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ABSTRACT

To reducethe enegy consumptionof modernprocessors,
designershave proposedmary enegy-saing techniques.
In mary casesthesetechniquesare dynamicallyactivated

anddeactvated. In systemsghat employ thesetechniques,
to adaptto changesn applicationbehaior, pro ling can

help determinehow to managehe activation of techniques
to improve a certainmetric.

In this paperwe proposeo useaglobalapproacho such
pro ling. Theideaisto pro le theapplicationon a section-
by-sectionbasisbut to make the decisionsn a globalman-
ner, competitvely comparingthe differentsections.Under
suchconditions,the systemcanbe moreeffective. For ex-
ample,we cantamgetfor reducedenegy consumptiorin an
applicationwithout slowing it down. The resultsshav that
suchan approachcanreducethe enegy consumptiorof 7
applicationshy 12%with negligible slovdown.

1 Introduction

In recentyears,computerarchitecturehas shifted from a
performancevs. costdesignto a more challengingperfor

mancevs. costvs. enegy design.Enegy consumptiorhas
becomeamajorconcerrfor thedesigner®f modernproces-
sorsdueto mary reasonsjncluding increasedmportance
of mobile computing,high costassociatedvith heatdissi-
pationsystemsandto alesserxtent,increasingdlemandor

electricity.

The increasinglyhigh speedof modernprocessorss an
importantfactorin growing power consumption. Various
techniquesiave beenproposedo tradeoff performancdor
enegy savings [8, 12, 16, 18, 20, 26]. Thesetechniques
have beenappliedin previousframeavorks|[9, 11,13,14,21,
24,28] to slowdown the processomainly for threereasons:
the processois fasterthanneededandthuswasteseneny,
the systemneedgo save batteryenepy, or thetemperature
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is too high. In all the situations the basicideais the same:
reducepower consumptiorat the expenseof processoper
formance.If the systemdoesnot have enoughslackin ex-
ecutiontime, theseframavorks will not producemuchen-
ergy savingswithout sacri cing performanceln this paper
we go onestepfurther, trying to achieve signi cant enegy
savings with negligible slovdown. To do this, we perform
off-line pro ling to obtaina global view of the impact of
low power techniqueon differentcodesections.Basedon
this information, we activatetechniquesn a smartmanner
to maximizetotal enegy savings perunit slovdown. More-
over, thoughwe still usetechniqueghat on averageslowv
down the execution,dueto the non-uniformity of applica-
tion's behavior, someof the techniquesven speedup code
sections.Thereforejt is possibleto achieve zeroor negligi-
ble netslowvdown.

In our simulationervironment,we show thatthis global
optimizationallows usto reducethe enegy consumptiorof
a setof diverseapplicationsby an averageof 12% and as
muchas16%with negligible slovdown.

The restof the paperis organizedasfollows: Section2
motivatesthe problemconsideredSection3 describeghe
pro ling algorithmandparametersSection4 discusseshe
evaluationervironment; Section5 evaluatesthe proposed
solutions;Section6 presentghe relatedwork, andwe con-
cludein Section?.

2 Motiv ation

2.1 Oppor tunity

It is well known that, as applicationsexecute,they regu-
larly go throughchangesn high-level parametersuchas
IPC (InstructionPer Cycle) or power consumption.How-
ever, we obsere that they also exhibit anotherimportant
type of variability. The relative impactof an architectural
modi cation is not constantwith time; instead,the result-
ing changein IPC or power consumptionvarieswidely as
time proceeds. This obsenration allows us to activate an
architecture-modifyingechniqueonly during the mostfa-
vorableperiods,thosethat save that largestamountof en-
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Figurel: Impactof applyinglow-power techniquesn the enegy consumptior(a) andIPC (b) asa functionof time.

ergy per unit slovdown for example,anddeactvateit oth-
erwise.

To visualizethis effect, we simulatea processorunning
oneapplication. The simulationernvironmentand applica-
tion suite are describedin Section4. In the experiment,
we apply two low-power techniquesseperatelyaddingan
instruction Iter cache[18], or disablingALUs by clock-
gating. Figuresl-(a) and(b) shav therelative enegy con-
sumptionandtherelative IPC variation,respectiely, asthe
executionproceedsln both gures, 0% correspondso the
basesystemwith noneof thetechniquesctivated.Positve
numberge ect enegy reductionandbetterperformance.

We canseefrom the gures that the relative impact of
thesetechniquesvariesacrosstime. Theseare, therefore,
non-uniformtechniques.To emphasizéhis effect, the g-
ure alsoshawvs the impactof voltagescaling, a technique
whosebehaior is qualitatively different. In this case,the
relative changesn enegy consumptiorandin IPC remain
constanticrosgime.

Our goalin therestof this paperis to try to exploit this
variability of low-powertechniquesvithin andacrossappli-
cations. Our systemdynamicallyadaptsby activating and
deactvating a setof techniquedo sa/e enegy. Sinceour
focusis on high-performanceystemswe strive to reduce
enegy consumptiorwithoutincurringmuchslowdown.

2.2 Decision Mechanism

In order to exploit the abose mentionedopportunity we
needto identify the pointsin the codewhereit is advisable
to adaptthe system.The goalis to divide the programexe-
cutioninto differentsections sothateachsectionhasrela-
tively uniformreactionto systemadaptationAlso, thegran-

1For simplicity, we assumehe voltageof the whole systemis scaled,
notjusttheprocessor

ularity of suchsectionshasto berelatively coarsesothatthe
transienstateand/orary adaptatioroverheacdbecomewery
small.

Many dynamicsystems[34, 7] constantlymonitor the
programand predictthat the behaior in the nearfuture is
similarto the currentone. This usuallyinvolvesanobsena-
tion intenal of a x edduration.In [25], it is shavn thatpro-
gramsgenerallydemonstrat@eriodicbehaior, but the pe-
riod is application-speci c.Furthermoredependingn the
lengthof theintenal, programgo throughdifferentcodein
neighboringintervals andshaov differentarchitecturaimet-
rics (e.g. IPC, cachemissrateetc.). Indeed for shortinter
vals,we obsere a high variancein IPC amongneighboring
intenalsin the benchmarkstudied. Naturally the optimal
durationfor theinterval depend®ntheapplication.

A goodunit of behaior repetitionis the function. When
the samefunctionis executedagain, its behaior is unlikely
to changemuch. Arguably IPC is a goodindicatorof high
level programbehaior. In the following test, we analyze
the IPC variation of one programduring its execution. In
thecaseof x edinterval, we measurehe standardieviation
of IPC for every intenal. In the caseof the function, we
measurehe standardieviation of IPC for all invocationsof
the samefunction. Figure 2 shavs that, we canpredictthe
behaior of afuturefunctioninvocationmuchbetterthanwe
canpredictthefuturebehaior in aninterval.

We seethatthe effectivenesf micro-architecturenod-
i cations variesduringthe programexecution,andthatwe
canusefunctionsasa unit to managetechniques.In this
paperwe getmostout of thelow-powertechniquesvithout
payinga big averageperformanceenalty
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3 Proling Approach

We usepro ling to determinewhento activate and deac-
tivate low power techniques. In this section,we describe
importantpro ling parametersincluding the statisticscol-
lected thesamplingintenval, andthealgorithmsusedto pro-
cesghestatistics.

3.1 Proling parameters
3.1.1 Statistics collected

We needto understandhe enegy andperformancempact
of applying a techniqueon a sectionof code. Therefore,
pro ling shouldcollect performanceand enegy statistics.
Speci cally, we measurecycle countand total amountof
enegy consumed.

The enepy statisticscould be obtainedby readingfrom
an enegy meter or by approximatingfrom processomac-
tivity statistic[17]. As anexampleof this approximation,
cacheenegy expenditurecouldbeestimatedy multiplying
thenumberof accesseby theaverageenegy peraccessin
this paper for simplicity, we assumave canreadtheenegy
numbersrom ameter In Section5.2we alsoshaw thatin
the caseenepy statisticsare not available, usingonly per
formancecounterds alsoaviablealternatve.

3.1.2 Sampling Interval

An importantpro ling parameteis the grain size of sam-
pling intenval. Sincewe needinstructionsto activatetech-
niquesat the beginning of eachsamplingintenal, a very
ne-grain pro ling incursa lot of overhead. On the other
hand,if the grainsizeis too large, it will shieldthe phase-

changesnside.

To producea goodsamplinginterval we breakdown the
codeinto modules. A moduleis a pieceof codethatis small
enoughsothatits reactionto low-power techniquess quite
uniform, andalsolargeenoughsothatthe overheadf tech-
niquesactivationis nggligible.

We start the instrumentatiorprocesswith the mostfre-
guently executedfunctions. We instrumentat the entrance
andexit of thefunction. Sincea smallportionof staticcode
oftenrepresentsostdynamicexecutiontime, we only need
to instrumenta few functions.

We donotinstrumeninsidefunctionsthathave veryshort
executiontime perinvocationto avoid too muchoverhead.
Instead we eitherconsiderthemas part of the caller func-
tion or do transformationso reduceoverheadf theinstru-
mentation.For instancewe putawrapperaroundrecursve
functionsandonly instrumentin the wrapperfunction. For
a tight loop invoking a shortfunction, we only instrument
aroundtheloop body.

Whetheror notto instrumenfunctionsthathave medium
executiontime perinvocationis a trade-of. The morewe
instrumentthe betterwe could adapt,but this alsoleadsto
moreoverhead.In mostof our experimentswe choosenot
to instrumentthem. In Section5.1.2we also evaluatethis
trade-of quantitatvely.

For large functions, overheadof the instrumentationis
neggligible. However, it may not have a uniform behavior,
we can breakthem down into smallermodules. In Sec-
tion 5.1.2we shawv the resultof trying to exploit behaior
changesnsidesfunctions.

For the pro ling runs, the instrumentedcode will read
the statisticscounters We will usethesestatisticsto decide
whattechniquego apply for eachmodule,andinstrument
codeinto the nal binaryaccordingly

For mary applicationsthe nal instrumenteanodulesare
functions.For generalitywe still callthemmodules.

3.1.3 Proling types

In orderto nd theeffectof eachtechniquewe needto pro-
le theapplicationseveraltimes,sincewe donotusestatisti-
calpro ling. In additionto theoriginalpro ling runwithout
low power techniqueswe needonerunfor eachtechnique.
This requires runsfor eachapplication,where is
the numberof low-power techniques Here,we assumeno
interferencemongtechniquesThisimpliesthatthe perfor
mancepenaltiesandenegy savingsfor differenttechniques
are additive whenthe techniquesare appliedtogether We
call thistypeof pro ling, Independenpro ling.

Pro ling only with individual techniquescould be inac-
curateif two techniquesdo interferewith eachother So,
in anotherextreme,we could do whatwe call Cumulative
pro ling, wherewe run oncefor eachpossiblecombination
of the technigues.This exponentiallyraisesthe numberof
pro ling runs. In reality, chipswill very unlikely include
mary techniqueshat target the sameareafor enepgy re-
duction,andtechniqueghattamgetdifferentcomponentare
largely independenof eachother Thus,the numberof pro-



le runscanbereducedby pro ling in combinationonly
thosetechniqueghat do target the samecomponents.We
referto thiskind of pro ling asSemi-Independeriro ling
(Semi-Indep

3.2 Selection Algorithms

Oncewe have collectedall thepro ling information,we can
usethis information to decidewhich techniqueso apply
for every module. The algorithmfor selectingtechniques
is straightforvard. We usea metric called efciency score
to characterizéheimpactof every techniqueon every mod-
ule. The scoreis calculatedusingEquationl, andis a met-
ric shawving the ef ciency for trading off performanceor
enegy reductionhencethename.

if ;Wastesnegy
. W
& ;Improvesenegy andperf.

—  Otherwise ;Tradesperf.for enegy

In this equation, and are the slovdown and the
enegy reductionrespectiely. Speci cally, let and be
the total delayandenegy consumptiorof a modulein the
unalteredapplicationrun,and ,  bethatof themodule
runningwhentechnique is activated.Then

and . Thisway, in thecommoncasesye will
bedealingwith positve numbers.

Wekeeponeentrycontaining andtheef ciency
scorefor eachpair of moduleandtechniquen atable.Since
our goal is to maximizeenegy savings while minimizing
slowdown, we sortthe tableby decreasingf ciency score.
Oncewe have the table sorted,it canbe usedin different
ways. To achieve our goal of sarzing enegy without slow-
ing down, we traversethetabletop-davn, schedulingall the
technique/moduleairsatthetop of thetablewhile keeping
thesumof lessthanbut ascloseaspossibleto zero.

Whensomeslowvdown is tolerable we simply selectmore
entrieskeepingthethesumof closeto but lessthanthis
slowdown. We canalsoembedhis informationwith the bi-
nary anddelaythe selectiontill runtimewhenthetolerable
slowdown is available.

In the caseof performance-onlyro ling, wherewe do
not have enegy counterswe useequatior? to calculatethe
scoreandtherestof thealgorithmremainshe same.

if
. (2
—  Otherwise

By usingthereciprocalof relative slovdowvn asscorewe
favor the caseswvherethe techniquehaslittle negative per
formanceimpacton the module. This approximationdoes

not give optimalschedulingof techniqueontomodulesfor,

by ignoring eneny, it is possibleto activate onetechnique
with smallslowdown, but with little or evennegative enegy

savzings. However, enegy reductionhasa strongcorrela-
tion with slovdown. For example,for techniquessimilar
to cache ltering, large relative slowdown suggestshigher
miss rates,which further suggestsnore enegy consump-
tion. Also, processohassomeper cycle enegy overhead
suchasclocking, more slovdown directly cutsinto enegy

savings. In Section5.2we show thattheresultsof usingen-
ergy/performancandperformance-onlypro le information
areveryclose.

4 Experimental Setup

4.1 Baseline architecture

In our simulation, the baselinearchitectureis an out-of-
orderprocessowith two levels of caches.Thearchitecture
looselymodelsanIBM Power3chip scaledto 6-issue.Ta-
ble 1 lists the parametersisedin the simulation. While the
latengy numberdn thetablecorrespondo anunloadedma-
chine,we modelcontentionn thewholesystemn greatde-
tail. For the processochip,weassumé.18 m technology
operatingat 1.67V.

4.2 Energy

We simulatethe performanceof the systemusing a mint-

basedexecutiondriven simulator[19] that modelsan out-

of-orderprocessomwith its memorysubsystenin greatde-
tail. We portWattch[6] to modeltheenegy of suchsystem.
Wattchhasdifferentclock gating stratgyies. In all the sim-

ulations,for eachfunctionalunit, we chagea x edamount
of enegy whentheunit is idle. This amountis, about10%
of the enegy for atypical operationperformedn thatunit.

We enhancéNattchin thefollowing way:

Wattchusesa modi ed versionof cacti[27] for cache-
like structures. We developed our own extended
CACTI called XCACTI. For cachesof the samesize,
our nev model producesapproximatelythe samela-
teng/ estimationas CACTI, but it gives considerably
lower enegy consumptionresults. The enegy con-
sumptionis smaller mainly becausewe replacethe
Wadasenseampli er modelwith a moreenegy ef-
cientlatchedsenseampli er. We alsoextendedCACTI
to modelwritesandreaddifferently A write hasafull
bitline swing, while bitline swing for readsis around
15%. We calculatedifferentenegy numbergor reads,
writes, line- lIs, write-backsandcachemisses.It can
becon guredto searcHor con gurationswith thelow-
estdelay enegy or enegy-delayproduct. The search
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respectiely.

canbe optimizedbasedon several timing constraints,
the expectedratio of loadsand stores,andthe cache
missrate.

We developeda low level model of the DLX proces-
sorandderivedenegy consumptiorfor differenttypes
of integer operationbasedon our spice simulationof

the DLX model. We extrapolatethe enegy number
for oating point units basedon Wattchandotherre-

search22].

Wattch assumesa physical register le incorporated
into theinstructionwindow. This modeleliminatesthe
chancefor runningout of renamingregisterat the ex-

penseof usinga larger, thereforemore powver hungry
device. We follow the commonapproachof current
microprocessoranduseasmallerstandaloneregister
le andhaltthedecodingstagef we runoutof renam-
ing registers. This hasnearly nggligible performance
impactfor ourbenchmarks.

We addDRAM enegy consumptionTheenegy num-

bersarebasedon Intel's white paper{15]. We assume
1.2W for onememorychanneloperatingat full band-

width, includingthe overheadn memaorycontrollet

Figure 3 shaws the enegy consumptiorbreakdevn for
differentcomponentsThebreakdevn ratiosarein line with
numberspublishedby otherresearcherfg]. As expected,
power expenditureis spreadout. It is dif cult for a single
techniqueto reducethe enegy consumptionconsiderably
Thus,the processoshouldincorporatemultiple low-power
techniqueshattamgetdifferentpartsof the system.

4.3 Low-power techniques

In our framavork we usesereral existing low-power tech-
nigues. We choosetechniqueghat target major sourceof
enegy consumptiorin the processar Sincewe target high
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Figure 3: Enegy consumptionbreakdevn. Memory is
the enegy consumecdby DRAM. Global clock is the clock
distribution enegy consumption. OOO Logic is the re-
maining partsof the processor:instructionwindow, regis-
ter le, branchpredictor resultbus, registeraliastable,and
load/storequeue.

performancethesetechniquesequirelittie or no modi ca-
tion to the critical pathof the processarNotice thatwe do
notemplg voltagescalingsincethe activation overheads
too highto be practicalfor ne-grain adaption.

The systemis not limited to thesetechniques.The fol-
lowing sub-sectiongiive a highlight of thetechniques.

4.3.1 Instruction Filtering

We usea small lter cache[18] in the instructionmemory
hierarcly. The lter cacherequiresmuchlessenegy per
accessotonly becausédt is smalleranddirect-mappedput
alsobecausat is virtually tagged eliminatingthe needfor
a TLB check. Traditionally, the Iter cacheis activatedall
the time, trading enegy for performanceon average. We
dynamicallyactivate/deactiateit instead Whenit is deacti-
vated,instructionfetchgoesdirectly to theinstructioncache
withoutcheckingthe Iter cache We do not maintaininclu-
sion for the Iter cacheandthe L1 instructioncache. We
only needto invalidatethe Iter cachewhenit is disabled,
andthe codeis modi ed. This only happensvhenthereis
a context switch, or whenthe applicationself-modi es the



code.

The proposedlter cacheis small, fastandenegy ef-
cient. It is very effective for codesectionswith a smallfoot-
print, but ineffective in sectionswith poorinstructionlocal-
ity. Codesectionswith abig footprintmayevenspendmore
enegy andslow down. After balancingspeedgnegy con-
sumptionandchip-areawe chosea 1KB lter cache.Read
accesof the Iter cachecosts386 comparedo 2022pJto
accesshel-Cache.

4.3.2 Stack Filtering

A small specializedstack cachereducesenegy consump-
tion without affecting the performancemuch [12]. Nev-
erthelesssomecode partshave worseenepgy and perfor
mancethan using a normal L1 alone. In thosecaseswe
canshutdown the stackcacheby redirectingall the stack
accesseto the L1 cache.Thus,to maintaincoherencein-
steadof accessind 2 [12] on a stackcachemiss,we access
L1. Shuttingdown thestackcachehasthe overheadbf writ-
ing backdirty lines,andinvalidatingthewhole stackcache.
We usea 1KB cachethatcanbeaccesseth 1 cycle asstack
Iter cache.Comparedo 1763pJor normalLl accesses
stack Iter cachehit only consume209.

4.3.3 Phased Cache

A phaseccach€10] is a set-associate cachewhereanac-
cessrst activatesall thetagarrays.If thereis amatch,only
thecorrectdatabankis subsequentlactivated, reducingthe
amountof bitline actvity andsenseampli cation in thedata
array Consequentlythe phasedcachesaresenegy at the
costof extradelay OurprocessohasanL1 datacachewith
two modesof operation.In the normalmodeemphasizing
performancejt behaeslike an ordinary cache,actiating
dataandtagin parallel.In thelow-power mode,it turnsinto
aphasedtacheactivatingthetagsbeforeactivatingthedata
bank. Whenchangingto phasedtachemode,we buffer the
signalsto the databankfor two cycles,thereforeserializing
the access.Whenrestoringto normalmode,we block the
cachefor two cyclesto drainthe pipelineandstopbuffering
databanksignals.ReadinghelL 1 cachdn thephasedtache
mode,consume®74pJA45%lessthanin thenormalmode.

4.3.4 Reduced ALU

Wide issueprocessorgendto have mary functionalunitsto
reducestructurahazard.Thiscomesatthepriceof moreen-
ergy spending Seldomareall thesefunctionalunitsneeded,
andevenif they are,they arenotneededll thetime. We di-
vide the functionalunitsin two clusters:masterandslave.
Eachof the clusterconsistsof two oating point units, two
integerunitsandandoneloadstoreunit. Themastercluster
alsohasabranchunit. Whenwe reducehenumberof avail-
able functional units, we clock-gate the entire slave clus-

ter. This savesthe clock distribution power, andpartof the
instructionissuelogic power inside the slave cluster No-
tice thatalthoughthis techniquecanbe implementedo re-
duceleakageaswell, we do notaddressheissuein this pa-
per. Thereforetheenegy savingsonly comefrom dynamic
power reduction. For multi-cycle pipelinedfunctional unit
we assumethe clock-gating startsafter a x ed amountof

delayto allow draining of the pipeline. We assumeclock
distribution power to be around15% of the averagepower
consumptiorof thefunctionalunits. The actualenepgy sav-

ings percycle dependon the executionspeedandsoon. In

our simulation, it rangesfrom 15% increasen the enegy
consumptiorin the worst case to about9% savings of the
averagepower consumption.

4.4 Applications

Our simulationsare basedon seven benchmarksepresent-
ing a mix of multimedia, SPECint,and SPECfp bench-
marks. We compilethemwith the IRIX MIPSProcompiler

version7.3 with -O2 optimization. Applicationsare sim-

ulatedfrom beginning to end, which lastsfrom hundreds
of millions of cyclesto a billion cycles. For SPECintand

SPECfpbenchmarkswe reducetheinput datasetln all the

casesye verify thatwith thereducedlatasetthe simulated
applicationsproduceaboutthe samecacheand TLB miss

ratesasthenative executionwith thereferencedatasetin an

R12K processarTherelative weight of eachfunctiondoes
notchangemucheither

CRAFTY (186.crafty), BZIP (256.bzip2), and MCF
(181.mcf)are from SPECInt2000. HYDRO (104.tydro),
andAPSI (141.apsijarefrom SPECfp95. Pro ling is per
formedwith theof cial traininputset.

MP3Dis anMP3 decoderWe usempg123version0.59,
which is one of the fastestavailable UNIX GPL MP3 de-
coders. We reproducea high quality hi sample. Pro le
trainingis donewith a CD quality mp3 le.

MP3Eis anMP3encoderWe uselame3.85whichis fast
andwidely usedin the MP3 community We encodemusic
with CD quality. We pro le usingasmallvoice le.

5 Evaluation

In our simulation, we modelthe performanceand enegy
overheadfor techniqueactivation and deactvation in de-
tail. Speci cally, we modelthe ushing of the stack Iter
cachethe two-cycle bubble when deactvating the phased
cachemode,andthe delayedclock gating when disabling
the slave cluster We do not modelthe overheador thein-
structionghatactuallyactivateor deactvatethetechniques.
We assumea singleinstructionwriting a maskto a control
register ourresultsshow that,thisrepresenttessthan0.1%



of thetotal simulatednstructions.

5.1 Energy/perf ormance pro ling

We startour evaluationby pro ling in ansomevhatidealis-
tic situation. We assumehat enegy andperformancealata
is available,the sameinput setis usedfor pro ling andac-
tual execution,andwe performCumulativepro ling. In the
following sectionswe comparethe resultof relaxingthese
restrictions.Unlessotherwisestated the tametis to reduce
enegy consumptiorandmaintaintheoriginal performance

Figure4: Enegy-performancérade-of curve for applica-
tions.

Figure 4 helpsto understandhe trade-of betweenthe
enegy reductionand the inducedslowdown for our pro-
le basedapproach.For eachapplication,given a desired
slowdown (or speedup)we can nd the bestprojecteden-
ergy saving from the correspondingurve for the applica-
tion. We shouldnoticetwo thingsfrom thecurves. First, the
slopediffers dramaticallyfrom one end of the curve to the
other suggestinghegreatdifferenceof ef ciency: while we
cansave muchenegy with little slowdown atthebeginning
of the curve, we canonly save a little enegy andpay with
muchlarger performanceenaltytowardsthe middle of the
cune. In fact,the curve evenbenddown at the end,where
the techniquesstartto wasteenepgy. This suggesthatwe
arrangecarefully whereand which techniquego actvate.
Oursecondbsenrationfrom Figure4 is thatwhencompar
ing two schemesl|ooking only at the differencein enegy
reductionis not enough specialattentionshouldbe paidto
the delayincurred,sincethe schemewith lower slovdovn
leavesmoreroomfor tradingoff moreperformancdo save
enegy.

Throughoutherestof the sectionwe useonesetof bars
perapplicationandanadditionalsetlabeledAvg for theav-
erageof all sevenapplications.In orderto have a fair com-
parison,in calculatingall the averageslowdown, we con-

siderary speedup for oneapplicationaszeroslovdown.

5.1.1 Comparing proling based approach with
other approaches

Figure5 shavstheenegy reductiorandperformancelegra-
dationwhenwe applydifferenttechniquesThefour barson
theright in eachgrouprepresenthe effect of the four tech-
niguesappliedindividually andstaticallythroughoutheap-
plicationrun. Theleftmostbarshavstheresultof theappli-
cationwith compilerinserteddirectivesfor techniqueactiva-
tion basedn pro ling information. Thebarsin Figure5-(b)
for pro ling basedschemareverysmall. Thealgorithmfor
obtainingthesedirectivesis describedn Section3.2.

As we cansee honeof thetechniquegonsistenthspeeds
up applicationswhile savsing enegy. Indeed,if suchtech-
nigue were found, it would be incorporatednto the base-
line architecture Thebesttechniquepnethatfor unit slow-
down savesthe mostenepy, variesfrom applicationto ap-
plication. The averageeffect of thesetechniquess to sare
someenegy while slowing down a bit. However, by apply-
ing multiple techniquesand using pro le-basedfeedback,
we canachieve signi cant enegy savings without slowing
down theapplications.

Wenow comparePro ling with StaticandDEETM*, two
differentapproachesrying to exploit the behaior changes
amongdifferentapplicationsor within oneapplication.

In the rst approachstatic, we donotactivatetechniques
dynamically Instead for eachapplication,we selecta set
of techniqueghat,if appliedall thetime throughouthe ap-
plicationexecution,save the mostenegy withoutincurring
noticeableslovdown.

The second approach, DEETM* is an improved
DEETM[11] frameawvork. In the DEETM framework, differ-
enttechniquesare calibratedoff-line andranked according
to theiraverageeffectivenessacrossa setof benchmarksAt
run-time, the framevork ensureghe chip-temperatureoes
not go beyond a setlimit for an extendedperiod of time,
meanwhileexploits ary performanceslackto save enegy.
This behaior is controlledby a thermalanda slackalgo-
rithm executedat x ed intervals. Here we usea scheme
similarto the slackalgorithm.In [11], theorderof thetech-
niguesis determinedby averagingresultsof several appli-
cations. In our improved version,we assumehe system
knows a priori the effect of eachindividual techniqueand
usesthe besttechniqueorder for eachapplication. Many
times, a techniquethatworks well on oneapplicationdoes
not work well for another For instance,instruction Iter
cachetendsto work well for MCF, speedingt upandsaving
enegy. But its effectis detrimentalfor CRAFTY, whereit
slows down the applicationsigni cantly andwasteseneny.
Thereforetheframevork will try to activatetheinstruction

Iter cacherst whenrunningMCEF, while not activatingit
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Figure6: Comparingpro ling basedapproactwith staticoptimizationandDEETM*,

atall for CRAFTY. TheDEETM framework requiresa pos-
itive slackto save enegy. In this simulation,the slackused
isasmall0.5%.

In Figure 6, the leftmostbar of eachgroupis the same
asin Figure5. The barin the middle of the group shawvs
the staticapproachand nally, the rightmostbar givesthe
resultof DEETM*,

A closerinspectionof Figure5 and6 shaws thatthe ap-
plicationsfall into threegroups:

Little phase-changeithin application:

Naturally if different parts of the applicationreacts
similarly to low-power techniquespr thosepartsthat
reactvery differentlydo nothave enoughweightof ex-
ecutiontime, thenwe cannot exploit intra-application
phasechange. Therefore,doing pro ling at module
level will not be muchdifferentfrom doing pro ling
at the granularity of the whole application(the static

approach).

CRAFTY and HYDRO belongto this group though
eachof themfavorsadifferenttechnique For thesawo
applicationsthestaticapproactyivesresultsvery sim-
ilar to thatof thepro ling basedapproachRecallthat
whencomparinghe enegy reductionin part(a) of the
gures, we alsohaveto take into accountheslovdowvn
shawn in part (b), sinceit is usually possibleto slow
down evenmorefor moreenepgy savings(Figured).

Moderatephase-changeithin application:

Some applications have more noticeable behaior
changesthusthepro ling basedpproactworksmod-
eratelybetter saving moreenegy afterfactoringin the
slowdown, thanthe possiblestaticcombination.APSI
andMCF fall into this category.

Signi cant phase-changeithin application:
This nal categyoryis thebestfor themodule-lerel pro-
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ling. Theseapplicationsconsistof sectionsof code
thatreactvery differently to techniquessoit paysoff
to pro le themand apply eachtechniqueonly at the
suitablemodules BZIP andthetwo mediabenchmarks
MP3D and MP3E belongto this category, andindeed
thepro ling basedapproachsigni cantly outperforms
ary individual or staticcombinationof techniques.

Finally, theimproved DEETM framework nearlyalways
produces slowerandlessenegy ef cient solutionthanthe
pro le-basedapproachThereasoris three-fold: rst of all,
insteadof triggeredwhen a different moduleis executed,
the hardware re-teststhe systemat regular time intenals.
This leadsto randomtestingandis thusdif cult to capture
phase-changesell. Secondly assuminga x ed order of
techniqueghroughoutthe applicationleadsto lessef cient
trade-of in somesectionof thecode.Finally, whentesting
slowdown of onetechnique the hardwaretestsIPC at two
time pointsbeforeandafterapplyingthetechniquewithout
knowing which part of the codeis beingexecutedat these
points, this leadsto mispredictionof the slovdown which
may lead to over-reacting(slowving down too much, us-
ing relatively inef cient techniquespr underreacting(not
slowing down enough,wastingthe chanceto save enegy)
in others.

To befair, we needto notethat DEETM is not designed
with nearzeroslackin mind. In a systemwith large slack,
thesedrawvbacksarelesssigni cant.

5.1.2 Proling parameters

Section5.1.1 analyzesCumulativepro ling. In Figure?7,
we alsoshaw theresultof IndependenandSemi-Indegpro-
ling. In our systembothstack Itering cacheandphased
cachetry to reducethe enegy consumedn L1 datacache.
To quantify the overlap, Semi-Indegpro ling performsan

additionalpro le run with thesetwo techniquesactivated
simultaneously

As we cansee,by testingall possiblecombinationsCu-
mulativeknows the interactionof techniquesandthis gen-
erally leadsto lessmispredictionthen estimatingbasedon
statisticsfrom eachindividual techniquesbut this approach
is really not necessarginceit producesesultsthatarevery
closeto the othertwo styleswhich requiremuchlesspro I-
ing runs.

We canalsoseethatin our case just by performingone
additionalpro le run, Semi-Indefs resultsarenearlyiden-
tical with thoseof Cumulativeandslightly betterthanthose
of Independent In the caseof MP3D, Semi-Indefs en-
ergy savingsarenoticeablybetterthanthoseof Independent
Thereforewe recommendsemi-Indegypeof pro ling.

Anotherfactorthatis unrealisticin Section5.1.1is that
we areusingthesameinput le for thepro ling runs.Now,
we relax this constraintby runningthe pro ling runswith
adifferenttraininginput le. In Figure7, we labelthis ex-
perimentas Diff Training. In this experimentwe only use
Semi-Indeppro ling. The gures shav thatthe difference
in the input les affectsthe resultsvery little. This may
seemstrange put in fact, it is quite logical becauseve use
efciency scoe to rank module/techniqugair, thoughthe
absolutenumberof enegy and performancemight change
signi cantly with differentinput set,this scoreis moresta-
ble, becausé representa characteristiof impactthetech-
nigue hason the module. Also, we selecta set of mod-
ule/techniquepairsto activate,thechangen efciency score
may changesomerelative ordershut aslong asit doesnt
changeahecontentof thesetmuch,theresultwill notchange
mucheither

Finally, until now, the samplinginterval selectedis at
function level without instrumentingmedium sized func-



tions or breakinglarge functionsinto smallermodules. In
Figure8, we comparehe effect of differentsamplinginter
valsin alimited fashion.
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Figure8: Effectof differentgrainsizefor pro ling.

We carryouttwo experimentausingtwo differentapplica-
tions. In the rst experimentwe reducethe samplinggran-
ularity by instrumentingnorefunctionsin APSI. Theseare
mary medium-sizedunctions.Beforeinstrumentinghem,
their behaior is blendedwith the caller's. By beingmore
ne-grain, we are able to capturemore behaior changes
andsave moreenegy. Speci cally, weimprove enegy sa/-
ings slightly. However, the extra instrumentationntroduce
muchmore overhead. In particulay the averageswitching
frequeng increasedrom onceevery 22,234cyclesto once
every 606 cycles. Thereis, therefore atrade-of of theben-
e t andthepricefor beingmore ne-grain.

In a secondexperiment,we reach ner granularity by
breakingsomefunctionsinto smallermodulesin applica-
tion MP3E. As shavn in Figure 8, taking into accountthe
larger slowdown for the coarse-grairschemethe two pro-
ducevery similarresults.

Thesetwo experimentssuggesthatin mary casesfunc-
tion is a pretty naturalentity that shavs uniform reaction
to low-power techniques. Olviously, programmingstyle
for a particularapplicationalso determinesvhetherthis is
true or not. Consideringhe effort in determiningwhereto
instrumentthe code,and runtime overheadfor this instru-
mentationwe believe, focusingon functionsis more cost-
effective.

5.2 Performance-onl y pro ling

If achipis notequippedwith enegy statisticsregisters,we
areforcedto useonly performancetatisticsaasfeedback As
describedn Section3.2 we useonly slovdown to calculate
ef ciency scorefor rankingthe techniques.Theresultsare
shavn in Figure9.
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As discussedh Section3.2,by ignoringeneny, it is pos-
sible to activate a techniquewith a small slowdown that
haslittle or even negative enegy savings resultingin non-
optimal enegy reductionper unit delay In reality, our data
shaws thatthis doeshappenput very infrequently andthe
guantitatve differenceof the two approachess not signi -
cant.

In general,the information about enegy consumption
helpsto bettershieldthe noiseof usingdifferentinput les
andnormal uctuations. With theenepy statisticsywe knowv
the behaior better and canproducebetterscheduling but
the resultsbasedon performance-onlypro ling are suf-
ciently satisfyingfor practicalpurposes.

6 Related work

The main relatedwork arethe dynamicallyadaptablesys-
tems. Among the mary works, Albonesiintroducedan in-

terestingconcepof CAP [1], Complity Adaptive Proces-
sors. A CAP is a processothatadaptgheresourcego the
application.

While [1] is only performanceoriented,the conceptcan
be naturally extendedto incorporateenepgy issues. Other
CAP works [2, 4] proposedifferent heuristicsto decide
whento activate or deactvate a single technique. These
heuristicsare closely relatedto the speci ¢ techniquedis-
cussedandthereforecannotbeappliedin ageneramanner
in asystemwith multiple unrelatedechniquesAn interest-
ing differencebetweerour ndings is thatin [4], aftercom-
paringsamplingat subroutindevel andat x ed periodicin-
tenals,thelatteris selectecdbecausdt is simplerandbetter
In contrastwe sampleat subroutinelevel for two reasons.
First, we want to capturebehaior change. This is anin-
herentpropertyof the codethusthe systemshouldconsider
the code. Second,using subroutinesa global view of the
programis obtained. This facilitatesus to slow down one
partof the codemorethananotherandobtainmoreenegy
reductionthanif we chooseto slow down the application
uniformly.

In [21], applicationsare testedwith differentcon gura-
tionsto determinghebestonefor eachbasicblock andthis
selectionis encodedn an extendedinstructionsetto adapt
the systemat runtime. The extensionis requiredto avoid
the otherwisesigni cant overheadof such ne-grain adap-
tation. Ourwork shawvs thatby adaptingat subroutindevel,
amuchcoarsemgrain size,we eliminatethe needfor anin-
structionsetredesign. Also differentis that we maximize
enegy savings per unit slovdowvn, a metric that hasto be
optimizedglobally, while [21] optimizeslocally. Thisis
becausenegy is usedasthe metricto optimize. Beingan
additive metric, it canbe optimizedlocally for eachbasic
block.
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Many schemeshave beenproposedto trade off, some-
times extra, performancefor enegy/paver reductionfor
curbingtemperatursuige, extendingbatterylife, andsoon
[5, 9, 20, 23, 24]. To this end,the following two works are
themostrelated.

In [13], a framework is designedto adaptsystemcon-
guration andfrequeng to lower the enegy consumption
while still meetingthe deadlineof multimediaapplications.
That work focuseson multimediaapplicationsand adapts
at a coarsergranularity Our systemtargetsbroaderrange
of applicationsanddoesnot rely on ary knowledgeof the
applications functionality Our approachuses ner gran-
ularity to exploits the non-uniformity Additionally, [13]
tries to eliminate performanceslack, while we target iso-
performance.

The DEETM [11] framework alsotries to maximizeen-
ergy savings for a given tolerableslowdown. This hard-
warebasedapproachdoesnotdependon pro le, thuswith-
out knowing the characteristicaboutapplications andthe
changesnside them, DEETM optimizesfor the common
caseandproducedessoptimalenegy savingsfor verysmall
slowdown. By usingpro le, we adaptthe systembetterand
thusenegy savingsbecomemoresigni cant in our system.

7 Conclusions

Knowing that applicationsgo throughdifferent phasesjn
this paperwe show that this phase-changalso manifests
itself in terms of relatve impact of systemcon guration
change.In particular differentsectionsof the codeexhibit
very differentreaction,in termsof relative slovdown and
enegy reduction afterapplyingoneof the commonmicro-
architecturalow-power techniquesWe shaw thatthis non-
uniformity of reactioncanbe easily exploited usingpro |-
ing to improve the ef ciency of tradingoff performancdor

enegy reduction.

Our studyshaws thatfunctionlevel sampling,with some
simpletransformationso furtherreducetheactivationover-
head, is a very cost-efective approachto exploit phase-
changes. We nd that with low proling cost, semi-
independenpro ling, producesresultsalmostidenticalto
thoseof cumulatve pro ling, a morecostly approachn a
systemthat employs multiple low-power techniques Also,
aswe focusonly in therelative changeof performanceand
enegy after applyinga certaintechnique the in uence of
usingdifferentinput le is very small. This renderspro I-
ing very practical. Finally, even without enegy counters,
we canstill exploit the non-uniformityeffectively.

Using pro ling, enabledby a setof four differentlow-
power techniquesye manageo reduceon averagel 2% of
the enegy consumptiorfor a setof seven diverseapplica-
tions with negligible slovdown. The resultis signi cantly
betterthan an improved DEETM systemthat also tries to
maximizeenegy reductionfor agivenslowdown or a static
solutionthatemplgysthemostef cient setof techniqueper
application.
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