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Abstract

Dynamic power managementan be effective for de-

signinglow-power systems.In mary systemsrequests
areclusterednto sessions. Thispaperproposesnadap-
tive algorithmthat canpredictsessionengthsandshut

down componentbetweersession$o save power. Com-
paredto other approachessimulationsshow that this

algorithmcanreducepower consumptiorin harddisks

with lessimpacton performanceor reliability.

1. Intr oduction

Theincreasingpopularityof portableelectronicsaandthe
conceptof greencomputershave generatedh needfor
low-power computerdesign.In a computera harddisk
canconsumeamorethanonefifth of thetotal power [4]
[8]. Studiesshaw thatharddiskswill keepconsuminga
significantportion of power in the nearfuture [7] [9].
Althoughstoppingplatespinningcanreducepowercon-
sumption this approacthasthreeproblems:a decrease
in performancewhile waiting for the platesto spinup,
extra enegy while acceleratinghe plates,and higher
failurerateswhich increasewith the numberof spinup-
down cycles, typically tensof thousand®f cycles [5]
[13]. A desirablepaower managemenalgorithmshould
save enegy while providing high performanceandlow
failurerates.

Disk shutdavn algorithmscanbe classifiednto two cat-
egories:predictve andstochasticchemedq1]. Thefor-
mer are basedon prediction of idle periodswhile the
latter usestochasticsystemmodelsand solve the opti-
mizationproblems.Examplesof the predictive schemes
include [3] and [8], while [2] and [10] usethestochas-
tic approach. Although thesemethodsare effective in
severalapplicationsthey do not considerthe burstyna-
tureof diskaccesseslraces[11] show thataccesseare
clusteredr bursty, with varyingtime betweentwo ac-
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cessein thesamecluster Thus,noneof theseapproach
canaccuratelymodelrequests.

Disk shutdavn algorithmscanbeimplementedin hard-
ware or software)aspart of a dynamicpower manage-
mentmethodology[12]. The contribution of this paper
is two-fold: (1) it presentsa new algorithmfor power
managemerih harddisksand(2) it reportstheresultof
a simulatorspecificallydesignedior comparingdiffer-
ent power managemenschemesThe new algorithmis
basedon the conceptof sessions, which cancopewith
thenon-stationarityof systenrequestsOur methodis a
heuristicthattakesinto accounton-stationaryequests
andharddisk reliability.

The methodwe presentin this paperdivides disk re-
guestsnto sessionsRequestslosein timebelongto the
samesessionthosethatarefar from eachotherwithout
ary otherrequestin betweenaredivided into different
sessions.Sinceinter-sessionperiodsdo not have disk
actuities, they areideal candidatesor spinningdown
the plates. Shuttingdown a disk inside a sessionhow-
ever, will causeseriougperformancelegradatiorbecause
thespin-updelaycanbeasignificantportionof thetime
betweenrequests. We develop an adaptve algorithm
to dynamically predict sessionlengthsand shut down
a disk betweensessions. Comparedwith other exist-
ing approacheghroughextensie simulationspur algo-
rithm shows low enegy consumptiorwith lessimpact
on performanceor reliability.

2. Disk Accessesind Definition of Sessions

Figure 1 shavs a disk accesgraceon a personalwork-
stationfor oneday [11]. This figure suggestghat ac-
cesses@reclusterednto groups,calledsessionsA ses-
sion startswith an accessseparatedrom the previous
oneby along periodof inactivity.

A thresholdr is usedto separatesessions.If the time
of two consecutie accessediffersby morethan, they
belongto two distinctsessionsA smallerr maydivide
adjaceniaccessenito two sessionsvhile alargervalue
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Figure2: Sessiongor DifferentThreshold

cancombinetheminto one.Figure2 shovs anexample
of sessionsvith differentr. In thisfigure,disk accesses
areshown by arronvs onthetime axis. Eachgraybarin-
dicateghe spanof onesessionfrom thefirstaccesso r
afterthelastaccessFor example,thelasttwo accesses
occuratt = 19 andt = 21. They areclassifiedinto the
samesessionf = is greatethantwo. If therewereanac-
cessat the 20th secondthreeaccessesould be classi-
fiedinto the samesessionevenwhenr equalsone.The
sessionength, L, is thetime betweenthe first andthe
lastaccessem onesession.Thelengthsof thefirst two
sessionarethreeand zerowhenr = 2. This example
shavsthatL canbelargeror smallerthanr. If apower
manageshutsdown a disk afterit is idle for = seconds
whentheratio %is rathersmall, a significantamountof
enegy is wastedfor the last= seconds.Corversely a
large é indicatesthat multiple sessionsaare combined
into one. Theintermission is the time betweenthe last
acces®f the previoussessiorandthefirst accesof the
next sessionFor example whenr = 2 theintermissions
arethreefour, five, andthree.
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Figure3: Intermissiorfor Differentr Values

Althoughtheone-daytraceof diskaccesseslearlyshowvs
the bursty nature,it is too shortto derive anappropriate

(unit; second) mean | median| standard

deviation
intermission 986 872 668
length 59 48 51
time between 1.2 1 6.0
accessn asession

Tablel: StatisticalPropertiedVhenr =82

valuefor r. Insteadwe useda one-weekltraceto com-
puteanappropriatevaluefor r. Figure3 shavstheaver-

agelengthof theintermissiongor different=. We chose
sixty seconddor = becauset is the kneeof the cunve.
A muchlarger = will combinea lot of sessionswhile

a muchsmaller= will divide one sessioninto multiple
ones.In Sectiond, we will show thatthis valueis effec-
tive for a nine-weekirace. Therefore pn-line derivation
of = is unnecessargueto the adaptvitiy of our algo-
rithm. Table 1 shows the statisticswhen= is 60. As

expected,the averagesessionlength is much smaller
than the length of intermissions. This = value rarely
combinessessionsvhile keepingclusteredaccesse

onesessionThestandardleviationis compatibleto the
mean. This suggestghat the individual sessiorlength
varieswidely and an adaptve algorithmis requiredto

adjustsessiorlengthprediction.

3. Adaptive Disk Shutdown Algorithm

A diskmodelwith two stateds usedin our study When
thediskis in the spinningstate,it cansene IO requests
right away. On the otherhand,whenthediskis in the
sleepingstate,|O requestshave to wait for the plates
to spinup. A power manager(PM) changeshe disk
into the sleepingstatewhenever this transitionis bene-
ficial underthe threeconflictinggoals: low power con-
sumption high performanceandalow failurerate.Fig-
ures4 and5 showv our algorithm. The threeinterme-
diate statesare enclosedby dashedlines. A sleeping
disk wakes up only when a requestarrives. The PM
checksthe 10 requestqueueperiodically If the queue
is nonemptyand the disk is sleeping,the PM issuesa
spin-up command. If the platesare alreadyspinning,
they stay spinning. Meanwhile,the PM increases the
predictedlength of the currentsession. If the queue
is emptyandthe disk is sleeping,the disk staysin the
sleepingstate. The difficulty ariseswhenthe queueis
emptywhile the platesarespinning.Insteadof immedi-
ately issuinga spin-dawvn commandthe PM decreases
thepredictedsessiorengthby anadjustmenparameter
This parametercan affect the performanceof the algo-
rithm. If it is too large, the algorithmis too sensitve



to the variationsin the time differencesf two consec-
utive accesseslf it is too small, the predictedengthis

adjustedoo slonly andthe algorithmbecomes fixed-

durationtimeoutscheme.The PM issuesa spin-davn

commandonly when the queuehas beenempty long

enoughcomparedo the predictedsessionength. By

dynamicallyadjustingthe prediction,the algorithmcan

shutdown the disk earlier for a shortersessionwhile

keepingthe platesspinningfor alongersession.

disk busy

jon diskidle
|sn0t ovenn N~

request arrives

norequest

Figure4: StateTransitionDiagram

/e PL/AL: predicted/actuagessioriength+
/e a: attenuatiorfactors
/w SE:predictedsessiorendtimes
/= Th: thresholdjnc: incremeniconstany/
switch(state)
casespinUp:
state= spinning;PL = aw
SE=now + PL; break;
casespinDavn:
state= sleepingbreak;
casesleeping:
if (arequestrrives){ state= spinUp; }
break;
case?spinDavn:
if (now = SE)&& ((now — SE)/PL)axr Thl)
| state= sleeping}
else{ state= spinning;}
break;
casespinning:
if (arequesarrives){
if (nowz SE)&& ((now — SE)/PL=x Th2))
/m almostreadyto shutdown; deferSE«
{ PL+=inc1;SE+=inc2; }
} elsef
state= ?spinDevn; PL —=inc1; SE—~=inc2; }
break;

}

PL+ (1—a)e AL;

Figure5: Adaptive Algorithm

4. Comparing Power Management
Algorithms

Table 2 shaws the disk modelin our simulation. We
have developeda dynamicpower managemerdnalysis
tool to simulatefive controlalgorithms:

1. Adaptivealgorithml: proposedn this paper The
initial predictionis 60 secondsndtheadjustment
parameteis 1.25second®ecaussimulationsshov

spinning | 1.5W sleeping | 0.3W

spindown | 1.0W spinup 25W
1.0sec 1.0sec

spinning switching

failure 1-107%/hr | failure 3107

Table2: Disk Model

thatthisvaluecanbalanceghesensitvity andadap-
tivity mentionedn Section3. The predictionfor

thenext sessions 0.7 # previousprediction+ 0.3

# actuallengthof the lastsessiorin orderto ad-

justfor workloadchanges.

2. Adaptive algorithm2 [3]: The minimum length
is 2 secondsandthe otherparametersarechosen
accordingto the suggestiorby the authorsof [3]
asfe,, Gz, dar.0] =[2 —0.20, 1.0,0.00]

3. Adaptive algorithm3 [6] : Thelower boundfor
thepredicteddletimeis 1 secondandle, £, 5, ] =
(0.5, 2, 4700

4. Fixed-timeralgorithm:We usedtwo seconds[8],
and five minutesas commonly seenon desktop
computers.

5. Greedyalgorithm: shutdown the disk ten mil-
lisecondsafter servingeachaccesslf anotherre-
guestarrivesduringthe spin-updelay the second
requestvill alsobe senedbeforetheshutdavn.

Our adaptve algorithm differs from [3] and [6] be-
causdt (1) estimateghelengthwithin eachsession(2)

predictslengthsinsteadof changingacceptabl@amounts
of idle time, (3) assumegqualprobabilityfor longeror

shortersessionghanthe averagelength,and (4) is less
sensitve to exceptionallylongidle periodscomparedo

Hwang’s algorithm. In our simulation, all algorithms
checktherequestjueueevery second.

Table3 shavstheresultof runningthesealgorithmsfor
a nine-weektracewith 385,213disk accesseen a per
sonalworkstation [11]. The lasttwo rows arenormal-
ized. We comparehefollowing items.

1. Consumeadnenqy.

2. Numberof statechangesThisis usedfor predict-
ing the disk lifetime. We assumesachup-daovn
cycleincreaseshefailureprobabilityby® « 10—
andonespinninghourincreasest by 1 « 1a7*,
The lifetime is the time whenthe failure proba-
bility reachesone-half. A large numberof state
changeseduceghelifetime andimpliesmorere-
guestshave to wait for the platesto spinup.

3. Total spinningtime andaverageduration.

4. Produciof 1 and2. A smallemumberis betterbe-
causdewer requestareaffecteddueto spinning-



adaptvel | adaptve2 | adaptve3 | fixed(2s) | fixed(5m) greedy
E (enegy, J) 2603507| 1870586 1859128| 1846958| 4778338| 1791558
ratio 1.45 1.04 1.04 1.03 2.67 1.00
S (switchcycle) 6493 21485 22352 23330 3306 33609
ratio 1.96 6.50 6.76 7.06 1.00 10.12
life time (week) 317 93.6 90.0 86.0 626 58.7
ratio 5.4003 1.5945 1.5332 1.4651| 10.6644| 1.0000
spinning(sec) 789852 135357 123280 129590| 2613312 NA
meanspinningtime 121.6 6.3 55 4.7 790 NA
meansleepingtime 716.7 247.0 238.0 228.6 855 160.9
ExS 1.07 2.54 2.63 2.73 1.00 3.81
E/ S (efficiency) 7.52 1.63 1.56 1.49 27.11 1.00

Table3: Comparisorof Paver Managemen#lgorithms (NA: notapplicable)

up delaywhile enegy consumptioris alsosmall.
5. Efficiengy, theratio of thefirst two items. A large

numbermeansthat a higherportion of enegy is

usedto keepplatesspinningto reducedelay

This table shaws that four algorithms (adaptve 2, 3,
two-secondfixed and greedy)have similar resultsbe-
causeall of them are dominatedby the intra-session
behaior. They also suffer from shortlifetimes — less
thantwo years. The widely-usedtimer of five minutes
consumesnuchmore enegy becausehe averageses-
sionlengthis oneminute. Althoughwe derive thevalue
of = from a one-weekltrace,simulationsshaw thatit is
equally applicableto this nine-weektrace. This sug-
geststhat on-line adjustmentof = is unnecessarpe-
causedhealgorithmcandynamicallyadjustfor workload
changes. Our algorithm consumesi5% more enegy
thanthe othertwo adaptve algorithmsbut it provides
asix-yearlifetime, generallylong enoughfor apersonal
computer The lasttwo rows shav that our algorithm
alsoprovidesasmallESproductandafive-timeshigher
efficiency.
5. Conclusions

We have proposedinalgorithmfor dynamicpowerman-
agement. This algorithmadaptvely adjustsits predic-
tion of future requestdasedon the notion of session.
We have performedextensie simulationson controlling
the power statesof harddisksandhave shavn thatthis
algorithm can reduceenegy consumptionwith longer
sleepingduration,lessperformancémpact,andreason-
ablelifetimes.
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