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ABSTRACT

To reducethe energy consumptionof modernprocessors,
designershave proposedmany energy-saving techniques.
In many cases,thesetechniquesaredynamicallyactivated
anddeactivated. In systemsthat employ thesetechniques,
to adaptto changesin applicationbehavior, pro�ling can
helpdeterminehow to managetheactivationof techniques
to improveacertainmetric.

In thispaper, weproposeto useaglobalapproachto such
pro�ling. Theideais to pro�le theapplicationon asection-
by-sectionbasisbut to make thedecisionsin a globalman-
ner, competitively comparingthedifferentsections.Under
suchconditions,thesystemcanbemoreeffective. For ex-
ample,we cantargetfor reducedenergy consumptionin an
applicationwithout slowing it down. Theresultsshow that
suchan approachcanreducethe energy consumptionof 7
applicationsby 12%with negligible slowdown.

1 Intr oduction

In recentyears,computerarchitecturehasshifted from a
performancevs. costdesignto a morechallengingperfor-
mancevs. costvs. energy design.Energy consumptionhas
becomeamajorconcernfor thedesignersof modernproces-
sorsdue to many reasons,including increasedimportance
of mobile computing,high costassociatedwith heatdissi-
pationsystemsandto a lesserextent,increasingdemandfor
electricity.

The increasinglyhigh speedof modernprocessorsis an
importantfactor in growing power consumption. Various
techniqueshavebeenproposedto tradeoff performancefor
energy savings [8, 12, 16, 18, 20, 26]. Thesetechniques
havebeenappliedin previousframeworks[9, 11,13,14,21,
24,28] to slowdown theprocessormainly for threereasons:
theprocessoris fasterthanneededandthuswastesenergy,
thesystemneedsto save batteryenergy, or thetemperature
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is too high. In all thesituations,thebasicideais thesame:
reducepower consumptionat theexpenseof processorper-
formance.If thesystemdoesnot have enoughslackin ex-
ecutiontime, theseframeworks will not producemuchen-
ergy savingswithout sacri�cing performance.In this paper
we go onestepfurther, trying to achieve signi�cant energy
savingswith negligible slowdown. To do this, we perform
off-line pro�ling to obtain a global view of the impact of
low power techniqueson differentcodesections.Basedon
this information,we activatetechniquesin a smartmanner
to maximizetotalenergy savingsperunit slowdown. More-
over, thoughwe still usetechniquesthat on averageslow
down the execution,dueto the non-uniformityof applica-
tion's behavior, someof thetechniquesevenspeedup code
sections.Therefore,it is possibleto achievezeroor negligi-
blenetslowdown.

In our simulationenvironment,we show that this global
optimizationallowsusto reducetheenergy consumptionof
a setof diverseapplicationsby an averageof 12% andas
muchas16%with negligible slowdown.

The restof the paperis organizedasfollows: Section2
motivatesthe problemconsidered;Section3 describesthe
pro�ling algorithmandparameters;Section4 discussesthe
evaluationenvironment; Section5 evaluatesthe proposed
solutions;Section6 presentstherelatedwork, andwe con-
cludein Section7.

2 Motiv ation

2.1 Oppor tunity

It is well known that, as applicationsexecute,they regu-
larly go throughchangesin high-level parameterssuchas
IPC (InstructionPerCycle) or power consumption.How-
ever, we observe 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 observation allows us to activate an
architecture-modifyingtechniqueonly during the most fa-
vorableperiods,thosethat save that largestamountof en-
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Figure1: Impactof applyinglow-power techniqueson theenergy consumption(a)andIPC(b) asa functionof time.

ergy per unit slowdown for example,anddeactivateit oth-
erwise.

To visualizethis effect, we simulatea processorrunning
oneapplication. The simulationenvironmentandapplica-
tion suite are describedin Section4. In the experiment,
we apply two low-power techniquesseperately, addingan
instruction�lter cache[18], or disablingALUs by clock-
gating. Figures1-(a)and(b) show therelative energy con-
sumptionandtherelative IPC variation,respectively, asthe
executionproceeds.In both �gures, 0% correspondsto the
basesystem,with noneof thetechniquesactivated.Positive
numbersre�ect energy reductionandbetterperformance.

We can seefrom the �gures that the relative impact of
thesetechniquesvariesacrosstime. Theseare, therefore,
non-uniformtechniques.To emphasizethis effect, the �g-
ure alsoshows the impactof voltagescaling1, a technique
whosebehavior is qualitatively different. In this case,the
relative changesin energy consumptionandin IPC remain
constantacrosstime.

Our goal in the restof this paperis to try to exploit this
variability of low-powertechniqueswithin andacrossappli-
cations. Our systemdynamicallyadaptsby activating and
deactivating a setof techniquesto save energy. Sinceour
focusis on high-performancesystems,we strive to reduce
energy consumptionwithout incurringmuchslowdown.

2.2 Decision Mechanism

In order to exploit the above mentionedopportunity, we
needto identify thepointsin thecodewhereit is advisable
to adaptthesystem.Thegoal is to divide theprogramexe-
cution into differentsections,so thateachsectionhasrela-
tively uniformreactionto systemadaptation.Also, thegran-

1For simplicity, we assumethe voltageof the whole systemis scaled,
not just theprocessor.

ularity of suchsectionshasto berelatively coarsesothatthe
transientstateand/orany adaptationoverheadbecomesvery
small.

Many dynamicsystems[3,4, 7] constantlymonitor the
programandpredict that the behavior in the nearfuture is
similar to thecurrentone.Thisusuallyinvolvesanobserva-
tion interval of a�x edduration.In [25], it is shown thatpro-
gramsgenerallydemonstrateperiodicbehavior, but thepe-
riod is application-speci�c.Furthermore,dependingon the
lengthof theinterval, programsgothroughdifferentcodein
neighboringintervalsandshow differentarchitecturalmet-
rics (e.g. IPC,cachemissrateetc.). Indeed,for shortinter-
vals,we observeahigh variancein IPC amongneighboring
intervals in thebenchmarksstudied.Naturally, theoptimal
durationfor theinterval dependson theapplication.

A goodunit of behavior repetitionis thefunction. When
thesamefunctionis executedagain, its behavior is unlikely
to changemuch. Arguably, IPC is a goodindicatorof high
level programbehavior. In the following test,we analyze
the IPC variationof oneprogramduring its execution. In
thecaseof �x edinterval, wemeasurethestandarddeviation
of IPC for every interval. In the caseof the function, we
measurethestandarddeviationof IPC for all invocationsof
thesamefunction. Figure2 shows that,we canpredictthe
behavior of afuturefunctioninvocationmuchbetterthanwe
canpredictthefuturebehavior in aninterval.

We seethat theeffectivenessof micro-architecturemod-
i�cations variesduring theprogramexecution,andthatwe
canusefunctionsasa unit to managetechniques.In this
paper, wegetmostoutof thelow-power techniqueswithout
payinga big averageperformancepenalty.
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Figure 2: IPC standarddeviation for different sampling
methods.

3 Pro�ling Appr oach

We usepro�ling to determinewhen to activate and deac-
tivate low power techniques.In this section,we describe
importantpro�ling parameters,including thestatisticscol-
lected,thesamplinginterval,andthealgorithmsusedto pro-
cessthestatistics.

3.1 Pro�ling parameter s

3.1.1 Statistics collected

We needto understandtheenergy andperformanceimpact
of applying a techniqueon a sectionof code. Therefore,
pro�ling shouldcollect performanceandenergy statistics.
Speci�cally, we measurecycle count and total amountof
energy consumed.

The energy statisticscould be obtainedby readingfrom
an energy meter, or by approximatingfrom processorac-
tivity statistics[17]. As an exampleof this approximation,
cacheenergy expenditurecouldbeestimatedby multiplying
thenumberof accessesby theaverageenergy peraccess.In
thispaper, for simplicity, weassumewecanreadtheenergy
numbersfrom a meter. In Section5.2 we alsoshow that in
the caseenergy statisticsarenot available,usingonly per-
formancecountersis alsoaviablealternative.

3.1.2 Sampling Inter val

An importantpro�ling parameteris the grain sizeof sam-
pling interval. Sincewe needinstructionsto activatetech-
niquesat the beginning of eachsamplinginterval, a very
�ne-grain pro�ling incursa lot of overhead.On the other
hand,if thegrainsizeis too large, it will shieldthephase-
changesinside.

To producea goodsamplinginterval we breakdown the
codeinto modules.A moduleis apieceof codethatis small
enoughsothatits reactionto low-power techniquesis quite
uniform,andalsolargeenoughsothattheoverheadof tech-
niquesactivationis negligible.

We start the instrumentationprocesswith the most fre-
quentlyexecutedfunctions. We instrumentat the entrance
andexit of thefunction.Sinceasmallportionof staticcode
oftenrepresentsmostdynamicexecutiontime,weonly need
to instrumenta few functions.

Wedonotinstrumentinsidefunctionsthathaveveryshort
executiontime per invocationto avoid too muchoverhead.
Instead,we eitherconsiderthemaspart of the caller func-
tion or do transformationsto reduceoverheadof theinstru-
mentation.For instance,we put a wrapperaroundrecursive
functionsandonly instrumentin thewrapperfunction. For
a tight loop invoking a short function, we only instrument
aroundtheloopbody.

Whetheror not to instrumentfunctionsthathavemedium
executiontime per invocationis a trade-off. The morewe
instrument,thebetterwe couldadapt,but this alsoleadsto
moreoverhead.In mostof our experimentswe choosenot
to instrumentthem. In Section5.1.2we alsoevaluatethis
trade-off quantitatively.

For large functions,overheadof the instrumentationis
negligible. However, it may not have a uniform behavior,
we can break them down into smallermodules. In Sec-
tion 5.1.2we show the resultof trying to exploit behavior
changesinsidesfunctions.

For the pro�ling runs, the instrumentedcodewill read
thestatisticscounters.We will usethesestatisticsto decide
what techniquesto apply for eachmodule,andinstrument
codeinto the�nal binaryaccordingly.

Formany applications,the�nal instrumentedmodulesare
functions.For generality, westill call themmodules.

3.1.3 Pro�ling types

In orderto �nd theeffectof eachtechnique,weneedto pro-
�le theapplicationseveraltimes,sincewedonotusestatisti-
calpro�ling. In additionto theoriginalpro�ling runwithout
low power techniques,we needonerun for eachtechnique.
This requires�

���

runs for eachapplication,where � is
thenumberof low-power techniques.Here,we assumeno
interferenceamongtechniques.This impliesthattheperfor-
mancepenaltiesandenergy savingsfor differenttechniques
areadditive whenthe techniquesareappliedtogether. We
call this typeof pro�ling, Independentpro�ling.

Pro�ling only with individual techniquescould be inac-
curateif two techniquesdo interferewith eachother. So,
in anotherextreme,we could do what we call Cumulative
pro�ling, wherewe run oncefor eachpossiblecombination
of the techniques.This exponentiallyraisesthe numberof
pro�ling runs. In reality, chipswill very unlikely include
many techniquesthat target the sameareafor energy re-
duction,andtechniquesthattargetdifferentcomponentsare
largely independentof eachother. Thus,thenumberof pro-
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�le runscanbe reduced,by pro�ling in combinationonly
thosetechniquesthat do target the samecomponents.We
referto this kind of pro�ling asSemi-IndependentPro�ling
(Semi-Indep).

3.2 Selection Algorithms

Oncewehavecollectedall thepro�ling information,wecan
use this information to decidewhich techniquesto apply
for every module. The algorithmfor selectingtechniques
is straightforward. We usea metric calledef�ciency score
to characterizetheimpactof every techniqueoneverymod-
ule. Thescoreis calculatedusingEquation1, andis a met-
ric showing the ef�ciency for trading off performancefor
energy reduction,hencethename.
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!#$ Otherwise ;Tradesperf. for energy

(1)

In this equation, %'& and %'( are the slowdown and the
energy reductionrespectively. Speci�cally, let & and ( be
the total delayandenergy consumptionof a modulein the
unalteredapplicationrun,and &*) , (+) bethatof themodule
runningwhentechnique, is activated.Then %'&.-/&0)213&

and %'(�-/(415(�) . Thisway, in thecommoncases,wewill
bedealingwith positivenumbers.

Wekeeponeentrycontaining%'& , %'( andtheef�ciency
scorefor eachpairof moduleandtechniquein atable.Since
our goal is to maximizeenergy savings while minimizing
slowdown, we sort thetableby decreasingef�ciency score.
Oncewe have the tablesorted,it canbe usedin different
ways. To achieve our goal of saving energy without slow-
ing down, wetraversethetabletop-down, schedulingall the
technique/modulepairsat thetopof thetablewhile keeping
thesumof %'& lessthanbut ascloseaspossibleto zero.

Whensomeslowdown is tolerable,wesimplyselectmore
entrieskeepingthethesumof %'& closeto but lessthanthis
slowdown. Wecanalsoembedthis informationwith thebi-
nary, anddelaytheselectiontill runtimewhenthetolerable
slowdown is available.

In the caseof performance-onlypro�ling, wherewe do
nothaveenergy counters,weuseequation2 to calculatethe
scoreandtherestof thealgorithmremainsthesame.

6�7�8�9;:

-=<

�?>

if %@&BADC

E

F
E Otherwise

(2)

By usingthereciprocalof relative slowdown asscorewe
favor the caseswherethe techniquehaslittle negative per-
formanceimpacton the module. This approximationdoes

notgiveoptimalschedulingof techniqueontomodules,for,
by ignoring energy, it is possibleto activateonetechnique
with smallslowdown, but with little or evennegativeenergy
savings. However, energy reductionhasa strongcorrela-
tion with slowdown. For example,for techniquessimilar
to cache�ltering, large relative slowdown suggestshigher
miss rates,which further suggestsmore energy consump-
tion. Also, processorhassomeper cycle energy overhead
suchasclocking,moreslowdown directly cutsinto energy
savings.In Section5.2weshow thattheresultsof usingen-
ergy/performanceandperformance-onlypro�le information
areveryclose.

4 Experimental Setup

4.1 Baseline architecture

In our simulation, the baselinearchitectureis an out-of-
orderprocessorwith two levelsof caches.Thearchitecture
looselymodelsan IBM Power3chip scaledto 6-issue.Ta-
ble 1 lists theparametersusedin thesimulation.While the
latency numbersin thetablecorrespondto anunloadedma-
chine,wemodelcontentionin thewholesystemin greatde-
tail. For theprocessorchip,weassume0.18 G m technology
operatingat1.67V.

4.2 Energy

We simulatethe performanceof the systemusinga mint-
basedexecutiondriven simulator[19] that modelsan out-
of-orderprocessorwith its memorysubsystemin greatde-
tail. WeportWattch[6] to modeltheenergy of suchsystem.
Wattchhasdifferentclock gatingstrategies. In all thesim-
ulations,for eachfunctionalunit, we chargea �x edamount
of energy whentheunit is idle. This amountis, about10%
of theenergy for a typical operationperformedin thatunit.
WeenhanceWattchin thefollowing way:

H Wattchusesamodi�ed versionof cacti[27] for cache-
like structures. We developed our own extended
CACTI calledXCACTI. For cachesof the samesize,
our new model producesapproximatelythe samela-
tency estimationasCACTI, but it givesconsiderably
lower energy consumptionresults. The energy con-
sumption is smaller mainly becausewe replacethe
Wadasenseampli�er modelwith a moreenergy ef�-
cientlatchedsenseampli�er. WealsoextendedCACTI
to modelwritesandreadsdifferently. A write hasafull
bitline swing, while bitline swing for readsis around
15%.Wecalculatedifferentenergy numbersfor reads,
writes,line-�lls, write-backs,andcachemisses.It can
becon�guredto searchfor con�gurationswith thelow-
estdelay, energy or energy-delayproduct. Thesearch
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Processor Caches Bus& Memory

Freq:1 GHz Branchunits: 1 L1 size:32KB FSBfreq: 333MHz
Issuewidth: 6 Branchpenalty:8 cycles L1 OC,RT: 1,3ns FSBwidth: 128bits
Dynamicissue:yes Returnstack:32 L1 assoc:2way-LRU DRAM: 2-channelRambus
I-window size:96 BTB entries:2K L1 line: 32B DRAM bandwidth:3.2GB/s
Ld/Stunits: 2 BTB assoc:4 L2 size:512KB MemRT: 108ns
Int,FPunits: 5,4 Predictor:GAp(10,8) L2 OC,RT: 4,12ns
PendingLd,St: 16,16 L2 assoc:8way-PseudoLRU

L2 line: 64B
I-Cache:32KB 2-way

Table1: Baselinecon�guration.OC,RT andFSBstandfor occupancy, roundtrip latency from theprocessor, andfront sidebus
respectively.

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

H We developeda low level modelof the DLX proces-
sorandderivedenergy consumptionfor differenttypes
of integer operationbasedon our spicesimulationof
the DLX model. We extrapolatethe energy number
for �oating point units basedon Wattchandotherre-
search[22].

H Wattch assumesa physical register �le incorporated
into theinstructionwindow. Thismodeleliminatesthe
chancefor runningout of renamingregisterat theex-
penseof usinga larger, thereforemorepower hungry
device. We follow the commonapproachof current
microprocessors,anduseasmallerstandaloneregister
�le andhalt thedecodingstageif werunoutof renam-
ing registers. This hasnearlynegligible performance
impactfor ourbenchmarks.

H WeaddDRAM energy consumption.Theenergy num-
bersarebasedon Intel's white paper[15]. We assume
1.2W for onememorychanneloperatingat full band-
width, includingtheoverheadin memorycontroller.

Figure 3 shows the energy consumptionbreakdown for
differentcomponents.Thebreakdown ratiosarein line with
numberspublishedby other researchers[6]. As expected,
power expenditureis spreadout. It is dif�cult for a single
techniqueto reducethe energy consumptionconsiderably.
Thus,theprocessorshouldincorporatemultiple low-power
techniquesthattargetdifferentpartsof thesystem.

4.3 Low-po wer techniques

In our framework we useseveral existing low-power tech-
niques. We choosetechniquesthat target major sourceof
energy consumptionin theprocessor. Sincewe targethigh
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Figure 3: Energy consumptionbreakdown. Memory is
the energy consumedby DRAM. Global clock is the clock
distribution energy consumption. OOO Logic is the re-
maining partsof the processor:instructionwindow, regis-
ter �le, branchpredictor, resultbus,registeraliastable,and
load/storequeue.

performance,thesetechniquesrequirelittle or no modi�ca-
tion to thecritical pathof theprocessor. Notice thatwe do
not employ voltagescalingsincetheactivationoverheadis
toohigh to bepracticalfor �ne-grain adaption.

The systemis not limited to thesetechniques.The fol-
lowing sub-sectionsgiveahighlightof thetechniques.

4.3.1 Instruction Filtering

We usea small �lter cache[18] in the instructionmemory
hierarchy. The �lter cacherequiresmuch lessenergy per
accessnotonly becauseit is smalleranddirect-mapped,but
alsobecauseit is virtually tagged,eliminatingtheneedfor
a TLB check. Traditionally, the �lter cacheis activatedall
the time, tradingenergy for performanceon average. We
dynamicallyactivate/deactivateit instead.Whenit is deacti-
vated,instructionfetchgoesdirectlyto theinstructioncache
withoutcheckingthe�lter cache.Wedonotmaintaininclu-
sion for the �lter cacheandthe L1 instructioncache. We
only needto invalidatethe �lter cachewhenit is disabled,
andthecodeis modi�ed. This only happenswhenthereis
a context switch,or whenthe applicationself-modi�es the
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code.

The proposed�lter cacheis small, fastandenergy ef�-
cient. It is veryeffectivefor codesectionswith asmallfoot-
print, but ineffective in sectionswith poorinstructionlocal-
ity. Codesectionswith abig footprintmayevenspendmore
energy andslow down. After balancingspeed,energy con-
sumptionandchip-area,we chosea 1KB �lter cache.Read
accessof the �lter cachecosts386 comparedto 2022pJto
accesstheI-Cache.

4.3.2 Stack Filtering

A small specializedstackcachereducesenergy consump-
tion without affecting the performancemuch [12]. Nev-
ertheless,somecodepartshave worseenergy and perfor-
mancethan using a normal L1 alone. In thosecaseswe
canshutdown the stackcacheby redirectingall the stack
accessesto theL1 cache.Thus,to maintaincoherence,in-
steadof accessingL2 [12] ona stackcachemiss,we access
L1. Shuttingdown thestackcachehastheoverheadof writ-
ing backdirty lines,andinvalidatingthewholestackcache.
Weusea1KB cachethatcanbeaccessedin 1 cycleasstack
�lter cache.Comparedto 1763pJfor normalL1 accesses,a
stack�lter cachehit only consumes209.

4.3.3 Phased Cache

A phasedcache[10] is a set-associativecachewhereanac-
cess�rst activatesall thetagarrays.If thereis amatch,only
thecorrectdatabankis subsequentlyactivated,reducingthe
amountof bitline activity andsenseampli�cation in thedata
array. Consequently, the phasedcachesavesenergy at the
costof extradelay. OurprocessorhasanL1 datacachewith
two modesof operation.In the normalmodeemphasizing
performance,it behaves like an ordinarycache,activating
dataandtagin parallel.In thelow-powermode,it turnsinto
aphasedcache,activatingthetagsbeforeactivatingthedata
bank.Whenchangingto phasedcachemode,we buffer the
signalsto thedatabankfor two cycles,thereforeserializing
the access.Whenrestoringto normalmode,we block the
cachefor two cyclesto drainthepipelineandstopbuffering
databanksignals.ReadingtheL1 cachein thephasedcache
mode,consumes974pJ,45%lessthanin thenormalmode.

4.3.4 Reduced ALU

Wide issueprocessorstendto havemany functionalunitsto
reducestructuralhazard.Thiscomesatthepriceof moreen-
ergy spending.Seldomareall thesefunctionalunitsneeded,
andevenif they are,they arenotneededall thetime. Wedi-
vide the functionalunits in two clusters:masterandslave.
Eachof theclusterconsistsof two �oating point units, two
integerunitsandandoneloadstoreunit. Themastercluster
alsohasabranchunit. Whenwereducethenumberof avail-
able functional units, we clock-gate the entire slave clus-

ter. This savestheclock distribution power, andpartof the
instructionissuelogic power inside the slave cluster. No-
tice thatalthoughthis techniquecanbe implementedto re-
duceleakageaswell, wedonotaddresstheissuein thispa-
per. Therefore,theenergy savingsonly comefrom dynamic
power reduction.For multi-cycle pipelinedfunctionalunit
we assumethe clock-gating startsafter a �x ed amountof
delay to allow drainingof the pipeline. We assumeclock
distribution power to be around15% of the averagepower
consumptionof thefunctionalunits.Theactualenergy sav-
ingspercycle dependon theexecutionspeedandsoon. In
our simulation,it rangesfrom 15% increasein the energy
consumptionin theworst case,to about9% savingsof the
averagepowerconsumption.

4.4 Applications

Our simulationsarebasedon sevenbenchmarksrepresent-
ing a mix of multimedia, SPECint, and SPECfpbench-
marks.We compilethemwith theIRIX MIPSProcompiler
version7.3 with -O2 optimization. Applicationsare sim-
ulatedfrom beginning to end, which lasts from hundreds
of millions of cyclesto a billion cycles. For SPECintand
SPECfpbenchmarks,we reducetheinputdataset.In all the
cases,weverify thatwith thereduceddatasetthesimulated
applicationsproduceaboutthe samecacheandTLB miss
ratesasthenativeexecutionwith thereferencedatasetin an
R12K processor. Therelative weightof eachfunctiondoes
not changemucheither.

CRAFTY (186.crafty), BZIP (256.bzip2), and MCF
(181.mcf)are from SPECInt2000. HYDRO (104.hydro),
andAPSI (141.apsi)arefrom SPECfp95. Pro�ling is per-
formedwith theof�cial train input set.

MP3Dis anMP3decoder. Weusempg123version0.59r,
which is oneof the fastestavailableUNIX GPL MP3 de-
coders. We reproducea high quality hi� sample. Pro�le
trainingis donewith a CD qualitymp3�le.

MP3Eis anMP3encoder. Weuselame3.85,whichis fast
andwidely usedin theMP3 community. We encodemusic
with CD quality. Wepro�le usinga smallvoice�le.

5 Evaluation

In our simulation,we model the performanceand energy
overheadfor techniqueactivation and deactivation in de-
tail. Speci�cally, we model the �ushing of the stack�lter
cache,the two-cycle bubblewhendeactivating the phased
cachemode,and the delayedclock gating whendisabling
theslave cluster. We do not modeltheoverheadfor the in-
structionsthatactuallyactivateor deactivatethetechniques.
We assumea singleinstructionwriting a maskto a control
register, our resultsshow that,this representslessthan0.1%
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of thetotal simulatedinstructions.

5.1 Energy/perf ormance pro�ling

Westartourevaluationby pro�ling in ansomewhatidealis-
tic situation. We assumethatenergy andperformancedata
is available,thesameinput setis usedfor pro�ling andac-
tualexecution,andweperformCumulativepro�ling. In the
following sections,we comparetheresultof relaxingthese
restrictions.Unlessotherwisestated,thetarget is to reduce
energyconsumptionandmaintaintheoriginal performance.
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Figure4: Energy-performancetrade-off curve for applica-
tions.

Figure 4 helps to understandthe trade-off betweenthe
energy 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 correspondingcurve for the applica-
tion. Weshouldnoticetwo thingsfrom thecurves.First,the
slopediffersdramaticallyfrom oneendof thecurve to the
other, suggestingthegreatdifferenceof ef�ciency: whilewe
cansavemuchenergy with little slowdown at thebeginning
of thecurve, we canonly save a little energy andpaywith
muchlargerperformancepenaltytowardsthemiddleof the
curve. In fact, thecurve evenbenddown at theend,where
the techniquesstart to wasteenergy. This suggestthat we
arrangecarefully whereand which techniquesto activate.
Oursecondobservationfrom Figure4 is thatwhencompar-
ing two schemes,looking only at the differencein energy
reductionis not enough,specialattentionshouldbepaid to
the delayincurred,sincethe schemewith lower slowdown
leavesmoreroomfor tradingoff moreperformanceto save
energy.

Throughouttherestof thesectionwe useonesetof bars
perapplication,andanadditionalsetlabeledAvgfor theav-
erageof all sevenapplications.In orderto have a fair com-
parison,in calculatingall the averageslowdown, we con-

siderany speedup for oneapplicationaszeroslowdown.

5.1.1 Comparing pro�ling based appr oach with
other appr oaches

Figure5showstheenergy reductionandperformancedegra-
dationwhenweapplydifferenttechniques.Thefour barson
theright in eachgrouprepresenttheeffect of thefour tech-
niquesappliedindividually andstaticallythroughouttheap-
plicationrun. Theleftmostbarshowstheresultof theappli-
cationwith compilerinserteddirectivesfor techniqueactiva-
tion basedonpro�ling information.Thebarsin Figure5-(b)
for pro�ling basedschemeareverysmall.Thealgorithmfor
obtainingthesedirectivesis describedin Section3.2.

As wecansee,noneof thetechniquesconsistentlyspeeds
up applicationswhile saving energy. Indeed,if suchtech-
niquewere found, it would be incorporatedinto the base-
line architecture.Thebesttechnique,onethatfor unit slow-
down savesthemostenergy, variesfrom applicationto ap-
plication. Theaverageeffect of thesetechniquesis to save
someenergy while slowing down a bit. However, by apply-
ing multiple techniquesand using pro�le-basedfeedback,
we canachieve signi�cant energy savings without slowing
down theapplications.

Wenow comparePro�ling with StaticandDEETM* , two
differentapproachestrying to exploit thebehavior changes
amongdifferentapplicationsor within oneapplication.

In the�rst approach,static, wedonotactivatetechniques
dynamically. Instead,for eachapplication,we selecta set
of techniquesthat,if appliedall thetime throughouttheap-
plicationexecution,save themostenergy without incurring
noticeableslowdown.

The second approach, DEETM*, is an improved
DEETM [11] framework. In theDEETM framework,differ-
ent techniquesarecalibratedoff-line andrankedaccording
to theiraverageeffectivenessacrossasetof benchmarks.At
run-time,theframework ensuresthechip-temperaturedoes
not go beyond a set limit for an extendedperiodof time,
meanwhileexploits any performanceslackto save energy.
This behavior is controlledby a thermalanda slackalgo-
rithm executedat �x ed intervals. Here we usea scheme
similar to theslackalgorithm.In [11], theorderof thetech-
niquesis determinedby averagingresultsof several appli-
cations. In our improved version,we assumethe system
knows a priori the effect of eachindividual techniqueand
usesthe besttechniqueorder for eachapplication. Many
times,a techniquethatworkswell on oneapplicationdoes
not work well for another. For instance,instruction�lter
cachetendsto work well for MCF, speedingit upandsaving
energy. But its effect is detrimentalfor CRAFTY, whereit
slows down theapplicationsigni�cantly andwastesenergy.
Therefore,theframework will try to activatetheinstruction
�lter cache�rst whenrunningMCF, while not activating it
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Figure5: Effect of individual techniquesand pro�ling basedapproach. (a) shows the energy reduction,and (b) shows the
slowdown.
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Figure6: Comparingpro�ling basedapproachwith staticoptimizationandDEETM*.

atall for CRAFTY. TheDEETM framework requiresapos-
itive slackto save energy. In this simulation,theslackused
is asmall0.5%.

In Figure6, the leftmostbar of eachgroup is the same
as in Figure5. The bar in the middle of the groupshows
thestaticapproach,and�nally , the rightmostbargivesthe
resultof DEETM*.

A closerinspectionof Figure5 and6 shows that theap-
plicationsfall into threegroups:

H Little phase-changewithin application:
Naturally, if different parts of the applicationreacts
similarly to low-power techniques,or thosepartsthat
reactverydifferentlydonothaveenoughweightof ex-
ecutiontime, thenwe cannot exploit intra-application
phasechange. Therefore,doing pro�ling at module
level will not be muchdifferent from doing pro�ling
at the granularityof the whole application(the static

approach).

CRAFTY and HYDRO belong to this group though
eachof themfavorsadifferenttechnique.For thesetwo
applications,thestaticapproachgivesresultsverysim-
ilar to thatof thepro�ling basedapproach.Recallthat
whencomparingtheenergy reductionin part(a)of the
�gures, wealsohaveto takeinto accounttheslowdown
shown in part (b), sinceit is usuallypossibleto slow
down evenmorefor moreenergy savings(Figure4).

H Moderatephase-changewithin application:
Some applications have more noticeable behavior
changes,thusthepro�ling basedapproachworksmod-
eratelybetter, saving moreenergy afterfactoringin the
slowdown, thanthepossiblestaticcombination.APSI
andMCF fall into thiscategory.

H Signi�cant phase-changewithin application:
This �nal category is thebestfor themodule-level pro-
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Figure7: Parametersfor pro�ling.

�ling. Theseapplicationsconsistof sectionsof code
that reactvery differently to techniques,so it paysoff
to pro�le them and apply eachtechniqueonly at the
suitablemodules.BZIP andthetwo mediabenchmarks
MP3D andMP3E belongto this category, andindeed
thepro�ling basedapproachsigni�cantly outperforms
any individualor staticcombinationof techniques.

Finally, the improvedDEETM framework nearlyalways
producesaslowerandlessenergy ef�cient solutionthanthe
pro�le-basedapproach.Thereasonis three-fold:�rst of all,
insteadof triggeredwhen a different moduleis executed,
the hardware re-teststhe systemat regular time intervals.
This leadsto randomtestingandis thusdif�cult to capture
phase-changeswell. Secondly, assuminga �x ed order of
techniquesthroughouttheapplicationleadsto lessef�cient
trade-off in somesectionsof thecode.Finally, whentesting
slowdown of onetechnique,the hardwaretestsIPC at two
timepointsbeforeandafterapplyingthetechnique,without
knowing which part of the codeis beingexecutedat these
points, this leadsto mispredictionof the slowdown which
may lead to over-reacting(slowing down too much, us-
ing relatively inef�cient techniques)or under-reacting(not
slowing down enough,wastingthe chanceto save energy)
in others.

To be fair, we needto notethatDEETM is not designed
with near-zeroslackin mind. In a systemwith largeslack,
thesedrawbacksarelesssigni�cant.

5.1.2 Pro�ling parameter s

Section5.1.1 analyzesCumulativepro�ling. In Figure 7,
wealsoshow theresultof IndependentandSemi-Indeppro-
�ling. In our system,bothstack�ltering cacheandphased
cachetry to reducetheenergy consumedin L1 datacache.
To quantify the overlap,Semi-Indeppro�ling performsan

additionalpro�le run with thesetwo techniquesactivated
simultaneously.

As we cansee,by testingall possiblecombinations,Cu-
mulativeknows the interactionof techniques,andthis gen-
erally leadsto lessmispredictionthenestimatingbasedon
statisticsfrom eachindividual techniques,but thisapproach
is reallynotnecessarysinceit producesresultsthatarevery
closeto theothertwo styleswhich requiremuchlesspro�l-
ing runs.

We canalsoseethat in our case,just by performingone
additionalpro�le run, Semi-Indep's resultsarenearlyiden-
tical with thoseof Cumulativeandslightly betterthanthose
of Independent. In the caseof MP3D, Semi-Indep's en-
ergy savingsarenoticeablybetterthanthoseof Independent.
Therefore,we recommendSemi-Indeptypeof pro�ling.

Anotherfactor that is unrealisticin Section5.1.1is that
weareusingthesameinput �le for thepro�ling runs.Now,
we relax this constraintby runningthe pro�ling runswith
a differenttraining input �le. In Figure7, we label this ex-
perimentasDiff Training. In this experimentwe only use
Semi-Indeppro�ling. The �gures show that the difference
in the input �les affects the resultsvery little. This may
seemstrange,but in fact, it is quite logical becausewe use
ef�ciency score to rank module/techniquepair, thoughthe
absolutenumberof energy andperformancemight change
signi�cantly with differentinput set,this scoreis moresta-
ble,becauseit representsacharacteristicof impactthetech-
nique hason the module. Also, we selecta set of mod-
ule/techniquepairsto activate,thechangein ef�ciency score
may changesomerelative ordersbut as long as it doesn't
changethecontentof thesetmuch,theresultwill notchange
mucheither.

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

9



tions or breakinglarge functionsinto smallermodules. In
Figure8, we comparetheeffectof differentsamplinginter-
valsin a limited fashion.
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Figure8: Effectof differentgrainsizefor pro�ling.

Wecarryouttwo experimentsusingtwodifferentapplica-
tions. In the�rst experiment,we reducethesamplinggran-
ularity by instrumentingmorefunctionsin APSI.Theseare
many medium-sizedfunctions.Beforeinstrumentingthem,
their behavior is blendedwith the caller's. By beingmore
�ne-grain, we are able to capturemore behavior changes
andsavemoreenergy. Speci�cally, we improveenergy sav-
ingsslightly. However, theextra instrumentationintroduce
muchmoreoverhead.In particular, the averageswitching
frequency increasesfrom onceevery 22,234cyclesto once
every606cycles.Thereis, therefore,a trade-off of theben-
e�t andthepricefor beingmore�ne-grain.

In a secondexperiment,we reach�ner granularity by
breakingsomefunctionsinto smallermodulesin applica-
tion MP3E.As shown in Figure8, taking into accountthe
larger slowdown for the coarse-grainscheme,the two pro-
duceverysimilar results.

Thesetwo experimentssuggestthat in many cases,func-
tion is a pretty naturalentity that shows uniform reaction
to low-power techniques. Obviously, programmingstyle
for a particularapplicationalsodetermineswhetherthis is
trueor not. Consideringtheeffort in determiningwhereto
instrumentthe code,andruntimeoverheadfor this instru-
mentation,we believe, focusingon functionsis morecost-
effective.

5.2 Performance-onl y pro�ling

If a chip is not equippedwith energy statisticsregisters,we
areforcedto useonly performancestatisticsasfeedback.As
describedin Section3.2we useonly slowdown to calculate
ef�ciency scorefor rankingthe techniques.Theresultsare
shown in Figure9.

As discussedin Section3.2,by ignoringenergy, it is pos-
sible to activate a techniquewith a small slowdown that
haslittle or even negative energy savings resultingin non-
optimalenergy reductionperunit delay. In reality, our data
shows that this doeshappen,but very infrequently, andthe
quantitative differenceof the two approachesis not signi�-
cant.

In general,the information about energy consumption
helpsto bettershieldthenoiseof usingdifferentinput �les
andnormal�uctuations.With theenergy statistics,weknow
thebehavior better, andcanproducebetterscheduling,but
the resultsbasedon performance-onlypro�ling are suf�-
cientlysatisfyingfor practicalpurposes.

6 Related work

The main relatedwork arethe dynamicallyadaptablesys-
tems. Among themany works,Albonesiintroducedan in-
terestingconceptof CAP [1], Complexity AdaptiveProces-
sors.A CAP is a processorthatadaptstheresourcesto the
application.

While [1] is only performanceoriented,the conceptcan
be naturallyextendedto incorporateenergy issues. Other
CAP works [2, 4] proposedifferent heuristicsto decide
when to activate or deactivate a single technique. These
heuristicsareclosely relatedto the speci�c techniquedis-
cussed,andthereforecannotbeappliedin ageneralmanner
in asystemwith multipleunrelatedtechniques.An interest-
ing differencebetweenour �ndings is thatin [4], aftercom-
paringsamplingatsubroutinelevel andat �x edperiodicin-
tervals,thelatteris selectedbecauseit is simplerandbetter.
In contrast,we sampleat subroutinelevel for two reasons.
First, we want to capturebehavior change. This is an in-
herentpropertyof thecodethusthesystemshouldconsider
the code. Second,usingsubroutines,a global view of the
programis obtained. This facilitatesus to slow down one
partof thecodemorethananotherandobtainmoreenergy
reductionthan if we chooseto slow down the application
uniformly.

In [21], applicationsare testedwith differentcon�gura-
tionsto determinethebestonefor eachbasicblockandthis
selectionis encodedin anextendedinstructionsetto adapt
the systemat runtime. The extensionis requiredto avoid
theotherwisesigni�cant overheadof such�ne-grain adap-
tation.Ourwork showsthatby adaptingatsubroutinelevel,
a muchcoarsergrainsize,we eliminatetheneedfor an in-
structionset redesign.Also different is that we maximize
energy savings per unit slowdown, a metric that hasto be
optimizedglobally, while [21] optimizeslocally. This is
becauseenergy is usedasthemetric to optimize. Beingan
additive metric, it canbe optimizedlocally for eachbasic
block.
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Figure9: Energy/Performancepro�ling vs. Performanceonly pro�ling.

Many schemeshave beenproposedto tradeoff, some-
times extra, performancefor energy/power reduction for
curbingtemperaturesurge,extendingbatterylife, andsoon
[5, 9, 20, 23, 24]. To this end,thefollowing two worksare
themostrelated.

In [13], a framework is designedto adaptsystemcon-
�guration andfrequency to lower the energy consumption
while still meetingthedeadlineof multimediaapplications.
That work focuseson multimediaapplicationsand adapts
at a coarsergranularity. Our systemtargetsbroaderrange
of applications,anddoesnot rely on any knowledgeof the
application's functionality. Our approachuses�ner gran-
ularity to exploits the non-uniformity. Additionally, [13]
tries to eliminateperformanceslack, while we target iso-
performance.

The DEETM [11] framework alsotries to maximizeen-
ergy savings for a given tolerableslowdown. This hard-
warebasedapproachdoesnot dependon pro�le, thuswith-
out knowing thecharacteristicsaboutapplications,andthe
changesinside them, DEETM optimizesfor the common
caseandproduceslessoptimalenergysavingsfor verysmall
slowdown. By usingpro�le, weadaptthesystembetterand
thusenergy savingsbecomemoresigni�cant in oursystem.

7 Conc lusions

Knowing that applicationsgo throughdifferent phases,in
this paperwe show that this phase-changealso manifests
itself in terms of relative impact of systemcon�guration
change.In particular, differentsectionsof thecodeexhibit
very different reaction,in termsof relative slowdown and
energy reduction,afterapplyingoneof thecommonmicro-
architecturallow-power techniques.Weshow thatthis non-
uniformity of reactioncanbe easilyexploitedusingpro�l-
ing to improve theef�ciency of tradingoff performancefor

energy reduction.

Our studyshows thatfunctionlevel sampling,with some
simpletransformationsto furtherreducetheactivationover-
head, is a very cost-effective approachto exploit phase-
changes. We �nd that with low pro�ling cost, semi-
independentpro�ling, producesresultsalmostidentical to
thoseof cumulative pro�ling, a morecostly approachin a
systemthatemploys multiple low-power techniques.Also,
aswe focusonly in therelative changeof performanceand
energy after applyinga certaintechnique,the in�uence of
usingdifferentinput �le is very small. This renderspro�l-
ing very practical. Finally, even without energy counters,
wecanstill exploit thenon-uniformityeffectively.

Using pro�ling, enabledby a set of four different low-
power techniques,we manageto reduceon average12%of
the energy consumptionfor a setof seven diverseapplica-
tions with negligible slowdown. The result is signi�cantly
betterthan an improved DEETM systemthat also tries to
maximizeenergy reductionfor agivenslowdown or astatic
solutionthatemploysthemostef�cient setof techniquesper
application.
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