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Abstract

Althoughadaptive processorscanexploit applicationvariability
to improve performanceor save energy, effectively managingtheir
adaptivity is challenging.To addressthis problem,we introducea
new approachto adaptivity: the Positional approach. In this ap-
proach,boththetestingof con�gurationsandtheapplicationof the
chosencon�gurationsareassociatedwith particularcodesections.
This is in contrastto thecurrently-usedTemporal approachto adap-
tation,whereboth the testingandapplicationof con�gurationsare
tied to successive intervalsin time.

Weproposeto usesubroutinesasthegranularityof codesections
in positionaladaptation.Moreover, we designthreeimplementa-
tions of subroutine-basedpositionaladaptationthat target energy
reductionin threedifferentworkloadenvironments:embeddedor
specializedserver, generalpurpose,andhighly dynamic.All three
implementationsof positionaladaptationaremuchmoreeffective
thantemporalschemes.On average,they boosttheenergy savings
of applicationsby 50%and84%over temporalschemesin two ex-
periments.

1 Intr oduction

Processoradaptationoffersa majoropportunityto thedesigners
of modernprocessors.Currently, many proposedarchitecturalen-
hancementshave the desiredeffect (e.g. improve performanceor
save energy) on average for thewholeprogram,but have theoppo-
siteeffectduringsomeperiodsof programexecution.If theproces-
sor wereableto adaptasthe applicationexecutesby dynamically
activating/deactivating the enhancement,the averageperformance
improvementor energy savingswouldbehigher.

Perhapsthe areawhereadaptive processorshave beenstudied
themostis thelow-powerdomain— this is why we focustheanal-
ysis in this paperon this area. In this case,researchershave pro-
posedvariousarchitecturalLow-Power Techniques(LPTs) thatal-
low general-purposeprocessorsto save energy, typically at theex-
penseof performance(e.g.[1, 2, 4, 8, 17, 19]). Examplesof such
LPTs arecacherecon�gurationandissue-widthchanges.By acti-
vating theseLPTs dynamically, processorscanbe moreeffective.
Someof themoreadvancedproposalsfor adaptiveprocessorscom-
bineseveralLPTs[7, 12, 13, 15,21].
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Unfortunately, controlling processoradaptationeffectively is
challenging. Indeed,an adaptive processorwith multiple LPTs
needsto makethetwin decisionsof whento adaptthehardwareand
what speci�c LPTs to activate. Thesedecisionsareusuallybased
on testinga few differentcon�gurationsof the LPTs andidentify-
ing whichonesarebest,andwhen.

Nearly all existing proposalsfor adaptive systemsfollow what
we call a Temporal approachto adaptation[1, 2, 4, 6, 7, 8, 9, 12,
15, 19, 21]. In this case,both the testing(or exploration) for the
bestcon�guration andthe applicationof the chosencon�guration
aretied to successive intervals in time. Speci�cally, to identify the
bestcon�guration, the availablecon�gurationsaretypically tested
back-to-backoneafteranother. Moreover, oncethetestingperiodis
over, theadaptationdecisionsto bemadeat thebeginningof every
new interval arebasedonthebehavior of themostrecentinterval(s).
Therationalebehindtheseschemesis thatthebehavior of thecode
is largelystableacrosssuccessive intervals.

In thispaper, weintroduceanew approachto adaptation:thePo-
sitionalapproach.In thiscase,boththetestingfor thebestcon�gu-
rationandtheapplicationof thechosencon�gurationareassociated
with position, namelywith particularcodesections.To identify the
bestcon�guration, theavailablecon�gurationsaretestedon differ-
ent invocationsof the samecodesection. Oncethe bestcon�gu-
ration for a codesectionis identi�ed, it is kept for later usewhen
thatsamecodesectionis invokedagain. The rationalebehindthis
approachis thatthebehavior of thecodeis largely stableacrossin-
vocationsof the samesection. Note alsothat, with this approach,
wecanoptimizetheadaptationsgloballyacrossthewholeprogram.

To combineeaseof implementationandeffectiveness,we pro-
poseto usesubroutinesas the granularityof codesectionsin po-
sitional adaptation.Moreover, we proposethreeimplementations
of subroutine-basedpositionaladaptationthat aregeneric,easyto
implement,and effective. Each implementationtargets a differ-
entworkloadenvironment:embeddedor specializedserver, general
purpose,andhighly dynamic. Our resultsshow that all threeim-
plementationsof subroutine-basedpositionaladaptationaremuch
more effective than temporalschemes. On average,they boost
theenergy savingsof applicationsby 50%and84%over temporal
schemesin two experiments.

This paperis organizedasfollows: Section2 describesin more
detailsubroutine-basedpositionaladaptation;Section3 presentsour
threedifferentimplementations;Section4 discussesour evaluation
environment; Section5 evaluatesthe implementations;Section6
discussesrelatedwork, andSection7 concludes.



2 Subroutine-BasedPositional Adaptation

This paperproposesthe Positional approachto adaptation,in
contrastto thecurrently-usedTemporal approach[1, 2, 4, 6, 7, 8, 9,
12, 15, 19, 21]. The fundamentaldifferencebetweenthemis their
different approachto exploiting programbehavior repetition: the
temporalapproachexploits thesimilarity betweensuccessiveinter-
vals of codein dynamicorder, while the positionalapproachex-
ploits thesimilarity betweendifferentinvocationsof thesamecode
section.

Thesetwo approachesdiffer on how they testthecon�gurations
to identify thebestone,andon how they apply thebestcon�gura-
tion. Speci�cally, temporalschemestypically testseveralcon�gura-
tionsin time succession.Consequently, eachcon�gurationis tested
on a differentsectionof the code,which may have a differentbe-
havior. This increasesthe inaccuracy of thecalibration.Moreover,
oncethetestingperiodis over, theadaptationdecisionsto bemade
at thebeginningof every new interval arebasedon thebehavior of
themostrecentinterval(s).As aresult,if thecodebehavior changes
acrossintervals,thecon�gurationappliedwill benon-optimal.

In positionalschemes,instead,we associateboth the testingof
con�gurationsandtheapplicationof thechosenonewith position,
that is, with a particularcodesection. To determinethe bestcon-
�guration for a codesection,differentcon�gurationsaretestedon
differentexecutionsof thesamecodesection.Oncethebestcon�g-
urationis determined,it is appliedon futureexecutionsof thesame
codesection.

Positionaladaptationis basedupon the intuition that program
behavior at a giventime is mostly relatedto thecodethat it is exe-
cutingat that time. This intuition is alsoexploredin [23]. Further,
positionaladaptationhastheadvantagethat, if we canestimatethe
relativeweightof eachcodesectionin theprogram,wecanoptimize
the adaptationsglobally acrossthe program:eachcon�guration is
activatedin thecodesectionswhereit hasthegreatestbene�t com-
paredto all othersectionsandall othercon�gurationsavailable,all
subjectto amaximumcost(e.g.slowdown) for thewholeprogram.

2.1 Granularity of CodeSections

Beforeapplyingcon�gurationsoncodesections,weneedto de-
terminethegranularityof thesesections.Codesectionsusedin po-
sitional adaptationshouldsatisfy threeconditions: capturehomo-
geneousbehavior within a section,captureheterogeneousbehavior
acrosscontiguoussections,andbeeasyto support.

In this paper, we proposeto usethe major subroutinesof the
applicationas codesectionsfor adaptation. Intuitively, choosing
subroutinesis likely to satisfy the �rst two conditions. Indeed,a
subroutineoftenperformsa single,logically distinctoperation.As
aresult,it maywell exhibit abehavior thatis roughlyhomogeneous
anddifferentfromtheothersubroutines.Laterin thepaper, weshow
datathat suggestthat,on average,codebehavior is quitehomoge-
neouswithin a subroutine(Section5.2), and fairly heterogeneous
acrosssubroutines(Section5.3.2).

Usingsubroutinesalsoeasestheimplementationin many ways.
First, most subroutineboundariesare trivial to �nd, as they are
marked by call andreturninstructions.Second,mostapplications
arestructuredwith subroutines.

In ourproposal,eachcodesectionis constructedwith oneof the
majorsubroutinesof theapplicationplusall theminor subroutines

that it dynamicallycalls. Codesectionscannestoneanother. The
remainderof theprogram,which is theroot (main) subroutineand
the minor subroutinescalledfrom main, alsoforms onecodesec-
tion. This sectionis usuallyunimportant:on average,it accounts
for about1% of the executiontime in our applications. It is pos-
sible that, in someapplications,this sectionmayhave a signi�cant
weight. In thatcase,we canextendour algorithmto subdivide this
sectionto capturebehavior variability. For theapplicationsthatwe
study, this is unnecessary.

It is possiblethata givensubroutineexecutestwo logically dis-
tinct operations,or thatit executescompletelydifferentcodein dif-
ferentinvocations.Our algorithmsdo not make any specialprovi-
sionfor thesecasesandstill obtaingoodresults(Section5).

Finally, thereareotherchoicesfor codesections,suchas�x ed-
sizedcodechunks(e.g.apageof instructions)or �ner -grainedenti-
tiessuchasloops.However, they all havesomedrawbacks.Specif-
ically, for �x ed-sizedcodechunks,theboundariesarearbitraryand
donotnaturallycoincidewith behavior changes.Ontheotherhand,
using�ne-grainedor sophisticatedentitiesmayinvolvehighertime
or energy overheads. Moreover, there is someevidencethat us-
ing �ner -grainedentitiesonly providesfairly limited improvements
overusingsubroutine-basedsections[11, 18].

3 Implementing Subroutine-BasedPositional
Adaptation

We presentthreedifferentimplementationsof subroutine-based
positionaladaptation.They differ on how many of the adaptation
decisionsaremadestaticallyandhow many aremadeat run time.
Speci�cally, we call Instrumentation(I) the selectionof whento
adaptthe processor, andDecision(D) the selectionof what LPTs
to activateor deactivateat thosetimes.Then,eachselectioncanbe
madeStatically(S)beforeexecutionor Dynamically(D) atruntime.
Eachof thethreeimplementationstargetsadifferentworkloadenvi-
ronment,whichwelabelasembeddedor specialized-server, general
purpose,andhighly dynamic(Figure1).

SISD:
Static Dynamic

Decision: What to adapt

Embedded or

Dynamic

Static
Instrumentation:
When to adapt

SIDD:

DIDD:
Dynamic

PurposeSpecialized Server General

Highly

Figure 1. Differentimplementationsof subroutine-basedpo-
sitionaladaptationandworkloadenvironmentstargeted.

In general,aswe go from StaticInstrumentationandStaticDe-
cision (SISD) to SIDD, andthento DIDD, the adaptationprocess
becomesincreasinglyautomatedandhasmoregeneralapplicability.
However, it alsorequiresmorerun-timesupportandhaslessglobal
information. Note that thereis no DISD environmentbecausethe
decisionsonLPT activationor deactivationcannotbemadeprior to
decidingon theinstrumentationpoints.

We want implementationsthat aregeneric,�e xible to use,and
simple.In particular, they shouldbeableto manageany numberof
dynamicLPTs. Moreover, to trigger adaptations,we prefernot to
useany LPT-speci�c metricssuchascachemissrateor functional
unit utilization. Therearetwo reasonsfor this. First, it is hardto



cross-comparetheimpactof two differentLPTsusingtwo different
metrics. Second,suchmetricsneedempirical thresholdsthat are
oftenapplication-dependent.

While positionaladaptationcanbe usedfor differentpurposes,
herewe will useit to minimizetheenergy consumedin theproces-
sor subjectto a given tolerableapplicationslowdown (slack). We
assumethattheprocessorprovidessupportto measureenergy con-
sumption. While energy countersdo not yet exist in modernpro-
cessors,it hasbeenshown that energy consumptioncould be esti-
matedusingexisting performancecounters[16]. In the following,
we presenteachof our threeimplementationsin turn.

3.1 Static Instrumentation & Decision(SISD)

In an embeddedor specialized-server environment,we canuse
off-line pro�ling to identify the importantsubroutinesin theappli-
cation, and to decidewhat LPTs to activate or deactivate at their
entryandexit points.

3.1.1 Instrumentation Algorithm

A singleoff-line pro�ling run is usedto identify themajorsub-
routinesin theapplication.For a subroutineto qualify asmajor, its
contribution to the total executiontime hasto beat leastth w eig ht ,
andits averageexecutiontime per invocationat leastth gr ain . The
reasonfor the latter is thatadaptationalwaysincursoverhead,and
thus very frequentadaptationshouldbe avoided. We instrument
entryandexit pointsin majorsubroutines.At run time,minor sub-
routineswill be dynamicallyincludedaspart of the closestmajor
subroutineup thecall graph.Finally, recallthattheremainingmain
codein theprogramalsoform one“major subroutine”.

To reduceoverhead,we useseveraloptimizations.For example,
we createa wrapperarounda recursive subroutineandonly instru-
ment the wrapper. Also, if a subroutineis invoked inside a tight
loop,we instrumenttheloop instead.

3.1.2 DecisionAlgorithm

Weperformoff-line pro�ling of theapplicationto determinethe
impactof theLPTs.Consider�rst thecasewhereeachLPT onlyhas
two states(onandoff), andLPTsdonotinterferewith eachother. In
thiscase,if theprocessorsupportsn LPTs,weperformn + 1 pro�l-
ing runs:onerun with eachLPT activatedfor thewholeexecution,
andonerun with no LPT activated.In eachrun,we recordtheexe-
cutiontime andenergy consumedby eachof theinstrumentedsub-
routines.Considersubroutinei andassumethatE i andD i arethe
energy consumptionandexecutiontime (delay),respectively, of all
combinedinvocationsof thesubroutinewhenno LPT is activated.
Assumethat when LP Tj is activated, the energy consumedand
executiontime of all invocationsof thesubroutineis E ij andD ij ,
respectively. Thus,theimpactof LP Tj onsubroutinei is � E ij and
� D ij , where� E ij = E i � E ij and� D ij = D ij � D i . These
valuesareusuallypositive,sinceLPTstendto saveenergy andslow
down execution.

Oncewe have � E ij and� D ij for a subroutine-LPTpair, we
computetheEf�ciency Score of thepair as:

8
><

>:

� 1 if � E ij � 0 ; increasesenergy consumed
+ 1 if � E ij > 0 & � D ij � 0 ; savesenergy, speedsup
� E ij
� D ij

Otherwise ; savesenergy, slowsdown

The ef�ciency scoreindicateshow much energy a pair can save
per unit time increase,allowing direct comparisonsbetweendif-
ferentpairs.High, positive valuesindicatemoreef�cient tradeoffs.
Subroutine-LPTpairsthatbothsaveenergy andspeedup theappli-
cationarevery desirable;pairsthat increasethe energy consumed
areundesirable.

Oncethe resultsof all subroutine-LPTpairs are obtained,we
sort themin a Score Table in orderof decreasingef�ciency score.
Eachrow in the table includesthe accumulatedslowdown, which
is the sumof the � D ij of all the pairsup to (andincluding) this
entry. This accumulatedslowdown is storedasa percentageof to-
tal executiontime. This tableis thenincludedin the binary of the
application,andwill bedynamicallyaccessedat run time from the
instrumentationpointsidenti�ed above. Notethat, in eachproduc-
tion run of theapplication,a tolerableslackfor theapplicationwill
be given. That slackwill be comparedat run time to the accumu-
latedslowdown columnof thetable,andacut-off line will bedrawn
in thetableat thepoint wheretheslowdown equalstheslack.Pairs
in the tablethat arebelow the cut-off line arenot activatedin that
run.

Simple extensionshandlethe casewhen an LPT hasmultiple
states.Brie�y , we performa pro�le run for eachcon�gurationand
record� E ij and� D ij . Sincetwo suchcon�gurationscannotbe
activatedconcurrentlyonthesamesubroutine,if weselectasecond
con�guration,we needto “reverse”the impactof the �rst con�gu-
ration on the scoretable. This effect is achieved by subtractingin
thetabletheimpactof onecon�gurationfrom thatof thenext most
ef�cient con�gurationof thesamesubroutine-LPTpair. In thecase
whereanLPThastoomany con�gurations,thealgorithmchoosesto
pro�le only a representative subsetof them. Alternatively, it could
�nd thebestcon�gurationsthroughstatisticalpro�ling [6].

When two LPTs interferewith eachotheror are incompatible
in someways, the algorithm simply combinesthem into a single
LPT thattakesmultiplestates.Someof thesestatesmayhave� E ij

and� D ij thatarenot thesimpleadditionof its componentLPTs';
otherstatesmay be missingdueto incompatibility. The resulting
multi-stateLPT is treatedasindicatedabove.

Finally, we assumethat theeffect of anLPT on a subroutineis
largely independentof what LPTs are activatedfor other subrou-
tines.

3.2 Static Instrum. & Dynamic Decision(SIDD)

In a general-purposeenvironment,it maybeunreasonableto re-
quiresomany pro�ling runs. Consequently, in SIDD, only the In-
strumentationalgorithmis executedoff-line. It needsa singlepro-
�ling run to identify thesubroutinesto instrumentandtheirweight.
TheDecisionalgorithmis performedduringexecution,usingcode
includedin thebinaryof theapplication.

The Decisionalgorithmrunsin the �rst few invocationsof the
subroutinesmarkedby theInstrumentationalgorithm.Considerone
suchsubroutine. To warm up state,we ignore its �rst invocation
in the program. In the secondinvocation,we recordthe number
of instructionsexecuted,theenergy consumed,andthe time taken.
Then,in eachof the n subsequentinvocations,we activateoneof
then LPTs,andrecordthesameparameters.Whenasubroutinehas
gonethroughall theseruns,our algorithmcomputestheef�ciency
scoresfor thesubroutinewith eachof theLPTs,andinsertsthemin
thesortedscoretable.With this information,andtheweightof the



subroutineasgivenby theInstrumentationalgorithm,thesystemre-
computesthenew cut-off line in thescoretable.At any time in the
executionof a program,theentriesin thescoretablethatareabove
thecut-off line areusedto triggeradaptationsin theprocessor.

The fact that the Decisionalgorithmrunson-line requiresthat
we changeit a bit relative to that in Section3.1.2. Onedif�culty
is that the ef�ciency scorefor a subroutine-LPTpair is now com-
putedbasedon a single invocationof the subroutine. To be able
to compareacrossinvocationsof thesamesubroutinewith different
numbersof instructions,we normalizeenergy andexecutiontime
to thenumberof instructionsexecutedin the invocation.Thus,we
useEnergy PerInstruction(EPI) andCyclesPerInstruction(CPI).
Furthermore,the ratio of energy savings to time penaltyusedin
the ef�ciency score(now � E P I ij

� C P I ij
) is too sensitive to noisein the

denominatorthatmayoccuracrossinvocationsof thesamesubrou-
tine. Consequently, we usean ef�ciency scorethat is lesssubject
to noise,namely E P I i � C P I i

E P I ij � C P I ij
. Thevaluesin thenumeratorcorre-

spondto subroutinei whenno LPT is activated,while the values
in thedenominatorcorrespondto subroutinei whenLP Tj is acti-
vated.As usual,highef�ciency scoresarebetter.

A seconddif�culty in the on-line Decision algorithm occurs
whena subroutinehasonly a few, long invocations. In this case,
thealgorithmmaytake too long to completefor thatsubroutine.To
solvethisproblem,oursystemtimesoutwhenasubroutinehasbeen
executingfor toolong. At thatpoint,oursystemassumesthatanew
invocationof thesamesubroutineis startingand,therefore,it tests
a new LPT.

The computationof ef�ciency scoresandtheupdatesto the ta-
ble only occur in the �rst few invocationsof the subroutines.In
steadystate,theoverheadis thesameasin SISD:at instrumentation
points,thealgorithmsimply checksthe tableto decidewhatLPTs
to activate.AppendixA brie�y discussestheoverheadsinvolved.

3.3 Dynamic Instrumentation & Decision(DIDD)

We now consideranenvironmentwheretheapplicationbinaries
remainunmodi�ed. In this case,both Instrumentationand Deci-
sionalgorithmsrun on-line. In practice,DIDD is usefulin highly-
dynamicenvironments,suchasinternetworkloadswhereprograms
are sometimesexecutedonly once,or in just-in-time compilation
frameworks. Moreover, it is also useful when it is too costly to
modify thebinary.

DIDD needsthreemicro-architecturalfeatures. The �rst one
dynamicallyidenti�es the importantsubroutinesin the application
with low overhead.Thesecondoneautomaticallyactivatesthecor-
rectsetof LPTsfor thesesubroutines.Thethird oneautomatically
redirectsexecutionfrom the �rst few invocationsof thesesubrou-
tinesto a dynamicallylinked library that implementsthe Decision
algorithm.

3.3.1 Identifying Important Subroutines

We proposea simplemicro-architecturemodulecalledtheCall
Stack (Figure2). On a subroutinecall, theCall Stackpushesin an
entry with the subroutineID andthe currentreadingsof the time
andenergy counters.For ID, we usethe block addressof the �rst
instructionof thesubroutine.Onasubroutinereturn,theCall Stack
popsout an entry. If the differencebetweenthe currenttime and

theentry's time is at leastth inv oc , thesubroutineis consideredim-
portant.As a result,thehardwaresavesits ID in a fully-associative
tableof importantsubroutinescalledCall Cache(Figure2).

In MemoryOn�chip

DecisionMadeHitMaskEnergyTimeID

MaskID

Call CacheCall Stack

LibPtr

Accounted Energy

Overflow Counter

Call Stack Pointer

Call Table (Software)

ID Mask EPID
Return Address

Accounted Time

D

Figure 2. Supportfor DIDD. The shadedareacorresponds
to theproposedon-chiphardware.It occupiesaninsigni�cant
area:about0.29mm 2 in 0.18� m technology.

TheCall Stackhandlesthenestingof importantsubroutinesby
subtractingthecallee's executiontime from thecaller's. To support
this case,we maintainanAccountedTimeregisterthataccumulates
thecyclesconsumedby completedinvocationsof importantsubrou-
tinesup to thecurrenttime (Figure2). With this support,whenwe
push/popanentryinto/fromtheCall Stack,thecurrenttimeis taken
to be the wall clock time minus the AccountedTime. Moreover,
whenwe �nish processingthepoppingof animportantsubroutine,
we addits time contribution to theAccountedTime. As a result,its
contribution will not beerroneouslyassignedto its caller. Figure2
alsoincludesanAccountedEnergy registerthat is usedin thesame
way.

If theCall Stackover�ows, we stoppushingentries.We main-
tain an Over�ow Counterto count the numberof over�ow levels.
Whenthecounterfalls backto zero,we resumeoperatingtheCall
Stack.

3.3.2 Activating LPTs & Invoking DecisionAlgorithm

Thehardwaremustperformtwo operationsat theentryandexit
pointsof theseimportantsubroutines.In steadystate,it mustacti-
vateor deactivateLPTs;in the�rst few invocationsof thesesubrou-
tines, it mustredirectexecutionto the library that implementsthe
Decisionalgorithm.We considerthesetwo casesin turn.

In steadystate,eachof thesubroutinesin theCall Cachekeeps
a maskwith thesetof LPTs to activateon invocation(Mask�eld)
anda DecisionMade(D) bit set. Whenanentry is pushedinto the
Call Stack,thehardwarecheckstheCall Cachefor a match. If the
entryis found,theLPTsin theMask�eld areactivated(aftersaving
the currentmaskof LPTs in the Call Stack)andthe Hit bit in the
Call Stackis set.TheHit bit will beusefullater. Speci�cally, when
theentryis poppedfrom theCall Stack,if theHit bit is set,theCall
Cacheis checked. If the correspondingD bit is set, the hardware
simply restoresthesavedmaskof activatedLPTs.

In the �rst few invocationsof an importantsubroutine,thesub-
routinemustrunundereachof theLPTsin sequence,andtheresult
mustbeanalyzedby theDecisionalgorithm(Section3.2). During
this period,the correspondingentry in the Call Cachekeepsits D
bit clearandMaskindicatesthesingleLPT to testin thenext invo-
cation. As usual,whenan entry is pushedinto the Call Stack,the
hardwarecheckstheCall Cacheand,if theentry is found,theLPT



in theMask is activated.Whentheentry is poppedout of theCall
Stack,if the Hit bit is setandthecorrespondingD bit is clear, the
hardwareredirectsexecutionto theDecisionalgorithmlibrary.

This redirectionis donetransparently. We modify the branch
unit suchthatwhena subroutinereturninstructionis executed,the
hardwarechecksif thereturningsubroutineis in theCall Cacheand
its D bit is clear. If so,thereturninstructionis replacedby a jump
to theentrypoint of the Decisionlibrary code. This entry point is
storedin the LibP tr specialregister(Figure2). The library runs
theDecisionalgorithmasin Section3.2: it readsthe time anden-
ergy consumedby this subroutine-LPTpair from the Call Stack,
computesthe ef�ciency score,andupdatesthe scoretable. In its
operation,theDecisionalgorithmkeepsits statein a softwaredata
structurein memorycalledCall Table(Figure2). Once�nished, the
library issuesa return,which redirectsexecutionbackto thecaller
of the importantsubroutine. This is feasiblebecausethe original
return addresswas kept in place,in its register or stacklocation.
In addition,during the redirectionto the library, the RAS (Return
AddressStack)waspreventedfrom adjustingthe pointerand be-
comingmisaligned.With this support,we have effectively delayed
the returnfrom the importantsubroutineby invoking the Decision
algorithmseamlesslyandwith little overhead.

BeforetheDecisionlibrary returns,it updatestheMaskfor this
subroutinein theCall Cacheto preparefor thenext invocation.If it
�nds that it hastestedall theLPTsfor this subroutine,it computes
the steadystatevaluefor the Mask. Then,it setsthe Mask to that
valueandsetstheD bit. Futureinvocationsof this subroutinewill
not invokethelibrary anymore.

It is possiblethatcapacitylimitationsforcethedisplacementof
an entry from the Call Cache.Thereis no needto write backany
data.Whenthecorrespondingsubroutineis invokedagain, theCall
Cachewill missand,on return from the subroutine,the Decision
library will beinvoked.At thatpoint, theDecisionlibrary will copy
theCall Tableentryfor thesubroutineto theCall Cache,effectively
restoringit to its old value.

Overall, the proposedhardware is fairly modest. We use
CACTI [24] to estimatethat the hardware in Figure 2 takes 0.29
mm 2 in 0.18� m technology. This estimateassumes32 entriesfor
theCall CacheandCall Stack.

3.3.3 DecisionAlgorithm

TheDecisionalgorithmusedis similar to theonefor SIDD. The
only differenceis thatsubroutinesarenow identi�ed on the�y and,
therefore,their contribution to the total executiontime of the pro-
gram is unknown. Consequently, the algorithm needsto make a
roughestimation.It assumesthatall theimportantsubroutineshave
thesameweight: 10%. Theinaccuracy of this assumptiondoesnot
affect the ranking of the subroutine-LPTpairs in the scoretable.
However, it affectsthe locationof the cut-off line in the table. As
a result, it is now morechallengingto �ne tunethe total program
slowdown to becloseto theallowedslack.

Wehaveattemptedto usemoreaccurate,yetmorecostlywaysof
estimatingthecontributionof eachsubroutine.Speci�cally, wehave
addedsupportfor thesystemto continuouslyrecordandaccumulate
theexecutiontime of eachsubroutine.We canthenrecomputethe
weightsof all the subroutinesperiodically and updatethe cut-off
line in thescoretable.Fromtheresultsof experimentsnotpresented
here,we�nd it hardto justify usingthesehigher-overheadschemes.

3.4 Tradeoffs

Table1 summarizesthe tradeoffs betweenour threeimplemen-
tations. SISD is the choicewhen the off-line pro�ling effort can
be amortizedover many runson the platform wherepro�ling oc-
curred.SISDhascompleteglobal informationof theprogramand,
therefore,canmake well-informedadaptationdecisions.Theonly
sourceof inaccuracy is thedifferencebetweenthepro�ling andpro-
ductioninput sets.Finally, SISDhasminimal run-timeoverhead.

Pros Cons Domain

SISD
Global information of the
program. Minimal run-time
overhead

Requiresmany off-line pro-
®ling runs. Pro®ling hasto
beon targetplatform

Embeddedsystems
and specialized
servers

SIDD

Single performance-only
pro®ling run. Pro®ling is
partially platform indepen-
dent

Run-timeoverheadat start-
up. Partial information.
Limited pro®ling

Generalpurpose

DIDD No off-line pro®ling SameasSIDD.Extramicro-
architecturalsupport

Unavailableoff-line
pro®ling: e.g. dy-
namicallygenerated
binary

Table 1. Tradeoffs betweenthedifferentimplementationsof
subroutine-basedpositionaladaptation.

SIDD hasawiderapplicability. It is bestfor environmentswhere
softwareis compiledfor a rangeof adaptive architectures,eachof
whichmayevenhavea differentsetof LPTs. In thiscase,therank-
ing of adaptationsis not includedin theapplicationcode. It is ob-
tainedon-line,by measuringthe impactof eachLPT on the target
platform,while theapplicationis running.Theonly off-line pro�l-
ing neededis to identify importantsubroutinesandtheir execution
time weight. This doesnot needto becarriedout on theexact tar-
get platform. However, SIDD hasseveral shortcomings.First, it
incursrun-timeoverhead,partlydueto theapplicationof inef�cient
adaptationsduring the initial periodof LPT testing. Second,some
decisionson whatadaptationsto applyarenecessarilysub-optimal,
sincethey aremadebeforetestingall subroutine-LPTpairs.Finally,
SIDD reliesonthe�rst few invocationsof eachsubroutineto berep-
resentativeof thesteadystate,whichmaynot befully accurate.

DIDD hasthe widestapplicability. It worksevenwhenno off-
line pro�ling is available. This is the casewhenbinariesare dy-
namicallygenerated,or in internetworkloadswhereprogramsare
oftenexecutedonlyonce.Theshortcomingsof DIDD arethemicro-
architecturalsupportrequiredand all the shortcomingsof SIDD
with higher intensity. In particular, identifying the importantsub-
routineson-lineis challengingand,unlessit is donecarefully, may
leadto highoverheads.

4 Evaluation Envir onment

4.1 Ar chitectureand Algorithm Parameters

To evaluatepositional adaptation,we use detailedexecution-
driven simulations. The baselinemachinearchitectureincludesa
6-issueout-of-orderprocessor, two levelsof caches,andaRambus-
basedmainmemory(Table2). Theprocessorcanbeadaptedusing
threeLPTs, which are describedin Section4.3. The simulation
modelsresourcecontentionin theentiresystemin detail,aswell as
all theoverheadsin ouradaptationalgorithms.

We compare our implementationsof positional adaptation
to three existing temporal adaptationschemes,which we call



Processor

Frequency: 1GHz
Technology:0.18� m
Voltage:1.67V
Fetch/issuewidth: 6/6
I-window entries:96
Ld/Stunits: 2
Int/FP/branchunits: 4/4/1
MSHRs:24

Branchpenalty:8 cycles(min)
Up to 1 takenbranch/cycle
RAS entries:32
BTB: 2K entries,4-way assoc
Branchpredictor:

gshare
entries:8K

TLB: like MIPSR10000

Cache L1 L2 Bus& Memory

Size: 32KB 512KB
RT: 3 cycles 12cycles
Assoc: 2-way 8-way
Line size: 32B 64B
Ports: 2 1

FSBfrequency: 333MHz
FSBwidth: 128bit
Memory: 2-channelRambus
DRAM bandwidth:3.2GB/s
MemoryRT: 108ns

Table 2. Baselinearchitecturemodeled.MSHR, RAS, FSB
andRT standfor Miss StatusHandlingRegister, ReturnAd-
dressStack,Front-SideBus, andRound-Trip time from the
processor, respectively. Cyclecountsarein processorcycles.

DEETM0, Rochester, and Rochester0. The parametervaluesused
for all the schemesareshown in Table3. th w eig ht ; th gr ain ; and
th inv oc aresetempirically.

Algorithm ParameterValues

SISDand th w eig ht = 5%; th gr ain = 1,000cyc;
SIDD LPT (de)activationoverhead:2-10instr

DIDD
th inv oc = 256cyc; Call Stack:32entries,9B/entry,
56pJ/access;Call Cache:32entries,full-assoc,
4B/entry, 66pJ/access

DEETM0 Microcycle = 1, 10,100� s;
Macrocycle = 1,000microcycles

Rochester Parametervaluesasin [3, 4], e.g.basicinterval = 100� s
Rochester0 Rochesterwith thetuningoptimizationin [6]

Table 3. Parametervaluesusedfor thepositionalandtempo-
ral adaptationschemes.

Considerthe positionalschemes�rst. Understatic instrumen-
tation (SISD andSIDD), we �lter out subroutineswhoseaverage
executiontime per invocationis below th gr ain ; underdynamicin-
strumentation(DIDD), we �lter out any invocationthat takesless
thanth inv oc . Thesetwo thresholdshave differentvaluesbecause
they haveslightly differentmeanings.Thetablealsoshows theval-
uesof the main instructionandenergy overheadsof the schemes;
they arediscussedin AppendixA. Theenergy numbersareobtained
with themodelsof Section4.2.

DEETM0 is anenhancedversionof theDEETM Slackalgorithm
in [12]. In this algorithm,the setof active LPTs is re-assessedat
constant-sizedtime intervalscalledmacrocycles. At thebeginning
of a macrocycle, eachdifferentcon�guration is testedfor onemi-
crocycle. After all con�gurationshave beentestedin sequence,the
algorithmdecideswhat con�guration to keepfor the remainderof
themacrocycle. Thisalgorithmis more�e xible thantheonein [12]:
the latterassumesa �x edeffectivenessrankof LPTs,which limits
the setof con�gurationsthat it canapply. In [12], a microcycle is
1,000cyclesanda macrocycle is 1,000microcycles. We examine
threedifferentmicrocycles,namely1, 10, and100� s. We call the
schemesDEETM01, DEETM010,andDEETM0100,respectively.

Rochesteris theschemein [4]. Thealgorithmusesabasicinter-
val. Initially, eachcon�gurationis testedfor oneinterval. After that,

thebestcon�guration is selectedandapplied.Fromthenon, at the
endof eachinterval, thealgorithmcomparesthenumberof branches
andcachemissesin theinterval againstthosein thepreviousinter-
val. If thedifferenceis within a threshold,thecon�gurationis kept,
thereforeextendingthe effective interval. If the differenceis over
the threshold,the algorithm returnsto testing the con�gurations.
The algorithmusesseveral otherthresholds.For our experiments,
we startwith theparametervaluesproposedby theauthors[3], in-
cluding a basicinterval of 100,000cycles. We thenslightly tune
themfor betterperformance.

Rochester0 adds one enhancementproposed in [6] to the
Rochesterscheme.The enhancementappearswhenthe difference
betweenthe branchesandmissesin one interval and thosein the
previousoneis above thethreshold.At thatpoint, Rochester0 does
not return to testingthe con�gurationsright away. The rationale
is that it is bestnot to testcon�gurationswhile the programgoes
througha phasechange.Thealgorithmwaitsuntil thedifferenceis
below thethreshold,which indicatesthatthechangehasstabilized.
Then,thetestingof con�gurationscanproceed.

Overall, we considertemporalschemeswith �x ed-sizeinter-
vals (DEETM0) and with variable-sizedintervals (Rochesterand
Rochester0). Note that we do not choosethe interval sizesso that
all schemeshave exactly the sameaveragesize,or they matchthe
averagesizeof theintervals in positionalschemes.Instead,we use
theparametervaluesasproposedby theauthors(althoughwe also
slightly tunethemto get betterperformance).With this approach,
wehopeto befair andcapturegooddesignpointsfor eachscheme.

4.2 Energy ConsumptionEstimation

To estimateenergy consumption,we incorporatedWattch [5]
into our simulator. We enhancedWattchin two ways. Recall that
Wattchusesa modi�ed versionof CACTI [24] to modelSRAM ar-
rays. We have re�ned the modelingof suchstructuresto address
several limitations. Speci�cally, we enhancedthe modelingof the
senseampli�ers andthebitline swingfor writesto makethemmore
accurate.In addition,we alwayssearchfor the SRAM arraycon-
�guration thathasthe lowestenergy consumptiongiventhetiming
constraints.

For the energy consumptionin the functional units, we used
Spicemodelsof the functionalunits of a simplesuperscalarcore
to derive theaverageenergy consumedfor eachtype of operation.
Weusedresultsfrom [20] for morecomplicatedfunctionalunits.

Wecomputetheenergy consumedin thewholemachine,includ-
ing processor, instructionanddatacaches,bus,andmainmemory.
To modeltheenergy consumedin thememory, weuseIntel'swhite
paper[14]. For example,from thatpaper, onememorychannelop-
eratingat full bandwidthandits memorycontrollerconsume1.2W.

4.3 AdaptiveLow­Power Techniques(LPTs)

Wemodelanadaptiveprocessorwith threeLPTsthatcanbedy-
namicallyactivatedanddeactivated(Figure3). TheseLPTsare: a
�lter cache[17], a phasedcache[10] modefor the L1 datacache,
anda slave functionalunit clusterthatcanbedisabled.We choose
theseLPTsbecausethey arewell understoodandtargetsomemajor
sourcesof energy consumptionin processors.Note that our adap-
tation algorithmsare very generaland largely independentof the
LPTsused– we simplychoosethesethreeLPTsasexamples.
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Figure 3. Pipelineof theadaptiveprocessorconsidered.The
shadedareasshow theLPTs.

Instruction Filtering (IFilter). The instructioncachehierar-
chy hasa 1-Kbyte�lter cache[17]. If it is deactivated,instructions
arefetchedfrom theL1 instructioncache;otherwise,theprocessor
checksthe�lter cache�rst. Usingthe�lter cacheusuallysavesen-
ergy becauseeachhit consumesverylittle energy. Thereasonis that
the�lter cacheis small,direct-mapped,anddoesnot requireaTLB
checkbecauseit is virtually tagged. However, the codemay run
slower becauseof frequentmissesin the small �lter cache,which
thenaccessL1. Interestingly, thisLPT maysometimesspeedupthe
code:whentheworkingsetis smallenoughto �t in the�lter cache,
thefasteraccessallowsquicker recoveryonbranchmispredictions.

We do not maintaininclusionbetweenthe�lter andL1 instruc-
tion caches.A readaccessto the�lter cachetakes1 cycle andcon-
sumes386pJ,comparedto 2 cyclesand2022pJto accessthefully-
pipelinedL1. We modelthe�lling of coldcaches.

Phased Cache Mode (PCache). A phasedcacheis a set-
associative cachewhereanaccess�rst activatesonly the tags[10].
If thereis a match,only the matchingdataarray is subsequently
activated,reducingtheamountof bitline activity andsenseampli�-
cationin thedataarray. Consequently, a phasedcachesavesenergy
at thecostof extradelay.

In our processor, the 2-way set-associative L1 datacachecan
work asa normalor asa phasedcache.Basedon our analysis,in
phasedmode,acachehit consumes974pJ,a45%reductionoverthe
1763pJconsumedin anormalmodehit. However, thehit takestwo
extra cyclesto complete.Cachemissessave evenmoreenergy and
donotaddlatency. Notethatthereis overheadin switchingbetween
thetwo modes.Speci�cally, whenthephasedmodeis activated,the
cachebuffers thesignalto thedataarrayfor two cycles. Whenthe
cacheis restoredto normalmode,thecacheblocksfor two cyclesto
drainthepipeline.All thesetransitionoverheadsarefully modeled.

ReducedNumber of ALU Units (RALU). Wide-issueproces-
sorstypically havemany functionalunits(FUs).Sincefew applica-
tions needall the FUs all the time, processorstypically clock-gate
unusedFUs.OurWattch-basedsimulatormodelsthenormalclock-
gatingof unusedFUsby reducingtheenergy consumedby FUsto
10%of their maximumconsumptionwhenthey areunused.

With theRALU LPT, we go beyondthis reduction.In our pro-
cessor, theFUsareorganizedinto amasterandaslavecluster. Each
clusterhastwo FP, two integer, andoneload/storeunit. The mas-
ter clusteralsohasa branchunit. When this LPT is deactivated,
both FU clusterscan be used,and clock gating proceedsas indi-
catedabove. When this LPT is activated,the slave FU clusteris
madeinaccessible.This allows us to save all theclock distribution
energy in theslavecluster. As a result,we savemostof theremain-
ing 10%dynamicpower in theFUsof thecluster. For multi-cycle
FUs,wecanonly activatethisLPT aftertheFU pipelineis drained.
This effect is modeledin our simulations. Overall, this LPT can

only havea modestenergy-savingseffect.

4.4 Applications

To assesspositionaladaptationon differentkindsof workloads,
we run multimedia,integer, and�oating-point applications.In se-
lecting theseapplications,we try to includea diversesetof high-
level behaviors. In particular, we includeprogramswherethe av-
eragedynamicsubroutineis very short (30 instructionsin MCF)
or very long (35,000instructionsin HYDRO). Theapplicationsare
compiledwith theIRIX MIPSProcompilerversion7.3with -O2.

Table4 lists theapplications.Eachapplicationhasan input set
usedfor theoff-line pro�ling runs(Pro�ling ), andonefor all other
experiments(Production). Recall from Section2 that positional
adaptationhastheadvantagethatit optimizestheadaptationsglob-
ally: eachcon�guration is activatedin the globally bestsectionof
the program. Therefore,to fully demonstratethe effectivenessof
positionaladaptation,weneedto simulatetheapplicationsfrom the
beginningto theend.Unfortunately, thefull refSPECinputsetsare
too largefor this. Consequently, astheproductioninput setsfor the
SPECapplications,we usea reducedreferenceinput set(reduced
ref), which enablesus to run the simulationsto completion. With
theseinputs,simulationstake from severalhundredmillion to over
2.5 billion cycles. For all applications,we have veri�ed that these
reducedinput setsrunningon our simulatorproducesimilar cache
andTLB miss ratesas the ref inputs runningnatively on a MIPS
R12000processor. We have alsoveri�ed thattherelative weightof
eachsubroutinedoesnot changemuch.For additionalveri�cation,
oneexperimentin Section5.3comparesexecutionswith reducedref
andref inputsets.

Suite Application Pro®lingInput ProductionInput

SPECint2000

BZIP

Test Reducedref
CRAFTY
GZIP
MCF
PARSER

SPECfp95 HYDRO Test ReducedrefAPSI

Multimedia MP3D 128kbpsjoint 160kbpsjoint HQ
MP3E 24kbpsmono 128kbpsjoint

Table 4. Applicationsexecuted.
Dueto spacelimitations,we do not show thebreakdown of the

energy consumedin thedifferentcomponentsof ourarchitectureas
we run theseapplications.However, our resultsbroadlyagreewith
otherreports[5]. As expected,energy consumptionis widely spread
over many components.Therefore,it is unlikely thata singleLPT
cansave mostof theenergy.

5 Evaluation

To evaluatesubroutine-basedpositionaladaptation,we�rst char-
acterizeour algorithms(Section5.1), then evaluatetheir impact
(Section5.2),and�nally show why thesubroutineis a goodgranu-
larity (Section5.3).

5.1 Characterization

Table 5 shows the result of running our static and dynamic
Instrumentationalgorithms. Recall that our algorithms identify
the major subroutinesin the codeand instrumenttheir entry and



exit points. At run time, non-majorsubroutinesareautomatically
lumpedin with their callermajorsubroutines.Also, themaincode
in theprogramplusany non-majorsubroutinesthat it dynamically
callsform oneother“major subroutine”.For comparison,thetable
alsoshows dataonall thesubroutinesin theapplications.

StatInstrum Dyn Instrum All Subroutinesin Application
Applic N T (� s) N T (� s) N Size/Invocation

Time(ns) Instruc

APSI 14 8.8 19 6.1 93 200.1 272.3
BZIP 4 2612.0 5 275.9 54 71.4 108.5
CRAFTY 5 2.6 10 11.6 113 49.6 58.9
GZIP 6 2368.0 11 955.1 69 152.7 202.2
HYDRO 8 2530.0 15 407.6 111 51349.4 34784.1
MCF 3 20.3 6 5.0 50 50.4 28.4
MP3D 5 3.5 9 5.4 65 928.9 1411.5
MP3E 7 35.4 24 8.5 151 178.5 280.3
PARSER 7 28.7 62 976.4 267 37.6 39.2

Average 6.5 845.5 17.9 294.6 108.1 5890.9 4131.7

Table 5. CharacterizingthestaticanddynamicInstrumenta-
tion algorithms.In the table,N is thenumberof majorsub-
routines,while T is thetimebetweeninstrumentationpoints.

The datashows that our algorithmsidentify only a handfulof
majorsubroutinesto driveLPT activation/deactivation.Onaverage,
thenumberis about7 and18 for thestaticanddynamicalgorithms,
respectively. This suggeststhat the structuresneededto manage
adaptationinformation are small (e.g. a 32-entryCall Cachein
DIDD). Staticanddynamicalgorithmsselecta differentnumberof
subroutinesbecausethey work differently.

The tablealsoshows theaveragetime betweeninstrumentation
points,asthey arefounddynamicallyat run time. Thetime ranges
from a few � s to thousandsof � s. This is theaveragetime between
potentialadaptations.Within onealgorithm,this time variesa lot
acrossapplications,which indicatesa rangeof applicationbehav-
ior. On average,thesetime valuesareroughlyof thesameorderof
magnitudeastheintervalsin temporalschemes(Table3). They are
longenoughto rendervariousoverheadsnegligible (AppendixA).

Wenow characterizetheactivationof ourLPTs.In aseriesof ex-
periments,we activateeachLP Tj on eachsubroutinei andrecord
the resultingtotal energy saved in the program(� E ij ) and total
programslowdown (� D ij ). With thesevalues,we computetheef-
�ciency score(Section3.1.2)of eachsubroutine-LPTpair. We then
rank the pairs from higher to lower ef�ciency scoreandaccumu-
latethetotal energy andtotal delay. Theresultis theEnergy-Delay
Tradeoff curveof theapplication.

Figure4-(a)shows sucha curve for BZIP. Theorigin in the�g-
urecorrespondsto asystemwith noactivatedLPT. As wefollow the
curve, we addthe contribution of subroutine-LPTpairsfrom most
to leastef�cient, accumulatingenergy reduction(Y-axis),andexe-
cution slowdown (X-axis). Finally, the last point of the curve has
all theLPTsactivatedall thetime. As anexample,in Figure4-(a),
weshow thecontributionof asubroutine-LPTpair thatsaves� E ij

andslowsdown theprogram� D ij .
Thecurve canbedividedinto threemainregions.In theAlways

apply region, the curve travels left and up. This region contains
subroutine-LPTpairsthat both save energy andspeedup the pro-
gram.An examplemaybea�lter cachein asmall-footprintsubrou-
tine with many mispredictedbranches.The�lter cachesatis�esthe
averageaccessfasterandwith lessenergy thantheordinarycache.
Overall,wealwaysenablethepairsin this region.
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Figure 4. Energy-delaytradeoff curve for BZIP (a) andfor
all theapplications(b).

In theE-D trade-offs region, thecurve travelsright andup. This
region containspairsthat save energy at the costof slowing down
theprogram.This is themostcommoncase.Startingfrom theleft,
we apply the pairsin this region until the accumulatedapplication
slowdown reachestheallowedslowdown (slack).

In theNeverapplyregion,thecurvetravelsright anddown. This
region containspairs that increaseenergy consumptionand slow
down theprogram.Thesepairsshouldnot beapplied.

Figure4-(b) shows the curvesfor all the applications.We see
thatall theapplicationsexhibit a similar behavior. The �gure also
shows that if all LPTs are activated indiscriminatelyall the time
(rightmostpoint), theresultis a verysub-optimaloperatingpoint.

Finally, we characterizehow ouralgorithmsusethethreeLPTs.
Figure5 showsthepercentageof timethateachLPT is activatedfor
thedifferentapplications.Due to spaceconstraints,we only show
datafor SISD.The �gure shows theresultsfor a targetapplication
slacksetto 0.5%and5%of theapplicationexecutiontime. Overall,
the �gure shows that our algorithm activatesall threeLPTs for a
signi�cant portionof thetimein many applications.Moreover, LPT
selectionvariesacrossapplications.

5.2 Effectivenessof Positional Adaptation

To evaluatethe effectivenessof positionaladaptation,we per-
form two experiments,wherewe want to save asmuchenergy as
possiblewhile trying to limit the performancepenaltyto no more
than 0.5% or 5.0%. We compareour three positional schemes
(SISD, SIDD, and DIDD) to the temporalalgorithmsin Table 3
(DEETM01,DEETM010,DEETM0100,Rochester, andRochester0).
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Figure 5. Percentageof time that eachLPT is activatedin
eachapplicationunderSISD.Thedatacorrespondsto two ex-
perimentswith differentslacks.

For eachalgorithm,Figure6 shows the reductionin energy in the
machine(upperbars)andthe increasein executiontime of theap-
plication (lower bars). Theenergy includesthecontribution of the
processor, caches,bus, andmemory. The barsareseparatedinto
two groups,correspondingto the0.5%and5.0%slackexperiments.
Eachbaris theaverageof ournineapplications.

Notethattheenergy reductionbarsarenormalizedto theenergy
reducedby an ideal adaptationalgorithm that serves as an upper
boundfor a givenslack. This algorithmadaptstheprocessorevery
1,000instructionsbasedonperfectknowledgeof theimpactof each
of our LPTs on theseupcominginstructions.Moreover, the adap-
tation is overhead-free.We chooseto show thebarsrelative to this
ideal schemeratherthanto simply show the fractionof energy re-
ducedby eachscheme.Thereasonis thatthelatterdependsonhow
goodour LPTsareasmuchashow goodour algorithmsare.Recall
thatouralgorithmsaregeneralandlargely independentof theLPTs
used. With theseLPTs, the ideal algorithmreducesenergy usein
themachineby 8.7%and11.6%for the0.5%and5.0%slackexper-
iments,respectively. Our barsshow how closewe get to this ideal
reduction.
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Figure 6. Energy reductionin themachineandprogramex-
ecutiontime increasefor differentalgorithms.

Considerthe0.5%slackexperiments�rst. In energy savings,the
positionalschemesaresigni�cantly moreeffective thanthetempo-
ral ones.Onaverage,positionalschemesare70%aseffectiveasthe
ideal scheme,while temporalschemesareonly 38% aseffective.
Positionalschemesaremoreeffective becausethey areableto pre-
dict codebehavior moreaccurately. As discussedin Section2, the
accuracy is greaterfor two reasons:(1) in the testingperiod,they
testall con�gurationsondifferentinvocationsof thesamecode,and
(2) in steadystate,they maketheadaptationdecisionsfor anupcom-

ing interval basedonthebehavior of apreviousinstanceof thesame
interval.

Amongpositionalschemes,SISDsavesabout80%of theenergy
that the ideal schemesaves,anddoesnot slow down the program
muchbeyondthetargetslack. It is, therefore,thepreferredscheme
if it is possibleto useit. Both SIDD andDIDD save lessenergy
andmispredictpastthe0.5%slack.In particular, DIDD mispredicts
signi�cantly, mostly becauseof lack of global informationat run
time. With suchaslowdown, DIDD manageshigherenergy savings
thanSIDD. In normalconditions,wewouldexpecttheopposite.

For the5%slackcase,thepositionalschemesareagainmoreef-
fectivethanthetemporalones:onaverage,they save75%of theen-
ergy thattheidealschemesaves,while temporalschemessave50%.
Among the positionalschemes,thereis a moregradualchangein
behavior. Thesmoothershapeappearsbecausepositionalschemes
cannow identify goodsubroutine-LPTpairs to apply moreeasily
thanin the0.5%slackexperiment.To seewhy, notethatwe want
the pairs in Figure 4-(b) that are to the left of X=5% (insteadof
thoseto the left of X=0.5% in the 0.5% slack experiment). The
wider rangeavailablelessenstheimpactof measurementinaccura-
cies,causingfewer selectionsof pairsbeyondthetargetrange,asit
happenedfor DIDD in the0.5%slackexperiment.Overall, thedif-
ferencesin theresultingSISD,SIDD, andDIDD barsnow broadly
re�ect thedifferencein accuracy betweentheschemes.

As for thetemporalschemes,thedifferencesin energy andslow-
down betweenthemappearto bemodest.Wenotethateachscheme
hasits own strengths.Speci�cally, RochesterandRochester0 can
varythesizeof theinterval betweenadaptationsdynamically, which
improves their effectiveness. On the other hand, the DEETM0

schemeshave theability to applyany givenLPT for only a fraction
of amacrocycle [12], if they estimatethatfull applicationwouldre-
sult in exceedingtheslack. Theresultis thatall theschemeshave
roughlysimilareffectiveness.

Overall, we derive two main conclusions. First, positional
schemesaremoreeffective thantemporalones.They boosttheen-
ergy savingsovertemporalschemesby anaverageof 84%and50%
in the two experimentsperformed. Moreover, they are relatively
moreeffective in the small slackexperiment,whereaccuratelyse-
lectingthebestadaptationis harder.

Thesecondconclusionresultsfrom theobservationthat theen-
ergy savingsof theidealandSISDschemesarequiteclose(onaver-
age,SISDsaves83%of ideal).Recallthattheidealschemeselects
thebestLPTs every 1,000dynamicinstructionswithout overhead,
while SISD canonly attemptto selectat major subroutinebound-
aries. Suchboundariesoccurevery several hundred� s on average
(Table5). Consequently, we infer that thebehavior of thecodeex-
ecutedinsideeachof thesesubroutinesappearsquitehomogeneous
to ourLPTs.

5.3 Insights into Subroutine­BasedAdaptation

Finally, we presentdata to help understandwhy subroutine-
basedpositionaladaptationis effective. Speci�cally, we discuss
its accuracy in the testing (Section5.3.1) and steady-state(Sec-
tion 5.3.2)periods.We alsodiscussthein�uence of differentinput
sets(Section5.3.3).AppendixA discussesits overheads.
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Figure 7. Variationof Energy PerInstruction(EPI) andIPC acrosstestingintervalswithout actuallyapplyingany LPTs. Chart(a)
usestheusualinput setsfor theapplications,while Chart(b) changestheinputsetsof theSPECapplicationsto beref.

5.3.1 Accuracy in the TestingPeriod

Theaccuracy of anadaptationalgorithmis affectedby how ac-
curatelythedifferentcon�gurationsarecalibratedduringthetesting
period. Recall that, in that period,eachcon�guration is activated
for one interval. Then, the impactof the different con�gurations
arecomparedto eachother. Sinceeachcon�guration is testedon a
differentinterval, themorestablethecodebehavior is acrossthese
intervals,themoreaccuratethis comparisonis.

To estimatecodestability acrosstestingintervals, we measure
the averageenergy per instruction(EPI) and IPC of eachtesting
interval withoutactuallyapplyingany LPTs.Then,wecomputethe
variationof thesemetricsin thetestingperiod.

Figure7 showstheresultingvariationof theEPIandIPCfor dif-
ferentalgorithms.For positionaladaptation,we considerthestatic
(SI) and dynamic(DI) Instrumentationalgorithms. For theseal-
gorithms,the testingintervals arethe �rst few invocationsof each
major subroutine.For DEETM0, the testingintervals are the �rst
few microcyclesin eachmacrocycle. We computetheaverageon a
macrocycle basisandthenaverageout for all macrocycles.Finally,
for RochesterandRochester0, every phasechangeis followed by
several testingintervals. Consequently, we computetheaverageon
a phase-changebasisandthenaverageout for all phasechanges.

The �gure is divided in two parts. Consider�rst Figure7-(a),
which usesdefault parameters.We seethat the subroutine-based
positional algorithmshave lower EPI and IPC variations. This
suggeststhat they testcon�gurationsduringmorestableexecution
conditionsand,therefore,achieve a higheraccuracy in calibrating
LPTs. The reasonis that they testall con�gurationson the same
codesection.

Recallthat to fully evaluateour positionalschemes,we needto
run applicationsto completionand,therefore,hadto reducethein-
putsetsfor theSPECapplications.To seeif usingabiggerinputset
affectstheresults,Figure7-(b)repeatstheexperimentsusingtheref
input setsfor theSPECapplications.Theprogramsrun for a win-
dow of 4.1 billion cyclesafter the initialization, andthenstop. In
this case,only thetemporalschemescanbeevaluatedfairly. From
the�gure, we seethatusingthebiggerinput setsreducesthevaria-
tion in thetemporalschemesonly slightly.

5.3.2 Accuracy in the Steady-StatePeriod

Adaptationalgorithmsidentify steady-stateperiodswhereacon-
�guration is kept unchangedfrom one interval to the next. Code
conditionsare stable,and the algorithm predictsthat the current

con�guration will have a similar impactin the next interval. Con-
sequently, thesteady-stateaccuracy of analgorithmwill begreatest
whentheimpactsof a con�gurationon two intervalsthatbelongto
thesamesteadystatearemostsimilar.

To estimatethe accuracy, we identify, for eachalgorithm, the
setof intervals that it considersto be in a given steadystate. For
positionalalgorithms,thesearesuccessive invocationsof thesame
subroutinein steadystate;for temporalalgorithms,they arecon-
tiguousintervals not separatedby phasechanges.We thenapply
oneLPT to all theseintervalsandrecordthechangesin energy con-
sumptionandexecutionspeed.Then,we computethevariationof
this changeacrossall theseintervals. Thesmallerthis variationis,
themoreaccuratetheschemeis in steadystate.Finally, we average
outall thesteadystates.

Figure 8 shows the variation for different algorithms. For
brevity, we only show theaverageof all threeLPTs. Fromthe�g-
ure, we seethat the subroutine-basedpositionalalgorithmshave a
lowervariation.Theimpactof LPTsacrossintervalsin steadystate
is morestable.Consequently, thesealgorithmscanmoreaccurately
predicttheimpactof anLPTonanupcominginterval in steadystate.
This low variability is a resultof executingthesamecodesection.
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Figure 8. Variation of the impact inducedby an LPT on
steady-stateintervals.The“SI Across”barsontheright show,
for SI, thevariationof theimpactacrossdifferentsubroutines.
In all cases,the datais the averagefor IFilter, PCache,and
RALU.

For comparison,the “SI Across” barson the right of Figure8
show, for SI, thevariationof theimpactacrossdifferentsubroutines.
We can seethat, for SI, the variationacrossdifferentsubroutines
is much higher than that acrossdifferent invocationsof the same
subroutine.This datashows that codebehavior acrosssubroutines
is relatively heterogeneous.



5.3.3 In�uence of Differ ent Input Sets

To gain insightsinto the in�uence of usingdifferent input sets
for pro�ling andproductionruns in SI, we performthe following
experiment.We runanapplicationandmeasuretheaverageimpact
of a givenLPT on a givensubroutine.We performthis experiment
for four differentinputsets:test, train, ref, andreducedref. Figure9
shows the variationobservedacrossthesefour runs. In the �gure,
thedatais groupedby application,averagingoutall thesubroutines
andall theLPTs.
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Figure 9. Variationof the averageimpactof an LPT on a
subroutineacrossdifferentinputsets.

Overall, the averageimpactof an LPT on a subroutineis quite
stableacrossdifferentinput sets. In fact, if we comparethe �gure
to theSI barsin Figure8, we seethat thevariationacrossdifferent
inputsetsis evensmallerthanthevariationacrossinvocationsof the
subroutineinsidea singleprogramexecution.Thissuggeststhat,to
predicttheaverageimpactof anLPT onasubroutine,it canbemore
accurateto usetheaverage impactmeasuredwith a training input
thanto usethe impactmeasuredon oneinvocationusingthesame
input. Therefore,usingpro�les is a viablesolutionfor subroutine-
basedpositionaladaptation.

6 RelatedWork

Thereare many proposalsfor adaptive hardware mechanisms
targetedat performanceor energy optimization[1, 2, 4, 6, 7, 8, 9,
12, 13, 15, 19, 21]. They adapta variety of aspectsof the proces-
sor, includingcacheorganization,issuewidth, issuewindow size,or
voltageandfrequency. Themajorityof theseschemesuseTemporal
adaptation[1, 2, 4, 7, 8, 9, 12, 19, 21]: thetestingof theLPTsand
theactivationof thechosenLPTsarerelatedto time. In our paper,
we introducedPositionaladaptation,whereboththetestingandthe
applicationaretiedto acodesection.Ourapproachexploits thefact
thatthebehavior of theprogramatagiventimeis directly relatedto
thecodeit is executing.This ideais alsoexploitedin [23].

Theschemein [13, 22] performsa form of positionaladaptation
for multimediaapplicationscomposedof repeatingframes. The
schemeusesthe bestadaptationfor the pastframesto predict the
adaptationto perform in the next frame. The adaptationis posi-
tionalbecauseeachframesimplyusesadifferentdatasetto execute
the samecode. Overall, this work is different thanours in that it
requiresuserknowledgeof the frame-basedstructureof the code.
Furthermore,it is specializedfor themultimediadomain.Ourwork
appliesto general-purposecodeand exploits its subroutinestruc-
ture.

Theschemein [6] is basedon a temporalschemewith variable-
sizedintervals[4]. Calibrationsandapplicationsof adaptationsare

performedin intervals tied to time (numberof instructions).How-
ever, the schemecollectsworking-setsignaturesfor the codeexe-
cutedin eachinterval andsavesthe con�guration used. Whenthe
algorithmseesa signaturesimilar to oneseenbefore,it appliesthe
savedcon�guration. This is doneto eliminatethe overheadof an-
other testingperiod. Reusingadaptationswhen the codemay be
similargivesthealgorithmaninterestingpositionalaspect.

The temporalschemein [15] also hasan aspectof positional
adaptation:recon�gurationis only attemptedin someknown sec-
tionsof thecode.In thesesections,thesystemtestsseveraladapta-
tions in timesequenceto identify thebestcon�guration— making
theschemeintrinsically temporal.

Thetemporalschemein [7] improvestheaccuracy of thetesting
period for temporalschemesby using “mimic” countersthat can
predicttheeffectof multiplecon�gurationswithout trying themout
oneby one. However, like othertemporalschemes,the algorithm
exploits thesimilarity of behavior acrossconsecutivetimeintervals.
Moreover, it is not clearthatthis approachof usingcounterscanbe
exploitedfor all LPTs.

Performingadaptationsatsubroutineboundarieswasconsidered
in [4]. However, after comparingit to performingadaptationsat
periodicintervals,thelatterwasselected,largelydueto simplicity.

7 Conclusionsand Futur e Work

This paperhaspresentedPositionaladaptation,a new approach
where both the testing of con�gurations and the application of
the chosencon�gurationsareassociatedwith particularcodesec-
tions. We usesubroutinesas the granularity for suchcodesec-
tions.Wehavealsodesignedthreeverygeneralimplementationsof
subroutine-basedpositionaladaptation,which correspondto differ-
entchoicesin thetradeoff betweengeneralapplicabilityandeffec-
tiveness.To evaluatetheseimplementations,weselectedseveralex-
ampledynamicLPTs. Overall, all threeimplementationsaremore
effective thantemporaladaptationschemes.Onaverage,they boost
theenergy savingsof applicationsby 50%and84%over temporal
schemesin two experiments.In general,of course,theabsoluteen-
ergy savings are highly dependenton the LPTs used. Intuitively,
subroutine-basedpositionaladaptationis effective becausethesys-
tembecomeshighly predictable:differentinvocationsof the same
subroutineusuallyhave similar codebehavior, andreactsimilarly
to thesameadaptation.

While we have usedpositionaladaptationin a low-power envi-
ronment,wecanalsoapplyit toperformance-centricdesigns.In this
case,thedesigner's toolkit couldincludeasetof High Performance
Techniques(HPTs)insteadof LPTs.Thegoalwouldbeto adaptthe
processorby activatingeachHPT at thebestpoint in theprogram,
suchthattheprogramrunsasfastaspossiblewithout increasingen-
ergy consumptionbeyond a certainlimit. Otherenvironmentscan
alsousepositionaladaptation.

Our �nding that the behavior of different invocationsof the
samesubroutineis verypredictablecanbeexploitedin many ways.
Speci�cally, it canbe usedto reducethe overheadof costly oper-
ationsby intelligently applyingthemto only oneof severalexecu-
tions that we expect to behave similarly. Thesecostly operations
canbe dynamicoptimization,cycle-by-cycle architecturalsimula-
tion, or evaluationof varioustime-consumingoptimizations.
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Appendix A: Positional Adaptation Overheads

Our algorithmshave bothsteady-stateandinitialization overheads.The
former occurwhen activating/deactivating LPTs in steadystate,and have
threesources.

The®rst sourceis extra instructionsto activate/deactivateLPTsin SISD
andSIDD. Upon enteringan instrumentedsubroutine,we save the current
LPT maskandindirectly loadthemaskto applyfrom a table.Uponexiting
thesubroutine,we restorethemaskandcheckthatwe arenot in initializa-
tion mode. Thus,dependingon the implementation,enteringor exiting an
instrumentedsubroutineadds2-10 instructions.The frequency of suchan
operationis shown in Table5. In theworst-caseapplication(CRAFTY), it
occursonceevery 2.6 � s, althoughon averageit occursonceevery 845� s
or 295� s dependingon theInstrumentationalgorithmused.Consequently,
theresultingenergy andtimeoverheadis negligible.

Thesecondsourceof overheadis theaccessesto theCall StackandCall
Cachein DIDD. Upon any subroutineentry, the Call Stackis updatedand
theCall Cacheis read.If this is amajorsubroutine,its LPT maskis activated
and,onsubroutinereturn,theold maskis restored.Onsubroutinereturn,the
Call Stackis updated.In all theseoperations,theenergy consumedis mod-
eled.For example,Table3 showsthataCall StackandaCacheCacheaccess
consume56pJand66pJ,respectively. Theenergy consumedis includedin
oursimulations,andcanbeshown to beinsigni®cant.Sincethesestructures
consumevery little energy, even in an environmentwheresubroutinecalls
arevery frequent,thisoverheadwill notbecomesigni®cant.

Thethird overheadof LPT activation/deactivation is somearchitectural
statetransitionsthatdependon theparticularLPT. Theseoverheadsaredis-
cussedin Section4.3,andincludebuffering thesignalto thedataarray(or
blockingthecache)for 2 cyclesin PCacheand®lter cachemissesin IFilter.
The impactof theseoverheadson performanceandenergy consumptionis
includedin oursimulations.

Finally, thedynamicexecutionof theInstrumentationalgorithmin DIDD
andtheDecisiononein SIDD andDIDD areinitialization overheads.Such
overheadsarein practicenegligible becausethey occuronly duringthebe-
ginningstagesof theprogram.For example,theDecisionalgorithminvokes
alibraryn+ 1 timesfor eachinstrumentedsubroutine,wheren is thenumber
of LPTs. Althoughmany suchinvocationsinvolve little morethanreading
andsaving theenergy andperformancecounters,we estimatethat theaver-
ageinvocationtakes100 instructions.Given that thereareon average7 or
18 instrumentedsubroutinesper application(Table5), the total costof the
algorithmis lessthan10,000instructions. This is minusculecomparedto
the programexecutiontime. An analysisof the Instrumentationalgorithm
shows thatits overheadis alsominuscule.


