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Abstract

In the context of battery-paveredreal-time systemsthree
constraintsieedto beaddressedznegy, deadlinesandtask
rewards. Mary future real-timesystemswill counton dif-

ferentsoftwareversions,eachwith differentrewards,time
andenegy requirementso achieve avarietyof QoS-avare
tradeofs. We proposea solutionthatallows the device to
run the mostvaluabletask versionswhile still meetingall

deadlinesandwithout depletingthe enegy. Assumingthat
the batteryis rechageable we alsopropose(a) a staticso-
lution that maximizesthe systemvalue assuminga worst-
casescenario(i.e., worst-caseask executiontimes); and
(b) adynamicschemehattakesadwantageof the extra en-
emy in the systemwhenworst-casescenarioglo not hap-
pen. Threedynamicpoliciesare shavn to makebetteruse
of therechaging enegy while improving the systemvalue.

1 Intr oduction

Paver managemenis a critical designfactor for embed-
dedsystemghatrely on their own power source(battery).
Thus,it would appearsthoughthelifetime of thedevice is
ultimatelydependingn the batterystoragecapacity How-
ever, thisis not necessarilyhe case.Onesolutionis to re-
plenishthe batteryby scarengingthe existing enegy in the
ervironment,suchasthe NASA/JPL Marsrover, whichre-
lies on both a non-rechageablebatterysourceanda solar
panel[14]. In our work we alsoassumehatthe batteryis
rechageable Duringthedayreal-timetasksareexecutedat
thesamdimethebatteryis rechaging. At night,thesystem
reliesentirelyonthebatteryenegy acquirediuringtheday.
Therechageableenegy is limited andmustbe usedef-
ficiently. Thetechniquewe usein this paperfor reducing
the enegy consumptionis voltageand frequeny scaling,
throughwhich we can achieve cubic savings in power at
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the expenseof linear performancdoss. Clearly, this tech-
nigueis not applicableto all kinds of systems.The perfor

manceloss from scalingdown the voltage and frequeng

(moretimeto computeresults)canincreaseéheenegy con-
sumptionin othercomponent®sf the systemyesultingin an
overall increasen the enegy consumption.In this paper
we concentrat®n systemsvherethe processinginit is an
importantenegy consumer

However, even for such complex systemsour scheme
thatattemptgto increasethe value of the system hasthree
contributions.First, if voltagescalingdoesnot save enegy,
then our solutionwould still correctly selectthe mostim-
portanttasks(althoughthey would run at their highestfre-
gueng). This providesinformationto the designetthat ei-
therthereis plenty of enegy in the systemor thatvoltage
scalingis not beneficial.Secondthelifetime of thesystem
assumingvorst-caseconditionscanbe computed.The an-
swercanbethatthe systemis stable(i.e., atall timesthere
is enegy left in thebattery).Third, andmostimportant,our
work is not limited to voltage scaling: our goal is not to
minimize energy but to run the most important/valued ap-
plications given the timing and energy constraints.

A large numberof embeddedeal-timesystemsoperate
in acyclic basiswith asetof applicationghatmustexecute
within a framewhoseexecutionis to be repeated.Exam-
plesof suchapplicationsarereal-timecommunicatiorand
imagingin satellites.An extensionof the frame-basedask
modelis a periodictaskmodelwith individualdeadlinegor
eachtask. Our solutionis intendedfor bothmodels.In ad-
dition, eachtaskis assumedo have multiple versionsgach
with differenttime andenegy requirementsEachversion
hasavalueor rewardassociateavith it, ameasuref task’s
importance We assumehat versionsthatrequiremoreen-
ey andexecutiontime returnmoreaccurateesults.

The restof the paperis organizedasfollows: We first
presentrelatedwork. Taskandrechaging modelsare ex-
plainedin Section2. We presentan algorithm for en-
emgy/avaretaskselectionin Section3. Basedon this algo-
rithm, the solutionis completedin Section4 with a static



analysisand three dynamic policies, followed by experi-
mentalresults.We concludethe paperin Section5.

1.1 RelatedWork

The variablevoltagescheduling(VVS) framevork hasre-
cently becomea major researcharea. In the context of
real-timesystemsyVS schemesarget minimizing theen-
ey consumptiorwhile still meetingthe deadlines. Yao
et al. [21] provided a static off-line schedulingalgorithm
assumingaperiodictasksand worst-casesxecution times
(WCET). Periodictaskswith identical periodsand upper
boundson the voltagechangerate are investigatedn [9].
Systemswith two (discrete)oltagelevelsandperiodichard
real-timetasksareanalyzedn [12]. An optimal static so-
lution for periodictasksetswith differentpower character
isticsis givenin [2]. Slackmanagementechniqueareex-
ploredin [3, 7, 15,19]. In thiswork we analyzethe caseof
discretevoltage/frequenglevels.

Reaward-basedchedulingvasexploredin the context of
IC (ImpreciseComputation)and IRIS (IncreasedReward
with Increasedervice)models.In thelC model[13], real-
time tasksconsistof mandatoryand optional partsand a
reward function is associatedvith the length of the op-
tional part. The IRIS model[5, 11] makesno separatiofoe-
tweenmandatoryandoptional parts. Typical reward func-
tionsareassumedo belinearor concae in the numberof
cycles allotted to the tasks,targeting applicationssuchas
image and speechprocessingpr multimedia. An optimal
algorithmfor concae reward functionsand periodictasks
was presentedn [4]. The casefor discretereward func-
tions (or stepreward functions)with no reward for partial
executionwas shavn to be NP-hard[13]. In the QRAM
model(QoS-basedesourceallocationmodel) [16, 17] re-
ward functionsare in termsof utilization of resources.A
solutionwas proposedor oneresourcewith multiple QoS
dimensiong16] anda particularaudio-conferencingppli-
cationwith two resourcesndone QoSdimensiornwasan-
alyzedin [17]. Onework recentlypublishedcombinedthe
threeconstraint$10], but voltage/frequengscalingwasnot
considered.

Multi-v ersion programminghas been extensvely ex-
ploredin the contet of fault tolerance.In this work, mul-
tiple versionsallow quality of servicetradeofs. An exam-
ple of versionprogrammingcomesrom satellite-basedig-
nal processing20]. Four differentalgorithmswith running
times rangingfrom microsecond$o millisecondsand en-
ergy consumptiongrom microJoulego Joulesprovide dif-
ferentlevels of accurag. Anotherexampleis Automated
TametRecognitioATR), wheretaskvaluesyunningtimes
andenegy requirementareroughly proportionalwith the
numberof tamgetsdetected[8]. Task versionscan result
from differentalgorithms,as well as from the sameap-

plication with differentinput aguments,such as encod-
ing/decodingat differentrates,low/high quality compres-
sionschemedpw/highresolutionimageprocessingetc.

Rechageablesystemsemaingenerallyunexplored. A
solutionfor the Mars Pathfinderrover that makesbestuse
of the availablerechaging enegy is presentedn [14]. For
frame-basedystemswith arechageablebattery a solution
is presentedn [1] thatschedulegasksin sucha way that
the wastedrechaging enegy is minimizedandthe battery
level is at all timeswithin someacceptabldimits (no task
rewardswereconsidered).

In [18], asolutionwasproposedor frame-baseémbed-
ded systemsthat maximizesthe systemvalue, while still
beingawareof time andenegy constraintsThetaskmodel
in [18] is optionalsingle-\ersion(i.e., oneversionfor each
task and eachtaskis not necessarilyselectedin the final
schedule).We extendthe work in [18] in four directions:
(a) periodictasks, (b) multiple versionsof a task, (¢) manda-
tory/optional tasks, and (d) rechargeable batteries.

2 TaskSetand Recharging Models

The frame-base@ndperiodictaskmodelswith their char
acteristicandschedulingonstraintaredescribedirst. We
continuewith a descriptionof the rechaging model. Fi-
nally, we definethe problemandstateour goals.

2.1 Multiple-version Task Models

Frame-based In this modelall taskperiodsareidentical
andall taskdeadlinesreequalto theirperiod. Thecommon
deadline/periodalsoknown asframelength)is denotedoy
D. Thereare N available periodictasksin the systemall
readyat time zero. Taskshave multiple versionswith dif-
ferentcharacteristicshatwill bedescribedshortly. Exactly
oneversionof eachtaskis to be scheduledluringa frame.
Framesareissuedperiodicallyevery D time units.
Periodic tasks Thereare NV periodictasksin the system,
all readyattime zero. Thedeadlineof the:*” taskis denoted
by D; andthe leastcommonmultiple of all taskdeadlines
(also calledhyperperiod)is denotedoy Tr,car. As in the
frame-basednodel, taskshave multiple versionswith dif-
ferentcharacteristicsExactlyoneversionof eachtaskis to
be executedat every instance.

The remainderof this sectionappliesto both taskmod-
els,unlesdistinctively specified.
Variable voltage/frequencyprocessor Thetasksareto
be executedon a variablevoltageprocessowith the ability
to dynamicallyadjustits frequeng andvoltageon applica-
tion requestqwe referto a frequeng/voltagechangeasa
speedchange). Thereare M available frequencieqclock
ratesor CPU speeds){ f1, f2, - - -, fa }. Eachtaskcanrun
atary of theavailablespeedsandwe saythatataskrunsat



speedevel k if thespeedf thetaskis setto f;. Sincepower
functionsareproportionalwith the frequeng andwith the
squareof the voltage,and sinceenengy is the productof
power andtime, the benefitof runningat smallfrequencies
is areducedenegy consumptiorfor the processinginit, at
theexpenseof increaseaxecutiontime.
Speedchangeoverhead In the frame basedmodelthe
numberof speedchangeghat canoccurduring a frameis
minimizedby placingtasksthatrun at the samefrequeng
next to eachother Thus,the maximumnumberof speed
changeghatcanoccurduringa frameis min(M, N). We
assumehe overheaddf min(M, N) speedchangess neg-
ligible' comparedo the deadlineD, or thatit wasalready
subtractedrom D (similar for the enegy costoverhead).
In the periodictasksmodel,the orderof executionis deter
minedby the schedulingalgorithm(suchasEDF or RMS).
We assumehe worst-casenumberof speedchangeqtwo
for eachinstancen thecaseof EDF or RMS) hasa negligi-
bletotal time andenegy requirementor thatit wasalready
subtractedrom thetime/enegy budget.

Task versions,rewards,time and energy Taskversions
arecharacterizedby threeparameterstime andenepy re-
guirementgdifferentfor eachspeed),anda versionvalue
(or reward- a measureof the importance/accurgoof each
taskversion). The versionk of taski at speedlevel j is
denotedby Tj; We assumehat taskworst-caseaxecution
timesand enegy requirementare known for all taskver
sionsandall speedevels. The worst-casexecutiontime
and enegy requirementf versionk of task: running at
speedevel j aredenotedby tf’j andeﬁj respectiely. As-
sociatedwith versionk of task: thereis a versionvalueor
reward, rf. We assumethatrf < rf+!, ¢5 < ¢5+1 and
e < effl, thatis, lower versionsexecutefaster require
lessenepy, andproducdessaccurate/completedluablere-
sults. For simplicity we assumehe samenumberof ver
sionsV and speedsM for eachtask, althoughthe algo-
rithm proposedtanhandledifferentnumberof versionsand
speedgor eachtask.

2.2 Rechargingmodel

We assumea periodic rechaging modelin which a rela-
tively long rechaging time 7, (hundredsor thousandof
frames/ hyperperiods)s followedby arelatively long dis-
chaging time T;; on which the systemrunsentirely on the
batteryenegy accumulatedluringrechaging. Thenumber
of framesdispatchedduring the rechaging time (alsore-
ferredto asrechaging frames)is NV, = % andthenumber
of framesdispatchedvhile runningentirely on the battery
(dischaging frames)is Ny = %. For the periodictask
model,N, = == andN,; — L4
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1We have measured s speecchangesn Crusoechips

The batteryhasa maximumcapacity denotedvy F,, 4. .
Our goalis to have a stablesystemin which the batteryen-
emgy is at all timeswithin the limits [Ejo., Enign]. Froma
theoreticalpoint of view Ej,,, canbezeroand Ej;,, can
be the batterycapacity E,,,... However, it could be more
practicalto have a safemawgin, suchasE;,,, = 5% - Fpae
and Epigh = 95% - Epqz, for which reasonwe preferthe
[Eiow, Enign] notation. For example, it could be consid-
eredsafeto have at all timesat leastE;,,, batteryenegy.
Similarly, therechaging patternwhenthe batterychageis
abore Ep;q, canbe slightly unpredictablewnhile it is ap-
proximatelylinearotherwise1].

Unlike [1], we makeno assumptionsiboutthe rechag-
ing patternwhich canbelinearor not. We only assumehat
the amountof rechaging enegy that can be accumulated
duringtherechaging periodT, isknownto beatleastE,...
All incomingenegy whenthe batteryis fully rechagedis
lost.

2.3 Problem Definition

Our goalis to determinefor eachframe/ hyperperiochow
much enegy to allocateso that the systemis stable(i.e.,
the batteryenegy can never be lessthan F,,,) provided
that at least F,... enegy is receved every rechaging pe-
riod and provided thatfor all taskversionsthe worst-case
executiontimesand enegy requirementsare not underes-
timated. For a stablesystemwe alsodeterminewhat task
versionsy; to selectandatwhatspeedevelss; to runthem
so that to maximizethe systemvalue (the sum of values
for all versionsselectedor executionin all dischaging and
rechaging frames).

We first presenthe problemdefinition for maximizing
thetotal value (reward) of a singleframe/ hyperperiodor
multiple-versiontask setswith an enegy budget. The to-
tal value of a frame/ hyperperiods definedasthe sumof
rewardsfor all taskversionsselectedor execution. In this
problemwe assumehat an enegy budgetE is associated
with theframe/ hyperperiocandthe goalis to maximizethe
total valuewithout exceedingthe availableenegy E.
Frame-based Formally, the problemis to determinefor
eachtask: its versionv; andspeedevel s;, sothatto:

N

maximize Z )’ 1)
i=1
N

subjecto Y 4% <D (2)
i=1
N
Y el <E 3)
i=1
Ui€{1727"'7v} (4)

si €4{1,2,..., M} (5)



Inequality(2) guaranteethatthetiming constrainis sat-
isfied, andinequality (3) guaranteethatthe enegy budget
is notexceeded.

Periodic tasks For periodictasksthe problemis similar:

N
.. v LCM
maximize St 6
X_j D ©)
N tyl
subjectto LG 7
j Z:; b < (7
N
vi LLeMm
Uy < F 8
2, < (®)
v; € {17277‘/} (9)
s €{1,2,...,M} (10)

Thetotalrewardof thehyperperiods thesumof rewards
for all taskinstanceg6). Similarly, theenegy consumption
of allinstancess accountedor in (8). Thetiming constraint
in (7) assume&DF scheduling.A differentutilization for-
mula canbe usedwith differentschedulerssuchasRMS.
Obsenre that problems(1)-(5) and (6)-(10) are equialent.
The periodictasksetis correspondingo a frameof length
Trca In which thetime, enegy andvalueof eachtaskT;
aremultiplied with Zzex

A solutionfor the pfoblemdefinedby Equationg1)-(5)
or (6)-(10) is presentedn the next section. In the contet
of rechageablesystemswe will shov how to determine
the enegy budget £ for eachframe/ hyperperiodn Sec-
tion 4. Theproblemwasshavn in [18] to be NP-hardeven
for single-\ersiontasksetsin frame-basedystemsThere-
fore, we relax the maximizationobjective andlook for so-
lutionsthatapproximatehe optimalsolution.

3 Energy/Value-Aware Task Selec-
tion

The algorithmMV-Pack thatwe proposeo solwe the prob-
lemsdescribedby Equations(1)-(5) and(6)-(10) is an ex-
tensionof the REW-Pack algorithmproposedn [18] for the
caseof singleversionframe-basetisksets.The algorithm
is presentedhext, followedby a quantitatve evaluation.

Throughoutthe rest of the paperwe will only be re-
ferring to framesandthe problemdescribedby Equations
(2)-(5). As mentionedefore thetwo formulations(frame-
basedand periodictasksets)are equivalent, provided that
theenegy budgetis associateavith Ty, ¢ s .

3.1 The MV-PackAlgorithm

Theflowchartof thealgorithmis presentedh Figurel. The
threemajor componentgadd task, increasespeedand in-

initialize

No
can add a task?
Yes

deadline exceeded*

Yes

can increase the
speed of some task?

No

save solution

increase speed

return current
solution or failure

. — Y& (" canincrease the |NO
Increase versio version of some task? return solution

Figurel: Flowchartof MV-Pack

creaseversion)aredescribechext. We denoteby time and
energy thetotal executiontime andenegy requirementsf
the currentschedule.

Add atask Whenit is possibleto adda new task, it is
addedalwaysat thefirst (smallest)speedevel andversion
(we assumdhattaskversionsare sortedby their reward —
the first versionhasthe smallestreward). The taskto be
addedsatisfiesall of thefollowing criteria:

e |t wasnotconsideredefore.

e Thecurrentschedulas feasible(time < D).

e By adding the task to the current scheduleat the
minimum speedthe enegy budgetis not exceeded
(energy + ¢}y < E).

¢ Amongall thetasksthatsatisfythe above criteria, se-

e

IecttheonethathastheIargestratiot1 el

1,1°%4,1

The taskaddedmusthave a good(large) reward, a rea-
sonable(small) runningtime and a reasonablg¢small) en-
ey consumption.Hencethe metric usedto decidewhich
taskis bestto addis proportionato therewardandinversely
proportionato thetime andtheenegy requiredby thetask.
Thetaskwith the highestmetricis consideredhebest.Ob-
sene that for eachtask, the smallerthe speed,the larger
the value of the metric (sinceenegy increasesnorethan
linearly with the speedwvhile time decreaseapproximately
linearly andthe task valueremainsthe sameregardlessof
the runningspeed).Thus, it is reasonabléo startwith the
smallesspeedlevel 1) andlaterincreasehetask’'s speedif
possible We experimentedvith differentheuristicssuchas
addingtasksat the smallestspeedhat doesnot exceedthe
deadlineandthey consistentlyreturnsmallersystemvalues
thanthepresenteuristic.

Increasethe speedof atask If thedeadlings exceeded,



thealgorithmpacks tasksto makeroomfor othernotyet se-
lectedtasks,wherepacking meango increasehe speedf
oneof theselectedasksto thenext higherspeedevel. The
taskchoserfor a speedncreasemustsatisfythefollowing:

e |t mustbeselectedn thecurrentschedule.

e [t is notrunningatthemaximumspeeds; # M).

e By increasingts speedto the next higherspeedevel
the enegy budgetis still not exceeded(energy +

Ui v;

ez ,8i+1 62 )84 S E)

e Amongall selectedasksit hasthe hlghestratlo
whereAt =t;* — ;' andAFE =e;% | —

AE'

62 85"

7,8;+

Packing reduceghe total executiontime andincreases
the enegy consumption. The bestcandidatesare consid-
eredthe tasksthat createa lot of room (time or slack)for
the remainingtaskswhile not significantly increasingthe
enegy consumption.Taskvaluesdo not play ary role here
asthetotal rewardis notchangedy the packingoperation,
sincethetaskversionremainghe sameduringpacking.
Increaseversion of a task  Whenall the tasksare se-
lectedin the scheduleaminimumrewardsolutionis found,
otherwisefailure is returned. The third componenf the
algorithm(increaseversion)selectsthe taskto move to its
next higherversion. The old versionis removed from the
schedulewhile the new versionis addedat the minimum
speedThetask: thatis selectedo move to the next higher
rewardversionsatisfies:

¢ [t is notrunningatthehighestversion(v; < V).

e By replacingthe currentversionwith the next higher
versionatthefirst speedevel, theenegy budgetis not
exceededenergy + e/t —e;, < E).

e Amongall thetasksthatarenot runnlngatthe|rh|gh-
estversion,the next versionat minimumspeechasthe

largestreward per unit time andenegy. Thatis, we
vy +1
selecttask: thatmaxmaesm.
e

i
11 2,1

Note that by changingthe versionof a task, the deadline
may be violated. If necessarytasksarepackeduntil either
afeasibleschedulewvith thenew versionis foundor theen-
ey is exceededin this lattercase the algorithmstopsand
the currentsolution(with lower version)is returned.
Complexity Thecompleity of MV-Pack canbeanalyzed
asfollows. Eachtaskis addedat mostonceandits version
canbeincreasedtmostV — 1 times.For eachtaskwe can
increasets speedatmost(M — 1) - V times. With appropri-
atedatastructuregpriority queuesfor example),determin-
ing which taskto choosetakeslog N time for all functions
(addtask,increasespeedandincreaseversion). Thus,the
complity of thealgorithmis O(MV N log N).

Optional and mandatory tasks  Obsere that in the
problemdefinition (Equations(1)-(5)gll tasksare manda-
tory (i.e., mustbeincludedin thefinal schedule)However,

Tablel: Intel XScalespeedsettingsandvoltages
SpeedMHz) | 150 | 400 | 600 | 800 | 1000
Voltage(V) 075 10| 13| 16| 1.8

the MV-Pack algorithm can also handlea combinationof

mandatoryand optionaltasks,in which some(or all) tasks
arenot requiredto be presenin the solution. In this case,
the original task setis modifiedin the following way: for

eachoptional task we artificially add a new versionwith

zeroreward and zero enegy andtime requirements.We

call this addedversionthe zeroversion. A taskselectedn

thefinal scheduleat its zeroversionis equivalentto a task
not selectedor execution.

3.2 Experimental Results

We simulatedthe Intel XScalearchitecturewith 5 speed
levels. The running speedsand their correspondingrolt-
ages(from [6]) areshavn in Tablel. EachtaskhasV = 4
versions.For eachtask, the executiontime of the first ver
sionat minimum speedt wasrandomlygeneratedn the
range[10, 100]. For the' remainingversions,the running
time at the first speedevel wasgeneratedy the formula
thy, = i7"+ AF, whereAf € [0.2-¢},,1.2 -t} ] was
randomlygeneratedor eachtaskversion. Next, ¢# ; was
computedor all versionsandall speedevels, mverselypro-

portionalwith thespeec(tl = tf ;; ).
2 7 7
For thepower consumptiorof ataskversionT! atspeed
level j, we usethe formula P’“ = a; - Voltage(j )foj i

Thus,the power is proportlonalthh the normalizedspeed
andthe squareof thevoltage.q; is anactvity factordiffer-
entfor eachtaskandidenticalfor all versionsof the same
task,proportionawith thedynamicswitchingcausedy the
taskandrandomlygeneratedh therange[0.8, 1.2]. Theen-
emgy requirement; ; is thencomputedasef ; = Pf; -
thatis the power multiplied with thetime.
Taskvaluesof the first versionsr! weregeneratedan-
domly in therange[10, 100]. For the higherversions,task
rewards were generatechccordingto the formula r* =
~1 4 6F, whered? € [0.2- 7}, 1.2 7] was randomly
generatedor eachtaskversion. Thus obser‘e that each
versionrequiresmoretime andmore enegy thanthe pre-
vious versions,but givesa higherreward; also, thereis no
assumptioron the shapeof the reward function (i.e., it is
not necessarilyonvex, linearor concae).
Experimentswith differentrangesfor §* and A% (such
as[10,100]), alsowith narraver or broaderrangesfor the
actwity factorsa; (suchas[0.2, 1.2]) producedvery similar
results.
The deadlineD and maximumenegy E aregenerated
by the formulas D = E t7' andrespectrely F =

i=1"%,s;

Zj'



vazl e;s,» wheretheindicesfor speeds; € {1,2,..., M}
andfor valuev; € {1,2,...,V} arerandomlypickedfor
eachtaski € {1,2,...,N}. We denoteby SR,.;, the
minimum systemreward that can be achieved for a given
taskset, SR,,;n = vazl rl. Similarly, SR,,., denotes
the maximum reward that can be achieved, SR,,q: =
SN rY. Obsere thatif eachtaski runsat the version
v; andthespeedevel s; usedto generate) and F, theen-
ey anddeadlinesarenot exceedecandthe systenreward
iSSRgen = Ef\;l it

Sinceit is impracticalto computethe optimal solution,
wewill compareahe performancef MV-Pack with SR,
SRBmar and SR,.,. Figure2ashawvs the comparisonfor
tasksetsof 10to 100taskswhereSRye,, SRma. andthe
rewardreturnedoy thealgorithmarenormalizedo SR, -
Eachpoint is the averageof 1000 simulationruns. In all
experiments MV-Pack returneda systemvaluehigherthan
SRgen, andcloseto SRy,q.,. Notethat SR,,., is anup-
perboundon the optimalsolution,not the optimal solution
itself. In mostcasesS R,,,.. cannotbeachievedwithout ex-
ceedinghe deadlineor enepy restrictions.For mostgraph
points MV-Pack usedmore than 99% of the available en-
emy; thesmalleswalueis 94%. Similarly, MV-Pack usedat
least97% of theavailabletime.

The systemvalue can be improved even more with
the following enhancementif thereis not enoughenegy
to pack taskswithin the deadline,the searchcontinues
(whereasMV-Pack would stop) by restoringthe schedule
just before attemptingthe last versionincrease. Further
more thetaskthatcausedheenegy problemwhenincreas-
ing its versionnumberhasits versionnumberfrozen (that
is, the higherversionwill never be consideredagain). The
algorithmcontinueghenasusualby selectinga taskto in-
creasdts versionfrom the remainingsetof tasks. The up-
per boundon the runningtime becomes) (M V N2logN),
althoughin practicethe runningtime doesnot significantly
increaseTheenhancedV-Pack returnsslightly higherre-
wardsin 14% of the simulationswith 10 tasksandin 43%
of the simulationswith 100tasks.However, theincreasen
theaveragenormalizedrewardis almostunnoticeableThe
actualrunning times of both algorithmswere lessthan a
millisecondfor all experimentspna850MHz Pentiumlll.

Unfortunatelytheexponentialnatureof anoptimalalgo-
rithm makest impossibleto computethe absoluteerrorfor
highvaluesof V. Thereis experimentakvidence however,
thattheabsoluteerrorsdo notincreasdrather they actually
decreasedsthe numberof tasksincreasesFor example,in
Figure2b, wherewe simulatedsingleversiontasksetswith
5 to 14 tasksunderlimited time andenegy conditions,we
canseethis trend. In the figure, eachpoint is the average
error of 100 runs. The optimal solutionwas computedby
exhaustve searcrandthe averageerroris relative to the op-
timal systemvalue. Theworstperformances whenthereis
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Figure 2: (a) Evaluationof MV-Pack for varying number
of tasks(b) MV-Pack vs. optimal systemvalue for small
numberof single-\ersiontasks

little slackin the systemcombinedwith a reducedamount
of enegy. In this caseeven the optimal canselectonly a
few tasks;if the algorithmdoesnot pick exactly the same
tasksasthe optimal,theerroris likely to increase.

In orderto avoid the compleity of finding the optimal
solutionto evaluateour algorithmswedesignednotherex-
perimentin which we constructedetsof taskswith known
optimalsolutions,andranour algorithmsagainsthosetask
sets.Thetasksetswvereconstructeasfollows: thedeadline
D wassetto D = Y ¢V, andthemaximumenegy E

=1 "%,8;
wassetto £ = Y21 eV, wheres; € {1,2,..., M} was
randomlygeneratedor eachtask. Thus,if eachtaski runs
atspeedevel s; andversionV/, all tasksareschedulabland
theoptimalrewardis simply SR, ... We ran1000simula-
tions on task setswith 20 to 100 tasksand 4 versionsfor
eachtask. We do not shaw a graphfor theresults,because

the optimalsolutionwasreturnedn all simulationruns.



4 RechargeableRT Systems

Thealgorithmpresentedn the previous sectiondetermines
which versionsto selectandat what speedgo runthemso
thatto maximizethe total value of a frame/ hyperperiod
givenanenegy budget.It wasshowvn thatthe problemfor-
mulationsfor frame-basedndperiodictasksareequialent.
We completethesolutionin this sectionby shaving how to
distribute the available enegy betweenframes. The same
resultsapplyto hyperperiodaswell.

First, a static analysis is performedassuminga worst-
casescenariojnamelyworst caseexecutiontimesand en-
ey requirementdor task versionsas well as minimum
rechaging enegy E.... The analysisis necessaryasthe
systemhasto be provably stable(i.e., the batteryenegy is
at all timeshigherthan E;,,,) in all possiblescenarios.If
the systemis determinedo be stable the staticcomponent
is alsoresponsibldor distributing the availableenegy be-
tweenframesaswell asschedulingnsideeachframebased
ontheMV-Pack algorithm.

Thedynamic component dealswith casesvhereextraen-
ey appeardn the system,due to tasksactualexecution
timesandenegy requirementeingsmallerthantheworst-
caseor therechaging enegy beinglargerthan F,.... Even
if the worst-casescenarids true at all times, extra enegy
canslowly accumulatén time dueto limitationsof thestatic
componen(i.e., the availableenegy is not entirely used).
We proposethreedynamicenegy reclaimingschemeghat
areshowvn to improve the enegy usageandthe overall sys-
temvalue. Both staticanddynamiccomponentsarebased
onthe MV-Pack algorithm. A quantitatve evaluationof the
proposedsolutionsis presentedh Section4.3.

4.1 Static Analysis

We preseninecessanandsufiicient conditionsfor the sta-
bility of the system. Basedon theseconditionswe shav
how to distributethe available enegy betweenframes,as-
sumingaworst-casecenario.

The staticanalysisstartsby runningthe MV-Pack algo-
rithm, assumingnfinite available enegy. After eachsuc-
cessfulversionincreasdi.e., rewardhalueincrease)thein-
termediatesolutionis saved (i.e., the speedandversionfor
eachtask, aswell asthetotal enegy consumptiorandre-
wardarestored).Therecanbeatmost/NV successfuver
sionincreasesthusthe spaceandtime compleity become
O(N?V). In practice,runningtimesarestill undera mil-
lisecondevenfor 100tasks(850MHz Pentiumill).

The i** intermediatesolution schedule enegy andre-
wardaredenoteddy ¢%, ¢, andg, respectiely. If asolu-
tion hasa smallerreward and a higherenegy than some
other solution, it is eliminatedfrom the saved solutions.
This casecan happenfor artificial scenariosalthoughwe

did not encounteiit during simulations. Notice that saved
intermediatesolutionsare orderedby their rewards/enagy
in increasingorder

We chooseto distributethe availableenegy equallybe-
tweenall rechaging framesand equally betweenall dis-
chaging frames,for reasonslescribechext. Taskrewards
are expectedto be proportionalto their executiontimes.
Enegy increasesnorethanlinearly with the speedwhile
time decreaseapproximatelylinearly. Thus,it is to be ex-
pectedthat the frame reward increasedessthan linearly
with the frame available enegy. In otherwords, having
a fixed amountof enegy to be distributedamongseveral
frames,an equalenegy partitionis expectedto maximize
thetotal reward of theframes.While artificial casesanbe
constructedvherean equalenegy partition is not optimal
from arewardview point,acompleteanalysiss NP-hard.

The systemis stableif and only if both the following
conditionsaresatisfied:

e Therechaging enegy is enougho runall frameswith
their minimum enegy requirement.Thatis, F,.. >
(N, +N4)ék (N, andN, arethenumberof rechaging
anddischaging frames). This conditionis necessary
but not sufiicient, asit couldbethe casethatnotall of
the rechaging enegy F,.. canbe used(for example,
dueto batterycapacitylimitation).

e If not all the enegy can be stored,it meansthat at
the end of the rechaging period the batteryis fully
chaged. Thus, the secondconditionis that starting
with a batteryfully chagedall dischaging framescan
be executedwithout exhaustingthe enegy beforethe
rechaging periodstarts.Thus,theseconcconditionis:
Ehigh — Eiow > Na - ¢},

For a stablesystemtheactualschedulesor therechag-
ing anddischaging framesare obtainedasdescribechext.
We assumehe systemstartswith a fully chaged battery
(Enrign) and the first dischaging frame. We requirethat
eachfirst dischaging framestartswith afully chagedbat-
tery, in otherwordsthe systemenegy doesnot decrease
acrossrechaging periods. The scheduledor the dischag-
ing andrechaging framesarethe solutions¢’, and¢?; that
satisfy:

maximize
subjectto

Na- &%+ Ny - 6% (11)
Ehigh — Elow > Na - 6% (12)
ErecZNd'qsiE'i'Nr'qS]E (13)

Determiningthe optimal valuesfor i andj hascompleity
O(NYV), asthereareatmost NV storedsolutions.A solu-
tion alwaysexistsfor a stablesystem.

Inside a frame, tasksare scheduledso thatto minimize
the numberof speedchangesRechaging/dischaging pat-
ternsplay a secondaryrole within a frame, aswill be ar
guednext. During dischaging, the feasibility conditions



give the guarantedhat the batteryenegy will not be less
than Ey,,,. During rechaging, simpleschemeganensure
thattherechaging enepy is efficiently used.If atthestart
of a rechaging frame the batterylevel is low (say below
E’”g”zﬂ), taskswith low power requirementsare run
first. Thus, inside a rechaging frame the batteryis first
rechaging and E;,,, cannotbe reached. Similarly, if the
batterylevel is high,taskwith high powerrequirementsire
runfirstin arechagingframe.Thebatterylevel is thusatall
timeswithin theacceptabléimits [E;o., Erign], exceptfor
the casewhen ... is too high to useall of the rechaging
enegy. An optimalin-frameschedulecanbedevelopedas-
sumingtasksarepreemptabl@andrechaging andconsump-
tion patternaareknown [1]. However, minimizingthenum-
ber of preemptionds believed to be NP-hard[1]. In our
case,dueto the granularityconsideredhundredsor thou-
sandsof rechaging frames)the rechaging ratesand con-
sumptionpatternshave a reducedimportanceandwe will
notfurtheraddressuchissues.

4.2 Dynamic Energy Reclaiming

The staticcomponents too conserative, asthe systemhas
to be stableeven in worst-caseconditions. The dynamic
componenhandlescasesvhenextra enegy appearsn the
system suchastaskcomputatiorandenegy requirements
beinglessthanthe estimatedvorst-case.

Therearemary waysto improvethesystenrewardwhen
worst-casacenarioslonothappen For example wheneer
ataskrequireslessenegy thanits worst-casethe remain-
ing tasksinsideits framecanbenefitfrom the extra enegy
to improve their reward. However, this approachimpliesa
considerableverheadasa nev scheduleneedsto be con-
structedpotentiallyevery taskcompletion.In termsof sys-
temrewardtheapproachmayalsobeinefficient, asit could
bebetterto distributetheenegy betweerframes.

Three dynamic policies are presentechext. The first
two schemesedistritutethe enegy betweerall remaining
framesuntil the first dischaging frame (at which moment,
becausehis is a stablesystem the batterylevel is Ep;4).
Thus,the extra enegy is not usedin the currentframeand
thereschedulingoverheadccursonly atframeboundaries.
Also, thesystenrewardcanbenefitmostfrom thisapproach
sincerewardincreasesessthanlinearly with theenegy. A
third dynamicpolicy useghestaticscheduldor frames but
givesall the extra enepgy to the next frame. Rescheduling
decisionarestill madeonly atframeboundaries.
Proportional In this scheme,upon the completionof
eachframe, the available enegy is redistrituted equally
betweenall dischaging framesand equally betweenall
rechaging frames. A worst casescenariois assumedor
the remainingframesandthusthe systemis guaranteedo
be stable. However, the extra enegy cannow be usedto

improve the systemreward while still guaranteeingfs sta-
bility. Whendischaging frame k£ completesaware of the
currentbatteryenegy Epqitery, 8 NGN schedule¢g is se-
lectedfor the remainingN; — £ dischaging framesanda
new schedulep’, is selectedor the N, rechaging frames
so that to maximize (Ng — k)g/)g + N, - d){% subjectto

Evattery — Eiow > (Na— k)¢jE (i.e.,thereis enoughenegy
in the batteryto run all remainingdischaging frames)and
Ebattery - (Nd - k)¢ZE + Erec - Nr ° ¢]E Z Ehigh (i'e'l
the batteryis fully chagedwhenthelastrechaging frame
completes).Noticethatfor & = 0 and Evattery = Fhign

Equationg11)-(13)arederived.

Similarly, whenrechaging framek completestheavail-

able enegy is equally distributed betweenthe remaining
N, — k framessothatthebatteryenegy is atleastEy;,, at
the completionof thelastrechaging frame.
Speculative  The proportionalschemeis too consera-
tive as a worst-casescenariois assumedor all remaining
frames. A betterapproachs to predictfuture enegy con-
sumptionbasedon previous history and scheduleasksac-
cordingly For eachframewe computethe ratio of its ac-
tual to worst-caseenegy consumption. The ratio for the
next frameis thenpredictedastheaverageof suchratiosfor
all framesin the history window (the last 10 frameswere
consideredn the experiments).The amountof rechaging
enegy for eachrechaging frameis similarly predicted.

While tasksare scheduledassumingpredictedenegy
consumptionsa feasibility testis alsoperformedto ensure
that the systemis stableeven in worst-caseconditionsfor
all remainingframes.

Greedy Thelastschemewe proposegreedilyassignsll
the available enegy to the next frame with the constraint
thatenougheneqy is left to run the remainingframesac-
cordingto the staticschedule Thus,the extra enegy in the
systems immediatelyused,unlikein thepreviousschemes.

Theoverheadf all dynamicschemess O(NV') ateach
framecompletion. Simulationresultspresentedn the next
sectionquantitatively evaluateboth the static and the dy-
namiccomponents.

4.3 Experimental Results

Tasksetswith 10 to 100tasksweregeneratedsdescribed
in Section3.2. We usedthe Intel XScalemodelandV = 4
versionsor eachtask(all tasksaremandatoryi.e., mustbe
selectedn eachframe). The staticanalysiswasperformed
first by runningthe MV-Pack algorithmto generatehe in-
termediatesolutionsgy;.

The valuesfor Ej,y, Epign and E,.. werethengener
atedasdescribechext. Ej;,, and By, Weregenerateds
5% andrespectiely 95% of the batterymaximumcapacity
Emaz, COMputedso that the available enegy during dis-
chaging (i.e., Exigrh — Eiow) iSin therange[Ng - ng}E,, Ny -



¢%], wheres isthehighestreward/enegy intermediatesolu-
tion (s is notalwaysN V asdeadlineganbemissed).Thus,
Equation(12) canbesatisfiedandnotenoughenegy canbe
storedn thebatteryto runall tasksin all dischagingframes
attheir highestversion.Similarly, .. wasthengenerated
in therange[(Ny + N, )¢k, (Na + N, )¢%]. Equation(13)
canbesatisfiedwhile therechaging enegy cannotsupport
all tasksat their highestversion. We, for our experiments,
thusensurethatthereis a solution, but not enoughenegy
to run all themostvaluedtaskversions.

The staticschedulevas createdasthe solutionto (11)-
(13). The systemwasthensimulated startingwith thefirst
dischaging frameandafully chaged(Ey;4,) battery The
dynamicbehaior is simulatedasfollows: with a probabil-
ity of 50%tasksrequiredtheir worst-casd¢ime andenegy
and with 50% probability their actual running time (and
thusenegy requirementvasbetweerb0%to 100%of the
worst-caseThus,on averageframesrequire87.5%of their
worst-cas¢ime andenepy.

For eachrechaging frame, the rechaging enegy was
0 to 20% higherthanthe average%. For the specula-
tive scheme the ratio of actual-caséo worst-caseframe
enegy consumptionwas predictedas the averageratio of
thelast 10 frames. Similarly, the amountof rechaging en-
ey waspredictedto be the averageof thelast10 rechag-
ing frames. A comparisorbetweenthe staticanddynamic
schemess presentedn Figures3aand3b. The framere-
ward and batteryenegy at the completionof eachframe
areshavn. Eachpointin the graphis the averageof 1000
experimenty N = 50 tasksand N, = N, = 100).

As seenin Figure3b, the staticschemedoesnot reactto
changesn the available enegy andpart of the rechaging
enepgy is wasted.Thebatterybecomedully chagedbefore
the rechaging period ends. The dynamicschemegener
ally takeadwantageof all therechaging enegy. In termsof
framerewards,all dynamicscheme®utperformthe static.
Amongthedynamicschemesheworstperformances that
of the proportional,which is too conserative in assuming
a worst-casescenaridor the remainingframes. As a con-
sequencethe available enegy is too slowly redistributed,
resultingin the patternshovn in Figure 3a, with framere-
wardsslowly increasingandextra enegy accumulatingo-
wardstheendof rechaging anddischaging periods.

The speculatie schemereturnedhigher total rewards
thanthe greedyin 87% of the experiments. The greedy
schemeensureseachframe hasa reward higher than or
equalto thestaticscheduleeward. Thespeculatie scheme
only ensureghat the remainingframesare feasible(i.e.,
minimum reward) and also speculateghat taskswill not
taketheirworst-caseime andenegy. For thisreasorit can
be moreaggressie and,on average allocatesnoreenegy
thanthe greedypolicy to the dischaging frames,andless
enepy to therechaging frames. Reducingthe enegy gap
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betweerthe dischaging andthe rechaging framesgener
ally resultsin animprovedtotal systemvalue.

A comparisonbetween the greedy and speculatie
schemedor atypical simulation(the first of the 1000 ex-
periments)s shavn in Figure4. Thegreedypolicy exhibits
alot of variationbetweeradjacentframes,asthe extra en-
ey (which variesfrom frameto frame)is given only to
thenext frame. The speculatie schemds morestableasa
resultof equallydistributingthe availableenengy.

5 Conclusions

We presentedhe algorithm MV-Pack for the problem of
maximizing the total value of a frame (frame-basedask
sets)or hyperperiod(periodictasksets)with time anden-
ey constraints. Tasksare assumedo have multiple ver-
sions,eachwith differentrewards time andenegy require-
ments. The algorithm selectsthe mostimportantversions
anddeterminegheir executionspeedgiventheconstraints.
In the contet of rechageablesystemswe proposed static
solution(basedn MV-Pack) thatdeterminesiow muchen-
emy to allocateto eachframesothatto maximizethetotal
valueof thesystem.

The staticanalysisis necessaryasthe systemhasto be

stable(i.e., the batteryis never exhausted)jn all scenarios.

However, the static solution is too conserative, asit as-
sumesa worst-casescenariofor task executiontimesand
rechaging enegy. Threedynamicpoliciestakeadwantage
of the extra enegy in the system(for exampledueto task
actualexecutiontimesbeinglessthantheir worst-case)At
the completionof eachframe the dynamicpoliciesredis-
tributetheavailableenegy betweentheremainingframeso
avoid re-schedulingat every frameboundary All dynamic
solutionswere shovn to makebetteruse of the available
enepy, resultingin a highertotal systemvalue. The over-
headof redistritutingtheenepy is typically in therangeof
microsecond$ dozenf microsecond$or eachframe.

Futurework will addresghe caseof slackreclamation
insidea frame, speedchangeoverheadsaswell asthresh-
olds for triggering the redistritution of enegy between
frames. Finally, we planto considertaskdependencieas
providedby ataskgraph.
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