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Abstract

Reducingenergyconsumptionhasbecomeoneof the
major challenges in designingfuture computingsys-
tems.This paper proposesa novel idea of using pro-
gram counters to predict I/O activities in the operat-
ing system.The paper presentsa completedesignof
Program-CounterAccessPredictor(PCAP)thatdynam-
ically learnstheaccesspatternsof applicationsandpre-
dicts when an I/O device can be shut down to save
energy. PCAP usespath-basedcorrelation to observe
a particular sequenceof program counters leading to
each idle period,andpredictsfutureoccurrencesof that
idleperiod.PCAPdiffersfrompreviouslyproposedshut-
downpredictors in its ability to: (1) correlate I/O op-
erationsto particular behaviorof the applicationsand
users, (2) carry prediction informationacrossmultiple
executionsof theapplications,and(3) attain betteren-
ergysavingswhile incurring low mispredictions.

1. Intr oduction

Reducingenergyconsumptionhasbecomeoneof the
mostimportantchallengesin designingfuture comput-
ing systems.While Moore'sLaw providessteadyreduc-
tion in powerconsumptionperoperation,increasingde-
mandfor higherperformance,versatilefunctionalities,
andbetteruserinterfaceshave beenraisingpower con-
sumptionfasterthanthe reductionfrom semiconductor
technology. Today, many computersare mobile, using
batterieswith limited capacity. Meanwhile,usersexpect
wirelessnetwork connections,high-quality video and
audio, large storagespace,and so on. Ef�cient power
management[16] will remainamajorchallengein com-
putersystemdesignfor theforeseeablefuture.

In this paper, we focuson reducingthe energy con-
sumptionof harddisks,but the ideacanbe appliedto

other I/O devices suchas wirelessnetwork interfaces.
Many I/O devicesarenot alwaysneeded.For example,
a harddisk drive is idle whenall neededdataresidein
memory. WhenanI/O device is idle, it canbeturnedoff
(alsocalledshutdown) to reduceenergyconsumptionin
thesystem.Whenthedevice is laterneeded,it is turned
on. This is calleddynamicpower management.Unfor-
tunately, thereareoverheadsto shutdown andturn on
anI/O device.For example,aharddiskneedsto spinup
its platters.Becauseof thesubstantialoverhead,adevice
shouldbeshutdown only if it will beidle for aperiodof
time long enoughto compensatethe overhead.If there
werenooverhead,powermanagementwouldhavebeen
a trivial problem;a device could be shut down when-
ever it wasidle. Thecritical issuein powermanagement
is to accuratelypredictthe lengthof future idle periods
anddeterminewhetherto shutdown a device.

We proposea new mechanismfor dynamicpower
management.The idea is motivatedby recentinnova-
tionsin branchpredictionfor high performanceproces-
sors.Sequencesof I/O operationsareinvokedby a cer-
tain groupof instructionswithin an application.There-
fore, the predictorcanobserve what currentI/O opera-
tion is beingperformedandpredictthe outcomebased
on thepreviousexperienceswith thatparticularI/O op-
eration.The context of eachI/O operationis recorded
usingthesequenceof programcounters(PCs)thatpre-
cedetheparticularI/O. If thesamePCis repeatedin the
samecontext andwaspreviouslyfollowedby alongidle
period,thenthepredictorpredictsa long idle periodand
shutsdown thedisk.

Comparedwith previously proposedshutdown pre-
dictors,PCAPhastwo major advantages.First, it uses
programcountersto correlateI/O operationsof each
program.No informationaggregationis adopted;hence,
the information is exact. Second,it allows continuous
improvementthroughmultiple invocationsof the same
program.This is possiblebecausetheprogramcounters
thatcreatea particularI/O operationremainthesamein
differentexecutions.Thesetwo advantagesareunavail-
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Figure 1. Anatom y of an idle period.

ablein any of theexistingmethods.Becauseof thepre-
ciseinformation,our methodis ableto attainbetteren-
ergy savingswith very few mispredictions.

Therestof thepaperis organizedasfollows.Section
2 describescurrentenergy saving techniques.In Section
3, we presentthe motivation for path-basedprediction
and the designof PCAP. Section4 presentsoptimiza-
tionsfor reducingmispredictionsandtrainingtime.Sec-
tion 5 describestheglobalpredictorfor themultiprocess
environment.Section6 presentssimulationresultsand
�nally , Section7 concludesthepaper.

2. Background: Curr ent predictors

Many computersusepower managementto reduce
energy consumption.Sinceearly 1990s,manufacturers
have beenrecommendingspinningdown harddisksaf-
ter someperiodof idleness[4, 9]. The simple timeout
mechanismhasgainedwide popularityandis currently
implementedin many operatingsystems.Figure1 shows
anidle perioddividedinto two intervals.Whena device
becomesidle, a timer starts.In the�rst interval, thede-
vice remainson. This interval endswhenthe timer ex-
pires.The device is shutdown and“sleeps”during the
secondinterval until a new requestarrives.If a request
arrivesduring the �rst interval, thedevice doesnot en-
ter thesecondinterval. This approachdoesnot save en-
ergy duringthe�rst interval but savesenergy duringthe
secondinterval.

Disks requiremoreenergy to acceleratethe platters
during a spin-upthanduring the idle state.To gainen-
ergy savings, the time in the idle statehasto be long
enoughto offsettheextraenergyneededduringtheshut-
down andspin-upsequence.This time is commonlyre-
ferred to as the breakeven time, and is usually on the
order of a few seconds.The device-off time in Figure
1 hasto be larger than the breakeven time to produce
any energy savings. A mispredictedshutdown results
in more energy being consumedthan saved. Karlin et
al. [11] suggestedusing a component's parametersto
determinethe timeoutvalue.Their approachproduced

2-competitiveenergy savingsif theonly availableinfor-
mationwasthesequenceof requestsfrom all processes.
In practice,to preventshutdownsthatinterrupttheuser,
the timeoutis usuallysetto tensof minutes.While the
useris working, thelong timeoutintervalskeepthedisk
in theactive stateconsumingenergy but providing bet-
terperformance.Portablecomputers,on theotherhand,
areusuallyeithercontinuouslyusedor turnedoff when
not in use.Therefore,long timeoutintervalsdonot pro-
ducesigni�cant energy savingsin portablecomputers.

To addresstheenergy savings in portablecomputers
and further exploit opportunitiesfor energy savings in
desktopcomputers,moresophisticatedshutdown tech-
niqueswere proposed.Dynamic predictorswere pro-
posedthat completely eliminate the timeout interval
[3, 10, 20]. Thesemethodspredictedthe length of an
idle period beforea device becameidle. In [20], Sri-
vastava et al. suggestedthatthelengthof anidle period
couldbepredictedby thelengthof thepreviousbusype-
riod. A long idle periodoftenfolloweda shortbusype-
riod.Chungetal. [3] consideredthepatternof sequences
of idle periodsandconstructeda searchtree.Whenan
idle periodoccurred,the power managerwould �nd a
paththatbestmatchedthesequencethat led to thecur-
rent idle periodandpredictedthe lengthof the current
idle period.Hwanget al. [10] observed that the length
of anidle periodcouldbepredictedusingaweightedav-
erageof thepredictedandtheactuallengthsof thepre-
viousidle period.Someotherresearcherssuggesteddy-
namicallyadjustingtimeout[5, 7]. Both methodsused
feedbackto enlarge or to reducethe timeoutbasedon
whetherthe previous predictionwas correct.If it was
correct,the timeoutwasreduced;otherwise,it wasen-
larged.

Stochasticmodeling[1, 2, 17, 18] wasalsousedto
model the tracebehavior andpredictedthe idle period
basedon the model parameters.In theseapproaches,
I/O requestswere consideredas a stochasticprocess.
Benini et al. [1] usedstationarydiscrete-timeMarkov
processesto model the arrival of I/O operations.Us-
ing this model,they obtainedtheoptimalprobability to
shut down a device for achieving optimal energy sav-
ing.Chungetal. [2] extendedthemethodandconsidered
non-stationaryaccesses.Theirmethodpre-computedthe
optimal solutionsfor several I/O probabilities.At run-
time, the power managerestimatedthe currentproba-
bility andinterpolatedfrom thepre-computedsolutions.
Qiu etal. [17] usedcontinuous-timeMarkov modelsand
event-triggeringso the power managerwould not have
to periodically re-evaluatewhetherto shutdown a de-
vice. Simunic et al. [18] suggestedadding timeout to
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continuous-timeMarkov modelssothata device would
eventuallybeshutdown if thedevice wasidle continu-
ously.

A detailedstudyandevaluationof predictorsis pre-
sentedin [13] with thefollowing conclusions:(1) Time-
out predictorsoffer goodaccuracy but waiting for time-
out to expire consumesenergy; (2) Dynamicprediction
shutsdown thedeviceimmediatelybut had,sofar, much
lower accuracies,than the simple timeout prediction;
(3) Stochasticmethodsusually requireoff-line prepro-
cessingandaremoredif�cult to implement,andprob-
lemsmayariseif theworkloadchanges[2]. Application
controlledpower management[6, 8, 14, 21] hasmuch
betterpotentialfor reducingenergy consumption.How-
ever, thetechniqueplacesanadditionalburdenof insert-
ing power managementdirectiveson the programmers
andrequirestheexistingapplicationsbemodi�ed before
they canbene�t from theenergy management.Runtime
adaptabilityof dynamicpredictorsprovidesanexcellent
platform for the designof advancedshutdown predic-
tor. In this paperwe adoptsophisticatedbranchpredic-
tion techniquesfor energy management.

2.1. Branch prediction basedtechniques

Dynamicpredictorsarebasedon the premisethat a
history of events is likely to repeatin the future due
to repetitive behavior of the applications[19]. Learn-
ing Tree[3] is the �rst attemptto adaptbranchpredic-
tion techniquesfor energy management.Figure2 shows
anexampleof somerepetitive behavior of idle periods.
LearningTreediscretizesthe idle periodsandusesthe
patternsto make prediction.In Figure2, LearningTree
�rst learnsthattheoccurrenceof two idle periodsshorter
thanthe breakeven time is followed by a long idle pe-
riod. If thetwo shortidle periodsoccuragain,they trig-
gerthepredictionof a long idle time.To reducemispre-
dictionsLearningTreeusessliding window �lters that
�lter mispredictionsclosely followed by an I/O opera-
tion. Thesliding window �lter canbeappliedto all dy-
namicspredictorsto prevent themfrom issuinga shut-
down for I/O operationsoccurringcloselytogether.

3. PCAP

We proposeProgramCounterbasedAccessPredic-
tor (PCAP),a new dynamicpredictionmethodthatcan
accuratelypredict idle periods.The key idea behind
PCAPis that thereis a strongcorrelationbetweena se-
quenceof I/O operationsinvokedby instructionswithin
anapplicationandtheimmediatefollowing idle period.
To take advantageof therepetitive functionsperformed

Busy I/O Idle time > Breakeven

Idle time < Breakeven

Figure 2. Repetitive behavior of I/O ac-
cesses.

by applications,PCAPextractstheprogramcontext by
recordingeachsequenceof PCsthathave triggeredI/O
operationsbeforea long idle period,andpredictfuture
idle periodsbasedonpreviousexperiences.ThusPCAP
differsfrom existingmethodsthatlack thedetailedcon-
text of I/O operations.

3.1. Path-basedprediction

A naive implementationof PCAP, motivated by a
hardware one-bit branchpredictor, would only record
a singlePC that causesan I/O followed by an idle pe-
riod. If this PC is encounteredagain,it triggersa pre-
diction that this is an I/O beforean idle period.While
this simpleimplementationis fairly accuratein predict-
ing theidle periods,it is unableto accuratelydistinguish
betweenthe periodsthat are longeror shorterthanthe
breakeventime.For example,anapplicationreadsmul-
tiple �les in a loop,andonly thelastreadis followedby
an idle time that is longerthanthebreakeventime. Us-
ing a singlePCwould result in themispredictionof an
idle periodafter each�le wasreadat the beginning of
eachloop iteration.Moreover, at theendof a loop iter-
ation,thesinglePC predictorwould not predictan idle
time. The samescenariooccurswhen a userconsecu-
tively opensmultiple �les uponstartinganeditor.

To addresstheseproblems,PCAP recordsa path
which is a sequenceof I/O triggeringPCsthatstartsaf-
ter a harddisk idle periodandleadsto thenext idle pe-
riod. As a result,PCAPcandistinguishdifferentpaths
of executionandidentify aparticularpaththattheappli-
cationcurrentlyfollows. The pathof executionleading
to the currentdisk accesswill allow PCAPto identify
thecontext of theI/O operation,resultingin a moreac-
curateprediction.Previously, path-basedpredictionwas
usedto increasetheaccuracy of branchprediction[15]
andwaslatersuccessfullyusedin predictingcacheblock
eviction [12].

Figure3 shows an exampleof I/O operationsmade
by an application.The leftmostcolumnis the program
countersthatinitiate I/O operations.Themiddlecolumn
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Path = {PC1, PC2, PC1} 
Match in the prediction table
Shutdown scheduled

Wait time not expired
Shutdown canceled

PC1 
PC2
PC1

0.1 s
0.2 s
0.3 s

Access

PC1 
PC2
PC1

20.1 s
20.2 s
20.3 s

PC1 
PC2
PC1

40.1 s
40.2 s
40.3 s

PC2 40.4 s

Path = {PC1, PC2, PC1} 

{PC1, PC2, PC1} saved in 
the prediction table; Path = {}

Path = {PC1, PC2, PC1} 
Match in the prediction table
Shutdown scheduled

Prediction verified. Path = {}

time
Access
PC

Figure 3. A prediction example sho wing
the program counter s that initiate I/O, time
of access, and prediction steps under -
taken by PCAP.

shows thetime whenanI/O operationoccurs.Theright
column shows prediction stepsundertaken by PCAP.
The applicationgeneratesthreesequencesof I/O oper-
ations.Within eachsequencethe accessesare0.1 sec-
ondsapartkeepingthe disk spinning.During the �rst
sequence,thePCof eachI/O operationis retrievedand
storedasa partof a pathwhich consistsof f PC1, PC2,
PC1g. At thatpoint PCAPencountersa long 20 second
interval which presentsthe opportunityto save energy.
This is the �rst time that PCAP encounterssucha se-
quencesof PCs,thereforethesequencedoesnot trigger
a prediction.However, the pathis storedin the predic-
tion tablefor futurepredictions.Thesecondoccurrence
of f PC1, PC2, PC1g triggersthepredictionof anidle pe-
riod andthedisk is shutdown. Theexamplealsoshows
the third sequenceof f PC1, PC2, PC1g that is immedi-
ately followed by PC2. In this case,the misprediction
will occurif thereis noadditionalinformationpresent.

3.2. Basicdesign

So far we have discussedpredicting idle periods
basedon a pathof I/O triggering PCsfollowed by an
application.The pathcanbe arbitrarily long andthere-
fore the storageandcomparisoncanbe dif�cult to im-
plementef�ciently . In our implementation,we encode
the path by arithmeticallyaddingthe PCsin the path,
aspreviously suggestedin [12] for predictingcacheac-
cesses.Suchencodedpath resultsin a 4 byte variable,
calleda signature in therestof thepaper. For example,
a path f PC1, PC2, PC1g from Figure 3 is encodedas

Process status structure in the kernel

Access

PC1+ PC2

Current signature

PC1 +

Application’s

PC1+ PC2+ PC3

Prediction

prediction table

Figure 4. Implementation of PCAP.

PC1+PC2+PC1. Theencodingminimizesthestoragere-
quirementsof PCAPandprovidesa quick comparison
betweencurrentsignatureandthe signaturein the pre-
dictiontable.Suchencodingintroducesthepossibilityof
two differentpathsresultingin thesamesignature.For
example,path f PC1, PC2, PC1g is different from path
f PC1, PC1, PC2g, but it will result in the samesigna-
ture. In our experiments,this signaturealiasingdid not
occur. Thereforewe do not explore alternative encod-
ings.

Figure4 illustratesruntimeencodingof thepathand
predictiontablelookup.Eachprocessmaintainsits own
4 byte currentsignaturevariablein the kernelprocess
statusstructure.After a periodof idle time greaterthan
breakeven,the currentsignaturevariablein the current
processis overwrittenby thePC of the �rst I/O opera-
tion.For eachsubsequentI/O operation,thePCthattrig-
gersthe I/O is addedto the currentsignaturevariable.
After eachupdateof the currentsignature,PCAPuses
the signatureto lookup the predictionin the prediction
table.If a signaturematchis foundbetweenthecurrent
signatureanda signaturein thepredictiontable,PCAP
predictsa long idle periodandshutsdown thedisk. If a
signaturematchis not found,thepredictionof “no idle”
is implied andthedisk remainsturnedon. If PCAPen-
countersan idle periodlonger thanthe breakeven time
andthecurrentsignaturedoesnot matchany of thepre-
diction tableentries,PCAPrecordsthatsignaturein the
predictiontable.After PCAPlearnsthenew signature,it
will useit for thefuturepredictions.

3.2.1. Obtaining PCsof I/O operations PCAPneeds
the PC of the function call from the applicationsthat
invoked andI/O operation.Therearemultiple waysto
obtain the PC: library modi�cations, systemcall inter-
ceptions,andkernelmodi�cations. In the �rst method,
the modi�ed library call canreadthe PC directly from
thecallingprogram'sstack,thereforerequiringtheleast
amountof overhead.In thesecondmethod,interception
of the systemcalls happensat the user-kernel bound-
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ary, at which time the I/O library call may have in-
vokedmultiple levelsof functionswhich �nally invoked
thesystemcall. A time consumingtraversalof multiple
library function stackframesmay be necessaryto ar-
rive at theapplication's stackframethat invokedthe li-
brary call. Finally, the kernelmodi�cations aresimilar
to thesystemcall interceptions,alsorequiringmultiple
stackframetraversals.Library modi�cationsareprefer-
ablesincethePC canbeobtainedassoonastheappli-
cationstartsexecutingthe library codeandstackframe
traversalis needed.

3.2.2. Runtime Overheadof PCAP During eachI/O
operation,PCAPhasto obtainthePC,calculatethesig-
nature,andperformthepredictortablelookup.However,
thesestepscanbe implementedvery ef�ciently . To ob-
tain the PC and calculatethe signaturerequiresabout
four memoryaccesseswhen the I/O systemlibrary is
modi�ed to obtain PCs.The predictorlookup consists
of a hashtableaccessandthecomparisonof signatures.
Theseoverheadsare insigni�cant with respectto time
and energy consumptionas comparedto thousandsof
instructionsrequiredto processanI/O operation.

4. PCAP optimizations

PCAP is able to retrieve and make useof program
context and as a result, it can achieve high number
of predictedshutdownswhile incurring few mispredic-
tions. In this section,we discussadaptationof branch
predictionmechanismsaswell asbasictimeoutmecha-
nismsto further reducethemispredictionsandimprove
energy savingsin PCAP.

4.1. Reducingmispredictions

Thepath-basedpredictionmethodin PCAPusesthe
context of executionin making more accuratepredic-
tionsbut it canstill causemispredictions.PCAP, asany
otherpredictorderived from path-basedprediction,in-
heritsthepossibilityof subpathaliasing. Subpathalias-
ing occurswhenonepathof PCsis a pre�x sequence
within a longer path of PCs.The last sequenceof ac-
cessesin Figure3 showstheoccurrenceof subpathalias-
ing. Thepathf PC1, PC2, PC1g is thesubpathof f PC1,
PC2, PC1, PC2g. In this case,the mispredictionoccurs
whenthe pre�x pathof the longerpathis encountered.
Oneexampleof suchascenariois whentheuseropensa
�le, performs“save as” to adifferent�le, opensanother
�le, andeditsit for someperiodof time. The samese-
quenceis followed later, but insteadof editing the sec-
ond �le, the useralsoperforms“save as”. Anotherex-
amplecanbe obtainedfrom an Internetbrowserwhere

somepagesrequire loading additional libraries (addi-
tional I/Os) to decodethemultimediacontext andsome
donot.

4.1.1. Sliding wait-window To reducethemispredic-
tionsdueto subpathaliasing,PCAPusesa slidingwait-
window�lter beforeshuttingdown thedisk. In Figure3
the occurrenceof the third sequencef PC1, PC2, PC1g
will resultin ashutdown prediction.After theprediction
is made,the predictorwaits for a sliding wait-window
to passbeforeshuttingdown thedisk. If during this in-
terval PC2 arrives,thepredictionis ignoredandthepath
collectionis continuedwithout any interruption.On the
otherhand,if thereis noaccessduringthewait-window,
thedisk is shutdown.

4.1.2. History and �le descriptors The wait-window
is unableto eliminateall mispredictionscausedby sub-
pathaliasing.As a solution,we providePCAPwith ad-
ditional informationaboutthe context which will help
PCAP in distinguishingdifferent paths and reducing
subpathaliasing.We proposetwo sourcesof additional
information:historyof idle periodsand�le descriptorof
theI/O operation.Thesesourcesareorthogonalandcan
beimplementedconcurrentlyto furtherimprove theac-
curacy of PCAP.

History basedprediction is drawn from the wealth
of optimizationsproposedfor branchpredictors.We in-
corporatehistory of idle periodsin PCAP as follows.
Any idle periodlongerthanthewait-window andshorter
thanthebreakeventime is recordedas0 in the idle bit-
vector. Any periodthatis longerthanthebreakeventime
is recordedas1. Intervalsshorterthanthewait-window
arenot included,sincethey are�ltered at the run time.
Pathsof PCsandthehistorybit-vectorsaremaintained
concurrentlyfor eachrunningprocessandusedtogether
in trainingandpredicting.Theshutdown is issuedonly
if thecurrentpathandthecurrentidle bit-vectormatch
aparticularentryin thepredictiontable.

Inclusion of �le descriptorsinto the predictortable
entriesis motivatedby researchin [12], wherethe au-
thorsusetheaddressof thecacheblock to aid thepre-
dictor in differentiatingcacheblocks that exhibit sub-
pathaliasing.The direct adoptionwould be to usethe
locationof accessed�les on the disk. However, inclu-
sion of �le locationsmakesthe predictortablesizede-
pendenton the I/O footprint of theapplication,andwe
would facethesameproblemof explodingpredictorta-
ble sizeasoccursin [12]. Moreover, anapplicationcan
potentially opendifferent �les in different executions,
requiringthepredictorto retrainevery time anew �le is
open.File descriptors,ontheotherhand,show lessvari-
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ability andproviderelatedcontext, because�le descrip-
tor areoftenassignedbasedonsomeuserbehavior.

4.2. Reusingprediction tables

Path-based prediction requires extensive learn-
ing to populate the prediction table. To reduce the
delayin learning,we proposeto reusethepredictionta-
blesacrossmultiple executionsof thesameapplication.
While PCAPuseslearningbasedonprocessID, it asso-
ciatesthepredictiontablewith a particularapplication.
Once the application exits, the trained prediction ta-
ble is saved in the applicationinitialization �le, which
most applications already have. The prediction ta-
ble is loadedwhentheapplicationstartsagainandreads
theinitialization �le.

Uniquenessof PCsallows the predictiontableto be
carriedacrossapplicationexecutions.However, PC ad-
dressesmaychangedueto recompilationor dynamically
loadablemodules.In this case,PCAPwill retrainbased
on the new codeor the order of loadedmodules.The
old entriescanbereplacedwhenthenew behavior is de-
tected.A simpleLRU mechanismwouldbesuf�cient in
removing old unusedentries.

4.3. Backup predictor

Predictiontablereusesigni�cantly reducespredictor
training, but applicationor userbehavior may change
over time and thus it is not possibleto eliminate fu-
ture training.During training,on a particularsignature,
PCAP doesnot make a shutdown prediction,and the
disk will remainspinningfor theentireidle periodused
for training. To reducethe impact of training on en-
ergy savings,we usethesimpletimeoutpredictorasthe
backuppredictor for PCAP. When PCAP is unableto
matcha signature,the backuptimeout predictorshuts
down the disk after the timer expires.This is the only
time when the timeout predictoroverridesthe no-idle
predictionfrom PCAPandshutsdown thedisk.

5. Global prediction

Sofar we have discussedPCAPimplementationand
optimizationsonaperapplicationbasis.In realsystems,
many processesare running concurrentlyandsomeof
themmaybefrom asingleapplication.To generateshut-
down prediction, a system-wideprediction is needed
that will take into accountmultiple processesrunning
concurrently. Figure 5 presentsthe Global Shutdown
Predictorthat generatesglobal shutdown predictionby
consideringthe input from all processes.Eachprocess

Disk Shutdown

Prediction
PID 1

Prediction
PID N

Prediction
PID 2

. . .

Global Shutdown Predictor

Figure 5. Global predictor .

hasits own privatePCAPwhich generateslocal predic-
tions asshown in Figure4. The Global Shutdown Pre-
dictorpredictsshutdown only whenthePCAPfor every
processin thesystempredictsshutdown.

PCAPfor eachprocessgeneratespredictiononly af-
ter an I/O operation.Oncea prediction to shut down
the disk is generated,it remainsunchangeduntil the
processperformsI/O operationthat wakesup the disk.
Whenanidle periodoccurs,thepredictionwill begen-
eratedby every application.If PCAPis in training, the
backuptimeout predictorwill make the predictionfor
thatprocess.For example,assumethatPCAPSfrom all
processesin Figure5 predictshutdown andthe disk is
turnedoff. At somelatertime,process2 performssome
I/O operationthat wakes up the disk and PCAP pre-
dicts the shutdown right after the access.Sinceother
processesdo not changetheir state,all predictionsre-
main the sameand the disk is shut down after PCAP
from process2 makes the prediction.We can observe
thatPCAPfrom currentlyrunningprocesswill makethe
last predictionandno synchronizationis necessarybe-
tweenwaitingprocessesat this time.

6. Results

To evaluatethe performanceof PCAPandcompare
it to previously proposedpredictorswe usea tracesim-
ulator. A detailedtraceof theapplicationswasobtained
by modifying the strace Linux utility. The modi�ed
Strace readstracedprocesssmemoryandallows us
to obtainthe following informationaboutthe I/O oper-
ation:PC,accesstype, time, �le descriptor, and�le lo-
cationon disk. In addition,we alsoincludedthetime of
forks andexits of the processeswithin the parent
application.Eachapplicationwastracedseparately, cre-
atinganindependenttracefor eachapplication.

Table1 shows� veapplicationsusedby auserduring
the tracecollection.Mozilla is a web browserand the
userspendstimereadingthepagecontentandfollowing
the links. The I/O behavior dependson the contentof
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Num.of Num.of idle periods Total
Appl. executions Global Local I/Os

mozilla 49 365 1001 90843
writer 33 112 358 133016

impress 19 87 234 220455
xemacs 37 94 103 79720
nedit 29 29 29 6663

mplayer 31 51 111 512433

Table 1. Applications and execution details.

thepageandtheinterestsof theuser. Xemacsandnedit
areeditorsusedby theuserwhospendsmostof thetime
thinking andtyping.Xemacsis primarily usedto create
larger�les andedit multiple �les, while neditis primar-
ily usedto quickly opencorrect/modifysourcecodedur-
ing compilationor bug�x es.Neditdoesnotshow repeti-
tivebehavior sinceoncea�le is modi�ed it is savedand
nedit is closed.Nedit is the only applicationwith sin-
gle process.Writer is a word processorfrom the Open
Of�ce suiteandthe usermostly composesthe text and
alsodoessomequick �x esafter proofreading.Impress
is also an OpenOf�ce applicationand is usedto pre-
parepresentationslides.Mplayer is a mediaplayerand
theuserusuallywatchesa mediaclip andthenexits the
player.

Table1 also lists how many timeseachapplication
wasexecutedandthe total numberof idle periodsthat
werelong enoughto save energy by performinga shut-
down. The local numberof idle periodsis the sum of
idle periodsthat eachprocessfrom the applicationen-
countered.Theglobalnumbershowstheidle periodsob-
servedby anapplicationasa whole, i.e., thenumberof
periodswhen all processesobserved idle I/Os. There-
fore, theglobalnumberis muchsmallerthanthesumof
localnumbers.

Thetracesimulatorsimulatesthemultiprocessenvi-
ronment.It simulatesdifferentidle periodpredictorsand
collectsstatisticsfor eachprocessaswell asfor theen-
tire application.

To take into accountof theeffectsof disk cachingin
anoperatingsystem,we have implementeda �le cache
simulator. The simulatormodelsthe implementationof
the �le cachein Linux, andthe collectedtracesof I/O
operationsare�ltered throughour �le cache,andonly
cachemissesare treatedas actualdisk accesses.The
�le cachesize is 256 Kbytes.We usethe LRU mech-
anismfor cachereplacementandthedefault timerof 30
secondsbetweencache�ushes of dirty data.Sincethe
studiedapplicationsdid not generatelarge amountof
datathe impact of dirty data�ushes was limited. The

State Power

Busypower 2.2W
Idle power 0.95W

Standbypower 0.13W
Spin-upenergy 4.4J

Shutdown energy 0.36J

StateTransition Delay

Spin-uptime 1.6sec.
Shutdown time 0.67sec.
Breakeventime 5.43sec.

Table 2. The states and state transitions of the
sim ulated disk.

elongationof default timer and optimizationsof dirty
data�ushes arebeingcurrentlyevaluatedin the Linux
community. Theseoptimizationswill furtherbene�t the
powermanagement.

Energyconsumptionandsavingsarecalculatedbased
ontheamountof timetheapplicationsspendin apartic-
ular stateandthecorrespondingpower consumptionas
listed in Table 2. Theseparameterscorrespondto Fu-
jitsu MHF 20043AT diskdrive [13].

We start by evaluatingthe ability of the predictors
to predictshutdownsin Section6.1 andSection6.2. In
Section6.3,we evaluateenergy savingsof variouspre-
dictors.In Section6.4,we comparetheeffectivenessof
differentoptimizationsof PCAPfor reducingmispredic-
tionsandlearningtime.

6.1. Local prediction accuracy

In thissection,wecomparetheaccuracy andtheabil-
ity of predictorsto predictharddisk shutdowns.In Fig-
ure6 wecomparethetimeoutpredictor(TP), theLearn-
ing Tree(LT) predictor, andPCAP. TPusesa10-second
timer andafter thetimer expiresit shutsdown thedisk.
The10-secondinterval resultsin low mispredictionsand
good energy savings in our applications.Lower timer
valueswould increasemispredictionssigni�cantly and
muchhigher timeoutwould reducethe energy savings
considerably. The10-secondinterval is alsousedfor the
backuptimeoutpredictorsin PCAPandLT. LT is able
to managemultiple power states,but in our study LT
only predictsshutdowns.Thebackuptimeoutpredictor
andtheslidingwait-window mechanismareincludedin
both LT and PCAP, allowing a direct comparison.We
have usedone-secondwait-window sinceit �lters mis-
predictionsin mostcommoncases.

Figure 6 presentsthe fractions of shutdowns nor-
malized to the number of idle periods that are long

7



0%

20%

40%

60%

80%

100%

120%

140%

TP LT
PC

AP TP LT
PC

AP TP LT
PC

AP TP LT
PC

AP TP LT
PC

AP TP LT
PC

AP

mozilla writer impress xemacs nedit mplayer

F
ra

ct
io

n
 o

f 
sh

u
td

o
w

n
s 

Hit Not predicted Miss

Figure 6. Local shutdo wn predictor

enoughfor a shutdown to bene�t energy management.
The fractionof “Hit” representsthe fractionof idle pe-
riodswith correctlypredictedshutdowns.The“Not Pre-
dicted” fractionpresentsmissedopportunityto shutthe
diskdown.Thefractionof “Miss” correspondsto thead-
ditional shutdownsthatwereintroduceddueto mispre-
diction. The additionalshutdowns occurredduring the
idle periodsthat were shorterthan the breakeven time
andthereforearenot part of idle periodsshown in Ta-
ble 1. However, we normalizedthemispredictionto the
numberof idle periodsfor directcomparisonin the �g-
ures.

The completesystem-widepredictor containsone
globalandmany local predictors,asshown in Figure5.
Figure6 presentsresultsfor the local predictorby cal-
culatingthe total numberof missesandhits from each
processandnormalizingthemto thetotalnumberof idle
periodsfor theprocessesin theapplication.High accu-
racy in the local predictorswill result in improved ac-
curacy for theglobalpredictor. TP hasthe lowestnum-
ber of predictions,52% on average,and as a result it
has the lowest numberof mispredictions,3% on av-
erage.Mozilla, writer, and impresshave multiple pro-
cesseswith shortidle intervals.Mozilla is themostdif-
�cult to predictsinceit hasmany shortintervalsthatre-
sult from userfollowing thelinks onthewebpages.The
remainingapplicationsusuallyhave longeridle periods
andTPperformsbetter.

The wait-window makes the numberof mispredic-
tions in LT ratherlow for the dynamicpredictorwhich
averages10%acrosstheapplications.LT is ableto cor-
rectlypredict88%of local shutdowns.To maximizeen-
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Figure 7. Global shutdo wn predictor

ergy savingsandminimizemispredictionswehaveused
a history lengthof eight in LT. Longerhistory lengths
doesnot improveaccuracy. Shorterhistorymayresultin
morehits,but mispredictionmayalsoincrease.

PCAPachievesthehighestaveragecoverageby cor-
rectly predicting89% of the local shutdown intervals.
Here,thecoverageis de�nedascorrectlypredictedshut-
downsasa percentageof all suchopportunities.PCAP
hasslightly lower coveragein nedit and mplayerthan
LT, asit requiresonemoreidle periodto learnin nedit
and two more in mplayer. Since PCAP has more so-
phisticatedlearningmechanisms,it requiresmoretrain-
ing thanthepredictorsthat do not observe the applica-
tion context. PCAPalso improvesthe predictionaccu-
racy, comparedto LT, with only 5% mispredictedshut-
downs. Comparedto TP, PCAP has37% more cover-
ageandonly 2% moremispredictions.The mispredic-
tionsin PCAPcanbesigni�cantly reducedby providing
morecontext asshown in Section6.4.

6.2. Global prediction accuracy

The �nal shutdown predictionis madeby theglobal
predictor, which is basedon thecollectionof local pre-
dictions.Therefore,in the remainingsectionswe will
only presentglobal predictionresults.Figure 7 shows
the �nal prediction resultsmadeby the Global Shut-
down Predictor. Resultswerenormalizedto thenumber
of globalidle periodssinceonly duringthoseperiodsthe
predictorsshouldattemptto shutdown thedisk. Figure
7 follows the trendsof Figure6 exceptfor the follow-
ing differences.First,TPachievesmuchhigherpercent-
ageof hits thanin Figure6. Thiscanbeexplainedby the
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Figure 8. Energy distrib ution.

lower numberof global idle periodsthepredictionsare
normalizedagainst,asexplainedbefore.Second,LT and
PCAPachievelowerpercentageof hits thanin Figure6.
This is causedby mixedTP (backup)andLT or PCAP
aslocalpredictors.SinceTPrequiresamuchlargetime-
out period (10 seconds)beforepredictinga shutdown,
while LT andPCAPcanmake predictionsimmediately.
If any local predictoris usingTP, theglobal prediction
hasto wait for 10secondsbeforepredictingashutdown.
In other words, the global predictor is coercedby the
backupTP predictorinto delayingmakingpredictions.
Third, all threepredictorsachieve higherpercentageof
mispredictions.This is becausetheglobalpredictorpre-
dicts shutdown only when all local predictorspredict
shutdown. Thusif onelocal predictormispredictsshut-
down while otherlocalpredictorscorrectlypredictshut-
down, theglobalpredictormispredicts.

GlobalTPis ableto shutdown thediskin 71%of idle
periods,onaverage,while incurringonly 8%of mispre-
dictedshutdowns.LT is moreaggressivewith anaverage
of 84% correctshutdowns, but also incurs an average
of 20% mispredictedshutdowns. PCAP againpredicts
much betterthan LT, correctly shuttingdown the disk
during86%of theidle periods,onaverage,while incur-
ring only 10% of mispredictedshutdowns.The overall
trendsacrossapplicationsremainunchangedfrom Fig-
ure6.

6.3. Energy savings

In this section,we presenta breakdown of the disk
I/O operationsand the ability of TP, LT andPCAP to
reduceenergy consumption.Figure8 shows theenergy

consumptionpro�le of each application.The energy
consumedby eachapplicationwas divided into three
components:“busy I/O”, “idle < breakeven”, and“idle
> breakeven”. In addition,we includethe “Power Cy-
cle” sectionfor thepredictorresults,whichis theenergy
consumedduring the shutdown and spin-upcycle for
bothcorrectlyandincorrectlypredictedshutdowns.The
“idle > breakeven” energy componentis energy con-
sumedduring the periodsthat are long enoughto shut
down thediskandsave theenergy.

We observe that the basesystemspendsmostof its
executionin the idle I/O state.On average83% of en-
ergy is consumedduring the idle I/O state,and82%of
energy is from the intervals longer than the breakeven
time.Theexceptionis mplayerwhich requirescontinu-
ousstreamof videoandthereforehaslimited idle time.
Mplayer loads the movie into its own memorybuffer
and maintainsthe buffer full until the movie ends.At
this time the I/O activity stopsand the movie �nishes
playing from the buffer. The idle energy in the Figure
8 correspondsto the amountof time it took to empty
the8 MB buffer at theendof themovie. The idle time
in the other applicationsdependson the user interac-
tion. Mozilla loadslibrariesandsavestemporaryinfor-
mationevery time a useropensa new webpage.There-
fore, the idle time is dependenton thesur�ng habitsof
theuserandthepagecontent.The two editors,xemacs
andnedit,show similarbehavior sinceusersspendmore
time typing andthinking thanopeningnew �les. Writer
and impressarebasicallyeditors,but word processing
andpresentationpreparationrequireadditionallibraries
like dictionariesor graphic�lters that requiremoreI/O
time.

The ideal predictor in Figure 8 saves all en-
ergy that comesfrom the idle periodsthat are longer
than breakeven time. The energy requiredto turn off
and on the disk is presentsince even the ideal pre-
dictor consumesenergy during the correct shutdown
and spin-upof the disk. As a result the ideal predic-
tor eliminateson average78%of energy in theapplica-
tions.

SimpleTP performswell, on averagesaving 72%of
energy in the applicationswhich is 6% away from the
ideal predictor. The energy savings of TP can be in-
creasedat thecostof highermispredictedshutdownsby
settingthetimeoutto bethebreakeventime [11]. In this
case,TP with timeoutof 5.43secondseliminatesonav-
erage74%of energy, howevertheglobalmispredictions
increaseto 12%asaresultof shortertimeout.

LT is more aggressive in making predictionsand
saveson average75%of energy. PCAPpredictorsaves
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Figure 9. Predictor optimizations

on average76% of energy which is only 2% from the
maximumsavingspossiblewith muchlowermispredic-
tionsthanLT. Mispredictionratesplayaverysigni�cant
role in selectingthe right predictor. Unnecessaryshut-
downsnotonly consumeenergy but alsocanaffectdisk
reliability and irritate the userwho hasto wait for the
disk to spinup.

Timeoutplays a role in all predictorssinceLT and
PCAPusetimeoutpredictionasa backupduring train-
ing intervals. Longer timeouthasan adverseeffect on
the energy savings in TP, sinceTP hasto wait for the
timer to expire for every interval. Moreover, theenergy
saving-mispredictiontrade-off variesamongapplication
for TP, makingit evenmoredif�cult toselectavaluethat
will bene�t a wide rangeof applications.LT andPCAP
energy savings are not affectedby the timeout value,
sincemostpredictionsarehandledby theprimary pre-
dictorsin LT andPCAP. Aggressive timeoutvaluesdo
notbene�t PCAPanda longertimeoutis preferable,be-
causeit eliminatesmispredictionsdueto shorttimeout.

6.4. Optimizations

In this section,we �rst evaluatethebene�ts of addi-
tionalcontext providedby historyand�le descriptor. We
thenevaluatetheimportanceof predictiontablereuse.

6.4.1. History and �le descriptors Predictionaccu-
racy is improvedby providing the predictorwith addi-
tional information about the context of execution.We
presentPCAPin Figure9 with the additionof idle pe-
riod history(PCAPh),�le descriptor(PCAPf),andcom-
binationof historyand�le descriptor(PCAPfh),respec-

tively. Figure9 presentsresultsfor theglobalpredictor,
andthebasePCAPfrom Figure7 is includedfor com-
parison.Eachmispredictionand hit sectionof the bar
wassplit into two sectionsto show thecontributionfrom
theprimaryandbackuppredictor. Sincethereweremul-
tiple processesrunningandmakingpredictionsconcur-
rently, wedecidedto attributethe�nal globalprediction
to thepredictortype(primaryor backup)makingthelast
decisionbeforethe shutdown. For example,if all pro-
cessespredictedshutdown and one processis waiting
for thetimer to expire, this shutdown is attributedto the
backuptimeoutpredictor.

PCAP is the bestperformerin Figure 7, achieving
high coverageof 85% at a relatively low cost of only
10%mispredictedshutdowns.By augmentingPCpaths
with thehistoryof idle periods,we furtherpinpoint the
locationof theI/O instructionswithin theexecution�o w
of theapplication.We have useda history lengthof six
periodswhichmaximizesenergy savingsandminimizes
the numberof mispredictions.Longerhistory doesnot
reducemispredictionsany further. Addition of history
increasesthe training durationin PCAP, requiring the
backuppredictor to make more predictions.On aver-
age,thehit rateremainsat 85%,but theadditionalcon-
text providedby historyresultsin dropin themispredic-
tionsto anaverageof 5%.At thispointPCAPhachieves
highercoverageandfewermispredictionsthanTPor LT.
Theimpactof usinghistoryonenergy savingsis limited
andresultsin well under1% averagechange.As a re-
sult PCAPhis still ableto save 76%of energy at a cost
of only 5%mispredictedshutdowns.

Mozilla is the most dif�cult to predict, how-
ever PCAPh managesto reduce the misprediction
rate to 13% as comparedto 26% in PCAP. The to-
tal of 49 mispredictedshutdowns in 49 executionsof
mozilla shouldbe mostly unnoticeableandshouldnot
irritate the user. Otherapplicationshave lower mispre-
diction rates than mozilla and already perform well
with PCAP. The additionalcomplexity that history in-
troducesis well justi�ed in caseof mozilla, andother
applicationsareseeinglimited bene�t aswell.

Addition of �le descriptorsto the path of PCs
(PCAPf) also improves the predictability. But sincea
�le descriptormay be reusedby multiple �les, the ac-
curacy is not asgoodas in PCAPh,thoughstill better
than in PCAP. PCAPf achieves an average cover-
age of 85% with an average of 9% mispredicted
shutdowns. The combineduse of history and �le de-
scriptorsis shown asPCAPfhin Figure9. Theresulting
averagecoverageis 84% with an averageof 5% mis-
predicted shutdown. The energy saving in PCAPf
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Figure 10. Predictor table reuse

and PCAPfh is also the sameas in PCAP. On aver-
age, the mispredictionsand energy savings did not
changeafter adding �le descriptorsto the PCAPh.
Only mozilla shows higherreductionsin misses,there-
fore adding�le descriptorto PCAPhmay be justi�ed
only for someworkloads.

6.4.2. Reuseand storageof prediction tables More
sophisticatedpredictorsdemandextendedtraining that
a singleexecutionof the applicationmay not provide.
Figure10 showsPCAPandLT from Figure7 andcom-
paresthemagainstPCAPa andLTa which discardpre-
dictor tablesafteranapplicationexits.SincePCAPaand
LTa discardpredictorinformation,they have to relearn
predictionsignaturesevery time the applicationis exe-
cuted.Training consumesa signi�cant numberof idle
periodsduring which the backuppredictoris responsi-
ble for makingshutdown predictionsto save energy.

The primary predictor (PCAP) with prediction ta-
ble reuseis responsiblefor 70% of correctpredictions,
while the backup predictor provides additional 15%
of correctpredictions,on average.Studiedapplications
mostly do not have enoughrepetitive behavior to train
the predictoranduseits full potentialduring oneexe-
cution. As a result,by discardingtrainedpredictorta-
ble, the primary predictorin PCAPa is responsiblefor
only 16% of correctpredictionswhile the backuppre-
dictor provides59% of correctpredictions,on average.
Similar behavior is observed in LT wherethe primary
predictorpredicts66% of hits and the backuppredic-
tor 18%,on average.In LTa, on theotherhand,thepri-
mary predictoronly predicts26% andthe backuppre-

Numberof entries
Application PCAP PCAPh PCAPf PCAPfh

mozilla 72 99 129 139
writer 30 36 30 36

impress 34 44 44 47
xemacs 13 16 13 16
nedit 6 6 6 6

mplayer 24 24 26 26

Table 3. Stora ge requirements.

dictor50%of hits,onaverage.We canalsoobservethat
mispredictionsgenerallydecreasein PCAPa sincepri-
mary predictorsaremakingfewer predictions.The ex-
ceptionsarewriter andimpresswherethe backuppre-
dictormakessigni�cant amountof wrongpredictions.

The higher energy savings relate to the prediction
coverageof the primary predictor. Without prediction
table reuse(PCAPa and LTa), most of predictionsare
made by the backup timeout predictor, thereforethe
overallenergy savingsarecomparableto thesimpleTP.
Thusto achieve betterenergy savings thanTP, it is im-
portantto performapplication-basedpredictions.Imple-
mentationof sophisticatedpredictorswithoutprediction
tablereusedoesnot provide signi�cant gainsto justify
thecomplexity of thepredictors.

Implementationof prediction table reusesaves the
prediction table upon the applicationexit and reloads
it when the new instanceof the applicationstartsexe-
cuting.Table3 shows theamountof informationthat is
saved for eachapplication.Eachentry is encodedinto
a 4-byteword, thereforeeven in caseof mozilla which
requiresto store139 entriesin PCAPfh,the tablecon-
sumesonly 556bytes.Otherapplicationsandpredictors
requireevenlessstorage,andthereforethestorageis not
aproblemin ourexperiments.Longerrunningpredictors
andchanginguserbehavior canresultin many moresig-
natures.In this case,somestoragelimit canbeimposed
andanLRU replacementof old signaturescanbeused.

7. Conclusion

In thispaperwehaveproposedProgramCounterAc-
cessPredictorwhich dynamicallylearnstheaccesspat-
ternsof the applicationsandpredictswhenthe I/O de-
vice canbeshutdown in orderto save energy. By using
path-basedcorrelationto observeaccesspatterns,PCAP
predicts future occurrencesof long idle periodswith
highaccuracy. Wepresentimplementationof PCAPthat
reducesaveragemispredictionsto 5% which is much
lowerthanthemispredictionsin LearningTreeandeven
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lower than in Timeout Predictor. We have also shown
the needfor prediction table reuseto offset the over-
headof training in predictorsmore sophisticatedthan
the timeoutbasedpredictors.Our experimentalresults
show thattablereusereducesthetrainingtime,resulting
in on averagefourfold increasein PCAPscoverageand
more thandoublesthe coverageof LT. Overall, PCAP
is ableto save on average76%of the total energy con-
sumedby I/Os, only 2% away from a perfectpredictor
savings.

PCAPcanbefurtherextendedto handlemultiple low
powerstatesof harddisks.Forexample,theslidingwait-
window canbe optimizedto put the disk into a lower
power stateimmediately, andonly shutdown after the
wait-window elapses.

PCAPopensa new directionfor thedevelopmentof
predictor-basedtechniquessuitablefor many otheras-
pectsof the operatingsystem,suchas�le buffer man-
agementand I/O prefetching.PC-basedtechniquesdo
not requireany modi�cation to an applicationand yet
have thepotentialto obtainprogramcontext asaccurate
asoneprovided by an annotatedapplication.Thuswe
expectPC-basedpredictionsto performaswell aspre-
dictionschemesthatrely onapplicationhints.
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