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1 Introduction

We suney recentresearchthat hasappearedn the theoreticalcomputersciencditeratureon algorithmic
problemsrelatedto power management.We will try to highlight someopen problemsthat we feel are
interesting. This surwey placesmore concentratioron lines of researchof the authors: managingpower
usingthetechnique®f speedscalingandpower-down which arealsocurrentlythe dominanttechniquesn
practice.

1.1 Motivation

Thepowerconsumptiomateof computingdeviceshasbeenincreasingexponentially Sincetheearly1970s,
the power densitiesin microprocessorfave doubledevery threeyears[34]. This increasedower usage
posegwo typesof dif culties:

Energy Consumption: As enepy is power integratedover time, supplyingthe requiredenegy may
becomeprohibitively expensve, or eventechnologicallyinfeasible. This is a particulardif culty in

devicesthatrely heavily on batteriesfor enegy, andwill will becomeeven more critical asbattery
capacitiesareincreasingat a muchslower ratethanpower consumption Anyoneusinga laptopon a
long ight is familiar with this problem.

Temperature: The enegy usedin computingdevicesis in large part corvertedinto heat. For

high-performanceprocessorscooling solutionsarerising at $1 to $3 per watt of heatdissipated,
meaningthat cooling costsare rising exponentially and threatenthe computerindustry's ability

to deploy newv systemg[34]. In May 2004 Intel publicly acknavledgedthat it had hit a “ther-

mal wall” on its microprocessotine. Intel scrappedhe developmentof its Tejas and Jayhavk

chipsin orderto rushto the marketplacea more efcient chip technology Designerssaid that
the escalatingheatproblemswere so severe that they threatenedo causeits chipsto fracture[27].

For a striking example of the grievous effect of removing the fan from a modernprocessarsee
http: //www.cs.pitt.edu/ kirk/cool.avi.(Youwill needaDivX codecinstalled.)

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

Thereis anextensive literatureon power managemenin computingdevices. Overviens canbe found
in [11, 28, 36]. All of thesetechniqueghathave beeninvestigatedaresimilar in thatthey reduceor elim-
inate powerto someor all component®f the device. Sensometworkshave emegedasanimportantnew
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paradigmin which powerawvare computationis absolutelycritical. The explosive interestin sensomet-
worksis the resultof the developmentof low-cost,low-power mutifunctionalsensordevices, suchasthe
SmartDustMote[1, 22], thataresmallin sizeandcommunicatauntetheredt shortdistance.

Thereis aninherentcon ict betweenpower reductionand performancejn general,the more power
that is available, the betterthe performancethat can be achieved. As a result, it is generallyproposed
that power reductiontechniquese preferentiallyappliedduring times when performancds lesscritical.
However, this requiresa policy to determinehow essentiaberformancds at ary giventime andhow to
apply a particularpower reductiontechnigue. Currenttools and mechanismgor power managemenare
inadequatendrequiremoreresearcH14]. Furthermorethereis a growing consensusghatthesepolicies
mustincorporateinformation provided by applicationsandhigh levels of the operatingsystemin orderto
achieve necessaradvanced14].

We adwocateformalizing power managemenproblemsasoptimizationproblemsandthendeveloping
algorithmsthatareoptimalby thesecriteria. Thegoalis to developeffective algorithmsfor speci ¢ problems
within the domain of power managemenas well asto build a toolkit of widely applicablealgorithmic
methoddgor problemshatarisein enegy-boundecandtemperature-boundembmputation.

2 Speed Scaling

2.1 Formulation asa SchedulingProblem

Speedscalinginvolvesdynamicallychangingthe voltageand/orfrequeng/speedof the processarA pro-
cessorconsumedess power whenit is run at a lower speed. Both in academicresearchand practice,
dynamicvoltage/frequeng/speedscalingis the dominanttechniqueto reduceswitchingloss,whichis cur
rently the dominantform of enegy consumptiorin microprocessorfll, 28, 36]. Currentmicroprocessors
from AMD, Intel andTransmetaallow the speedof the microprocessoto be setdynamically Informally,
speedscalingproblemsinvolve determiningthe speedf the processoat eachpointin time.

Theoreticainvestigationof speedscalingalgorithmswereinitiatedby Yao, DemersandShankaf37].
Yaoetal. [37] proposdormulatingspeedscalingproblemsasschedulingproblems.The settingis a collec-
tion of tasks whereeachtask: hasareleasdime r; whenit arrivesinto the systemandanamountof work
w; thatmustbe performedto completethetask. A schedulespeci eswhich taskto run at eachtime, andat
whatspeedhattaskshouldberun.

In particular Yao et al. [37] considerthe casethatthereis alsoa deadlined; associatedavith eachtask
that speci esthe time by which the taskshouldbe completed.In somesettings . for example,the playing
of avideo or other multimediapresentationtheremay be naturaldeadlinedor the varioustasksimposed
by the application. In othersettingsthe systemmay imposedeadlinego bettermanageasksor insurea
certainquality of serviceto eachtask[12]. Yaoetal. [37] assuméhatthe systemsperformancaneasurds
deadlinéfeasibility; thatis, eachtaskmust nish by its deadline.

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

2.2 Energy and Temperature

Before proceedingfurther, we needto explain how speed power, enegy, andtemperatureare modeled,
andhow they arerelated. Yaoet al. [37] assumea continuousfunction P(s) suchthatif the device runs
at speeds, thenit consumegower at a rate of P(s). For example,the well known cube-rootrule for
CMOS baseddevices statesthat the speeds is roughly proportionalto the cube-rootof the power P, or
equivalently, P(s) = s, the poweris proportionalto the speectubed[11]. Yaoetal. [37] only assumehat



P(s) is strictly corvex. This assumptioimpliesthatthatthe slowerataskis run, thelessenegy is usedto
completethattask. Somesimplicity of analysis,andlittle lossof applicability, comesfrom assuminghat
P(s) = s for someconstaniy > 1. R

Thetotal enegy usedby the systemis then 01 P(s(t))dt wheres(t) is the speedof the device attime
t.

We now turn our attentionto temperature Cooling, andhencetemperatureis a comple« phenomenon
thatcannotbe modeledcompletelyaccuratelyby ary simplemodel[33]. In [7], BansalKimbrel andPruhs
proposea modelin which the ervironmentaltemperaturds assumedo be constantWhile this assumption
certainlyis notstrictly true,the hopeis thatit is sufciently closeto beingtruethatinsightgainedwith this
modelwill be usefulin real settings. They alsoassumehat the rate of cooling of the device adherego
Fourier's Law. Fourier's law stateshatthe rateof coolingis proportionalto the differencein temperature
betweenthe objectandthe environment. Without lossof generalityone canscaletemperatureso thatthe
ervironmentaltemperaturés zero.A rst orderapproximatiorfor therateof changel™© of thetemperature
TisthenT%= aP bT,whereP is the suppliedpower, anda, b areconstants.

Somemodernprocessorsare able to sensetheir own temperatureand 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, thisis thereasonwhy the Pentiumonly slowsdown, and
doesnt fry like the AMD processar

BansalandPruhg8] shav thatthemaximumtemperaturés within afactorof 4 of a timesthemaximum
enegy usedover ary interval of Iength%. This obsenationalsoshows thatthereis arelationshipbetween
totalenegy andmaximumtemperatur@ptimizationandsimpli es thetaskof reasoningabouttemperature.
If the cooling parametem is 0 thenthe temperatureninimization problembecomesequivalent(within a
constanffactor) to the enegy minimizationproblem. This alsoexplainswhy somealgorithmsin the liter-
aturefor enegy managemerare poorfor temperaturenanagementhatis, thesealgorithmscritically use
thefactthatthe parameteb = 0. If thecoolingparameteb is1 thenthetemperatureninimizationprob-
lem become®quialentto the problemof minimizing the maximumpower, or equivalentlyminimizingthe
maximumspeed We saythatanalgorithmis coolingobliviousif it is simultaneously)(1)-approximatdor
minimizing the maximumtemperaturdor all valuesof a andb in thetemperaturequationI®= oP b7,
Thusa cooling obliviousalgorithmis alsoO(1)-approximatefor total enegy and maximumspeed/pwer.
The enegy minimizationproblem,whenthe speedo power parameter is 1 is alsoequialentto mini-
mizing the maximumpowetr.

2.3 Energy Minimization with DeadlineFeasibility

Yao, DemersandShankaf37] studythe problemof minimizing thetotal enegy usedto completeall tasks
subjectto the deadlinefeasibility constraints.They give anof ine greedyalgorithm(YDS) that optimally
solvesthis problem. The algorithmYDS proceedsn a seriesof iterations. During eachiteration, tasksin

themaximumintensityinterval arescheduledarliestDeadlineFirst at a speedequalto theintensityof this
interval; theintensityof atime interval is de ned to bethe sumof thework requirementsf all taskswhose
releasdime anddeadlineare both containedwithin the interval divided by thelength of aninterval. The
newnly scheduledime interval is thenblackedout, andall the remainingtasksmustbe executedduringthe
remainingtime thatis not blackedout. It wasshowvn by BansalandPruhs[8] thatthe enegy optimality of

theYDS scheduldollows asadirectconsequencef thewell known KKT optimality conditionsfor cornvex

programs.

Theorem 1. TheYDSalgorithmis optimalfor enegy minimization.



Proof. Consideracorvex program

min fo(z)
fi(x) 0 i=1,...,n

Assumethat this programis strictly feasible,thatis, thereis somepoint x wherewhere f; (z) < 0 for
i = 1,...,n. Assumethatthe f; areall differentiable.Let \i, i = 1,...,n be avariable(Lagrangian
multiplier) associateavith thefunction f; (). Thenanecessargndsufcient KKT conditionsfor solutions
x and ) to beprimal anddualfeasibleare[10]:

fi(x) 0 1=1,...,n (1)
Ai 0 1=1,...,n (2)
Aifi(z) = 0 3)
X
r fo(z) + Air fi(x) = 0 4)

i=1

To statetheenepgy minimizationproblemasa convex programwe breaktime into intervalsty, . . . tm at
releasdimesanddeadlinesf thetasks.Let .J (i) bethetasksthatcanfeasiblybe executedduringthetime
interval I; = [t;,ti+1], andJ 1(j) beintervalsduringwhichtask; canbefeasiblyexecuted.We introduce
avariablewy; , for j 2 J(i), thatrepresentshe work doneon task j duringtime [t;, ti+1]. Our (interval
indexed) mathematicaprogrampP is then:

min EX (5)
W Wij j=1....n (6)
p [ i2J-1(j)
x j23() Wij
| T b (tisx i) E (7)
i=1
Wij 0 i=1,....m j2 J() (8)

By applyingthe KKT optimality conditions(see[8] for details)onecanconcludethata sufcient con-
dition for a primal feasiblesolutionto be optimalis that:

For eachtaskj, the processorunsat the samespeedcgall it sj, duringtheintervals: in which task
isrun.

And the processorunsat speecdho lessthans; duringintervalsi, suchthatj 2 J(4), in which task
is notrun.

Theschedulgroducedbt the YDS algorithmclearly hasthesepropertiesandhenceis optimal. O

A naiveimplementatiorof YDS runsin time O(n?3). Thiscanbeimprovedto O(n?) if theintervalshave
atreestructureg]26]. It would be interestingto seeif the cubicrunningtime of YDS for arbitraryinstances
canbeimproved. For jobswith a x ed priority, Yun andKim [39] show thatit is NP-hardto computean
minimumenepgy scheduleThey alsogive afully polynomialtime approximationschemeor the problem.
Kwon andKim [25] give a polynomialtime algorithmfor the caseof aprocessowith discretespeeds.

In the online versionof the problem,an algorithmonly learnsabouta taskat its releasdime, at which
time it is giventhe exact work requirement®of the job aswell asits deadline. Yao et al. [37] de ne two
simpleonlinealgorithms. The online algorithmAverageRate(AVR) runseachtaskin the optimal manner



underthe assumptiorthatit is the only taskin the system.Thatis, the work on eachtaskis spreadevenly
betweerits releasalateandits deadline.The online algorithmOptimal Available(OA) atary pointof time

scheduleshe un nished work optimally underthe assumptiorthat no moretaskswill arrive. They give a
lower boundof o onthe approximatiorratiofor AVR andOA for enegy minimization. In this instance
ri =0,d; =i/nandw; = (n/i)~ ,fori=1,...,n. They alsoprove,usingarathercomplicatedspectral
analysis thatthe approximatlorratlo of AVR is atmost2 « for enegy minimization. It wasshowvn by

Bansal,Kimbrel and Pruhsin [7] using a simple potentialfunction agument,that O A is o« -competitive
with respecto enegy minimization. Thatis, they show thatatall timest, Poa (t) + ®Yt)  Popt(t), where
Pon(t) is thepowerof O A attimet, Popt(t) is the power of adwersaryattime ¢, and®q) is the changen

apotentialfunction ®(¢) thatwe de ne.

The generallower boundsin [37] on the competitive ratio, with respectto enegy minimization, for
an arbitrary algorithmare of the form Q(c¢ ) for someconstantc. This suggestshe questionof whether
anonline algorithmexists that canachieve a competitve ratio thatis O(c¢ ). Suchanalgorithmwould be
betterthan O A or AV R for large «. Bansal,Kimbrel and Pruhs[7] introducean online algorithmand
prove thatit achieres sucha competitive ratio. We refer to this algorithm as BKP. To explain the BKP
algorithm,we needto rst introducesomenotation.Let w(t, ¢1, t;) denoteamountof work thathasarrived
by time ¢, that hasreleasetime  ¢; anddeadline t,. Let k(t) be the maximumover all t° > ¢ of
(w(t,et (e 1)t%19)/(e(t® t)). Notethatw(t, t1, t2) andk(t) maybecomputedy anonlinealgorithm
attime¢. At all timest, the BKP algorithmworks atratee k(t) onthe un nished job with the earliest
deadline.Intuitively, k() is alower bound,anda currentestimate pf the speedof the optimal algorithm
YDS attime ¢t. Theonlinealgorithmhasto run at a higherratethank(¢) in casethatmorework arrivesin
thefuture,andits lower boundof k(t) wastoo small. The constantsarechoserto provide the bestanalysis.

Bansal Kimbrel and Pruhs[7] shav thatthe BKP is also e-competitive with respecto the maximum
speed. Furthermore this is optimal amongdeterministiconline algorithms. That is, the objective is to
minimize the maximumspeedthat the processorunssubjectto the constraintthatall jobs nish by their
deadline.Therefore BKP is alsostronglye -competitive with respecto maximumpcwer In theinstance
thatestablisheshis lowerbound,theadwersaryworksataratea(t) = moa o ffomtimeOtotimel .
We look atthelimit of theresultinginstancessx goesto 0. Work is releaseozslttheratethatthe adwersary
doesthework, andthedeadlineof all workis 1  z. Understandinghis instances usefulin understanding
theunderlyingmotivationfor thede nition of the BKP algorithm.

2.4 Maximum Temperature Minimization with Deadline Feasibility

Bansal Kimbrel andPruhsshaw in [7] thatin principlethe problemof minimizing maximumtemperature,
subjectto deadlinefeasibility, canbe statedasa corvex programasfollows. We breaktime into intervals

to, .. .tm atreleasedatesand deadlinesof the jobs. We introducea variable7; thatrepresentd'(¢;), the

temperatureat time ¢;. Let J(i) be the jobs ;j that can feasibly be executedduring time [¢;, tj+1 ], that

is, rj < ti+1 andd; > t;. We introducea variable;; , for j 2 J(i), thatrepresentshe work done
on job j duringtime [¢;,tj+1]. Let MazW (z,y, X,Y) be the maximumwork that canbe donestarting
at time z at temperatureX and endingat time y at temperature” subjectto the temperatureconstraint
T  Tmax throughoutthe interval [z, y]. Let MazT(x,y, X,y) be a correspondingemperatureunse.

LetUMazW (z,y, X,Y) andUMaxT(z,y, X,Y) besimilarly de ned exceptthatthereis no maximum
temperature€onstraintWe canthenexpressthetemperatur@roblemas:
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Dj VVi;j 1 7 n 9)
X i:j23(i)
VI/LJ MamW(tiatiHl.aﬂaﬂﬁl)
j23()
1 i m 1 (10)
T 1 i m (11)
Wi 1 i m1 j n (12)

To solve this problemin polynomialtime usingthe Ellipsoid algorithm,oneneedsto give anef cient
algorithmfor computingseparatindnyperplaneskor this problem thisboilsdown to understandinghetem-
peraturecurnves MaxT andU MazxT. Sucha problemfalls underthe rubric of calculusof variations[35].
Let F = ((T°+ bT)/a)¥™ . Thefundamentatheoremof calculusof variationsstatesthatthe solutionto
our problem(withoutthethermalthreshold¥ollows anEulerLagrangecurve thatsatis es Fr %FT/ =0.
Solvingthis usingthe standard_aplacetransformtechniquewe getthat7 = ce ° + de P& ( 1 where
the constants: andd aredetermineddy the boundaryconditions.Onecanshaw thatthe optimaltempera-
turecurve T' is eitheran EulerLagrangecurve for theunconstrainegroblem,or followsanEulerLagrange
cuneupto Thax , Staysat Thmax for awhile, andthencoolsto the nal temperatur@longanEulerLagrange
curve. After somework, this givessufcient informationto ef ciently computea separatindnyperplane

BansalandPruhsshow [8] thatwhile the YDS schedulemay not be optimal for temperatureYDS is
cooling oblivious (recall, this meansO(1)-approximatefor temperature).Thus, this constructvely shovs
thattherearescheduleshatachie/e an O(1)-approximatiorratio with respecto both of the dual criteria:
temperatur@andenenpy.

BansalandPruhsshaow [8] thatthe online algorithmsOA andAVR, proposedn [37] in the context of
enegy managementare not O(1)-competitve with respectto temperature.Recall that thesealgorithms
areO(1)-competitve with respecto enegy. Thisillustratesanalyticallythe obsenationfrom practicethat
power managementechniqueghat are effective for managingenegy may not be effective for managing
temperatureThey alsoshaw in [8] thatthe mostintuitive temperaturananagemenalgorithm, runningat
sucha speedsothatthe temperaturés constantjs surprisinglynot O(1)-competitve with respecto tem-
perature. In contrast,they shav thatthe online speedscalingalgorithm BKP is cooling oblivious. The
temperatur@analysisof the onlinealgorithmBKP compare8KP to YDS, andthusthetemperatur@analysis
of YDS wasanecessargomponento thetemperaturanalysisof BKP. NotethatasBKP is coolingoblivi-
ous,theO(1)-competitvenesof BKP for total enegy minimizationandmaximumspeedninimizationare
essentiallya corollary of this result (althoughbetterconstantcanbe obtainedby doing a direct analysis

[7D.

2.5 Flow Time

We cantakeary schedulingproblemand consideran enegy managemen¥ersion,or a temperaturenan-
agementersion.We would thengeta dual optimizationproblem,wherethe dualobjectivesarethe original
quality of serviceobjective for the schedulingoroblem,andthe secondobjective waseitherenegy or tem-
perature Thesimplestway to getresultsfor dualobjective problemss to boundoneobjective andoptimize
for the other It seemamore naturalhereto boundenepgy or temperatureandto optimizethe quality of
serviceobjective. In the caseof temperatureit is reasonabléo assumehat that thermalthresholdof the
device is known, andoneneedsa schedulghat keepsthe temperaturdoelow the thermalthreshold.In the
caseof eneqy, it is reasonabléo assumehatthe enegy storedin the batteryis known, andoneneedsa
schedulghatdoesnt depletethe battery



Theonepaperthatwe areawareof thatconsidersapower managemerproblemfor a schedulingpbjec-
tive otherthandeadlinefeasibility is [30]. In [30], Pruhs Uthaisomhut andWoegingerconsidetthe problem
of minimizing thetotal o w time subjectto a bound E on thetotal enegy used.The o w time of atask:
is Fi = C; ri, whichis thedifferencebetweerthe completiontime of the processaandthereleasdime of
the processFroma mathematicapoint of view, it is easierto dealwith deadlinefeasibility than o w time
sincethe deadlinegestrictthe possiblevaysandtimesthatenegy might reasonablye spent.To try to get
somehandleon o w time, Pruhsetal. [30] restrictedtheir attentionto the casethatall taskshave the same
amountof work. This allowedthemto decouplethe schedulingpolicy from the speedsettingpolicy, and
concentrat®ur efforts on understandingpeedsettingalone.In the caseof equi-worktasks,t canbeeasily
shown thatthe optimal schedulingpolicy is First-Come-First-Seed (FCFS).

This problemmaythenbe expressedisa corvex programpP in thefollowing manner:

xn

min G (13)

i=1

X
-1 E (14)

i=1 Ti
Ci 1+ G 1=2,...,m (15)
Ti + Tj Ci 1=1,...,n (16)

1 )

x 2 i1=1,...,n a7

By applyingthe KKT optimality conditions,onecanshow thata feasiblesolutionis optimalif:
A totalenepy of E is used.
Jobn, andeachjob ¢, with C;i < rj+1, arerunwith the samepower, call it p.
Eachjob i, with C; > 7.1, is runwith power p morethanthe powerof job i + 1.
Eachjob i, with C; = 7.1, is runwith power atleastp andat mostthe power of job i + 1 plusp.

The problemis thatthe KKT conditionsdo not provide ary real information on the valueof p, although
it is easyto seethat p is a monotonefunction of E. Using theseobsenations, Pruhset al. [30] show
that a relatively simple hill-climbing algorithm can solve this problemquite ef ciently, on the order of
O(n®poly  log). It is easyto computethe optimal schedulgfor somevery high enegy E. Theiralgorithm
thenfollowsthe optimalscheduleasthe availableenegy E decreasefr equivalentlyasy decreases).

Intuitively, thelessenepy available,the moreslowly the tasksshouldbe runin the optimal schedule.
Surprisingly it is shavn in [30] that this intuition is not alwayscorrect. Thatis, as enegy decreases,
sometaskswill actually be run at a higher speedin the optimal schedule. Thus, none of the obvious
propertiesof a task (speed.enegy used,etc.) aremonotonefunctionsof enegy. However, luckily, there
areonly O(n) structuralchangesn the optimal scheduleandthe structuralphasetransitionsarevery well
behaed. For example,while jobs speedsare not monotonefunctionsof the availableenegy E, they are
smooth/continuosifunctionsof £.

2.6 OpenProblems

We discusssomeof the mostobviousquestiondeft openin theresearcho date.

A Simple Tight Competitive Analysis of AVR: The analysisof the AVR algorithmin [37] that doesnot
achieve a tight boundis a rathercomplicatedspectralanalysis which doesnot so easilyyield anintuitive



explanationof AVR's performancelt would be niceto provide a simpletight competitive analysisof AVR.
We agreewith Yao, Demersand Shankarmwho statein [37] thatAVR is likely to ¢ competitve. It seems
likely that AVR will be the solutionadoptedin mary technologieshecausef its simplicity and seeming
fairness.Thuswe think thatit is importantto betterunderstandingf AVR scheduling.

A better analysisof the competitive ratio of BKP with respectto energy. Thereis signi cant evidence
thatthe online BKP algorithmis the “right” power managemenalgorithm. However, the upperboundon
the competitive ratio of BKP with respecto enegy is clearlynottight in anobviousway. As « goesto 1,

the competitive ratio of every reasonablespeedscalingalgorithmgoesto 1. Thisis becausevhena = 1

thereis no inef ciency whenrunningat a higherspeed.The currentupperboundon the competitive ratio
of BKP doesnot have this property The maindif culty in improving the analysisfor small « is that BKP

needgo becreditedwith enegy savedwhenthereareno jobsto berun.

A Simple and Ef cient Polynomial Time Of ine Algorithm for Temperature: The Ellipsoid algorithm
is usefulfor establishingheoreticatesults but it is practicallyinef cient for moderatesizedproblems.The
KKT conditionsarenot of ary obvioushelpfor this problem. Thereis somereasorto think thatperhapsa
dynamicprogrammingsolutionmaybe possible.

Computing an Optimal Flow Time Schedulefor Arbitrary Sized Taskswith an Energy Constraint:
The optimal schedulingpolicy is alwaysto run the taskwith leastremainingwork. However, this doesnot
completelyspecifya schedulingoolicy asthe schedulemustalsodecideat whatspeedo run the selected
task.Onereasorourtaskis morecomplicatedor arbitrarysizedjobsis thatthejob with theleastremaining
work dependonthe prior schedulingdecisions.Thisis in contrasto FCFS,the optimal schedulingpolicy
for uniform-work jobs, in which schedulingpriorities areindependenof the speedat which previousjobs
have beentun. The maindif culty is thatwith arbitrarysizedtasks,noneof the interestingparametersf
the optimal scheduleare necessarilycontinuousfunctionsof the availableenegy E. For the uniform job
casethealgorithmin [30] startedwith anoptimalscheduldor averylargeenegy £ anddecreased while
trackingthe changedo the schedule.In the non-uniformcase the optimal schedulecanchangeradically
with an in nitesimal changein E, making the changedif cult or potentiallyimpossibleto track. It is
possibleto geta positive resultusingresourceaugmentationi23, 29]. Thatis, onecangetan(1 + ¢)-speed
O(1)-approximatepolynomialtime algorithm[5].

Online Algorithms for Flow Time: In mostsituations the systemdoesnot know of ataskuntil its release
time. Thuswe would like to developandanalyzeonline algorithmsfor this problem.The rst challenges
to formalizethe problemsothat onecanobtaininsightful results.All of the mostobvious formulationsdo
notgive interestingresults,.e. you gettrivial impossibilityresults.

3 Power-Down strategies to Conserve Energy

Anothermechanisnthatis commonlyusedto consere enegy is to eliminateor reducepower to oneor
morecomponentsAt thearchitecturalevel, thetechnigueof eliminatingpowerto afunctionalcomponent
is called clock/poner gating. Power gatingis the only way to combatleakageloss, which is the enegy
lostindependenbf the device's state.lt is predictedhatleakagdosswill becomecomparabldo switching
lossin the nearterm future [9]. Thus, power-gating stratgjieswill becomeincreasinglyimportantat the
architecturalevel. At ahigherlevel, thepowered-devn componenmightbea disk drive or eventhewhole
system(e.g.,alaptopthathibernates) Furthermorethe device may have multiple power-down states.For
example,the AdvancedCon guration and Power Interface(ACPI) includedin the BIOS on most newver
computershas ve power statesjncluding hibernationandthreelevels of standby[2]. Generallyit is the
casethatbringing a powered-devn componenbackto the active staterequiresadditionalenegy andtime
beforean incomingtask canbe serviced. Dynamic Power Managemen{DPM) in the systemditerature
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refersto the problemof developingpoliciesfor poweringdown basedon the dynamicallychangingsystem
state,functionality andtiming requirementg$17, 19]. We will usethe moredescriptve term Paver-Down
(PD) for this problem.

Therearenumerousxamplesof systemghat canberun at multiple speedshave a sleepstate,andre-
ceive taskswith deadlinesOneexampleis the Rockwell WINS node ,whichis amobilesensing/computig
nodewith onboardervironmentalsensorg3, 4]. To fully utilize the powersaving capabilitiesof such
devices, it is necessaryo designpoliciesthat effectively combinespeedscalingandalternatepower-down
statesWe call this problemSpeedscalingwith Ponver-Down (SS-PD) Combiningspeedcalingandpower-
down introduceschallengeghat do not appeatrin eitherof the original problems. For example,with just
speedscaling,it is alwaysin the bestinterestof the scheduleto run tasksasslowly aspossiblewithin the
constraintof the releasdimesanddeadlinesdueto the corvexity of the power function. By contrast,in
SS-PD.,it may be bene cial to speedup ataskin orderto createanidle periodin which the systemcan
power-down.

Pavering down deviceswill also be an importantmechanismn minimizing enegy consumptionin
sensometworks. Researcherbave obseredthat a large fraction of wastedenegy happensvhensensors
areidle [38, 15, 13] and have turnedtheir attentionto researchissuesrelatedto powering dowvn sensors
whennot receving or transmitting. Differentresearcherassumeifferentmodelsasto how this canbe
achieved. Someexaminemodelsin which sensorsannot be wokenup. Insteadthey setatimer before
puttingthemselesto sleepandcanonly wake-upwhenthe timer expires[38]. Othersassumehatthereis
amechanisnfor a sensotto listen for messageat very lower power-consumptiorrate[15]. Thenwhena
nodesenseshata messagés beingtransmittedijt transitiongo awakingstate.

3.1 Previous Reseach

In [17, 19 Irani, Guptaand Shuklaformalize Pover-Down in the following manner Thereare periodsof
unknown duration,duringwhich thereareno tasksto run andthedevice canbe powereddown. Theseidle
periodsendwith the arrival of a critical task. The decisionthat the online algorithmhasto makeis when
to transitionto a lower power state,andwhat stateto transitionto. The power-down statesaredenotedby
f sg, ..., skg, with associatedlecreasingpower consumptiorratesof f Py, ..., Pg. At the endof theidle
period,the device mustbe returnedbackto the active statesog. Thereis anassociatedransitionenegy e;
andtransitiontime t; to move from states; to s;. The goalis to minimize the enegy usedover theidle
period.Algorithms aretypically evaluatedaccordingto a competitive ratio. Whena probability distribution
governingthelengthof theidle periodsis assumedpneseeksonly to minimize the expectedcost. We call
algorithmsin this lattercateyory probability-based

The powerdown problemfor two statesis a continuousversionof the well-known Ski RentalProb-
lem[18], andis well understoodThereis a simple2-competitve algorithm,which staysin the active state
until the total enegy consumeds equalto the transitionenegy. It is known thatthis algorithmis opti-
mally competitive. Furthermorejf the idle periodis generatedy a known probability distribution, then
thereis a probability-basedlgorithmthatis (e/e  1)-competitive [24], andthis is optimally competitive.
For somesystemslike disk drives,the enegy neededandtime spentto go from a higherpower stateto a
lower power stateis negligible. Irani etal. shaw in [17] thatfor suchsystemsthe two-statedeterministic
andprobability-basedalgorithmscanbe generalizedo systemswith multiple sleepstatessothatthe same
competitveratioscanbeachiazed. The probability-base@lgorithmrequiresknowledgeof aprobabilitydis-
tributionthatgeneratethelengthof theidle period.In [19] Irani etal. giveanef cient heuristicfor learning
andsummarizinghe probability distribution basedon recenthistory andshow thatthis heuristiccombined
with the competitive probability-basegolicy outperformothermethodsuggestedh the systemditerature
ondatafrom amobileIBM harddrive with threesleepstateqd40].

In the casesvherepoweringdown requiresa non-ngligible cost,it maybe costlyto transitionto mary



statesasthe device powersdown andit may be advantageouso skip somesleepstatesin this scenarioan
algorithmmustidentify anoptimalsequencef statesaswell asthetime thresholdatwhich thesestatewill
be reached Augustine,lrani and Swamy[6] develop a deterministicalgorithmthat acBiE/esa competitive
ratio of 8 for ary systemwith arbitrarytransitioncosts. The boundimprovesto 3 + 2" 2 5.8284 under
the reasonablessumptiorthat ej; ej wheneer! ¢  j. For multiple statesystemsthe optimal
competitive ratio thatcanbe achiaved will, in general be a complicatedfunction of the parametersf the
system. Thus,we have developeda meta-algorithnthattakesasinput the descriptionof a system(setof
statesandassociategharametersindan errorratee, andproducesa power-down policy (setof statesand
thresholdswhosecompetitive ratio is within e of the bestpossiblethat canbe achieved for that system.
Thealgorithmrunsin time polynomialin 1/e andk, the numberof states.Thisis the rst mechanisnthat
hasbeendevelopedto getprovably tight boundsfor the optimal competitive ratio for a generalmulti-state
system. In addition, we extendedthe probability-basednethodin [17] to give an algorithmthattakesas
input a probability distribution over the length of the next idle time and a descriptionof the systemand
outputsa power-down stratgy thatminimizesthe expectedenegy consumption.

In [16] we (joint with RajeshGuptaandSandeeshukla)initiated a theoreticainvestigatiorinto Speed
Scalingwith Pover-Down (SS-PD).This work assumeswo statesan active stateand a sleepstate. The
device canrun atanarbitraryspeedn the active state but the power consumptiorrateis a corvex function
of thespeed.Whenthedevice is in the active stateandthe speeds 0, power is still beingconsumedThe
sleepstateconsumeso power, but thereis a x ed costto transitionfrom the sleepstateto the active state.
We giveanof ine algorithmthatproducesaschedulavhosetotal enegy consumptiorfor ary setof tasksis
within afactorof two of optimal. We alsogive anonlinealgorithm A thatmakesuseof anonlinealgorithm
B for purespeedscaling.If B is O(1)-competitve,andsatis essomevery reasonabléechnicalconditions,
thenA is O(1)-competitive. The exactrelationships a bit complex, but in the caseof thecube-rootule, the
competitveratio of A for SS-PDis approximatelythreetimesthe competitive ratio of B for speedscaling.

Centralto thiswork wastheidenti cation of the concepbf acritical speedwhichis the speedatwhich
it isnolongerbene cialto increasahe speedf atasksoasto createanidle periodin whichthedevice can
sleep.Work in the systemditeraturehasfurtherexploredthisideain orderto understanavherethis critical
speediesbasedndifferentleakagemodels[21]. All of thealgorithmsdevelopedfor SS-PDoperateonthe
principlethatif adeviceis shutdown, it will continueto remainin thatstate evenif therearependingjobs,
until waiting ary longerwould requirerunningfasterthanthecritical speedn orderto completeall jobsby
their deadlinesThis ideaof “procrastinatiorscheduling'hasbeenstudiedfurtherin [20] who examinethe
combinedSS-PDproblemunderdifferentassumptiongbouthow jobs canbe scheduled.

3.2 OpenProblems

Therearestill importantresearchguestionghatremainopenin this area.

Study the Trade-off BetweenEnergy and Latency in Multiple Idle Periods. The focusin work on

competitive analysishasbeenon minimizing enegy. However, whena systempowersdown, it takessome
additionaltime (aswell aseneqgy) to bring the systembackinto an active statein orderto begin work on

a newly arrived task. For example,the IBM mobile hard drive usedin the experimentalstudiesin [19]

requiresl.5secondgo transitionfrom the stand-byto theactive state.As ary laptopuser who hastwiddled
her thumbswhile waiting for herlaptopto returnfrom an unfortunatelytimed transitionto power saving

modeknaows, thistransitionlateng canresultin asigni cant degradatiorin performancesseerby theuser

Looking at the extremecasesif onesimply wantedto minimize lateng, the systemwould stayconstantly
in theactive state.If onesimply wantedto minimize enepy, the systemwould staypowereddown for long

periodsof time and only transitionto the active statewhen enoughtaskshave accumulated.(Although,
technically sucha stratagy would not be allowed sincethe device is not allowed to be idle if thereare
pendingjobs).
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In the contet of sensometworks,the enegy andtime for the wake-upcanalsobe a signi cant cost,
potentially even more thanthe cost of receving and transmittingthe messagd13]. In caseswherethe
transmittedmessages time-critical, it will be importantto considerthe lateng incurredin the start-up,
especiallyif this delayaccumulateshroughmultiple hopsin the network. A thoroughunderstandingf the
tradeof betweerlateng andenegy usewould enablesystemsandusersto makeaninformeddecisionas
to whichresourcéds morecritical to optimize.

Therearetwoimportantdirectionsto consider The rst is simplytolook atasingleidle periodgenerated
by a probability distribution. Givena x ed boundon the enepgy to be expendedduring the courseof the
idle period,how canwe bestminimizelateng? Notethatunlike all the previousversionsof this problem,it
may be adwvantageouto transitionto the active statein a predictve manneybeforethe arrival of a new task.
Dependingon the enegy boundandthe probability distribution over theidle periodlength,it may evenbe
worthwhileto transitionbackandforth betweerthe two stateamorethanonce.

Typically, however, asystemdoesnot have a singleperiodin isolation,but rathera seriesof idle periods
separatedby the arrival of tasksto be performed.Whentransitiontimesarezero,the problemis the same
whenwe considereachidle periodin isolation. However, whentransitionlatenciesare non-ngligible, the
timeincurredin makingatransitionto theactive statewill sene to delaythe executionof taskswhichwill in
turn shorterfutureidle periods.Theinterplaybetweempower-down policiesandlateng hasbeenexamined
experimentallyin [31, 32] in the contet of disk-drives. We would like to understandnore formally, how
the choiceof power-down policy effectslateng over a seriesof idle periodsanddevelop algorithmswhich
allow a useror systento preferentiallychoosebetweeroptimizingoneresourceover theothet

Of ine Complexity of SS-PD:The mostintellectuallyintriguing questionrelatedto SS-PDis whetherthe
of ine problemis NP-hard.In fact, it is not known (despiteseriouseffort by goodresearchersyhetherthe
following simpli ed versionof the problemis NP-hard.Thedevice canbein oneof two power statesactive
or sleep.Theactive stateconsumepower at some x edknown rateandthe sleepstateconsumesio power.
Tasksmustberunin the active state.It costsoneunit of enepgy to transitionfrom the sleepstateto thefull
power state.Thetransitiontime is assumedo beneggligible. Informally, the problemis to scheduleéhetasks
in suchawaythatcreatedewer, longeridle periods duringwhich the device canbeputinto the sleepstate.
Marny seeminglymore complicatedproblemsin this areacanbe essentiallyreducedto this problem,soa
polynomialtime algorithmfor this problemwould have wide application.

4 Conclusion

We believe that there are mary interestingalgorithmic problems,with potentialreal application,in the
domainof power managementWe hopethatthis surwey will corvince otherresearchersf the validity of
our belief,andencouragehemto work on problemsin this area.
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