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Abstract

Althoughadaptve processorgsanexploit applicationvariability
to improve performanceor save enepy, effectively managingtheir
adaptvity is challenging.To addresghis problem,we introducea
new approachto adaptvity: the Positional approach. In this ap-
proach boththetestingof con gurationsandtheapplicationof the
chosencon gurationsareassociatedvith particularcodesections.
Thisis in contrasto the currently-usedempoal approactio adap-
tation, whereboth the testingandapplicationof con gurationsare
tiedto successie intenvalsin time

We proposéo usesubioutinesasthegranularityof codesections
in positionaladaptation. Moreover, we designthreeimplementa-
tions of subroutine-basegositional adaptationthat target enegy
reductionin threedifferentworkload ervironments: embeddedr
specializedsener, generalpurpose andhighly dynamic. All three
implementationf positionaladaptationare much more effective
thantemporalschemesOn average they boostthe enegy savings
of applicationdy 50% and84% over temporalschemesn two ex-
periments.

1 Intr oduction

Processoadaptatioroffersa majoropportunityto thedesigners
of modernprocessorsCurrently mary proposedarchitecturaken-
hancementfiave the desiredeffect (e.g. improve performanceor
save enegy) on average for thewhole program but have the oppo-
site effect duringsomeperiodsof programexecution.If the proces-
sorwere ableto adaptasthe applicationexecutesby dynamically
activating/deactiating the enhancementhe averageperformance
improvementor enegy savingswould be highet

Perhapshe areawhere adaptve processorhave beenstudied
themostis the low-power domain— this is why we focusthe anal-
ysisin this paperon this area. In this case researcherbave pro-
posedvariousarchitectural.ow-Power TechniquegLPTs) thatal-
low general-purposprocessorso save enepy, typically at the ex-
penseof performancede.g.[1, 2, 4, 8, 17, 19]). Examplesof such
LPTsarecacherecon gurationandissue-widthchanges.By acti-
vating theseLPTs dynamically processorgan be more effective.
Someof themoreadwancedproposaldor adaptve processorsom-
bineseveralLPTs[7, 12, 13, 15, 21].
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Unfortunately controlling processoradaptationeffectively is
challenging. Indeed, an adaptve processomwith multiple LPTs
needgo make thetwin decisionsof whento adapthehardwareand
what speci ¢ LPTsto activate. Thesedecisionsare usually based
ontestinga few differentcon gurationsof the LPTs andidentify-
ing which onesarebest,andwhen.

Nearly all existing proposaldor adaptie systemdollow what
we call a Tempoal approachto adaptatior{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 successie intervalsin time. Speci cally, to identify the
bestcon guration, the available con gurationsaretypically tested
back-to-bacloneafteranother Moreover, oncethetestingperiodis
over, the adaptatiordecisiongo be madeat the beginning of every
new intenal arebasednthebehaior of themostrecentntenval(s).
Therationalebehindtheseschemesgs thatthe behaior of the code
is largely stableacrosssuccessie intervals.

In thispaperweintroduceanew approacho adaptationthe Po-
sitional approachln this case boththetestingfor the bestcon gu-
rationandtheapplicationof thechosercon gurationareassociated
with position namelywith particularcodesections.To identify the
bestcon guration, the availablecon gurationsaretestedon differ-
entinvocationsof the samecodesection. Oncethe bestcon gu-
ration for a codesectionis identi ed, it is keptfor later usewhen
that samecodesectionis invoked again. The rationalebehindthis
approachs thatthe behaior of the codeis largely stableacrossn-
vocationsof the samesection. Note alsothat, with this approach,
we canoptimizetheadaptationglobally acrosghewhole program.

To combineeaseof implementatiorand effectivenesswe pro-
poseto usesubwoutinesasthe granularityof codesectionsin po-
sitional adaptation. Moreover, we proposethreeimplementations
of subroutine-basepdositionaladaptatiorthat are generic,easyto
implement, and effective. Eachimplementationtargets a differ-
entworkloadervironment:embedde@r specializedsener, general
purpose,and highly dynamic. Our resultsshav that all threeim-
plementationof subroutine-basegositionaladaptationare much
more effective than temporalschemes. On average,they boost
the enepgy savings of applicationsby 50% and84% over temporal
schemeén two experiments.

This paperis organizedasfollows: Section2 describesn more
detailsubroutine-basegbositionaladaptationSection3 presentsur
threedifferentimplementationsSection4 discussesur evaluation
ervironment; Section5 evaluatesthe implementationsSection6
discusseselatedwork, andSection7 concludes.



2 Subroutine-BasedPositional Adaptation

This paperproposeshe Positional approachto adaptation,in
contrasto thecurrently-usedempoal approacHl, 2,4, 6, 7,8, 9,
12,15, 19, 21]. Thefundamentatblifferencebetweerthemis their
differentapproachto exploiting programbehaior repetition: the
temporalapproactexploits the similarity betweersuccessivanter-
vals of codein dynamicorder while the positionalapproachex-
ploits the similarity betweendifferentinvocationsof the samecode
section.

Thesetwo approachediffer on how they testthe con gurations
to identify the bestone,andon how they apply the bestcon gura-
tion. Speci cally, temporakchemesypically testseveralcon gura-
tionsin time successionConsequentlyeachcon gurationis tested
on a differentsectionof the code,which may have a differentbe-
havior. This increasesheinaccurag of the calibration. Moreover,
oncethetestingperiodis over, the adaptatiordecisiongo be made
atthe beginning of every new interval arebasedon the behaior of
themostrecentinterval(s). As aresult,if thecodebehaior changes
acrosdntervals,thecon gurationappliedwill be non-optimal.

In positionalschemesinstead,we associatéoth the testingof
con gurationsandthe applicationof the choseronewith position
thatis, with a particularcodesection. To determinethe bestcon-
guration for a codesection,differentcon gurationsaretestedon
differentexecutionsof the samecodesection.Oncethe bestcon g-
urationis determinedit is appliedon future executionsof the same
codesection.

Positionaladaptationis basedupon the intuition that program
behaior at a giventime is mostly relatedto the codethatit is exe-
cutingatthattime. This intuition is alsoexploredin [23]. Further
positionaladaptatiorhasthe advantagethat, if we canestimatethe
relative weightof eachcodesectionin theprogramwe canoptimize
the adaptationglobally acrossthe program: eachcon guration is
activatedin the codesectionsvhereit hasthe greatesbene t com-
paredto all othersectionsandall othercon gurationsavailable,all
subjectto a maximumcost(e.g.slowvdown) for thewhole program.

2.1 Granularity of Code Sections

Beforeapplyingcon gurationson codesectionswe needto de-
terminethe granularityof thesesections Codesectionsusedin po-
sitional adaptationshouldsatisfy three conditions: capturehomo-
geneousehaior within a section,captureheterogeneousehaior
acrosscontiguoussectionsandbe easyto support.

In this paper we proposeto usethe major subroutinesof the
applicationas code sectionsfor adaptation. Intuitively, choosing
subroutiness likely to satisfythe rst two conditions. Indeed,a
subroutineoften performsa single, logically distinctoperation.As
aresult,it maywell exhibit abehaior thatis roughlyhomogeneous
anddifferentfrom theothersubroutinesLaterin thepaperwe shav
datathat suggesthat, on average,codebehaior is quite homoge-
neouswithin a subroutine(Section5.2), andfairly heterogeneous
acrosssubroutinegSection5.3.2).

Using subroutineslsoeasegheimplementatiorin mary ways.
First, most subroutineboundariesare trivial to nd, asthey are
marked by call andreturninstructions. Secondmostapplications
arestructuredwith subroutines.

In our proposal eachcodesectionis constructedvith oneof the
major subroutineof the applicationplus all the minor subroutines

thatit dynamicallycalls. Codesectionscannestoneanother The

remainderof the program,which is the root (main) subroutineand

the minor subroutinesalled from main, alsoforms one codesec-
tion. This sectionis usually unimportant:on average,it accounts
for about1% of the executiontime in our applications. It is pos-
siblethat,in someapplicationsthis sectionmay have a signi cant

weight. In thatcase we canextendour algorithmto subdvide this

sectionto capturebehaior variability. For the applicationghatwe

study thisis unnecessary

It is possiblethata given subroutineexecuteswo logically dis-
tinct operationser thatit executescompletelydifferentcodein dif-
ferentinvocations.Our algorithmsdo not make ary specialprovi-
sionfor thesecasesandstill obtaingoodresults(Sections).

Finally, thereareotherchoicesfor codesectionssuchas x ed-
sizedcodechunks(e.g.a pageof instructions)r ner-grainedenti-
tiessuchasloops.However, they all have somedravbacks.Specif-
ically, for x ed-sizeccodechunks the boundariegrearbitraryand
donotnaturallycoincidewith behaior changesOntheotherhand,
using ne-grainedor sophisticate@ntitiesmayinvolve highertime
or enegy overheads. Moreover, thereis someevidencethat us-
ing ner-grainedentitiesonly providesfairly limited improvements
over usingsubroutine-basesectiond11, 18].

3 Implementing Subroutine-Based Positional
Adaptation

We presenthreedifferentimplementation®f subroutine-based
positionaladaptation.They differ on how mary of the adaptation
decisionsare madestaticallyandhow mary aremadeat run time.
Speci cally, we call Instrumentation(l) the selectionof whento
adaptthe processqgrand Decision(D) the selectionof what LPTs
to activateor deactvateat thosetimes. Then,eachselectioncanbe
madeStatically(S) beforeexecutionor Dynamically(D) atruntime.
Eachof thethreeimplementationsargetsa differentworkloadervi-
ronmentwhichwe labelasembeddedr specialized-serr, general
purposeandhighly dynamic(Figurel).

Decision: What to adapt

Static Dynamic
Static SISD:Embedded ol SIDD:
Instrumentation: Specialized Server  GeneralPurpose
When to adapt .
Dynamic . DIDD: .
Highly Dynamic

Figure 1. Differentimplementationsf subroutine-basegplo-
sitionaladaptatiorandworkloadervironmentstargeted.

In generalaswe go from StaticInstrumentatiorand StaticDe-
cision (SISD) to SIDD, andthento DIDD, the adaptatiorprocess
becomesncreasinglyautomate@ndhasmoregenerabpplicability.
However, it alsorequiresmorerun-timesupportandhaslessglobal
information. Note thatthereis no DISD ervironmentbecausehe
decisionon LPT activationor deactvationcannotbe madeprior to
decidingon theinstrumentatiompoints.

We wantimplementationghat are generic, e xible to use,and
simple.In particular they shouldbe ableto manageary numberof
dynamicLPTs. Moreover, to trigger adaptationswe prefernot to
useary LPT-speci ¢ metricssuchascachemissrateor functional
unit utilization. Therearetwo reasondor this. First, it is hardto



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

While positionaladaptationcanbe usedfor differentpurposes,
herewe will useit to minimizetheenegy consumedn the proces-
sor subjectto a given tolerableapplicationslovdown (sladk). We
assumehatthe processoprovidessupportto measuresnegy con-
sumption. While enegy countersdo not yet exist in modernpro-
cessorsjt hasbeenshavn thatenegy consumptiorcould be esti-
matedusingexisting performancecounterg16]. In the following,
we presentachof our threeimplementationgn turn.

3.1 Static Instrumentation & Decision(SISD)

In anembeddedr specialized-serr ervironment,we canuse
off-line pro ling to identify theimportantsubroutinesn the appli-
cation, andto decidewhat LPTs to activate or deactvate at their
entryandexit points.

3.1.1 Instrumentation Algorithm

A singleoff-line pro ling runis usedto identify the major sub-
routinesin theapplication.For a subroutingo qualify asmajor, its
contribution to the total executiontime hasto be at leastth weig nt ,
andits averageexecutiontime perinvocationat leastth 4; zin . The
reasorfor the latteris thatadaptatioralwaysincursoverheadand
thus very frequentadaptationshould be avoided. We instrument
entryandexit pointsin majorsubroutinesAt runtime, minor sub-
routineswill be dynamicallyincludedas part of the closestmajor
subroutineup thecall graph.Finally, recallthattheremainingmain
codein the programalsoform one“major subroutine”.

To reduceoverheadyve usesereral optimizations.For example,
we createa wrapperarounda recursve subroutineandonly instru-
mentthe wrapper Also, if a subroutineis invoked inside a tight
loop, weinstrumentheloop instead.

3.1.2 DecisionAlgorithm

We performoff-line pro ling of theapplicationto determinehe
impactof theLPTs. Considerrst thecasevhereeachLPT only has
two stategonandoff), andLPTsdonotinterferewith eachother In
thiscasejf theprocessosupportsh LPTs,weperformn+ 1 pro I-
ing runs: onerun with eachLPT actiatedfor the whole execution,
andonerunwith no LPT activated.In eachrun, we recordthe exe-
cutiontime andenegy consumedy eachof theinstrumentedub-
routines.Considersubroutine andassumehatE; andD; arethe
enegy consumptiorandexecutiontime (delay),respectiely, of all
combinedinvocationsof the subroutinewhenno LPT is activated.
Assumethat when LP T; is activated, the enegy consumedand
executiontime of all invocationsof the subroutings E;; andDj; ,
respectiely. Thus,theimpactof LP T; onsubrouting is E; and

Dij , Where Eij = E; Eij and Dij = Dij Di. These
valuesareusuallypositive, sinceLPTstendto save enegy andslowv
down execution.

Oncewe have Ej; and Dj for a subroutine-LPTpair, we
computethe Ef ciency Scoe of the pair as:

8 .

2 1 if Eij 0

+1 if Eij > 0& Dij
5—2 Otherwise

; increaseenegy consumed
0 ; savesenepgy, speedsip

>
: ; saveseneny, slovs down

The efciency scoreindicateshow much enegy a pair can save
per unit time increase allowing direct comparisonsdetweendif-
ferentpairs. High, positive valuesindicatemoreef cient tradeofs.
Subroutine-LPTpairsthatboth save enegy andspeedup the appli-
cationarevery desirable;pairsthatincreasethe enegy consumed
areundesirable.

Oncethe resultsof all subroutine-LPTpairs are obtained,we
sortthemin a Scoe Table in orderof decreasingfciency score.
Eachrow in the tableincludesthe accumulatedslovdown, which
is thesumof the Dj of all the pairsup to (andincluding) this
entry. This accumulateglowdown is storedasa percentagef to-
tal executiontime. This tableis thenincludedin the binary of the
application,andwill be dynamicallyaccessedt runtime from the
instrumentatiorpointsidenti ed above. Note that,in eachproduc-
tion run of the application,a tolerableslackfor the applicationwill
be given. Thatslackwill be comparedat run time to the accumu-
latedslowdown columnof thetable,anda cut-off line will bedravn
in thetableat the point wherethe slovdown equalsthe slack. Pairs
in the tablethatarebelow the cut-off line arenot activatedin that
run.

Simple extensionshandlethe casewhenan LPT hasmultiple
states.Brie y, we performapro le runfor eachcon gurationand
record E; and Dj . Sincetwo suchcon gurationscannotbe
activatedconcurrentlyon thesamesubroutinejf we selectasecond
con guration, we needto “reverse”theimpactof the rst con gu-
ration on the scoretable. This effect is achieved by subtractingin
thetabletheimpactof onecon gurationfrom thatof the next most
efcient con guration of the samesubroutine-LPTpair. In thecase
whereanLPT hastoomary con gurations,thealgorithmchooseso
pro le only arepresentatie subsef them. Alternatively, it could

nd thebestcon gurationsthroughstatisticalpro ling [6].

Whentwo LPTs interferewith eachotheror areincompatible
in someways, the algorithm simply combinestheminto a single
LPT thattakesmultiple states Someof thesestatesnayhave Ej;
and Dj thatarenotthesimpleadditionof its componentPTs';
other statesmay be missingdueto incompatibility The resulting
multi-stateLPT is treatedasindicatedabove.

Finally, we assumehatthe effect of an LPT on a subroutines
largely independentf what LPTs are activatedfor other subrou-
tines.

3.2 Static Instrum. & Dynamic Decision(SIDD)

In ageneral-purposervironment,it maybeunreasonablio re-
quiresomary pro ling runs. Consequentlyin SIDD, only the In-
strumentatioralgorithmis executedoff-line. It needsa singlepro-

ling runto identify the subroutinesgo instrumentandtheir weight.
The Decisionalgorithmis performedduring execution,usingcode
includedin the binary of the application.

The Decisionalgorithmrunsin the rst few invocationsof the
subroutinesnarkedby theInstrumentatioralgorithm.Consideone
suchsubroutine. To warm up state,we ignoreits rst invocation
in the program. In the secondinvocation, we recordthe number
of instructionsexecuted the enegy consumedandthetime taken.
Then,in eachof the n subsequeninvocations,we activate one of
then LPTs,andrecordthesameparametersWhenasubroutinéhas
gonethroughall theseruns,our algorithmcomputeshe ef ciency
scoredor the subroutinewith eachof the LPTs,andinsertsthemin
the sortedscoretable. With this information,andthe weightof the



subroutineasgivenby theInstrumentatioralgorithm,thesystenre-
computeghenew cut-off line in thescoretable. At ary timein the
executionof a programtheentriesin the scoretablethatareabose
thecut-off line areusedto triggeradaptationsn the processor

The fact that the Decisionalgorithmruns on-line requiresthat
we changeit a bit relative to thatin Section3.1.2. Onedif culty
is thatthe ef ciency scorefor a subroutine-LPTpair is now com-
putedbasedon a single invocationof the subroutine. To be able
to compareacrossnvocationsof the samesubroutinewith different
numbersof instructions,we normalizeenegy and executiontime
to the numberof instructionsexecutedin the invocation. Thus,we
useEnegy PerlInstruction(EPI) and CyclesPerInstruction(CPlI).
Furthermore the ratio of enegy savings to time penalty usedin
the ef ciency score(now Eg:: ) is too sensitve to noisein the
denominatothatmay occuracrossnvocationsof the samesubrou-
tine. Consequentlywe usean ef ciency scorethatis lesssubject
to noise,namely%. Thevaluesin the numeratorcorre-
spondto subroutinei whenno LPT is activated,while the values
in the denominatorcorrespondo subroutine whenLP T; is acti-
vated.As usual,high ef 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
solvethis problem,our systentimesoutwhenasubroutinéhasbeen
executingfor toolong. At thatpoint, our systemassumethatanew
invocationof the samesubroutines startingand,therefore it tests
anew LPT.

The computationof ef ciency scoresandthe updateso theta-
ble only occurin the rst few invocationsof the subroutines.In
steadystate theoverheads thesameasin SISD:atinstrumentation
points, the algorithmsimply checksthe tableto decidewhat LPTs
to activate. AppendixA brie y discussetheoverheadsnvolved.

3.3 Dynamic Instrumentation & Decision(DIDD)

We now consideranervironmentwherethe applicationbinaries
remainunmodi ed In this case,both Instrumentatiorand 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 usefulwhenit is too costly to
modify the binary.

DIDD needsthree micro-architecturafeatures. The rst one
dynamicallyidenti es the importantsubroutinesn the application
with low overhead The secondneautomaticallyactivatesthe cor
rectsetof LPTsfor thesesubroutines Thethird oneautomatically
redirectsexecutionfrom the rst few invocationsof thesesubrou-
tinesto a dynamicallylinked library thatimplementsthe Decision
algorithm.

3.3.1 Identifying Important Subroutines

We proposea simplemicro-architecturenodulecalledthe Call
Stadk (Figure2). On asubroutinecall, the Call Stackpushedn an
entry with the subroutinelD andthe currentreadingsof the time
andenegy counters.For ID, we usethe block addresof the rst
instructionof the subroutine On a subroutineeturn,the Call Stack
popsout anentry If the differencebetweenthe currenttime and

theentry'stimeis atleastthin oc, the subroutinds consideredm-
portant.As aresult,the hardwaresavesits ID in a fully-associatve
tableof importantsubroutinecalledCall Cadche (Figure2).

. Call Table (Software)
Return Address : D viask| OEPI
Accounted Energy as

7
—
J
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Call Stack

Overflow Counter
Call Stack Pointer

~]

Call Cache
ID | Mask | D

On chip Cn Memory
: -

ID Time Energy Mask Hit DecisionMade }

Figure 2. Supportfor DIDD. The shadedareacorresponds
to the proposedn-chiphardware.|t occupiesaninsigni cant
area:about0.29mm? in 0.18 m technology

The Call Stackhandlesthe nestingof importantsubroutinesy
subtractinghe callees executiontime from the caller's. To support
this casewe maintainan Accountedlime registerthataccumulates
thecyclesconsumedby completednvocationsof importantsubrou-
tinesup to the currenttime (Figure 2). With this supportwhenwe
push/popanentryinto/fromthe Call Stack,thecurrenttimeis taken
to be the wall clock time minusthe AccountedTime. Moreover,
whenwe nish processinghe poppingof animportantsubroutine,
we addits time contritution to the AccountedTime. As aresult,its
contrikution will notbe erroneoushassignedo its caller Figure2
alsoincludesan AccountedEnegy registerthatis usedin the same
way.

If the Call Stackover ows, we stoppushingentries. We main-
tain an Over ow Counterto countthe numberof over ow levels.
Whenthe counterfalls backto zero,we resumeoperatingthe Call
Stack.

3.3.2 Activating LPTs & Invoking DecisionAlgorithm

The hardwaremustperformtwo operationsat the entry andexit
pointsof theseimportantsubroutinesIn steadystate,it mustacti-
vateor deactvateLPTs;in the rst few invocationsof thesesubrou-
tines, it mustredirectexecutionto the library thatimplementsthe
Decisionalgorithm.We considerthesetwo casesn turn.

In steadystate,eachof the subroutinesn the Call Cachekeeps
amaskwith the setof LPTsto activate on invocation(Mask eld)
anda DecisionMadgD) bit set. Whenanentryis pushednto the
Call Stack,the hardwarechecksthe Call Cachefor a match. If the
entryis found,theLPTsin theMask eld areactivated(aftersaving
the currentmaskof LPTsin the Call Stack)andthe Hit bit in the
Call Stackis set. TheHit bit will beusefullater Speci cally, when
theentryis poppedrom the Call Stack,if theHit bit is set,theCall
Cacheis checled. If the correspondind bit is set,the hardware
simply restoreghe saved maskof activatedLPTs.

In the rst few invocationsof animportantsubroutinethe sub-
routinemustrun undereachof the LPTsin sequenceandtheresult
mustbe analyzedby the Decisionalgorithm(Section3.2). During
this period, the correspondingentry in the Call Cachekeepsits D
bit clearandMaskindicatesthe singleLPT to testin the next invo-
cation. As usual,whenanentryis pushednto the Call Stack,the
hardwarechecksthe Call Cacheand,if theentryis found,the LPT



in the Maskis activated. Whenthe entry is poppedout of the Call
Stack,if the Hit bit is setandthe correspondind bit is clear the
hardwareredirectsexecutionto the Decisionalgorithmlibrary.

This redirectionis donetransparently We modify the branch
unit suchthatwhena subroutinereturninstructionis executed the
hardwarechecksf thereturningsubroutinds in the Call Cacheand
its D bit is clear If so,thereturninstructionis replacecby ajump
to the entry point of the Decisionlibrary code. This entry pointis
storedin the LibP tr specialregister (Figure 2). The library runs
the Decisionalgorithmasin Section3.2: it readsthe time anden-
ergy consumeddy this subroutine-LPTpair from the Call Stack,
computeshe ef ciency score,and updateshe scoretable. In its
operationthe Decisionalgorithmkeepsits statein a softwaredata
structuren memorycalledCall Table(Figure2). Once nished, the
library issuesa return,which redirectsexecutionbackto the caller
of the importantsubroutine. This is feasiblebecausehe original
return addressvas keptin place,in its registeror stacklocation.
In addition, during the redirectionto the library, the RAS (Return
AddressStack)was preventedfrom adjustingthe pointer and be-
comingmisaligned.With this support,we have effectively delayed
the returnfrom the importantsubroutineby invoking the Decision
algorithmseamlesslandwith little overhead.

Beforethe Decisionlibrary returns,it updategshe Maskfor this
subroutingn the Call Cacheto preparefor thenext invocation.If it

nds thatit hastestedall the LPTsfor this subroutinejt computes
the steadystatevaluefor the Mask. Then, it setsthe Maskto that
valueandsetsthe D bit. Futureinvocationsof this subroutinewill
notinvokethelibrary anymore.

It is possiblethat capacitylimitations force the displacemenof
an entry from the Call Cache. Thereis no needto write backary
data.Whenthe correspondingubroutinds invoked again, the Call
Cachewill missand, on returnfrom the subroutinethe Decision
library will beinvoked. At thatpoint, the Decisionlibrary will copy
the Call Tableentryfor thesubroutineo the Call Cache gffectively
restoringit to its old value.

Overall, the proposedhardware is fairly modest. We use
CACTI [24] to estimatethat the hardware in Figure 2 takes0.29
mm? in 0.18 m technology This estimateassume&2 entriesfor
the Call CacheandCall Stack.

3.3.3 DecisionAlgorithm

TheDecisionalgorithmusedis similarto theonefor SIDD. The
only differenceis thatsubroutinesrenow identi ed onthe y and,
therefore their contritution to the total executiontime of the pro-
gramis unknavn. Consequentlythe algorithm needsto malke a
roughestimation.It assumethatall theimportantsubroutinehave
thesameweight: 10%. Theinaccurag of this assumptiordoesnot
affect the ranking of the subroutine-LPTpairsin the scoretable.
However, it affectsthelocationof the cut-off line in thetable. As
aresult,it is now morechallengingto ne tunethe total program
slowdown to be closeto the allowedslack.

We have attemptedo usemoreaccurateyetmorecostlywaysof
estimatinghecontributionof eachsubroutine Speci cally, we have
addedsupportor thesystemto continuouslyrecordandaccumulate
the executiontime of eachsubroutine.We canthenrecomputethe
weightsof all the subroutinegperiodically and updatethe cut-off
line in thescoretable. Fromtheresultsof experimentsotpresented
here,we nd it hardto justify usingthesehigheroverheadschemes.

3.4 Tradeoffs

Table1 summarizeshe tradeofs betweenour threeimplemen-
tations. SISD is the choicewhenthe off-line pro ling effort can
be amortizedover mary runson the platform wherepro ling oc-
curred. SISD hascompleteglobalinformationof the programand,
therefore canmake well-informedadaptatiordecisions.The only
sourceof inaccuray is thedifferencebetweerthepro ling andpro-
ductioninput sets.Finally, SISD hasminimal run-timeoverhead.

[ Pros [ Cons [ Domain |
Global information of the|Requiresmary off-line pro-| Embeddedsystemg
SISD | program. Minimal run-time| ®ling runs. Pro®ling hastq and specialized
overhead beontamgetplatform seners
ﬁr'g(g@lﬁng rﬂirforgzgﬁ;grl Run-time overheadat start-
SIDD - ‘ ) Jup.  Partial information.| Generapurpose
partially platform indepen Limited pro®ling
dent
Unavailableoff-line
T . SameasSIDD. Extramicro- | pro®ling: e.g. dy-
DIDD | No off-line pro®ling architecturabupport namicallygenerate
binary

Table 1. Tradeofs betweerthe differentimplementationsf
subroutine-baseplositionaladaptation.

SIDD hasawiderapplicability. It is bestfor environmentswvhere
softwareis compiledfor a rangeof adaptve architectureseachof
which mayevenhave adifferentsetof LPTSs. In this casetherank-
ing of adaptationss notincludedin the applicationcode. It is ob-
tainedon-line, by measuringhe impactof eachLPT on the target
platform,while the applicationis running. The only off-line pro I-
ing neededs to identify importantsubroutinesandtheir execution
time weight. This doesnot needto be carriedout on the exacttar
get platform. However, SIDD hasseveral shortcomings.First, it
incursrun-timeoverheadpartly dueto the applicationof inef cient
adaptationsluringtheinitial periodof LPT testing. Secondsome
decisionson whatadaptationso apply arenecessarilysub-optimal,
sincethey aremadebeforetestingall subroutine-LPTpairs.Finally,
SIDDreliesonthe rst few invocationof eachsubroutineo berep-
resentatie of the steadystate which maynotbefully accurate.

DIDD hasthe widestapplicability. It works evenwhenno off-
line pro ling is available. This is the casewhen binariesare dy-
namicallygeneratedor in internetworkloadswhereprogramsare
oftenexecutedonly once.Theshortcoming®f DIDD arethemicro-
architecturalsupportrequiredand all the shortcomingsof SIDD
with higherintensity In particular identifying the importantsub-
routineson-lineis challengingand,unlessit is donecarefully may
leadto high overheads.

4 Evaluation Environment

4.1 Architecture and Algorithm Parameters

To evaluate positional adaptation,we use detailed execution-
driven simulations. The baselinemachinearchitectureincludesa
6-issueout-of-orderprocessaqrwo levelsof cachesanda Ramhus-
basedmain memory(Table2). The processocanbe adaptedising
three LPTs, which are describedin Section4.3. The simulation
modelsresourcecontentionin the entiresystemin detail,aswell as
all theoverheadsn our adaptatioralgorithms.

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



| Processor |

Frequeng: 1GHz Branchpenalty:8 cycles(min)
Technology:0.18 m Up to 1 takenbranch/gcle
Voltage:1.67V RAS entries:32
Fetch/issuevidth: 6/6 BTB: 2K entries4-way assoc
l-window entries:96 Branchpredictor:

Ld/Stunits: 2 gshare
Int/FP/branctunits: 4/4/1 entries:8K

MSHRs: 24 TLB: like MIPS R10000
[ Cache L1 L2 [ Bus& Memory |
Size: 32KB 512KB| FSBfrequeng: 333MHz
RT: 3cycles 12cycles FSBwidth: 128bit
Assoc: 2-way 8-way | Memory: 2-channeRamtus
Line size: 32B 64B | DRAM bandwidth:3.2GB/s
Ports: 2 1 MemoryRT: 108ns

Table 2. Baselinearchitecturenodeled. MSHR, RAS, FSB
andRT standfor Miss StatusHandlingRegister ReturnAd-
dressStack, Front-SideBus, and Round-Tip time from the
processqrrespectiely. Cyclecountsarein processocycles.

DEETM, Rotester and Rocestef. The parametewraluesused
for all the schemesare shavn in Table 3. thyeig ht ; thgrain ; and
thinv oc aresetempirically.

[ Algorithm ]
SISDand

ParameteMalues |
thweig ht =5%;thgrain = 1,000cyc;

SIDD LPT (de)actvationoverhead2-10instr
thinv oc = 256cyc; Call Stack:32 entries 9B/entry
DIDD 56 pJ/accessCall Cache:32 entries full-assoc,
4B/entry 66 pJ/access
DEETM® Microcycle=1,10,100 s;

Macrogycle = 1,000microg/cles
Rochester| Parametewraluesasin [3, 4], e.g.basicinterval=100 s
Rochestét| Rochestewith thetuningoptimizationin [6]

Table 3. Parametewaluesusedfor the positionalandtempo-
ral adaptatiorschemes.

Considerthe positionalschemesrst. Under staticinstrumen-
tation (SISD and SIDD), we lter out subroutinesvhoseaverage
executiontime perinvocationis below th g, ain ; underdynamicin-
strumentation(DIDD), we Iter out ary invocationthat takesless
thanthiw oc. Thesetwo thresholdshave differentvaluesbecause
they have slightly differentmeaningsThetablealsoshavs theval-
uesof the maininstructionand enegy overheadsf the schemes;
they arediscussedh AppendixA. Theenegy numbersareobtained
with the modelsof Sectior4.2.

DEETMCis anenhancedersionof theDEETM Slackalgorithm
in [12]. In this algorithm,the setof active LPTs s re-assessedt
constant-sizedime intervals calledmaciocycles At the beginning
of a macrogcle, eachdifferentcon guration is testedfor one mi-
crocycle After all con gurationshave beentestedn sequencethe
algorithmdecideswhat con guration to keepfor the remainderof
themacrogcle. Thisalgorithmis more e xible thantheonein [12]:
the latterassumes x ed effectivenesgank of LPTs, which limits
the setof con gurationsthatit canapply In [12], a microgycle is
1,000cyclesanda macrogcle is 1,000microgycles. We examine
threedifferentmicrogycles,namelyl, 10,and100 s. We call the
scheme®EETM’1, DEETM10,andDEETMC100, respectiely.

Rochesters theschemean [4]. Thealgorithmusesabasicinter-
val. Initially, eachcon gurationis testedor oneinterval. After that,

the bestcon gurationis selectecandapplied. Fromthenon, at the
endof eachinterval, thealgorithmcompareshenumberf branches
andcachemissesn theinterval againstthosein the previousinter-
val. If thedifferenceis within athresholdthe con gurationis kept,
thereforeextendingthe effective interval. If the differenceis over
the threshold,the algorithm returnsto testingthe con gurations.
The algorithmusesseveral otherthresholds.For our experiments,
we startwith the parametewraluesproposedy the authorg[3], in-
cluding a basicinterval of 100,000cycles. We thenslightly tune
themfor betterperformance.

Rochestét adds one enhancementproposedin [6] to the
Rochestescheme.The enhancemerappearsvhenthe difference
betweenthe branchesand missesin oneinterval andthosein the
previous oneis above the threshold.At thatpoint, Rochestétdoes
not returnto testingthe con gurationsright avay. The rationale
is thatit is bestnot to testcon gurationswhile the programgoes
througha phasechange The algorithmwaits until the differenceis
below thethresholdwhich indicatesthatthe changehasstabilized.
Then,thetestingof con gurationscanproceed.

Overall, we considertemporalschemeswith x ed-sizeinter
vals (DEETM® and with variable-sizedntervals (Rochesterand
Rochesté). Note thatwe do not choosethe interval sizesso that
all schemesave exactly the sameaveragesize, or they matchthe
averagesizeof theintervalsin positionalschemesinsteadwe use
the parameteraluesasproposecy the authors(althoughwe also
slightly tunethemto getbetterperformance).With this approach,
we hopeto befair andcapturegooddesignpointsfor eachscheme.

4.2 Energy Consumption Estimation

To estimateenegy consumption,we incorporatedWattch [5]
into our simulator We enhancedVattchin two ways. Recallthat
Wattchusesamodi ed versionof CACTI [24] to modelSRAM ar
rays. We have re ned the modelingof suchstructureso address
several limitations. Speci cally, we enhancedhe modelingof the
senseampli ers andthebitline swingfor writesto make themmore
accurate.ln addition, we alwayssearchfor the SRAM array con-
guration thathasthe lowestenegy consumptiorgiventhetiming
constraints.

For the enegy consumptionin the functional units, we used
Spicemodelsof the functional units of a simple superscalacore
to derive the averageenegy consumedor eachtype of operation.
We usedresultsfrom [20] for morecomplicatedunctionalunits.

We computetheenegy consumedn thewholemachinejnclud-
ing processarinstructionanddatacachespus, and main memory
To modeltheenegy consumedn the memory we uselntel's white
paper[14]. For example,from thatpaper onememorychannelop-
eratingat full bandwidthandits memorycontrollerconsumel.2W.

4.3 Adaptive Low-Power Techniques(LPTs)

We modelanadaptve processowith threeLPTsthatcanbedy-
namicallyactivatedanddeactvated(Figure 3). TheseLPTsare: a
Iter cache[17], a phasedcache[10] modefor the L1 datacache,
anda slave functionalunit clusterthatcanbe disabled.We choose
theseL PTshecaus¢hey arewell understoodndtargetsomemajor
sourcef enegy consumptionin processorsNote thatour adap-
tation algorithmsare very generaland largely independenbf the
LPTsused-we simply choosethesethreeLPTsasexamples
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Instruction Filtering (IFilter). The instructioncachehierar
chy hasa 1-Kbyte Iter cache[17]. If it is deactvated,instructions
arefetchedfrom the L1 instructioncache;otherwise the processor
checksthe lter cacherst. Usingthe Iter cacheusuallysavesen-
emgy becauseachhit consumeserylittle enegy. Thereasoris that
the lter caches small,direct-mappedanddoesnotrequirea TLB
checkbecauset is virtually tagged. However, the codemay run
slower becausef frequentmissesin the small Iter cache,which
thenaccesd 1. Interestinglythis LPT maysometimespeedupthe
code:whentheworking setis smallenoughto t in the Iter cache,
thefasteraccessllows quicker recorery on branchmispredictions.

We do not maintaininclusionbetweerthe Iter andL1 instruc-
tion cachesA readaccesgo the lter cachetakesl cycle andcon-
sumes386pJ,comparedo 2 cyclesand2022pJto accesshefully-
pipelinedL1. We modelthe lling of cold caches.

Phased Cache Mode (PCache). A phasedcacheis a set-
associatie cachewhereanaccessrst activatesonly thetags[10].

If thereis a match,only the matchingdataarray is subsequently
activated,reducingthe amountof bitline activity andsenseampli -
cationin thedataarray Consequentlya phasectachesavesenegy
atthecostof extradelay

In our processarthe 2-way set-associate L1 datacachecan
work asa normalor asa phasedcache. Basedon our analysis,in
phasednode acachehit consume874pJ,a45%reductionoverthe
1763pJconsumedn anormalmodehit. However, the hit takestwo
extra cyclesto complete.Cachemissessare evenmoreenegy and
donotaddlateng. Notethatthereis overheadn switchingbetween
thetwo modes.Speci cally, whenthe phasednodeis activated the
cachebuffersthe signalto the dataarrayfor two cycles. Whenthe
cachds restoredo normalmode thecacheblocksfor two cyclesto
drainthepipeline.All thesetransitionoverheadsrefully modeled.

ReducedNumber of ALU Units (RALU). Wide-issugroces-
sorstypically have mary functionalunits (FUs). Sincefew applica-
tions needall the FUs all thetime, processorsypically clock-gate
unused~Us. Our Wattch-basedimulatormodelsthe normalclock-

gating of unusedrUs by reducingthe enegy consumedy FUsto

10% of their maximumconsumptiorwhenthey areunused.

With the RALU LPT, we go beyondthis reduction.In our pro-
cessortheFUsareorganizedinto amasterandaslave cluster Each
clusterhastwo FPR, two integer, andoneload/storeunit. The mas-
ter clusteralso hasa branchunit. Whenthis LPT is deactvated,
both FU clusterscan be used,and clock gating proceedsas indi-
catedabove. Whenthis LPT is activated,the slave FU clusteris
madeinaccessibleThis allows usto save all the clock distribution
enepy in theslave cluster As aresult,we sase mostof theremain-
ing 10% dynamicpower in the FUs of the cluster For multi-cycle
FUs,we canonly activatethis LPT afterthe FU pipelineis drained.
This effect is modeledin our simulations. Overall, this LPT can

only have amodestnepgy-saingseffect.
4.4 Applications

To assespositionaladaptatioron differentkinds of workloads,
we run multimedia,integer, and oating-point applications.In se-
lecting theseapplicationswe try to include a diversesetof high-
level behaiors. In particular we include programswherethe av-
eragedynamic subroutineis very short (30 instructionsin MCF)
or verylong (35,000instructionsn HYDRO). Theapplicationsare
compiledwith theIRIX MIPSProcompilerversion7.3with -O2.

Table4 lists the applications.Eachapplicationhasan input set
usedfor the off-line pro ling runs(Pro ling ), andonefor all other
experiments(Productior). Recall from Section?2 that positional
adaptatiorhasthe advantagethatit optimizesthe adaptationglob-
ally: eachcon gurationis activatedin the globally bestsectionof
the program. Therefore,to fully demonstratehe effectivenessof
positionaladaptationye needto simulatethe applicationsrom the
beginningto theend. Unfortunatelythefull ref SPECinputsetsare
too largefor this. Consequentlyasthe productioninput setsfor the
SPECapplicationswe usea reducedreferencanput set(reduced
ref), which enablesus to run the simulationsto completion. With
theseinputs,simulationstake from several hundredmillion to over
2.5billion cycles. For all applicationswe have veri ed thatthese
reducednput setsrunningon our simulatorproducesimilar cache
andTLB missratesasthe ref inputs running natively on a MIPS
R12000processarWe have alsoveri ed thattherelative weight of
eachsubroutinedoesnot changemuch. For additionalveri cation,
oneexperimentin Sections.3comparegxecutionswith reducedef
andrefinputsets.

[ Suite [ Application [ Pro®IlingInput [ Productioninput |
BZIP
CRAFTY
SPECIint2000| GZIP Test Reducedef
MCF
PARSER
HYDRO
SPECfp95 APSI Test Reducedef
. MP3D 128kbpsoint 160Kkbpsgoint HQ
Multimedia MP3E 24kbpsmono 128kbpgoint

Table 4. Applicationsexecuted.
Dueto spacdimitations, we do not shawv the breakdevn of the

enegy consumedn the differentcomponent®f our architectureas
we run theseapplications.However, our resultsbroadlyagreewith
otherreportg5]. As expectedenegy consumptions widely spread
over mary componentsThereforeit is unlikely thata singleLPT
cansave mostof theenegy.

5 Evaluation

To evaluatesubroutine-basegbsitionaladaptationye rst char
acterizeour algorithms(Section5.1), then evaluate their impact
(Section5.2),and nally shav why the subroutinds 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 subroutinesn the code and instrumenttheir entry and



exit points. At run time, non-majorsubroutinesare automatically
lumpedin with their callermajor subroutinesAlso, the maincode
in the programplus ary non-majorsubroutineghatit dynamically
callsform oneother“major subroutine”.For comparisonthetable
alsoshows dataon all the subroutinesn theapplications.

StatInstrum Dyn Instrum All Subroutinesn Application
Applic Size/lrvocation

N T(s) N T(s) N | Time(ns) [ Instruc
APSI 14 8.8 19 6.1 93 200.1 2723
BzIP 4 2612.0 5 275.9 54 714 108.5
CRAFTY| 5 2.6 10 11.6 113 49.6 58.9
GzZIP 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 35 9 54 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 | 65 | 8455 | 17.9 | 294.6 | 108.1 | 5890.9 | 4131.7 |

Table 5. Characterizinghe staticanddynamiclnstrumenta-
tion algorithms. In thetable,N is the numberof major sub-
routineswhile T is thetime betweerinstrumentatiorpoints.

The datashaws that our algorithmsidentify only a handful of
majorsubroutineso drive LPT activation/deactiation. On average,
thenumberis about7 and18 for the staticanddynamicalgorithms,
respectiely. This suggestghat the structuresneededto manage
adaptationinformation are small (e.g. a 32-entry Call Cachein
DIDD). Staticanddynamicalgorithmsselecta differentnumberof
subroutinebecausehey work differently.

Thetablealsoshows the averagetime betweeninstrumentation
points,asthey arefounddynamicallyat runtime. Thetime ranges
fromafew stothousand®f s.Thisistheaveragetime between
potentialadaptations.Within one algorithm, this time variesa lot
acrossapplicationswhich indicatesa rangeof applicationbeha-
ior. On average thesetime valuesareroughly of the sameorderof
magnitudeastheintenalsin temporalschemegTable3). They are
long enoughto rendervariousoverheadsegligible (AppendixA).

Wenow characteriz¢heactivationof ourLPTs. In aserief ex-
perimentswe activateeachLP T; oneachsubroutineé andrecord
the resultingtotal enegy saved in the program( Ej ) andtotal
programslowdown (- Dj ). With thesevalues,we computethe ef-
ciency score(Section3.1.2)of eachsubroutine-LPTpair. We then
rank the pairs from higherto lower ef ciency scoreand accumu-
latethetotal enegy andtotal delay Theresultis the Enegy-Delay
Tradeof curve of theapplication.

Figure4-(a) shavs sucha curve for BZIP. Theorigin in the g-
urecorrespondo asystermwith noactivatedLPT. As wefollow the
curve, we addthe contribution of subroutine-LPTpairsfrom most
to leastef cient, accumulatingenegy reduction(Y-axis), andexe-
cution slowdown (X-axis). Finally, the last point of the curve has
all theLPTsactivatedall thetime. As anexample,in Figure4-(a),
we show the contribution of asubroutine-LPTpairthatsaves Ej
andslows down theprogram Dj; .

Thecurve canbedividedinto threemainregions. In the Always
apply region, the curve travels left and up. This region contains
subroutine-LPTpairsthat both save enegy and speedup the pro-
gram.An examplemaybea Iter cachen asmall-footprintsubrou-
tine with mary mispredictecbranchesThe lter cachesatis esthe
averageaccesdasterandwith lessenegy thanthe ordinarycache.
Overall, we alwaysenablethe pairsin this region.
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Figure 4. Enegy-delaytradeof curve for BZIP (a) andfor
all theapplicationgb).

In the E-D trade-ofs region, the curve travelsright andup. This
region containspairsthat save enegy at the costof slowing dovn
the program.This is the mostcommoncase.Startingfrom theleft,
we apply the pairsin this region until the accumulatedapplication
slowdown reacheshe allowed slowdown (slack).

In theNeverapplyregion,thecurvetravelsright anddown. This
region containspairs that increaseenegy consumptionand slow
down the program.Thesepairsshouldnot beapplied.

Figure 4-(b) shows the curvesfor all the applications. We see
thatall the applicationsexhibit a similar behaior. The gure also
shaws that if all LPTs are activatedindiscriminatelyall the time
(rightmostpoint), theresultis a very sub-optimaloperatingpoint.

Finally, we characterizédow our algorithmsusethethreeLPTs.
Figure5 shavsthe percentagef timethateachLPT is activatedfor
the differentapplications.Dueto spaceconstraintswe only shov
datafor SISD.The gure shaws theresultsfor a tamgetapplication
slacksetto 0.5%and5% of theapplicationexecutiontime. Overall,
the gure shows that our algorithm activatesall threeLPTs for a
signi cant portionof thetimein mary applicationsMoreover, LPT
selectiorvariesacrossapplications.

5.2 Effectivenessf Positional Adaptation

To evaluatethe effectivenessof positionaladaptationwe per
form two experimentswherewe wantto saze asmuchenegy 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
(DEETM®1, DEETM10, DEETM®100,RochesterandRochesté).
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Figure 5. Percentag®f time thateachLPT is activatedin
eachapplicationunderSISD.Thedatacorrespondso two ex-
perimentswith differentslacks.

For eachalgorithm, Figure 6 shavs the reductionin enepy in the
machine(upperbars)andtheincreasen executiontime of the ap-
plication (lower bars). The enepgy includesthe contrikution of the
processqrcachesbus, and memory The barsare separatednto

two groups correspondingo the0.5%and5.0%slackexperiments.

Eachbaris theaverageof our nineapplications.

Notethattheenegy reductionbarsarenormalizedo the enegy
reducedby an ideal adaptationalgorithm that senes as an upper
boundfor a givenslack. This algorithmadaptghe processoevery
1,000instructionshasedn perfectknowledgeof theimpactof each
of our LPTs on theseupcominginstructions. Moreover, the adap-
tationis overhead-freeWe chooseto shav the barsrelative to this
ideal schemeratherthanto simply shov the fraction of enepy re-
ducedby eachschemeThereasoris thatthelatterdepend®n how
goodour LPTsareasmuchashow goodour algorithmsare.Recall
thatour algorithmsaregenerakndlargely independentf theLPTs
used. With theseLPTs, the ideal algorithmreducesenegy usein
themachineby 8.7%and11.6%for the0.5%and5.0%slackexper
iments,respectiely. Our barsshov how closewe getto this ideal
reduction.
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Figure 6. Enegy reductionin the machineandprogramex-
ecutiontime increasdor differentalgorithms.

Consideithe0.5%slackexperimentsrst. In enegy savings,the
positionalschemesresigni cantly moreeffective thanthetempo-
ral ones.Onaverage positionalschemesire70%aseffective asthe
ideal schemewhile temporalschemesare only 38% as effective.
Positionalschemesremoreeffective becauséhey areableto pre-
dict codebehaior moreaccurately As discussedn Section2, the
accuray is greaterfor two reasons:(1) in the testingperiod, they
testall con gurationsondifferentinvocationsof thesamecode,and
(2) in steadystate they make theadaptatiordecisiongor anupcom-

ing intenval basednthebehaior of a previousinstanceof thesame
interval.

AmongpositionalschemesSISDsavesabout80%of theenegy
that the ideal schemesaves, and doesnot slow down the program
muchbeyondthetargetslack. It is, therefore the preferredscheme
if it is possibleto useit. Both SIDD andDIDD save lessenegy
andmispredictpastthe0.5%slack.n particular DIDD mispredicts
signi cantly, mostly becauseof lack of global informationat run
time. With suchaslovdown, DIDD managesigherenegy savings
thanSIDD. In normalconditions we would expectthe opposite.

For the5% slackcasethe positionalschemesireagain moreef-
fectivethanthetemporalones:on averagethey save 75%of theen-
emy thattheidealschemesares,while temporalschemesave 50%.
Among the positionalschemesthereis a more gradualchangein
behaior. The smoothershapeappeardecauseositionalschemes
cannow identify good subroutine-LPTpairsto apply more easily
thanin the 0.5% slackexperiment. To seewhy, notethatwe want
the pairsin 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 rangeavailablelessengheimpactof measuremerihaccura-
cies,causingfewer selectionf pairsbeyondthetamgetrange asit
happenedor DIDD in the0.5%slackexperiment.Overall, the dif-
ferencedn theresultingSISD, SIDD, andDIDD barsnow broadly
re ect thedifferencein accuray betweerthe schemes.

As for thetemporalschemeshedifferencesn enegy andslow-
down betweerthemappeato be modest We notethateachscheme
hasits own strengths. Speci cally, Rochesteand Rochestét can
varythesizeof theinterval betweeradaptationslynamically which
improves their effectiveness. On the other hand, the DEETM?
schemesave the ability to applyary givenLPT for only afraction
of amacrogcle[12], if they estimatehatfull applicationwouldre-
sultin exceedingthe slack. Theresultis thatall the schemeshave
roughlysimilar effectiveness.

Overall, we derive two main conclusions. First, positional
schemesremoreeffective thantemporalones.They boostthe en-
emy savingsovertemporalscheme®y anaverageof 84%and50%
in the two experimentsperformed. Moreover, they are relatively
more effective in the small slack experiment,whereaccuratelyse-
lectingthe bestadaptatioris harder

The secondconclusionresultsfrom the obserationthatthe en-
ey savingsof theidealandSISDschemesrequiteclose(onaver
age,SISDsaves83%of ideal). Recallthattheideal schemeselects
the bestLPTs every 1,000dynamicinstructionswithout overhead,
while SISD canonly attemptto selectat major subroutinebound-
aries. Suchboundarieccurevery several hundred s on average
(Table5). Consequentlywe infer thatthe behaior of the codeex-
ecutednsideeachof thesesubroutinesppearsgjuitehomogeneous
toourLPTs.

5.3 Insightsinto Subroutine-BasedAdaptation

Finally, we presentdatato help understandwhy subroutine-
basedpositional adaptationis effective. Speci cally, we discuss
its accurag in the testing (Section5.3.1) and steady-statédSec-
tion 5.3.2)periods.We alsodiscusghein uence of differentinput
sets(Section5.3.3). AppendixA discussedts overheads.
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Figure 7. Variationof Enegy Perlnstruction(EPI) andIPC acrosgestingintervals without actuallyapplyingary LPTs. Chart(a)
usestheusualinput setsfor theapplicationswhile Chart(b) changesheinput setsof the SPECapplicationso beref.

5.3.1 Accuracy in the TestingPeriod

The accurag of anadaptatioralgorithmis affectedby how ac-
curatelythedifferentcon gurationsarecalibratedduringthetesting
period. Recallthat, in that period, eachcon guration is activated
for oneinterval. Then,the impactof the differentcon gurations
arecomparedo eachother Sinceeachcon gurationis testedona
differentinterval, the morestablethe codebehaior is acrosshese
intervals,the moreaccuratehis comparisoris.

To estimatecodestability acrosstestingintervals, we measure
the averageenegy per instruction (EPI) and IPC of eachtesting
interval withoutactuallyapplyingary LPTs. Then,we computethe
variationof thesemetricsin thetestingperiod.

Figure7 shavstheresultingvariationof the EPlandIPCfor dif-
ferentalgorithms. For positionaladaptationwe considerthe static
(Sl and dynamic(DI) Instrumentatioralgorithms. For theseal-
gorithms,the testingintervals arethe rst few invocationsof each
major subroutine. For DEETM?, the testingintenvals are the rst
few microgyclesin eachmacrogcle. We computethe averageon a
macrogcle basisandthenaverageoutfor all macrogcles. Finally,
for Rochesterand Rochestét every phasechangeis followed by
severaltestingintervals. Consequentlywe computethe averageon
aphase-changeasisandthenaverageoutfor all phasechanges.

The gure is divided in two parts. Consider rst Figure 7-(a),
which usesdefault parameters.We seethat the subroutine-based
positional algorithms have lower EPI and IPC variations. This
suggestshatthey testcon gurationsduring more stableexecution
conditionsand, therefore,achieve a higheraccurag in calibrating
LPTs. Thereasonis thatthey testall con gurationson the same
codesection.

Recallthatto fully evaluateour positionalschemeswe needto
run applicationgo completionand,therefore hadto reducethein-
putsetsfor the SPECapplicationsTo seeif usingabiggerinputset
affectstheresults Figure7-(b) repeatsheexperimentaisingtheref
input setsfor the SPECapplications.The programsrun for a win-
dow of 4.1 billion cyclesafterthe initialization, andthenstop. In
this case only thetemporalschemeganbe evaluatedfairly. From
the gure, we seethatusingthe biggerinput setsreduceghevaria-
tion in thetemporalscheme®nly slightly.

5.3.2 Accuracy in the Steady-StatePeriod
Adaptationalgorithmsidentify steady-statperiodswhereacon-

guration is kept unchangedrom oneintenal to the next. Code
conditionsare stable,and the algorithm predictsthat the current

con gurationwill have a similarimpactin the next interval. Con-
sequentlythe steady-stataccurag of analgorithmwill begreatest
whentheimpactsof a con gurationon two intervalsthatbelongto
the samesteadystatearemostsimilar.

To estimatethe accurag, we identify, for eachalgorithm, the
setof intenvalsthatit considergo bein a given steadystate. For
positionalalgorithms theseare successie invocationsof the same
subroutinein steadystate;for temporalalgorithms,they are con-
tiguousintervals not separatedy phasechanges.We thenapply
oneLPT to all theseintervalsandrecordthe changesn enegy con-
sumptionandexecutionspeed.Then,we computethe variation of
this changeacrossall theseintervals. The smallerthis variationis,
themoreaccuratghe schemas in steadystate.Finally, we average
outall the steadystates.

Figure 8 shaws the variation for different algorithms. For
brevity, we only shav the averageof all threeLPTs. Fromthe g-
ure, we seethat the subroutine-basegositionalalgorithmshave a
lower variation. Theimpactof LPTsacrosdntenalsin steadystate
is morestable.Consequentlythesealgorithmscanmoreaccurately
predicttheimpactof anLPT onanupcomingntervalin steadystate.
Thislow variability is aresultof executingthe samecodesection.
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Figure 8. Variation of the impactinducedby an LPT on
steady-statatervals. The“Sl Across”barsontheright shaw,
for Sl, thevariationof theimpactacrosdifferentsubroutines.
In all casesthe datais the averagefor IFilter, PCacheand
RALU.

For comparisonthe “SI Across” barson the right of Figure8
shaw, for Sl, thevariationof theimpactacrosdifferentsubroutines.
We canseethat, for Sl, the variation acrossdifferent subroutines
is much higherthan that acrossdifferentinvocationsof the same
subroutine.This datashavs that codebehavior acrosssubroutines
is relatively heterogeneous.



5.3.3 Inuence of Different Input Sets

To gain insightsinto the in uence of usingdifferentinput sets
for pro ling andproductionrunsin Sl, we performthe following
experiment.We run anapplicationandmeasurghe averageimpact
of agivenLPT on a givensubroutine We performthis experiment
for four differentinputsets:test train, ref, andreducedef. Figure9
shaws the variationobsened acrossthesefour runs. In the gure,
the datais groupedby applicationaveragingoutall the subroutines
andall theLPTs.
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Figure 9. Variation of the averageimpactof an LPT on a
subroutineacrosdifferentinput sets.

Overall, the averageimpactof an LPT on a subroutineis quite
stableacrosdifferentinput sets. In fact, if we comparethe gure
to the Sl barsin Figure8, we seethatthe variationacrosdifferent
inputsetsis evensmallerthanthevariationacrossnvocationsof the
subroutingnsidea singleprogramexecution.This suggestshat, to
predicttheaveragampactof anLPT onasubroutinejt canbemore
accurateo usethe aveiage impactmeasuredvith a training input
thanto usethe impactmeasurean oneinvocationusingthe same
input. Thereforeusingpro les is a viable solutionfor subroutine-
basedbositionaladaptation.

6 RelatedWork

There are mary proposalsfor adaptve hardware mechanisms
targetedat performanceor enegy optimization[1, 2, 4, 6,7, 8, 9,
12,13, 15,19, 21]. They adapta variety of aspectf the proces-
sor, includingcacheorganization jssuewidth, issuewindow size,or
voltageandfrequeng. Themajority of theseschemesiseTempoal
adaptatior[1, 2,4, 7, 8,9, 12, 19, 21]: thetestingof the LPTsand
the activation of the chosernLPTsarerelatedto time. In our paper
we introducedPositional adaptationwhereboththe testingandthe
applicationaretiedto a codesection.Ourapproactexploitsthefact
thatthebehaior of theprogramatagiventimeis directly relatedto
thecodeit is executing.Thisideais alsoexploitedin [23].

Theschemen [13, 22] performsaform of positionaladaptation
for multimediaapplicationscomposedof repeatingframes. The
schemeusesthe bestadaptatiorfor the pastframesto predictthe
adaptationto performin the next frame. The adaptationis posi-
tional becauseachframesimply usesa differentdatasetto execute
the samecode. Overall, this work is differentthanoursin that it
requiresuserknowledgeof the frame-basedtructureof the code.
Furthermoreit is specializedor the multimediadomain.Ourwork
appliesto general-purposeode and exploits its subroutinestruc-
ture.

Theschemaen [6] is basedon atemporalschemewith variable-
sizedintenals[4]. Calibrationsandapplicationsof adaptationgre

performedin internvalstied to time (numberof instructions).How-
ever, the schemecollectsworking-setsignaturedor the codeexe-
cutedin eachinterval and savesthe con guration used. Whenthe
algorithmseesa signaturesimilar to oneseenbefore,it appliesthe
saved con guration. This is doneto eliminatethe overheadof an-
othertestingperiod. Reusingadaptationavhenthe code may be
similar givesthe algorithmaninterestingpositionalaspect.

The temporalschemein [15] also hasan aspectof positional
adaptation:recon gurationis only attemptedn someknown sec-
tionsof thecode.In thesesectionsthe systentestsseveraladapta-
tionsin time sequencéo identify the bestcon guration— making
theschemaentrinsically temporal.

Thetemporalschemen [7] improvestheaccurag of thetesting
period for temporalschemedy using “mimic” countersthat can
predicttheeffect of multiple con gurationswithouttrying themout
oneby one. However, like othertemporalschemesthe algorithm
exploitsthe similarity of behaior acrosonsecutietime intervals.
Moreover, it is not clearthatthis approaclof usingcounterscanbe
exploitedfor all LPTs.

Performingadaptationsit subroutinedboundariesvasconsidered
in [4]. However, after comparingit to performingadaptationsat
periodicintenvals, thelatterwasselectedlargely dueto simplicity.

7 Conclusionsand Futur e Work

This paperhaspresentedPositionaladaptationa new approach
where both the testing of con gurations and the application of
the chosencon gurationsare associatedvith particularcodesec-
tions. We use subroutinesas the granularity for such code sec-
tions. We have alsodesignedhreevery generaimplementationef
subroutine-baseplositionaladaptationwhich correspondo differ-
entchoicesin thetradeof betweerngeneralapplicability andeffec-
tivenessTo evaluatetheseémplementationsye selectecsereralex-
ampledynamicLPTs. Overall, all threeimplementationgre more
effective thantemporaladaptatiorschemesOn averagethey boost
the enegy savings of applicationsby 50% and84% over temporal
schemesn two experiments.In generalof course the absoluteen-
ey savings are highly dependenbn the LPTs used. Intuitively,
subroutine-baseplositionaladaptatioris effective becauséhe sys-
tem becomeshighly predictable:differentinvocationsof the same
subroutineusually have similar codebehaior, andreactsimilarly
to the sameadaptation.

While we have usedpositionaladaptatiorin a low-power ervi-
ronmentwe canalsoapplyit to performance-centrigesignsin this
casethedesignerstoolkit couldincludeasetof High Performance
TechniquegHPTs)insteadof LPTs. Thegoalwould beto adaptthe
processoby activating eachHPT at the bestpoint in the program,
suchthattheprogramrunsasfastaspossiblewithoutincreasingen-
ey consumptiorbeyond a certainlimit. Otherenvironmentscan
alsousepositionaladaptation.

Our nding that the behaior of different invocationsof the
samesubroutinds very predictablecanbe exploitedin mary ways.
Speci cally, it canbe usedto reducethe overheadof costly oper
ationsby intelligently applyingthemto only one of several execu-
tions that we expectto behae similarly. Thesecostly operations
canbe dynamicoptimization,cycle-by-g/cle architecturalimula-
tion, or evaluationof varioustime-consumingptimizations.
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Appendix A: Positional Adaptation Overheads

Our algorithmshave both steady-statandinitialization overheadsThe
former occurwhen activating/deactiating LPTs in steadystate,and have
threesources.

The®rst sourceis extra instructionsto activate/deactiateLPTsin SISD
andSIDD. Upon enteringan instrumentedsubroutine we save the current
LPT maskandindirectly load the maskto apply from atable. Uponexiting
the subroutinewe restorethe maskandcheckthatwe arenotin initializa-
tion mode. Thus, dependingon the implementationenteringor exiting an
instrumentedsubroutineadds2-10 instructions. The frequeng of suchan
operationis shavn in Table5. In the worst-casepplication(CRAFTY), it
occursonceevery 2.6 s, althoughon averageit occursonceevery 845 s
or 295 sdependingn the Instrumentatioralgorithmused. Consequently
theresultingenegy andtime overheads negligible.

Thesecondsourceof overheads theaccesse® the Call StackandCall
Cachein DIDD. Uponary subroutineentry, the Call Stackis updatedand
theCall Cachdsread.If thisis amajorsubroutinejts LPT maskis activated
and,on subroutingeturn,theold maskis restored On subroutingeturn,the
Call Stackis updated.In all theseoperationsthe enegy consumeds mod-
eled.Forexample,Table3 shavsthata Call Stackanda CacheCacheaccess
consumes6 pJand66 pJ,respectiely. Theenegy consumeds includedin
our simulationsandcanbe shawvn to beinsigni®cant.Sincethesestructures
consumevery little enegy, evenin an ervironmentwheresubroutinecalls
arevery frequentthis overheadwill notbecomesigni®cant.

Thethird overheadof LPT activation/deactiationis somearchitectural
statetransitionsthatdependn the particularLPT. Theseoverheadsaredis-
cussedn Section4.3, andincludebuffering the signalto the dataarray (or
blockingthe cache)for 2 cyclesin PCacheand®lter cachemissesn IFilter.
Theimpactof theseoverheadsn performanceandenegy consumptions
includedin our simulations.

Finally, thedynamicexecutionof thelnstrumentatiomlgorithmin DIDD
andthe Decisiononein SIDD andDIDD areinitialization overheadsSuch
overheadsarein practicenggligible becausehey occuronly duringthe be-
ginningstageof the program.For example the Decisionalgorithminvokes
alibrary n+ 1 timesfor eachinstrumentedubroutinewheren isthenumber
of LPTs. Although mary suchinvocationsinvolve little morethanreading
andsaving the enegy andperformanceountersye estimatethatthe aver-
ageinvocationtakes 100instructions.Given thatthereare on average7 or
18 instrumentedsubroutineger application(Table 5), the total costof the
algorithmis lessthan 10,000instructions. This is minusculecomparedo
the programexecutiontime. An analysisof the Instrumentatioralgorithm
shaws thatits overheads alsominuscule.



