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1 Introduction

We survey recentresearchthat hasappearedin the theoreticalcomputerscienceliteratureon algorithmic
problemsrelatedto power management.We will try to highlight someopenproblemsthat we feel are
interesting. This survey placesmoreconcentrationon lines of researchof the authors:managingpower
usingthetechniquesof speedscalingandpower-down which arealsocurrentlythedominanttechniquesin
practice.

1.1 Motivation

Thepowerconsumptionrateof computingdeviceshasbeenincreasingexponentially. Sincetheearly1970s,
the power densitiesin microprocessorshave doubledevery threeyears[34]. This increasedpower usage
posestwo typesof dif�culties:

� Energy Consumption: As energy is power integratedover time,supplyingtherequiredenergy may
becomeprohibitively expensive, or eventechnologicallyinfeasible.This is a particulardif�culty in
devicesthat rely heavily on batteriesfor energy, andwill will becomeeven morecritical asbattery
capacitiesareincreasingat a muchslower ratethanpowerconsumption.Anyoneusinga laptopon a
long �ight is familiar with thisproblem.

� Temperature: The energy usedin computingdevices is in large part converted into heat. For
high-performanceprocessors,cooling solutionsare rising at $1 to $3 per watt of heatdissipated,
meaningthat cooling costsare rising exponentially and threatenthe computerindustry's ability
to deploy new systems[34]. In May 2004 Intel publicly acknowledgedthat it had hit a “ther-
mal wall” on its microprocessorline. Intel scrappedthe developmentof its Tejas and Jayhawk
chips in order to rush to the marketplacea more ef�cient chip technology. Designerssaid that
the escalatingheatproblemswereso severe that they threatenedto causeits chipsto fracture[27].
For a striking exampleof the grievous effect of removing the fan from a modernprocessor, see
http : //www.cs.pitt.edu/ � kirk/cool.avi.(You will needa DivX codecinstalled.)

Thesetwo factorshave resultedin power becominga �rst-class designconstraintfor moderncomputing
devices[28].

Thereis anextensive literatureon power managementin computingdevices. Overviews canbefound
in [11, 28, 36]. All of thesetechniquesthathave beeninvestigatedaresimilar in that they reduceor elim-
inatepower to someor all componentsof thedevice. Sensornetworkshave emergedasan importantnew
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paradigmin which power-awarecomputationis absolutelycritical. The explosive interestin sensornet-
works is the resultof the developmentof low-cost,low-power mutifunctionalsensordevices,suchasthe
SmartDustMote [1, 22], thataresmall in sizeandcommunicateuntetheredatshortdistance.

Thereis an inherentcon�ict betweenpower reductionandperformance;in general,the more power
that is available, the better the performancethat can be achieved. As a result, it is generallyproposed
that power reductiontechniquesbe preferentiallyappliedduring timeswhenperformanceis lesscritical.
However, this requiresa policy to determinehow essentialperformanceis at any given time andhow to
apply a particularpower reductiontechnique.Currenttools andmechanismsfor power managementare
inadequateandrequiremoreresearch[14]. Furthermore,thereis a growing consensusthat thesepolicies
mustincorporateinformationprovided by applicationsandhigh levelsof the operatingsystemin orderto
achievenecessaryadvances[14].

We advocateformalizingpower managementproblemsasoptimizationproblems,andthendeveloping
algorithmsthatareoptimalby thesecriteria.Thegoalis todevelopeffectivealgorithmsfor speci�c problems
within the domainof power managementas well as to build a toolkit of widely applicablealgorithmic
methodsfor problemsthatarisein energy-boundedandtemperature-boundedcomputation.

2 Speed Scaling

2.1 Formulation asa SchedulingProblem

Speedscalinginvolvesdynamicallychangingthevoltageand/orfrequency/speedof theprocessor. A pro-
cessorconsumeslesspower when it is run at a lower speed. Both in academicresearchand practice,
dynamicvoltage/frequency/speedscalingis thedominanttechniqueto reduceswitchingloss,which is cur-
rently thedominantform of energy consumptionin microprocessors[11, 28, 36]. Currentmicroprocessors
from AMD, Intel andTransmetaallow thespeedof themicroprocessorto besetdynamically. Informally,
speedscalingproblemsinvolvedeterminingthespeedof theprocessorat eachpoint in time.

Theoreticalinvestigationsof speedscalingalgorithmswereinitiatedby Yao,Demers,andShankar[37].
Yaoetal. [37] proposeformulatingspeedscalingproblemsasschedulingproblems.Thesettingis acollec-
tion of tasks,whereeachtaski hasareleasetimeri whenit arrivesinto thesystem,andanamountof work
wi thatmustbeperformedto completethetask.A schedulespeci�eswhich taskto runat eachtime,andat
whatspeedthattaskshouldberun.

In particular, Yaoet al. [37] considerthecasethat thereis alsoa deadlinedi associatedwith eachtask
that speci�esthe time by which the taskshouldbecompleted.In somesettings,for example,the playing
of a video or othermultimediapresentation,theremaybe naturaldeadlinesfor the varioustasksimposed
by theapplication. In othersettings,the systemmay imposedeadlinesto bettermanagetasksor insurea
certainqualityof serviceto eachtask[12]. Yaoetal. [37] assumethatthesystem'sperformancemeasureis
deadlinefeasibility; that is, eachtaskmust�nish by its deadline.

They study the problemof minimizing the total energy usedsubjectto the deadlinefeasibility con-
straints. Bansal,Kimbrel and Pruhs[7, 8] study the problemof minimizing the maximumtemperature
attainedsubjectto thedeadlinefeasibility constraints.

2.2 Energy and Temperature

Beforeproceedingfurther, we needto explain how speed,power, energy, and temperaturearemodeled,
andhow they arerelated. Yao et al. [37] assumea continuousfunctionP (s) suchthat if the device runs
at speeds, then it consumespower at a rate of P (s). For example, the well known cube-rootrule for
CMOS baseddevicesstatesthat the speeds is roughly proportionalto the cube-rootof the power P , or
equivalently, P (s) = s3, thepower is proportionalto thespeedcubed[11]. Yaoetal. [37] only assumethat
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P (s) is strictly convex. This assumptionimpliesthatthattheslowera taskis run, thelessenergy is usedto
completethat task. Somesimplicity of analysis,andlittle lossof applicability, comesfrom assumingthat
P (s) = s� for someconstantα > 1.

Thetotal energy usedby thesystemis then
R1

0 P (s(t))dt wheres(t) is thespeedof thedeviceat time
t.

We now turn our attentionto temperature.Cooling,andhencetemperature,is a complex phenomenon
thatcannotbemodeledcompletelyaccuratelyby any simplemodel[33]. In [7], BansalKimbrel andPruhs
proposea modelin which theenvironmentaltemperatureis assumedto beconstant.While this assumption
certainlyis notstrictly true,thehopeis thatit is suf�ciently closeto beingtruethatinsightgainedwith this
modelwill be useful in real settings. They alsoassumethat the rateof cooling of the device adheresto
Fourier's Law. Fourier's law statesthat the rateof cooling is proportionalto thedifferencein temperature
betweentheobjectandthe environment. Without lossof generalityonecanscaletemperatureso that the
environmentaltemperatureis zero.A �rst orderapproximationfor therateof changeT 0of thetemperature
T is thenT 0= aP � bT , whereP is thesuppliedpower, anda, b areconstants.

Somemodernprocessorsare able to sensetheir own temperature,and thus can be slowed down or
shut down so that the processortemperaturewill stay below its thermal threshold[34]. If one views
http : //www.cs.pitt.edu/ � kirk/cool.avi, this is thereasonwhy thePentiumonly slows down, and
doesn't fry like theAMD processor.

BansalandPruhs[8] show thatthemaximumtemperatureis within afactorof 4 of a timesthemaximum
energy usedover any interval of length 1

b. This observationalsoshows thatthereis a relationshipbetween
totalenergy andmaximumtemperatureoptimizationandsimpli�es thetaskof reasoningabouttemperature.
If the cooling parameterb is 0 then the temperatureminimizationproblembecomesequivalent(within a
constantfactor) to theenergy minimizationproblem.This alsoexplainswhy somealgorithmsin the liter-
aturefor energy managementarepoor for temperaturemanagement,that is, thesealgorithmscritically use
thefact thattheparameterb = 0. If thecoolingparameterb is 1 thenthetemperatureminimizationprob-
lembecomesequivalentto theproblemof minimizing themaximumpower, or equivalentlyminimizing the
maximumspeed.Wesaythatanalgorithmis coolingobliviousif it is simultaneouslyO(1)-approximatefor
minimizing themaximumtemperaturefor all valuesof a andb in thetemperatureequationT 0 = aP � bT ,
Thusa coolingobliviousalgorithmis alsoO(1)-approximatefor total energy andmaximumspeed/power.
Theenergy minimizationproblem,whenthespeedto power parameterα is 1 is alsoequivalentto mini-
mizing themaximumpower.

2.3 Energy Minimization with DeadlineFeasibility

Yao,DemersandShankar[37] studytheproblemof minimizing thetotal energy usedto completeall tasks
subjectto thedeadlinefeasibility constraints.They give anof�ine greedyalgorithm(YDS) thatoptimally
solvesthis problem.ThealgorithmYDS proceedsin a seriesof iterations.During eachiteration,tasksin
themaximumintensityinterval arescheduledEarliestDeadlineFirstataspeedequalto theintensityof this
interval; theintensityof a time interval is de�ned to bethesumof thework requirementsof all taskswhose
releasetime anddeadlineareboth containedwithin the interval divided by the lengthof an interval. The
newly scheduledtime interval is thenblackedout, andall theremainingtasksmustbeexecutedduringthe
remainingtime thatis not blackedout. It wasshown by BansalandPruhs[8] that theenergy optimality of
theYDS schedulefollowsasadirectconsequenceof thewell known KKT optimalityconditionsfor convex
programs.

Theorem 1. TheYDSalgorithmis optimalfor energyminimization.
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Proof. Considera convex program

min f0(x)

fi (x) � 0 i = 1, . . . , n

Assumethat this programis strictly feasible,that is, thereis somepoint x wherewherefi (x) < 0 for
i = 1, . . . , n. Assumethat the fi areall differentiable. Let λi , i = 1, . . . , n be a variable(Lagrangian
multiplier) associatedwith thefunctionfi (x). Thenanecessaryandsuf�cient KKT conditionsfor solutions
x andλ to beprimalanddualfeasibleare[10]:

fi (x) � 0 i = 1, . . . , n (1)

λi � 0 i = 1, . . . , n (2)

λi fi (x) = 0 (3)

r f0(x) +

nX

i =1

λi r fi (x) = 0 (4)

To statetheenergy minimizationproblemasaconvex program,webreaktime into intervalst0, . . . tm at
releasetimesanddeadlinesof thetasks.Let J(i) bethetasksthatcanfeasiblybeexecutedduringthetime
interval Ii = [ti , ti +1 ], andJ � 1(j) beintervalsduringwhich taskj canbefeasiblyexecuted.We introduce
a variablewi;j , for j 2 J(i), that representsthe work doneon taskj during time [ti , ti +1 ]. Our (interval
indexed)mathematicalprogramP is then:

min E (5)

wj �
X

i 2 J −1 ( j )

wi;j j = 1, . . . , n (6)

mX

i =1

 P
j 2 J (i ) wi;j

ti +1 � ti

! �

(ti +1 � ti ) � E (7)

wi;j � 0 i = 1, . . . , m j 2 J(i) (8)

By applyingtheKKT optimality conditions(see[8] for details)onecanconcludethata suf�cient con-
dition for aprimal feasiblesolutionto beoptimalis that:

� For eachtaskj, theprocessorrunsat thesamespeed,call it sj , duringtheintervalsi in which taskj
is run.

� And theprocessorrunsatspeedno lessthansj duringintervalsi, suchthatj 2 J(i), in which taskj

is not run.

Thescheduleproducedbt theYDS algorithmclearlyhasthesepropertiesandhenceis optimal.

A naiveimplementationof YDS runsin timeO(n3). Thiscanbeimprovedto O(n2) if theintervalshave
a treestructure[26]. It wouldbe interestingto seeif thecubicrunningtime of YDS for arbitraryinstances
canbe improved. For jobs with a �x ed priority, Yun andKim [39] show that it is NP-hardto computean
minimumenergy schedule.They alsogive a fully polynomialtimeapproximationschemefor theproblem.
Kwon andKim [25] givea polynomialtime algorithmfor thecaseof aprocessorwith discretespeeds.

In theonlineversionof theproblem,analgorithmonly learnsabouta taskat its releasetime, at which
time it is given the exact work requirementsof the job aswell as its deadline.Yao et al. [37] de�ne two
simpleonlinealgorithms.TheonlinealgorithmAverageRate(AVR) runseachtaskin theoptimalmanner
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undertheassumptionthat it is theonly taskin thesystem.That is, thework on eachtaskis spreadevenly
betweenits releasedateandits deadline.TheonlinealgorithmOptimalAvailable(OA) atany point of time
schedulestheun�nished work optimally undertheassumptionthatno moretaskswill arrive. They give a
lower boundof α� on theapproximationratio for AVR andOA for energy minimization. In this instance
ri = 0, di = i/n andwi = (n/i)

� +1
� , for i = 1, . . . , n. They alsoprove,usingarathercomplicatedspectral

analysis,that the approximationratio of AVR is at most2� α� for energy minimization. It wasshown by
Bansal,Kimbrel andPruhsin [7] usinga simplepotentialfunction argument,that OA is α� -competitive
with respectto energy minimization.Thatis, they show thatatall timest, POA (t)+Φ0(t) � POpt(t), where
POA (t) is thepowerof OA at time t, POpt(t) is thepowerof adversaryat time t, andΦ0(t) is thechangein
a potentialfunctionΦ(t) thatwe de�ne.

The generallower boundsin [37] on the competitive ratio, with respectto energy minimization, for
an arbitraryalgorithmareof the form Ω(c� ) for someconstantc. This suggeststhe questionof whether
anonline algorithmexists that canachieve a competitive ratio that is O(c� ). Suchanalgorithmwould be
betterthanOA or AV R for large α. Bansal,Kimbrel andPruhs[7] introducean online algorithmand
prove that it achievessucha competitive ratio. We refer to this algorithmasBKP. To explain the BKP
algorithm,weneedto �rst introducesomenotation.Let w(t, t1, t2) denoteamountof work thathasarrived
by time t, that hasreleasetime � t1 and deadline� t2. Let k(t) be the maximumover all t0 > t of
(w(t, et � (e � 1)t0, t0))/(e(t0� t)). Notethatw(t, t1, t2) andk(t) maybecomputedby anonlinealgorithm
at time t. At all timest, the BKP algorithmworks at ratee � k(t) on the un�nished job with the earliest
deadline.Intuitively, k(t) is a lower bound,anda currentestimate,of the speedof theoptimal algorithm
YDS at time t. Theonlinealgorithmhasto run at a higherratethank(t) in casethatmorework arrivesin
thefuture,andits lowerboundof k(t) wastoosmall.Theconstantsarechosento provide thebestanalysis.

Bansal,Kimbrel andPruhs[7] show that theBKP is alsoe-competitive with respectto the maximum
speed. Furthermore,this is optimal amongdeterministiconline algorithms. That is, the objective is to
minimize the maximumspeedthat the processorrunssubjectto the constraintthatall jobs �nish by their
deadline.Therefore,BKP is alsostronglye� -competitivewith respectto maximumpower. In theinstance
thatestablishesthis lowerbound,theadversaryworksata ratea(t) = � 1

(ln x)(1 � t ) from time0 to time1 � x.
We look at thelimit of theresultinginstancesasx goesto 0. Work is releasedat theratethattheadversary
doesthework, andthedeadlineof all work is 1 � x. Understandingthis instanceis usefulin understanding
theunderlyingmotivationfor thede�nition of theBKP algorithm.

2.4 Maximum Temperature Minimization with DeadlineFeasibility

Bansal,Kimbrel andPruhsshow in [7] that in principletheproblemof minimizing maximumtemperature,
subjectto deadlinefeasibility, canbestatedasa convex programasfollows. We breaktime into intervals
t0, . . . tm at releasedatesanddeadlinesof the jobs. We introducea variableTi that representsT (ti ), the
temperatureat time ti . Let J(i) be the jobs j that can feasibly be executedduring time [ti , ti +1 ], that
is, rj < ti +1 anddj > ti . We introducea variableWi;j , for j 2 J(i), that representsthe work done
on job j during time [ti , ti +1 ]. Let MaxW (x, y, X, Y ) be the maximumwork that canbe donestarting
at time x at temperatureX andendingat time y at temperatureY subjectto the temperatureconstraint
T � Tmax throughoutthe interval [x, y]. Let MaxT (x, y, X, y) be a correspondingtemperaturecurve.
Let UMaxW (x, y, X, Y ) andUMaxT (x, y, X, Y ) besimilarly de�ned exceptthat thereis no maximum
temperatureconstraint.We canthenexpressthetemperatureproblemas:
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pj �
X

i :j 2 J (i )

Wi;j 1 � j � n (9)

X

j 2 J (i )

Wi;j � MaxW (ti , ti +1 , Ti , Ti +1 )

1 � i � m � 1 (10)

0 � Ti 1 � i � m (11)

0 � Wi;j 1 � i � m, 1 � j � n (12)

To solve this problemin polynomialtime usingtheEllipsoid algorithm,oneneedsto give anef�cient
algorithmfor computingseparatinghyperplanes.For thisproblem,thisboilsdown tounderstandingthetem-
peraturecurvesMaxT andUMaxT . Sucha problemfalls undertherubric of calculusof variations[35].
Let F = ((T 0+ bT )/a)1=� . The fundamentaltheoremof calculusof variationsstatesthat the solutionto
ourproblem(without thethermalthreshold)followsanEuler-Lagrangecurve thatsatis�esFT � d

dt FT ′ = 0.
Solvingthis usingthestandardLaplacetransformtechnique,we getthatT = ce� bt + de� �bt= (� � 1), where
theconstantsc andd aredeterminedby theboundaryconditions.Onecanshow that theoptimaltempera-
turecurveT is eitheranEuler-Lagrangecurvefor theunconstrainedproblem,or followsanEuler-Lagrange
curveupto Tmax , staysatTmax for awhile, andthencoolsto the�nal temperaturealonganEuler-Lagrange
curve. After somework, thisgivessuf�cient informationto ef�ciently computea separatinghyperplane

BansalandPruhsshow [8] thatwhile the YDS schedulemaynot be optimal for temperature,YDS is
cooling oblivious(recall, this meansO(1)-approximatefor temperature).Thus,this constructively shows
that thereareschedulesthatachieve anO(1)-approximationratio with respectto bothof thedual criteria:
temperatureandenergy.

BansalandPruhsshow [8] that theonlinealgorithmsOA andAVR, proposedin [37] in thecontext of
energy management,arenot O(1)-competitive with respectto temperature.Recall that thesealgorithms
areO(1)-competitivewith respectto energy. This illustratesanalyticallytheobservationfrom practicethat
power managementtechniquesthat areeffective for managingenergy may not be effective for managing
temperature.They alsoshow in [8] that themostintuitive temperaturemanagementalgorithm,runningat
sucha speedsothat the temperatureis constant,is surprisinglynot O(1)-competitivewith respectto tem-
perature. In contrast,they show that the online speedscalingalgorithmBKP is cooling oblivious. The
temperatureanalysisof theonlinealgorithmBKP comparesBKP to YDS, andthusthetemperatureanalysis
of YDS wasanecessarycomponentto thetemperatureanalysisof BKP. NotethatasBKP is coolingoblivi-
ous,theO(1)-competitivenessof BKP for totalenergy minimizationandmaximumspeedminimizationare
essentiallya corollary of this result (althoughbetterconstantscanbe obtainedby doing a direct analysis
[7]).

2.5 Flow Time

We cantakeany schedulingproblemandconsideran energy managementversion,or a temperatureman-
agementversion.Wewould thengetadualoptimizationproblem,wherethedualobjectivesaretheoriginal
quality of serviceobjective for theschedulingproblem,andthesecondobjectivewaseitherenergy or tem-
perature.Thesimplestwayto getresultsfor dualobjectiveproblemsis to boundoneobjectiveandoptimize
for the other. It seemsmorenaturalhereto boundenergy or temperature,andto optimizethe quality of
serviceobjective. In thecaseof temperature,it is reasonableto assumethat that thermalthresholdof the
device is known, andoneneedsa schedulethat keepsthe temperaturebelow the thermalthreshold.In the
caseof energy, it is reasonableto assumethat the energy storedin the batteryis known, andoneneedsa
schedulethatdoesn't depletethebattery.
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Theonepaperthatweareawareof thatconsidersapowermanagementproblemfor aschedulingobjec-
tiveotherthandeadlinefeasibility is [30]. In [30], Pruhs,Uthaisombut andWoegingerconsidertheproblem
of minimizing thetotal �o w time subjectto a boundE on the total energy used.The �o w time of a taski
is Fi = Ci � ri , which is thedifferencebetweenthecompletiontime of theprocessandthereleasetimeof
theprocess.Froma mathematicalpoint of view, it is easierto dealwith deadlinefeasibility than�o w time
sincethedeadlinesrestrictthepossiblewaysandtimesthatenergy might reasonablybespent.To try to get
somehandleon �o w time,Pruhsetal. [30] restrictedtheir attentionto thecasethatall taskshave thesame
amountof work. This allowedthemto decoupletheschedulingpolicy from the speedsettingpolicy, and
concentrateoureffortson understandingspeedsettingalone.In thecaseof equi-worktasks,it canbeeasily
shown thattheoptimalschedulingpolicy is First-Come-First-Served(FCFS).

Thisproblemmaythenbeexpressedasa convex programP in thefollowing manner:

min

nX

i =1

Ci (13)

nX

i =1

1

x
p� 1
i

� E (14)

Ci � 1 + xi � Ci i = 2, . . . , n (15)

ri + xi � Ci i = 1, . . . , n (16)

xi �
1

E2 i = 1, . . . , n (17)

By applyingtheKKT optimalityconditions,onecanshow thata feasiblesolutionis optimalif:

� A totalenergy of E is used.

� Jobn, andeachjob i, with Ci < ri +1 , arerunwith thesamepower, call it ρ.

� Eachjob i, with Ci > ri +1 , is runwith powerρ morethanthepowerof job i + 1.

� Eachjob i, with Ci = ri +1 , is runwith powerat leastρ andatmostthepowerof job i + 1 plusρ.

The problemis that the KKT conditionsdo not provide any real informationon the valueof ρ, although
it is easyto seethat ρ is a monotonefunction of E. Using theseobservations,Pruhset al. [30] show
that a relatively simple hill-climbing algorithm can solve this problemquite ef�ciently , on the order of
O(n2poly � log). It is easyto computetheoptimalschedulefor someveryhighenergy E. Theiralgorithm
thenfollowstheoptimalscheduleastheavailableenergy E decreases(or equivalentlyasρ decreases).

Intuitively, the lessenergy available,the moreslowly the tasksshouldbe run in the optimal schedule.
Surprisingly, it is shown in [30] that this intuition is not alwayscorrect. That is, as energy decreases,
sometaskswill actually be run at a higher speedin the optimal schedule. Thus, noneof the obvious
propertiesof a task(speed,energy used,etc.) aremonotonefunctionsof energy. However, luckily, there
areonly O(n) structuralchangesin theoptimalschedule,andthestructuralphasetransitionsarevery well
behaved. For example,while jobs speedsarenot monotonefunctionsof the availableenergy E, they are
smooth/continuousfunctionsof E.

2.6 Open Problems

We discusssomeof themostobviousquestionsleft openin theresearchto date.

A Simple Tight Competitive Analysis of AVR: Theanalysisof the AVR algorithmin [37] that doesnot
achieve a tight boundis a rathercomplicatedspectralanalysis,which doesnot soeasilyyield an intuitive
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explanationof AVR'sperformance.It wouldbeniceto providea simpletight competitiveanalysisof AVR.
We agreewith Yao,DemersandShankarwho statein [37] thatAVR is likely to α� competitive. It seems
likely that AVR will be the solutionadoptedin many technologiesbecauseof its simplicity andseeming
fairness.Thuswethink thatit is importantto betterunderstandingof AVR scheduling.

A better analysisof the competitive ratio of BKP with respectto energy: Thereis signi�cant evidence
that theonlineBKP algorithmis the “right” power managementalgorithm. However, theupperboundon
thecompetitive ratio of BKP with respectto energy is clearlynot tight in anobviousway. As α goesto 1,
thecompetitive ratio of every reasonablespeedscalingalgorithmgoesto 1. This is becausewhenα = 1
thereis no inef�ciency whenrunningat a higherspeed.Thecurrentupperboundon thecompetitive ratio
of BKP doesnot have this property. Themaindif�culty in improving theanalysisfor smallα is thatBKP
needsto becreditedwith energy savedwhenthereareno jobsto berun.

A Simple and Ef�cient Polynomial Time Of�ine Algorithm for Temperature: TheEllipsoid algorithm
is usefulfor establishingtheoreticalresults,but it is practicallyinef�cient for moderatesizedproblems.The
KKT conditionsarenot of any obvioushelpfor this problem.Thereis somereasonto think thatperhapsa
dynamicprogrammingsolutionmaybepossible.

Computing an Optimal Flow Time Schedulefor Arbitrary SizedTaskswith an Energy Constraint:
Theoptimalschedulingpolicy is alwaysto run thetaskwith leastremainingwork. However, this doesnot
completelyspecifya schedulingpolicy astheschedulermustalsodecideat whatspeedto run theselected
task.Onereasonour taskis morecomplicatedfor arbitrarysizedjobsis thatthejob with theleastremaining
work dependson theprior schedulingdecisions.This is in contrastto FCFS,theoptimalschedulingpolicy
for uniform-work jobs, in which schedulingprioritiesareindependentof thespeedat which previousjobs
have beentun. Themain dif�culty is thatwith arbitrarysizedtasks,noneof the interestingparametersof
the optimal schedulearenecessarilycontinuousfunctionsof the availableenergy E. For the uniform job
case,thealgorithmin [30] startedwith anoptimalschedulefor avery largeenergy E anddecreasedE while
trackingthe changesto theschedule.In the non-uniformcase,the optimal schedulecanchangeradically
with an in�nitesimal changein E, making the changesdif�cult or potentially impossibleto track. It is
possibleto getapositiveresultusingresourceaugmentation[23, 29]. Thatis, onecangetan(1 + ε)-speed
O(1)-approximatepolynomialtimealgorithm[5].

Online Algorithms for Flow Time: In mostsituations,thesystemdoesnot know of a taskuntil its release
time. Thuswe would like to developandanalyzeonlinealgorithmsfor this problem.The�rst challengeis
to formalizetheproblemsothatonecanobtaininsightful results.All of themostobviousformulationsdo
notgive interestingresults,i.e. yougettrivial impossibilityresults.

3 Power-Down strategies to Conserve Energy

Anothermechanismthat is commonlyusedto conserve energy is to eliminateor reducepower to oneor
morecomponents.At thearchitecturallevel, thetechniqueof eliminatingpower to a functionalcomponent
is calledclock/power gating. Power gating is the only way to combatleakageloss,which is the energy
lost independentof thedevice'sstate.It is predictedthatleakagelosswill becomecomparableto switching
loss in the nearterm future [9]. Thus,power-gatingstrategieswill becomeincreasinglyimportantat the
architecturallevel. At ahigherlevel, thepowered-down componentmightbeadiskdriveor eventhewhole
system(e.g.,a laptopthathibernates).Furthermore,thedevice mayhave multiple power-down states.For
example,the AdvancedCon�guration andPower Interface(ACPI) includedin the BIOS on mostnewer
computershas� ve power states,includinghibernationandthreelevelsof standby[2]. Generally, it is the
casethatbringinga powered-down componentbackto theactive staterequiresadditionalenergy andtime
beforean incomingtaskcanbe serviced. DynamicPower Management(DPM) in the systemsliterature
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refersto theproblemof developingpoliciesfor poweringdown basedon thedynamicallychangingsystem
state,functionalityandtiming requirements[17, 19]. We will usethemoredescriptive termPower-Down
(PD) for thisproblem.

Therearenumerousexamplesof systemsthatcanberun at multiple speeds,have a sleepstate,andre-
ceive taskswith deadlines.Oneexampleis theRockwellWINS node,whichis amobilesensing/computing
nodewith onboardenvironmentalsensors[3, 4]. To fully utilize the power-saving capabilitiesof such
devices,it is necessaryto designpoliciesthateffectively combinespeedscalingandalternatepower-down
states.Wecall thisproblemSpeedScalingwith Power-Down(SS-PD).Combiningspeedscalingandpower-
down introduceschallengesthat do not appearin eitherof the original problems.For example,with just
speedscaling,it is alwaysin thebestinterestof theschedulerto run tasksasslowly aspossiblewithin the
constraintsof the releasetimesanddeadlines,dueto the convexity of thepower function. By contrast,in
SS-PD,it may be bene�cial to speedup a task in order to createan idle period in which the systemcan
power-down.

Powering down devices will also be an importantmechanismin minimizing energy consumptionin
sensornetworks.Researchershave observedthata large fractionof wastedenergy happenswhensensors
are idle [38, 15, 13] andhave turnedtheir attentionto researchissuesrelatedto powering down sensors
whennot receiving or transmitting. Dif ferentresearchersassumedifferentmodelsas to how this canbe
achieved. Someexaminemodelsin which sensorscannot be wokenup. Instead,they seta timer before
puttingthemselvesto sleepandcanonly wake-upwhenthetimer expires[38]. Othersassumethat thereis
a mechanismfor a sensorto listen for messagesat very lower power-consumptionrate[15]. Thenwhena
nodesensesthatamessageis beingtransmitted,it transitionsto a wakingstate.

3.1 Previous Research

In [17, 19] Irani, GuptaandShuklaformalizePower-Down in thefollowing manner. Thereareperiodsof
unknown duration,duringwhich thereareno tasksto run andthedevice canbepowereddown. Theseidle
periodsendwith thearrival of a critical task. Thedecisionthat theonlinealgorithmhasto makeis when
to transitionto a lower power state,andwhatstateto transitionto. Thepower-down statesaredenotedby
f s0, ..., skg, with associateddecreasingpower consumptionratesof f P0, ..., Pkg. At the endof the idle
period,thedevice mustbereturnedbackto theactive states0. Thereis anassociatedtransitionenergy eij

andtransitiontime tij to move from statesi to sj . The goal is to minimize the energy usedover the idle
period.Algorithmsaretypically evaluatedaccordingto acompetitiveratio. Whena probabilitydistribution
governingthelengthof theidle periodsis assumed,oneseeksonly to minimizetheexpectedcost.We call
algorithmsin this lattercategory probability-based.

The power-down problemfor two statesis a continuousversionof the well-known Ski RentalProb-
lem [18], andis well understood.Thereis a simple2-competitivealgorithm,which staysin theactive state
until the total energy consumedis equalto the transitionenergy. It is known that this algorithmis opti-
mally competitive. Furthermore,if the idle period is generatedby a known probability distribution, then
thereis a probability-basedalgorithmthatis (e/e � 1)-competitive [24], andthis is optimally competitive.
For somesystems,like disk drives,theenergy neededandtime spentto go from a higherpower stateto a
lower power stateis negligible. Irani et al. show in [17] that for suchsystems,the two-statedeterministic
andprobability-basedalgorithmscanbegeneralizedto systemswith multiple sleepstatessothat thesame
competitiveratioscanbeachieved.Theprobability-basedalgorithmrequiresknowledgeof aprobabilitydis-
tributionthatgeneratesthelengthof theidle period.In [19] Irani etal. giveanef�cient heuristicfor learning
andsummarizingtheprobabilitydistributionbasedon recenthistoryandshow thatthisheuristiccombined
with thecompetitiveprobability-basedpolicy outperformsothermethodssuggestedin thesystemsliterature
on datafrom amobileIBM harddrivewith threesleepstates[40].

In thecaseswherepoweringdown requiresa non-negligible cost,it maybecostlyto transitionto many
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statesasthedevicepowersdown andit maybeadvantageousto skip somesleepstates.In thisscenario,an
algorithmmustidentify anoptimalsequenceof statesaswell asthetimethresholdsatwhichthesestateswill
bereached.Augustine,Irani andSwamy[6] developa deterministicalgorithmthatachievesa competitive
ratio of 8 for any systemwith arbitrarytransitioncosts.Theboundimprovesto 3 + 2

p
2 � 5.8284 under

the reasonableassumptionthat eij � elj whenever l � i � j. For multiple statesystems,the optimal
competitive ratio thatcanbe achievedwill, in general,be a complicatedfunctionof the parametersof the
system.Thus,we have developeda meta-algorithmthat takesasinput thedescriptionof a system(setof
statesandassociatedparameters)andan error rateε, andproducesa power-down policy (setof statesand
thresholds)whosecompetitive ratio is within ε of the bestpossiblethat canbe achieved for that system.
Thealgorithmrunsin time polynomialin 1/ε andk, thenumberof states.This is the�rst mechanismthat
hasbeendevelopedto getprovably tight boundsfor theoptimalcompetitive ratio for a generalmulti-state
system. In addition,we extendedthe probability-basedmethodin [17] to give an algorithmthat takesas
input a probability distribution over the lengthof the next idle time anda descriptionof the systemand
outputsa power-down strategy thatminimizestheexpectedenergy consumption.

In [16] we(joint with RajeshGuptaandSandeepShukla)initiateda theoreticalinvestigationinto Speed
Scalingwith Power-Down (SS-PD).This work assumestwo states,an active stateanda sleepstate. The
devicecanrunat anarbitraryspeedin theactive state,but thepowerconsumptionrateis a convex function
of thespeed.Whenthedevice is in theactive stateandthespeedis 0, power is still beingconsumed.The
sleepstateconsumesno power, but thereis a �x edcostto transitionfrom thesleepstateto theactive state.
Wegiveanof�ine algorithmthatproducesaschedulewhosetotalenergy consumptionfor any setof tasksis
within a factorof two of optimal.We alsogiveanonlinealgorithmA thatmakesuseof anonlinealgorithm
B for purespeedscaling.If B is O(1)-competitive,andsatis�essomevery reasonabletechnicalconditions,
thenA is O(1)-competitive.Theexactrelationshipis abit complex, but in thecaseof thecube-rootrule,the
competitiveratio of A for SS-PDis approximatelythreetimesthecompetitiveratio of B for speedscaling.

Centralto thiswork wastheidenti�cation of theconceptof acritical speed,which is thespeedatwhich
it is no longerbene�cial to increasethespeedof a tasksoasto createanidle periodin which thedevicecan
sleep.Work in thesystemsliteraturehasfurtherexploredthis ideain orderto understandwherethiscritical
speedliesbasedondifferentleakagemodels[21]. All of thealgorithmsdevelopedfor SS-PDoperateonthe
principlethatif adevice is shutdown, it will continueto remainin thatstate,evenif therearependingjobs,
until waitingany longerwould requirerunningfasterthanthecritical speedin orderto completeall jobsby
their deadlines.This ideaof `procrastinationscheduling'hasbeenstudiedfurther in [20] who examinethe
combinedSS-PDproblemunderdifferentassumptionsabouthow jobscanbescheduled.

3.2 Open Problems

Therearestill importantresearchquestionsthatremainopenin thisarea.

Study the Trade-off BetweenEnergy and Latency in Multiple Idle Periods: The focus in work on
competitiveanalysishasbeenon minimizing energy. However, whena systempowersdown, it takessome
additionaltime (aswell asenergy) to bring thesystembackinto anactive statein orderto begin work on
a newly arrived task. For example,the IBM mobile harddrive usedin the experimentalstudiesin [19]
requires1.5secondsto transitionfrom thestand-byto theactivestate.As any laptopuser, whohastwiddled
her thumbswhile waiting for her laptopto returnfrom an unfortunatelytimed transitionto power saving
modeknows,thistransitionlatency canresultin asigni�cant degradationin performanceasseenby theuser.
Looking at theextremecases,if onesimply wantedto minimize latency, thesystemwould stayconstantly
in theactivestate.If onesimplywantedto minimizeenergy, thesystemwouldstaypowereddown for long
periodsof time andonly transitionto the active statewhen enoughtaskshave accumulated.(Although,
technically, sucha strategy would not be allowed sincethe device is not allowed to be idle if thereare
pendingjobs).
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In the context of sensornetworks,the energy andtime for the wake-upcanalsobe a signi�cant cost,
potentially even more than the cost of receiving and transmittingthe message[13]. In caseswherethe
transmittedmessageis time-critical, it will be importantto considerthe latency incurredin the start-up,
especiallyif thisdelayaccumulatesthroughmultiple hopsin thenetwork.A thoroughunderstandingof the
tradeoff betweenlatency andenergy usewould enablesystemsandusersto makean informeddecisionas
to which resourceis morecritical to optimize.

Therearetwoimportantdirectionstoconsider. The�rst is simplyto look atasingleidleperiodgenerated
by a probability distribution. Given a �x ed boundon the energy to be expendedduring the courseof the
idle period,how canwebestminimizelatency? Notethatunlikeall thepreviousversionsof thisproblem,it
maybeadvantageousto transitionto theactivestatein apredictivemanner, beforethearrival of anew task.
Dependingon theenergy boundandtheprobabilitydistributionover theidle periodlength,it mayevenbe
worthwhileto transitionbackandforth betweenthetwo statesmorethanonce.

Typically, however, asystemdoesnothaveasingleperiodin isolation,but ratheraseriesof idle periods
separatedby thearrival of tasksto beperformed.Whentransitiontimesarezero,theproblemis thesame
whenwe considereachidle periodin isolation. However, whentransitionlatenciesarenon-negligible, the
timeincurredin makingatransitionto theactivestatewill serveto delaytheexecutionof taskswhichwill in
turnshortenfutureidle periods.Theinterplaybetweenpower-down policiesandlatency hasbeenexamined
experimentallyin [31, 32] in the context of disk-drives. We would like to understandmoreformally, how
thechoiceof power-down policy effectslatency over a seriesof idle periodsanddevelopalgorithmswhich
allow a useror systemto preferentiallychoosebetweenoptimizingoneresourceover theother.

Of�ine Complexity of SS-PD:Themostintellectuallyintriguing questionrelatedto SS-PDis whetherthe
of�ine problemis NP-hard.In fact, it is not known (despiteseriouseffort by goodresearchers)whetherthe
following simpli�ed versionof theproblemis NP-hard.Thedevicecanbein oneof two powerstates:active
or sleep.Theactivestateconsumespoweratsome�x edknown rateandthesleepstateconsumesno power.
Tasksmustberun in theactivestate.It costsoneunit of energy to transitionfrom thesleepstateto thefull
powerstate.Thetransitiontimeis assumedto benegligible. Informally, theproblemis to schedulethetasks
in suchawaythatcreatesfewer, longeridle periods,duringwhich thedevicecanbeput into thesleepstate.
Many seeminglymorecomplicatedproblemsin this areacanbe essentiallyreducedto this problem,so a
polynomialtime algorithmfor thisproblemwouldhavewide application.

4 Conclusion

We believe that thereare many interestingalgorithmic problems,with potential real application,in the
domainof power management.We hopethat this survey will convinceotherresearchersof thevalidity of
ourbelief,andencouragethemto work onproblemsin thisarea.
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