstheerrorof theentiretasksetandis nota
functionof a particulartaskT; any more. (r;) is furtherfed
backto the PID scheduleto regulatethe controlledvariable
r. The PID feedbaclkcontrolleris now de ned as:
= K () & e () % Kl o)
ljer = Tj 4 T

4)
whereK , K; andK 4 arethe PID parameterslW andDW
aretheintegral andderivative window sizes.

When job T completeswe adjustthe Ca value for
T; (j +1) by Cai (j+1) = ljGj +Gj , whichis used)ytheDVS
scheduleto calculatethe scalingfactor andto determine
aprocessofrequeng andvoltagefor the next job.

In order to analyzethe performanceof such a feed-
backcontrolsystemwe computeits transferfunctionin the
Laplacedomain.Thetransferfunctionof the PID controller
is de nedas:

Grio(9) = Kp+ *+ Kgs (5)

Thetransferfunctionbetweerr; andCa canbederivedby
taking derivative of bothsidesof the equation2:

Gr(s)= Ms (6)
whereM = % [, 2. Thereforethetransferfunctionof
theentireclosed-loofeedbacksystemcanbecomputeds:

Gpin(s)Gr(s) _ MKps+ MK+ MKgs?
1+ Gpip(S)Gr(s) 1+ MKps+ MK+ M dez( )
7
Accordingto control theory a systemis stableif andonly
if all the poles(the denominatoof its transferfunction) are
in the negative half-planeof thes-domainFrom Equation?,
we infer the polesof our systemas

MK, PMKZ 4MKq(MK, + 1) ©
MK q
Notethat MK,+" MKZ 4MKg(MK; + 1)isaways

lessthanO whenM K2 4M K 4(MK; + 1) > 0. Hence,



all the polesarein the negative half-planeof the s-domain.
Thereforethe stability of theabove systemis ensured.

Sucha singlecontrollermechanisnis easyto implement
becausemnefeedbackcontrollersufces for the entire sys-
tem,whichreduceshecompleity andoverheadf thefeed-
backDVS algorithm.Butit alsohasits dravback,i.e., it does
not provide directfeedbacknformationof the C, valuefor
eachindividual task.Whenr equalszero,one cannotinfer
that every task's Ca hasapproximatedts actualexecution
time. It is animprecisedescriptionof the original schedul-
ing objective and may take longerto getthe systeminto a
stablestate.Nonethelessour experimentshows signi cant
enepgy savings of this feedbackDVS mechanisntompared
to otherDVS algorithms.In the next sectionwe presenthe
detailsof our experimentakesults.

4. Experimental Evaluation

By evaluatingour feedbackDVS algorithmon a real em-
beddedarchitectureywe assesthetruepotentialof our algo-
rithm for enegy savingsin an actualsystemasopposedo
a simulationervironment.Also, we comparethe overhead
andenegy consumptiorbetweerour algorithmandseveral
otherDVS algorithms namelystaticDVS, cycle-conserving
DVS, look-ahead-1/DVS (all by Pillai and Shin [20]) as
well as DR-OTE and AGR-2 (by Aydin et al. [1]). Look-
ahead-land look-ahead-Zare the original and a modi ed
versionof the look-aheadDVS algorithmin [20], respec-
tively. Look-ahead-lupdateseachtask’s absolutedeadline
immediatelywhenataskinstancecompletesLook-ahead-2
delayssuchupdateuntil the next taskinstanceis released,
which resultsin additionalenegy savings. AGR-2 follows
themostaggressie schemepresentedh [1] with anaggres-
sivenesgparametek of 0.9. In theseexperimentswe also
wantedto determineif the lower frequenciesand voltages
chosenby our feedbackschemeoutweighthe highercom-
putationaloverheadrequiredto make schedulingdecisions.
We useour PID feedbackapproachunlessexplicitly stated
thatwe usethe simpleschemdrom Section3.1.

4.1 Platform and Methodology

The embeddedlatform usedin our experimentis a Pow-
erPC495LP embeddedoardrunning on a disklessMon-
taVista EmbeddedLinux variant, which is basedon the
2.4.21stockkernelbut hasbeenpatchedo supportDVS on
the PPC405LP This boardprovidesthe hardware support
requiredfor DVS andallows softwareto scalevoltageand
frequeng via userde ned operationpointsrangingfrom a
high end of 266 MHz at 1.8V to a low endof 33 MHz at
1V [18, 3, 9]. The boardhasalsobeenmodi ed for 50%
reducedcapacitancewhich allows DVS switchesto occur
morerapidly, i.e., switchesareboundedy atmosta 200mi-
crosecondslurationfrom 1V to 1.8V. The DVS algorithms
(static,cycle-conservinglook-ahead20] andour feedback
DVS) were exposedto the DVS capabilitiesof the 405LP

board.In our experimentsthe frequengy andvoltage pairs
depictedn Tablel werechosen.

Table 1. Valid Frequeng/VoltagePairs
Setting 0 1 2 3 4
CPUfreq.(MHz) | 33 | 44 | 66 | 133 | 266
busfreq. (MHz) 33| 44 | 66 | 133 | 133
CPUvoltage(Volts) | 1.0 10| 1.1 | 1.3 | 1.7

This setof pairs was constrainedby a needto have a
commonphasdock loop (PLL) multiplier of 16 relative to
the 33MHz baseclock anda divider of two or ary multiple
of 4. Changingthe multiplier incursadditionaloverheador
switching,whichwewantedto eliminatein thisstudy A dy-
namic power managementDPM) facility [3] is developed
asanenhancemertb the Linux kernelto supportDVS fea-
tures.DPM operating pointde nesstablefrequeng/voltage
pairs (aswell asrelatedsystemparameters)ywhich we ex-
perimentallydetermined.

In orderto assesgower consumptionwe needto moni-
tor processocorevoltageandcurrentat a high rate.Hence,
we useda high-frequeng analogdataacquisitionboardto
gatherdatafor (a) the processorcore voltage and (b) the
processocurrent.Thelatterwasmeasure@savoltagelevel
overaresistorwith a1V dropper360mA. Paver consump-
tion wascomputedoy multiplying the CPU voltagewith its
current.Thedataacquisitionboardallowedusto experiment
with longerrunningapplicationsto assesshe enegy con-
sumptionof the processamwhich s theintegrationof power
overtime. We alsoemployedanoscilloscopdor visualizing
thevoltagesandcurrentswith high precisionin readings.

We implementechn EDF scheduleasa userlevel thread
library underLinux onthe405LPhoard.A userlevel library
waschoserover a kernel-level solutionbecausef the sim-
plicity of its designand the fact that the operatingsystem
backgroundactiity is minimal on the embeddedoardin-
frastructure Different DVS schedulingschemesvere inte-
gratedinto the EDF scheduleasindependentnodules.

4.2 Synchronousvs. AsynchronousSwitch

We rst assessethe overheadof differentDVS techniques
supportedy thetestboardandthe dynamicpower manage-
mentextensionf the operatingsystem.

A unique DVS feature supportedby the IBM PPC
405LP embeddedoardis thatfrequeng switchingcanbe
doneeithersynchronoushor asynchronouslySynchronous
switching is the traditional approachfor processorfre-
gueng/voltagetransitions whereapplicationshave to stop
execution during the transitional interval. Asynchronous
switching, on the contrary allows applicationto continue
execution during the frequeng/voltagetransitions.Figure
2 depictsthe changesdn current(lower curve) and voltage
(uppercurwve) of the PPC405LP processoicore during an
asynchronouswitch.



Figure 2. Current/\6lt. for Async.Freq.Switch

This unique feature of asynchronousswitching is
achiesed by a systemcall that, whenswitchingto a higher
voltage/frequenyg rst reprogramshe voltageto ramp up
towardsthemaximumasfastaspossiblg(the 30 degreevolt-
agerampon the uppercurve of Figure 2). Meanwhile,the
time to reacha voltagelevel at leastashigh asrequiredby
the new frequeng is estimatedA high-resolutiontimer is
programmedo interruptwhen this durationexpires, prior
to which the applicationcanstill continueexecution.Once
thetimer interrupttriggersits handler(at the peakafterthe
30degreerampontheuppercurve),the power management
unitis reprogrammedb settleatthetargetvoltagelevel, and
the new processoifrequeng is activated beforereturning
from the handler The voltagethen settles(in caseit over
shot)in acontrolledmannetto the new operatingpoint. The
currentalsosettlesn acontrolledmannerdependingn pro-
cessingactiity.

Table 2 reportsthe overheadfor synchronousand asyn-
chronousswitching in a time range boundedby two ex-
tremes:(a) Switching betweenadjacentfrequeng/voltage
levelsand(b) switchingbetweerthe lowestandhighestfre-
gueng/voltagelevels.Furthermoretheoverheadf thesub-
sequentsignal handlerassociatedvith eachasynchronous
switch is also measuredor a rangeof the highestandthe
lowest processoffrequenciesin orderto make a compari-
son, the executiontime of a systemcall (usinggetpid())is
alsomeasuredTheresultsindicatethata synchronouVvSs
switch hasaboutan order of a magnitudehigher overhead
thananasynchronouswitch. In contrastthe asynchronous
DVS switch is almost as efcient as a null systemcall.
The timer interrupthandlertriggeredat eachasynchronous
switch hasa negligibly smallimpacton the DVS switching
operation.Overall, triggeringan asynchronou®VsS switch
only hasthe costof alight-weightsystemcall.

Table 2. Frequeng/VoltageSwitchOverhead
sync.switch | asyncswitch | signalhandler| syscall
117-162 sec| 8-20 sec 0.07-0.6 sec | 3-8 sec

4.3 DVS SchedulerOverhead

We comparedhe overheadof our feedback-I¥S algorithm
with several otherdynamicDVS algorithms.We rst mea-
suredthe executiontime of theseDVS schedulingalgo-
rithms underdifferentfrequenciesn the embeddedoard,
asdepictedin Table 3. The overheadvasobtainedby mea-
suringtheamounf timewhenataskissuesyield() system
call till anothertaskwasdispatchedy the schedulerlt re-
ects the overall schedulingoverheadwhendifferent DVS
algorithmsareintegratedinto the scheduler

Table 3. Overheadbf DVS-EDF Scheduler

DVS schedulingoverheafl sed
CPUfreq. | static| cc | look-ahead| PID-feedback
33MHz 217 | 487 2296 3612
44 MHz 170 | 366 1714 2943
66 MHz 100 | 232 1112 1728
133MHz 52 | 120 546 801
266 MHz 36 76 229 472

Thetableshaws thatstaticDVS hasthe lowestoverhead
amongthe four while our PID-feedbackDVS hasthe high-
estone.Thisis notsurprisingsincestaticDVS selectsa uni-

ed frequeng andvoltagesettingfor the entiretaskset.No
dynamicvoltageandfrequengy modulationtakesplacedur-
ing task context switches.But the static schemealso falls
shortin nding the bestenegy saving opportunitiesCycle-
conservingDVS, look-aheadDVS and our PID-feedback
DVS usemore sophisticatedand aggressie algorithmsfor
lower enegy consumptionalbeit at higheroverheadsThe
trade-of betweenoverheadand performancealways needs
to beexaminedcarefully.

Next, we assessed our feedback-I¥'S algorithm, al-
thoughincurringthe largestoverheacamongthe four, gives
the bestenepgy saving resultsin the real embeddedenvi-
ronment.We measuredhe actual enegy consumptionof
theseDVS algorithmswhenexecutingthreemediumutiliza-
tion task setsdepictedin Table 4 using both synchronous
andasynchronou®VS switchings.As a baselinefor com-
parison,we alsoimplementeda nave DVS schemewhere
the maximumfrequeng is always chosernwhenever a task
is scheduledandthe minimum frequeng is alwayschosen
wheneerthesystemisidle.

The rst tasksetin Table4 is harmonic,i.e., all periods
areintegermultiplesof thesmallesiperiod,whichfacilitates
scheduling.This often allows schedulingalgorithmsto ex-
hibit anextremebehavior, typically outperformingany other
choiceof periods.The secondand third task setsare non-
harmonicwith longerandshorterperiods,respectiely. Ac-
tual executiontimes were half that of the WCET for each
taskfor this experiment.

Table5 depictsthe enegy consumptiorof differentDVS
algorithmsin mWatt-hoursThendve DVS algorithmsenes
asabaseof comparisorfor eachof the subsequernbVs al-
gorithms.The absoluteenegy consumptiorvalue,aswell
as the percentagef enegy savings over the nave DVS,



Table 4. TaskSet,timesin msec

TaskSetl TaskSet2 TaskSet3
task || Period(P;) | WCET (C;) || Period(P;) | WCET(C;) || Period(P;) | WCET (Ci)
1 2,400 400 600 80 90 12
2 2,400 600 320 120 48 18
3 1,200 200 400 40 60 6
Table5. Enegy[mW  hrs] consumptiorper RT-DVS algorithm
algorithm | nave]| static(saings) | cycle-cons.(saings) | look-ahead(séngs) | ourfeedback(sangs)
Task Setl
synchronous 4471 3.2(28.41%) 2.38(46.61%) 2.21(50.56%) 2.04(54.21%)
asynchronous 4.43| 3.13(29.35%) 2.327(47.51%) 2.12(52.07%) 2.00(54.70%)
sync/asynsavings || 0.89% 2.19% 2.51% 3.92% 1.95%
Task Set2
synchronous 0.544[ 0.5056(7.06%) 0.4713(13.36%) 0.424(22.06%) 0.4089(24.83%)
asynchronous 0.5276| 0.5025(4.76%) 0.4622(12.40%) 0.4218(20.05%) 0.4064(22.97%)
sync/asynsavings || 3.01% 0.61% 1.93% 0.52% 0.61%
Task Set3
synchronous 0.595| 0.5616(5.61%) 0.4799(19.34%) 0.4043(32.05%) 0.3708(37.68%)
asynchronous 0.5802| 0.5496(5.27%) 0.4547(21.63%) 0.3912(32.57%) 0.3671(36.73%)
sync/asynsavings || 2.49% 2.14% 5.25% 3.24% 1.00%
Task Set2 vs. Task Set3
change [ 9.07%)] 8.57%| -1.65%| -7.82%] -10.71%

is presentedfor eachDVS algorithms. For task set one,
staticDVS reducesnegy consumptiorby about29% over
the nave scheme.Cycle-conservingDVS saves 47% en-
ergy. Look-aheadRT-DVS saves over 50%, and our feed-
back methodsares about54% enegy comparedto nave
DVS. This clearlyshonvsthetremendougotentialin enegy
savingsfor real-timeschedulingThe savingsfor eachalgo-
rithm are lower for task settwo peakingat about23% for
our feedbackschemeAs mentionedbefore,tasksetoneis
harmonicwhichtypically resultsin thebestschedulingdand
enegy) resultssinceexecutionis morepredictable Taskset
threeliesin betweerthe othertwo with peaksavingsof 37%
for our feedbackschemeThe resultsalsodemonstratéhat
the overheadfor calculationsinherentto schedulingalgo-
rithms is outweighedby the potentialfor enegy savings.
This is underlinedby the increasingoverheadn execution
time for eachof the schedulingalgorithms(from left to right
in Table5) while enegy consumptiordecreases.

Another notevorthy result is the comparisonbetween
synchronousand asynchronou®VS switching depictedin
the last row labeled“sync/asyncsavings” for eachtask set
in Table 5. For eachof the schedulingalgorithms,we see
additionalsavings of 1-5% on asynchronouswitchingdue
to the ability to commencewith a task's executionduring
frequeng andvoltagetransitions.We alsoran experiments
with task setsthat had an order of a magnitudesmaller
periodsand executiontimes. Surprisingly the synchronous
vs.asynchronousavingsremainedapproximatelythe same,

even though DVS switchesoccur ten times as often. We
believe that the periodsand executiontime settingsusedin
ourexperimentakrvironmentarestill largecomparedo the
executiontime of asynchronousr asynchronouswitching.
If we only save about1l00 secateachfrequeng switch(as
hasbeenshavn in Table2) but lateron spendmorethen10-
100msecin runningatask,the bene t of theasynchronous
DVS switchingbecomesnsigni cant. Theseresultsseento
indicatethatthebene t of continuoussxecutionduringDVS
switching,althoughnot negligible, is secondaryo trying to
minimizetheoverheadf DVS schedulingtself.

We alsocomparedasksetstwo andthreein termsof their
absoluteenegy readingswhichis valid sincethey executed
for the sameamountof time (ten seconds)the sameactual
to worst-casexecutiontime rationandthe sameutilization,
albeitat seventimesmore context switches.This changeis
depictedn theverylastrow of Table5 for theasynchronous
case.Not surprisingly the enegy with nave DVS is about
9% higherfor tasksetthreethanfor settwo dueto thehigher
contet switchoverheadf thelatter. Quiteinterestinglythis
overheadurnsinto a reductionin enegy asDVS schemes
becomeamoreaggressie.

4.4

We now examinethe behaior of our DVS algorithmon dif-
ferentworkloadsin more detail. A suite of task setswith
syntheticCPU workloadswas created.Eachtask set con-
tainsthreeindependenperiodictaskswhoseworst-casesx-
ecutiontime variesfrom 0.1to 0.9 with anincrementf 0.1.

Impact of Differ ent Workloads



Theactualexecutiontime of a taskis determinedy timing
the body of eachtaskplus the scheduleroverheadseeTa-
ble 3) of thecorrespondindVS algorithmunderthe lowest
CPUfrequeng. We dynamicallychangedhe numberof in-
structionsnsideeachtaskbodyamongdifferentinvocations
(jobs) to approximatethe workload uctuation behavior of
actualreal-timeapplications.

Altogether four synthesize@xecutionpatternsverecre-
ated.In the rst pattern,a task's actualexecutiontime is
always 50% WCET. In the secondpattern,the actualexe-
cutiontime of a taskdropsexponentiallyfrom a peakvalue
cm to 50%WCETamongits consecutie jobs, modeledas
¢ = 1=2(t ) Thepeakvaluec, is randomlygenerated
for eachspike from a uniform distribution betweer60% of
WCET and 100% of WCET. This patternsimulatesevent-
triggeredactiitiesthatresultin suddenyetshort-termcom-
putationaldemandsdue to complex inputs often obsened
in interrupt-driven systems.The third patternis similar to
the secondneexceptthatit dropsmoregradually modeled
asc¢ = cysin(t + =2). This patternsimulateseventsre-
sulting in computationademandsn a phaseof subsequent
comple inputswith a decayingtendeng. In thefourth pat-
tern, the actualexecutiontime of a taskincreasesand de-
creasegyradually around50% WCET with either a posi-
tive or negative amplitude,modeledasc; = ¢y sin(t) and
G = cmsin(t). This patternrepresentperiodically uc-
tuating actiities with graduallyincreasingand decreasing
computationalneedsaround peaks.We usedsimple feed-
backon patternl becauseof its nearly constantexecution
time patternamongdifferentjobs. The numberof itemsto
computethe moving averagewas setas N = 10. PID-
feedbackwas usedon patterns2, 3, and 4 to exploit uc-
tuating executiontime characteristicsThe PID parameters
were chosenby manualtuningasK, = 0:9, K; = 0:08,
K¢ = 0:1. The derivative andintegral window sizewere 1
and 10, respectiely. Asynchronousswitching was usedin
the experiment.We executedmultiple runsfor eachsetting
andreportthe averageenegy consumption.

Figures3 and 4 presentthe enegy consumptionof our
feedback-I¥S as well as four other dynamic DVS algo-
rithms. The numberof tasksin the tasksetvariesbetween
3 and30 tasks,andthetasks'actualexecutiontimesfollow
the dynamicexecutionpattern2. All enepgy valuesarenor-
malizedto the ndave DVS results.AGR-2 dynamicallyre-
claimsunusedslackup to the next arrival time of ary task
instance(NTA), hencesaving about50% extra enegy than
nave DVS. AGR-2is not asgoodasLook-ahead-1/DVS
for 3 taskssinceit considersslackonly up to the next task
instances deadline,while Look-aheadDVS collectsslack
upto thelargestdeadlineamongall tasks But AGR-2bene-
ts from smallertaskgranularityin 30-tasksetsandoutper
forms Look-ahead-Jand Look-ahead-2n someutilization
cases.Look-ahead-1/24s aggressie in frequenyg scaling,
but it hasto overcomethe fact that the frequeng is occa-
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Figure4. Enegy 30 Tasks(Normalizedto Na've)

sionally loweredtoo aggressiely sothatit hasto be subse-
guentlyraisedto a highlevel. We avoid suchbehaior in our
algorithmvia feedback Feedback-M'S saves another5%-
20% enepy over look-aheadDVS and AGR-2 dueto the
algorithm’s self-adaptatiorio jobs' actualexecutiontimes.
In caseof extremelylow utilization, feedback-I¥'S, Look-
aheadVS andAGR-2areobsenedto resultin virtually the
sameenepgy savingsbecausevery taskhasenoughslackto
run at the minimum speed resultingin the samefrequen-
ciesfor aschedularrespectve of the DVS algorithm.Since
look-ahead-DVS resultsin thelowestenegy consumption
on averageamongall other algorithms,we now focus on
the comparisorof our feedback-I¥'S algorithmwith look-
ahead-2DVS for task setswhich containthreetasks.We
wantto evaluatein detailthe behaior of our algorithmwith
differentexecutiontime patternsFigure5 shows the aver
ageenegy savings of our algorithmamongthefour patterns
aswell asthe maximumand the minimum savings, which
arerepresentedsthe upperboundandthe lower boundon
eacherror bar When the variation of tasks' actual execu-
tion time follows the four differentpatternsfeedback-I¥'S
still exhibits stableenegy saving performancen all utiliza-
tion caseslt savesup to 21% and 65% more enegy than
look-ahead-2ndndve DVS. The largestsavings againoc-
cur in medianutilization casesvherethereis considerable



dynamicslackfor speededuction Variationsof enegy sav-
ingsnever exceed10% of the averagesavingsamongdiffer-
entexecutiontime patterns.

Figure5. Feedback-M'S, 3 TasksPatternsl-4

To betterassesshe scalability of our feedback-I¥S al-
gorithm, we further x ed the executiontime patternof the
task set, while varying the baselineof its actualexecution
times. Figure 6 shavs the enegy consumptionon a task
set with executiontime pattern4, whose averageexecu-
tion time changesrom 0.75WCETto 0.3WCET All en-
ergy valuesarenormalizedo thenave DVS values We see
from the gure that our algorithm scalesequally well for
loose (0.3WCET case)and tight (0.75WCET case)actual
execution-timesln all threecases14%to 24% additional
enepy is saved over look-aheadDVS. Our PID-feedback
mechanismshavs even better strengthfor medianexecu-
tion timesthanthelooseor tight ones.In thisrange thereis
enoughslackto distinguishitself from the otheralgorithms.

Figure 7 depictsthe screen-shot®of voltage and cur
rent obtainedfrom the oscilloscopefor the phasejust af-
ter a simultaneougeleaseof all tasksat the beginning of
a hyperperiod.Static DVS shaws two levels of voltages
(busyl/idle time) whereascycle-conservingDVS differenti-
atesthreelevelson adynamicbase Evenlower voltageand
currentreadingsare given by look-aheadDVS, which not
only distinguishesnorelevels but alsoexhibits muchlower
power levels during load. The lowestresultswere obtained
by our feedbackDVS, which defersexecutioneven more
aggressiely thanary of the other methods.However, our
feedbackschemecanonly further reducepower consump-
tion occasionallyas sufcient slack exists to be recovered
by thealgorithmsof the previousschemesDynamicslackis
recoveredin increasindevelsby thelatterthreeschemes.

4.5 Comparisonwith Simulation Results

Whenwe comparethe enegy saving resultsobtainedfrom
the IBM 405LP embeddedoardwith our previous simu-
lation resultspresentedn [25], we clearly seethe adwan-
tageand disadwantageof simulationfor power-aware stud-
ies. The advantageof simulationlies in its easeof imple-
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Figure6. Enegy: Var. Exec.Times(rel.to Nave)

mentatiorandpredictabilityof performancdrends.Theen-
ergy consumptiorof differentDVS algorithmsshowv a con-
sistenttrendunderboth simulationandthe actualembedded
platform.But quantitatve resultsdiffer. Our previous simu-
lation resultsreported5%-10%higher sazings on average.
For example,the bestenegy saving of our feedbackDVS
overlook-aheadVS wasreportas29%in simulationwhile
the bestresultwe measuredrom the testboardis around
24%.1t is non-trivial to modelthe actualpower/enegy con-
sumptionin simulationwithout consideringactualhardware
details.This is alsothe casewhenevaluatingthe overhead.
Sincethe overheadof DVS algorithmswasnot includedin
our previous simulationexperiment,we still obsened 7%-
10% enegy savings over look-aheadVS evenat high uti-
lization casesBut the actualenegy measuremerftom the
testboardshav only 3%-6%savingsfor thesecases.

Overall, our experimentson the embeddedplatform
guantitatvely showv the potentialof our feedbackDVS algo-
rithm andits ability to scalepower even more aggressiely
thanpreviousDVS algorithms.

5. RelatedWork

Dynamicvoltagescalingfor real-timesystemshasreceved
considerablattentionin recentyears Pillai andShinpresent
a suite of DVS algorithmsintegratedwith hard real-time
EDF andRM schedulind20]. Processospeedor eachtask
is adjusteddynamicallywhile the schedulabilityof the sys-
temis still resened.Look-aheadVS is themostaggressie
DVS schemeamongthesuiteof algorithmsproposedAydin
etal. discussa seriesof algorithms,which dynamicallyre-
claim unusedcomputatiortime of real-timetasksto reduce
the processorspeed[1]. Enegy-aware schedulingof hy-
brid workloads,includingboth periodicandaperiodictasks,
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are further investigatedby Aydin and Yangin [2]. Gruian
analyzesa dual-speedDVS schedulebasedon stochastic
dataderived from pasttask executiontraces[7]. Jejurikar
and Gupta investigatestatic and dynamic slowvdown fac-
tors for periodictasks[11] and combineit with procrasti-
nationschedulind12] andpreemptiorthresholdscheduling
[10] for DVS. Several of thesealgorithmswere compared
in auni ed simulationervironment,SimDVS [21]. In con-
trast,we measurepower consumptioron a concretemicro-
architecturdor several EDF-basedlgorithms.
Feedbackcontrol for real-time schedulingwas rst in-
vestigatedby Stanlovic et al. [22]. Real-timesystemper
formancespeci cationsareanalyzedsystematicallythrough
a control-theoreticalmethodologyby Lu et al. [14]. A
feedback-contraleal-timeschedulingramework for unpre-
dictabledynamicreal-time systemss further proposedby
Lu et al. where executiontimes diverge from their worst

case[15]. Our work extendsfeedbacko powveraware EDF
scheduling.

Feedbackcontrol was also proposedfor enegy-aware
computing in previous work. Varma et al. presenta
feedback-contradlgorithmwherethepreviousworkloadex-
ecutionhistory is usedto predict the future workload be-
havior by a discrete-timePID function[23]. The combina-
tion of the proportional,integral and deriative part of the
PID function providesgood estimationacrossdifferentap-
plicationsinsensitve of the changeof their parameterslLu
et al. describea formal feedback-controklgorithm com-
binedwith dynamicvoltage/frequeng scalingtechnologies
[16]. A generalenegy managemenschemewith feedback
control is proposedby Minerick et al. [17]. Averageen-
ergy usageis achieved by continuouslyadjustingthe volt-
age/frequeng of a processoto meetthe enegy consump-
tion goal. While VarmaandLu's work targetssoft real-time
systemsand Minerick's work targetsgeneralpurposesys-
tems,our feedbackDVS scheme&ocuseson hardreal-time
systemswvheretiming constraintsnustnot beviolated.

6. Conclusion

In this paperwe presentedeedbackDVS algorithmconsid-
eringpracticaldesignandimplementationssuesWe evalu-
atedit aswell asseveralotherreal-timeDVS algorithmson
an|BM 405LPembeddeglatform. A uniqueDVS feature
of this platformis asynchronoufrequeng switching,which
supportontinuedexecutionduringvoltage/frequengtran-
sitions. We have shovn up to 5% enegy savings of asyn-
chronousswitching for fast DVS modulationwithout en-
tering sleepmodesas opposedto traditional synchronous
switching.We assessethebene tsof ourfeedbaclOVs al-
gorithmby measuringhe enegy consumptiorover the hy-
perperiodof real-timetasks.Enegy consumptioraswell as
schedulingoverheadbetweendifferentDVS schemesvere
comparedwith eachother The experimentalresultsindi-
catethatouraggressie feedbackDVS schedulingalgorithm
achieres up to 24% savings in enegy consumptionbest
competitorsj.e., over the look-aheadDVS and AGR-2 al-
gorithms,andupto 64%enegy savingsoverthenave DVS
schemavhenconsideringschedulingoverheadsTo the best
of our knowledge this is the rst comparatie studyof real-
time DVS algorithmson a concretemicro-architectureand
the rst evaluationof asynchronou®VS switching.
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