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Abstract

Many speculativemicroarchitectural techniquessuch as eager execution,value prediction, pipeline gating,
and others rely on a con�denceestimatorto predict whethera speculativeaction will be bene�cial. Sincethey
cannotachieve perfectaccuracy, con�denceestimators mustbalancethe costof inhibiting a potentiallyuseful
speculationwith the costof a mis-speculation.Theperformanceof con�denceestimators with respectto these
competingcostsis quanti�edbytwovalues:theSPEC, i.e., theprobability thatanincorrectpredictionis identi�ed
aslow-con�dence, andthePVN, i.e. theprobability that a predictionidenti�ed ashavinglow con�dencewill be
incorrect. We proposea wayto allow more effectiveuseof speculationcontrol techniquesby combiningmultiple
con�denceestimators into a compositecon�denceestimator. This new classof con�denceestimators provides
increasedperformanceand�ner control over thetrade-off betweenSPEC andPVN.

Themaincontributionsof thispaperare twofold.First,wedescribetechniquesfor building ef�cient composite
con�denceestimators, and evaluatethemwith a previouslyproposedstatisticalmethodology, emphasizingthe
relationshipof SPEC and PVN. Second,we usea detailedmicroarchitectural simulator to evaluatethe ability
of our estimatorto supportan energy reductiontechniquecalled pipeline gating. Using previous con�dence
estimators, pipelinegating reducestheamountof extra work dueto mis-speculatedinstructionsby 22%,with a
reductionin IPC of 5%. With thesameimpacton IPC, our con�denceestimators reduceextra work by31%.

1 Intr oduction

As high-performancemicroprocessorsrely moreandmoreon speculationto breakcontrolanddatadependen-
cies,con�denceestimatorswill play a greaterrole in microarchitecturedesignsto controlthis speculation.Many
microarchitecturaltechniquesproposedrecentlydependon con�denceestimationto control speculation.Some
techniquesusea con�denceestimatorto labela conditionalbranchpredictionashaving low or high con�dence.
For example,throttling instructionfetch whenlow-con�dencebranchesare in the pipelinecansave the energy
wastedon mis-speculatedinstructions.Anotherexampleis eagerexecution,whereinstructionsarefetchedand
executeddown bothpathswhenalow-con�dencebranchis encountered.A third exampleis atechniquefor boost-
ing SMT performanceby giving lowerpriority to threadsexecutingseverallow-con�denceunresolvedbranches.

For thesetechniquesto be effective, theaccuracy of thecon�denceestimatormustbe balancedbetweentwo
measures.The �rst measureis the predictivevalueof a negativeestimate(PVN), giving the probability that an
estimateof low con�denceindicatesa misprediction.The secondmeasureis the speci�city (SPEC), giving the
probabilitythata mispredictionis estimatedto have low con�dence.

Unfortunately, PVN andSPEC areinverselyproportionalto oneanother, sowe mustrely on the�e xibility and
accuracy of thecon�denceestimatorto �nd the right trade-off. Figure1 shows the trade-off betweenSPEC and
PVN for the gshare predictorusinga con�denceestimatorwe introduce. As the �gure illustrates,we canhave
almostarbitrarily high PVN if we are willing to accepta very low SPEC, and vice-versa. The right trade-off
for mostapplicationsis somewherebetweentheseextremes. For instance,with the instructionfetch throttling
example,whenthe PVN is too low, too few instructionsarefetchedandperformancesuffers. Whenthe SPEC is
too low, too many instructionsarefetchedandtoo muchenergy is wasted.In theeagerexecutionexample,if the
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Figure 1. SPEC andPVN for gshareandCompositeEstimator

SPEC is too low, thennot enoughopportunitiesfor eagerexecutionarefound. If the PVN is too low, thenthe
optimizationis invokedon thewrongbranchestoo frequently, wastingexecutionbandwidththatcouldhave been
devotedto single-threadedexecutionor otherlow-con�dencebranches.

Thecon�denceestimationtechniquesproposedin existingresearcharetooin�e xible. They provideonly coarse
controlover thebalancebetweenPVN andSPEC, andthey have limited accuracy.

This papershows that compositecon�denceestimators, which combinetwo or morecon�denceestimators,
provide a �ner degreeof speculationcontrolaswell asincreasedlevelsof accuracy. Wegive experimentalresults
showing theimprovementsof our estimatorsover previouswork, andillustratetheimprovementswith a detailed
cycle-level simulationof anenergy reductiontechnique.

This papermakesthefollowing contributions:

1. Wedescribetechniquesfor building compositecon�denceestimators.Thesenew con�denceestimatorsare
moreaccurateand�e xible thanpreviously proposedestimators,with little addedcomplexity.

2. We show that the �e xibility of a con�denceestimatoris an importantaspectof its ability to control spec-
ulationbecausethereis oftena trade-off betweencompetingpenaltiesof overly optimisticandoverly pes-
simistic con�denceestimates.A con�denceestimatorwith a wide rangeof PVN andSPEC valuescanbe
tunedto �t aparticularapplicationor setof applications.

3. We evaluateour new con�denceestimationusinga statisticalmethodologyfrom previouswork. We then
improve on this methodology, showing that,for estimatingcon�dencein branchpredictions,theSPEC and
PVN arethemostimportantmeasuresof con�denceestimatorperformance.

4. We usea detailedmicroarchitecturesimulatorto evaluatetheability of our estimatorto supportanenergy
reductiontechniquecalledpipelinegating. Usingpreviouscon�denceestimators[8] pipelinegatingreduces
theamountof extra work dueto mis-speculatedinstructionsby 22%,with a reductionin IPC of 5%. With
thesameimpacton IPC,ourcon�denceestimatorsreduceextrawork by 31%.

2 Background and RelatedWork

In thissection,we review severalcon�denceestimationtechniquesthathave beenproposedpreviously, aswell
as several applicationsof con�denceestimators. We also review a statisticalframework, inspiredby medical
diagnostictests,in whichcon�denceestimatorsareevaluated.
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2.1 Con�dence Estimation

Con�denceestimatorsprovidealevel of con�dencein aprediction.In thispaper, wefocusonbranchprediction,
soour con�denceestimatorsprovide a level of con�dencefor whetheror not a branchpredictionis correct.We
alsofocuson dynamiccon�denceestimators, thatuserun-timeinformationto provide con�denceestimates.

Con�denceestimatorsareusedto decidewhetheror not to take aparticularactionbasedon thecon�denceof a
branchprediction.Thecon�denceestimatorproducesasmallintegervaluewecall therawoutputof theestimator.
If this valueis greaterthana certainthreshold,thenthebranchpredictionis estimatedto have high con�dence.
Figure2 showsablockdiagramof adynamiccon�denceestimator. Thestructureis similar to atwo-level adaptive
branchpredictor[20]. The branchhistory andbranchPC arehashedto selectan entry in a tableof counters,
whoseexact behavior is a function of the particularcon�denceestimationscheme.The counteris taken asthe
raw outputof theestimatorandcomparedto a staticallydeterminedthreshold,yielding anestimateof eitherhigh
or low con�dence.As branchesarepredicted,thebranchpredictorfeedsinformationaboutits successor failure
in predictingbranchesbackto thecon�denceestimator. For example,a missdistancecountercountsthenumber
of branchescorrectlypredictedsincethe last misprediction[9]. We choosea thresholdvalueagainstwhich to
comparetheraw output. If thecounteris higherthanthethreshold,thenwe estimatehigh con�dence;otherwise
weestimatelow con�dence.Dynamiccon�denceestimatorshavebeensuggestedin recentresearch[9, 7,12]. We
describeseveralcon�denceestimatorsin Section3.

Table
of Counters

History
Branch

Branch
PC

Predictor
Branch

Raw Output

Threshold?
>

Estimate
Confidence

Figure 2. DynamicCon�denceEstimatorBlock Diagram

2.2 Evaluating Con�dence Estimators

Manneet al. proposea statisticalmethodologyfor studyingthe performanceof con�denceestimators.We
brie�y review this methodology. In this framework, a con�denceestimatorreturnsoneof two classi�cations:
High Con�dence( ��� ) or Low Con�dence( ��� ). The branchpredictionitself is labeledeitherCorrect( � ) or
Incorrect( � ), dependingon the outcomeof the branch.Four importantstatisticsareassociatedwith con�dence
estimators:

SENS. The sensitivity of a con�denceestimatoris de�ned as SENS �
	�� ����
���� , i.e., the probability that the
con�denceestimatorreportsacorrectlypredictedbranchashaving high con�dence.
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SPEC. Thespeci�city is de�ned asSPEC ��	�� ����
 ��� , i.e.,theprobabilitythatthecon�denceestimatorreportsan
incorrectlypredictedbranchashaving low con�dence.

PVP. The predictive value of a positive estimateis de�ned as PVP ��	�����
 ����� , i.e., the probability that a
predictionestimatedto have highcon�denceis correct.

PVN. Thepredictive valueof anegative estimateis de�ned asPVN ��	�� ��
 ����� , i.e.,theprobabilitythatapredic-
tion estimatedto have low con�denceis incorrect.

Dynamiccon�denceestimatorsbasedon comparinga raw outputto a thresholdcanbetunedto yield different
SENS, SPEC, PVP, or PVN values.For theapplicationsmentionedabove,having a high SPEC andPVN is impor-
tant.For instance,for branchinversion,thePVN mustbeabove �

� or it wouldnotmakesenseto invert predictions
with low con�dencesincewe would not beableto saythatthey aremorelikely wrongthannot. For applications
suchasbranchinversionandeagerexecution,thereis oneright value for the threshold: that which yields the
highestperformance.

For an applicationsuchasenergy reduction,wheresomepartsof thepipelinearethrottleddependingon the
con�dencevaluesof branchesin thepipeline,theissuesaremoresubtle.In this case,we would like a con�dence
estimatorcapableof providing a wide rangeof PVN andSPEC values,sincewe want to �nd the right balance
betweensaving energy and decreasingperformance. When comparingdynamiccon�denceestimatorsas the
thresholdis varied,Manneet al. emphasizethe relationshipof PVP and PVN. However, sincea high PVP is
relatively easyto achieve and unimportantto several speculationtechniques,we believe that emphasizingthe
relationshipof PVN andSPEC is abetterapproach.Our resultsin Section4 re�ect this improvedmethodology.

2.3 Applications of Con�dence Estimation

Researchersareincreasinglyrelyingoncon�denceestimationto boostperformanceandsaveenergy in proposed
futuremicroarchitectures.Wereview someof theseapplications.

Energy reduction. Grunwald and Manneintroducedthe techniqueof pipeline gating that usesa con�dence
estimatorto reducetheenergy wastedprocessingwrong-pathinstructions[8]. Whentherearemorethanacertain
numberof low-con�dencebranchesin the pipeline, certainpipeline stagesare “gated” or stalled, ratherthan
wastingenergy processinginstructionsthat will be squashedwhena mispredictionis revealed. Baniasadiand
Moshovosextendthis work to considerotherinstruction�o w informationwhendecidingwhetherandhow much
to throttle instructionfetch [2]. For energy reduction,we needa con�denceestimatorwith a high PVN to avoid
anadverseimpacton performancewhentoomany branchesareclassi�edaslow con�dence.Wealsoneedahigh
SPEC sothatenoughopportunitiesfor energy reductioncanbeidenti�ed.

Load value prediction. As with branchoutcomes,load valueshave a greatdealof regularity that canbe ex-
ploited to improve performance[14]. Load valuepredictorscanhide the latency of loadsfrom memory. The
decisionof whetherto predicta valueor wait for the load to completeis madeby a con�denceestimator. Li-
pastiet al. suggesta simplecon�denceestimatorthat classi�es loadsaspredictable,unpredictable,or almost
predictable[14]. BurtscherandZorn usepro�le basedcon�denceestimatorsfor load valueprediction[5]. A
mispredictedvaluehasmuchthe sameeffect asa mispredictedbranch. Oncethe mis-speculatedvaluecanbe
comparedwith the actualvalue,all of the instructionsthat dependedon thepredictionhave to be squashedand
re-executedwith thecorrectvalue. A high PVP andSENS makessurethatvaluepredictionis appliedwhenit is
likely to be pro�table. A high PVN suppressesvaluepredictionwhenit suspectsa misprediction,while a high
SPEC makessurethatthedecisionto suppressvaluepredictionwastheright thing to do.
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Eagerexecution. Branchmispredictionsimposeasteeppenaltyonperformance.Onewayto avoid thispenalty
is to fetch andexecuteinstructionsfrom both directionsof a branchuntil the branchis resolved. The proces-
sorexecutesseveral threadsin parallel,spawning threadsat branchesandkilling threadswhenthe branchesare
resolved. This idea,in variousforms, is known aseagerexecution[19, 13] anddual-pathexecution[6]. Since
executionresourcesarelimited, eagerexecutionis restrictedto brancheswith low con�dence.If a low-con�dence
branchis fetchedwhile theprocessoris alreadyexecutingmultiple threads,spawning yet anotherthreadmaynot
be feasible.Thus,a con�denceestimatormustbe consultedto decidewhento executeboth pathsleadingfrom
a branch.A high SPEC would enableeagerexecutionfor mostof themispredictedbranches,while a high PVN

wouldensurethateagerexecutionis exercisedonly whenit is needed.

BoostingSMT Performance. Con�denceestimatorscanbe usedto control the trade-off betweenspeculation
and simultaneousmultithreading(SMT). Luo et al. proposea schemefor selectinginstructionsfrom various
runningthreadsbasedon thenumberof low-con�denceunresolved branchesthey eachhave in thepipeline[15].
A threadwith many low-con�dencebranchesis givena lower priority, sinceinstructionsissuedfrom that thread
maybemis-speculationsandwill notcontributeto theforwardprogressof theprogram.Oncethelow-con�dence
brancheshave resolved, the priority of the threadis increased.This schemerequiresa high SPEC so that many
opportunitiesfor this optimizationareexposed,anda high PVN to ensurethat threadsareonly given a lower
priority whenthey reallyaremorelikely to bemis-speculating.

IncreasingBranch Predictor Accuracy. Undercertaincircumstances,a con�denceestimatormay indicatea
high probabilitythata branchpredictionis incorrect.If this probability is over 50%,it makessenseto invert the
branchprediction. This techniqueis known asbranch inversion [12] or branch predictionreversal [1]. For this
techniqueto work, it is essentialthatthePVN begreaterthan0.5.WealsoneedtheSPEC to behighsothatenough
incorrectpredictionscanbeinvertedto have asigni�cant effect onperformance.

3 CompositeCon�dence Estimators

In thissection,wedescribeour techniquefor combiningcon�denceestimators.Wediscussour techniquein an
abstractsense,thendescribeseveralcompositecon�denceestimatorsandbranchpredictors.

3.1 Combining Con�dence Estimators

Con�denceestimationis the task of classifyinga branchas having either high or low con�dence. Sucha
classi�erproducesaraw outputthatis roughlyproportionalto theprobabilitythatthebranchiscorrect.A threshold
is appliedto this valueto make the�nal classi�cation.Thereareseveraltechniquesin thestatisticalandmachine
learningliteraturefor combiningclassi�ersfor improvedaccuracy [18]. Oneof thesimplestis to �nd thesumof
theoutputsof eachclassi�er, thenapplya thresholdto thatsumto make theclassi�cation.Weusethis technique
for combiningthe outputsvaluesof several con�denceestimators. The resultingcombination,along with an
appropriatelychosenthresholdvalue, is a compositecon�denceestimator. Figure 3 shows the structureof a
compositecon�denceestimator. Several con�denceestimatorsareassembledinto a singleestimatorby adding
their respective raw outputs,which is thencomparedwith a staticallyselectedthreshold.

3.2 Branch Predictors

Beforedescribingthevariouscon�denceestimators,it is importantto discussthebranchpredictorsfor which
weareassigningcon�dence.Wechoosethreebranchpredictorsfrom theliteraturefor ourevaluationof composite
con�denceestimators.Con�denceestimationbecomesharderasthe branchpredictor's accuracy improves [7].
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Figure 3. CompositeCon�denceEstimatorBlock Diagram

Thus,wechooseauseagenerousbut realistichardwarebudgetto ensurethatour resultsareconservative. Eachof
thepredictorsis allocatedapproximatelyfour kilobytesof state,which is equivalentin sizeto thebranchpredictor
in the Alpha 21264[11], which, as of this writing, is the largestdocumentedbranchpredictorin an existing
microarchitecture.

Gshare. Basedon the ideaof two-level adaptive branchprediction[20], gshare indexesa patternhistory table
(PHT)of two-bit saturatingcounterwith theexclusive-ORof aglobalhistoryshift registerandthebranchprogram
counter[16]. The high bit of the correspondingcounteris taken asthe prediction. A valueof 1 meanspredict
taken, while 0 meanspredictnot taken. Whena branchis executed,thehistoryregisterandbranchPCareagain
combinedand usedto index the PHT. The correspondingcounteris incrementedif the branchwas taken, or
decrementedotherwise.Theoutcomeof thebranchis shiftedinto thehistoryregister, which recordsa1 for taken
and0 for not taken. Wemodelagshare predictorwith 16K entries.

Hybrid Predictor. Hybrid predictorscombinetwo or morebranchpredictorsto increaseaccuracy. We usea
McFarling-stylehybridpredictor[16] of thetypeimplementedfor theAlpha 21264[11]. This predictorusestwo
branchpredictioncomponents:a4K-entryGAg [21] predictorindexedby aglobalhistoryshift register, anda1K-
entryPAg predictor, indexedby oneof 1024per-branch10-bit historyshift registers,combinedwith a 4K-entry
choosertable.ThePHT for theGAg predictorconsistsof two-bit saturatingcounters,while thePHT for thePAg
componentcontainsthree-bitsaturatingcounters.

Perceptron Predictor. As an alternative to branchpredictorsbasedon saturatingcounters,we evaluatecom-
positecon�denceestimatorswith theperceptron predictor, a branchpredictorbasedon neurallearning[10]. The
predictorusesthe branchPC to index a tableof perceptrons,which arevectorsof small integer weights. The
predictorcomputesthe dot-productof theweightsvectoranda global branchhistoryshift register, producinga
signedintegervalue.If thevalueis at least0, thebranchis predictedto betaken,otherwiseit is predictednot to be
taken.Perceptronlearningis usedto updatetheweightsvectorwhenthemagnitudeof thedot-productvaluedoes
notexceedacertainthreshold,or whenthepredictionwasincorrect.To updatetheperceptron,theelementsof the
weightsvectorareincrementedor decrementeddependingon whethertherewaspositive or negative correlation,
respectively, betweenthecorrespondingbit in thehistoryregisterandthebranchoutcome.Oneinterestingaspect
of this predictoris that the dot-productoutput is highly correlatedwith the probability that the branchis taken.
Thus,thisvaluehasthepotentialto beusedasthebasisof acon�denceestimator[10].

As branchpredictorsbecomemoreaccurate,con�denceestimationis harderbecausetherearefewer mispre-
dictions. Figure4 shows the mispredictionratesof the branchpredictorssimulatedon the SPEC2000integer
benchmarks,aswell astheharmonicmeanmispredictionrate.
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Figure 4. MispredictionRatesof BranchPredictorsSimulated

3.3 Con�dence Estimators

In this section,we describeseveralpredictorsfrom theliteraturethatwe useastheelementsof our composite
con�denceestimators.

EnhancedJRS Estimator. Jacobsenet al. describea con�denceestimatorbasedon countingthe numberof
branchpredictionsmadesinceamisprediction[9]. A tableof missdistancecounters(MDCs) is indexedby some
combinationof branchhistory andbranchPC,muchasin a two-level branchpredictor. The raw outputof the
estimatoris theMDC valuefrom the table. Thebranchis labeledashigh con�denceif the raw outputis above
a staticallydeterminedthreshold.Grunwald et al. call this con�denceestimatora JRSestimatorafter theinitials
of the authorsof theoriginal paperdescribingits useanddescribean enhancedversionthatupdatesthehistory
registerwith thebranchpredictionin questionbeforereadingtheMDC. ThisenhancedJRSestimatoris shown to
strictly outperformtheearlierversion[7], soweuseit exclusively. Weusefour-bit countersfor theMDC registers.
We�nd no additionalbene�t from increasingthiswidth.

Up/Down Counter Estimator. Klauseret al. introducethe useof up/downcountersfor con�denceestima-
tion [12]. This schemeis similar to the JRSestimator, but ratherthanresettingthe counteron a misprediction,
thecounteris decremented.Thus,thecounterrecords,for theshortterm,anapproximationof thenumberof cor-
rectpredictionsfor a particularcombinationof branchPCandhistory. Klauseret al. exploreusingonly two-bit
counters,but wehave foundadditionalbene�t by usingfour bits.

Self-Estimator. Mostbranchpredictionschemesalreadyhaveacon�denceestimatorbuilt-in for free: thevalues
of thesaturatingcounterusedto make theprediction. In a situationwheretwo-bit countersareused,we would
expectacountervalueof 3 to havehighercon�dencethanavalueof 2, sinceavalueof 2 indicatesmorevariability
for the correspondingcombinationof branchPC and history. For a PHT-basedschemewith � -bit saturating
counters,if a branchis predictedbasedon thevalue � of acounter, wecomputeavalue ��� for theraw outputsuch
that:

�

�

�

�

� if thebranchis predictedtaken
 "!$#

�

#&%

if thebranchis predictednot taken

We then estimatehigh con�denceis �
� is at leastsomethreshold. For the McFarling hybrid predictor, we

computethesumof thecorresponding�'� valuesfor thecomponentGAg andPAg predictors,andapplyathreshold.
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Parameter Con�guration
L1 I-cache 64KB

L1 D-cache 64KB
L2 cache 1024KB

BTB 512entry, 2-wayset-assoc.
Issuewidth 8

PipelineDepth 7

Table 1. ParametersUsedfor theSimulations

For theperceptronpredictor, we usethemagnitudeof thedot-productvalue,scaledby simpleshiftingsothatit is
between0 and15, thenapplya threshold.For PHT-basedpredictors,Grunwald et al. call this sortof con�dence
estimatorasaturatingcounters estimator, andalsoexploreacon�denceestimatorbasedonwhetherbothor either
componentpredictorsof ahybridpredictorhave highcon�dence[7].

4 Experimental Results

In this section,we evaluateseveral compositecon�denceestimators.We begin by reportingstatisticson the
performanceof our new compositecon�denceestimatorscomparedwith previouswork. This comparisontakes
placewith respectto threebranchpredictorswith increasinglevels of accuracy. Whenthengive resultson an
applicationof con�denceestimationfor an energy-saving technique,againshowing resultsas we changethe
underlyingbranchpredictor.

4.1 Methodology

Weusethe12SPEC2000integerbenchmarksrunningunderSimpleScalar/Alpha[4] to evaluateourcon�dence
estimators.To bettercapturethesteady-stateperformancebehavior of theprograms,our evaluationrunsskip the
�rst 500 million instructions,asseveral of the benchmarkshave an initialization period(lastingfewer than500
million instructions),during which branchpredictionaccuracy is unusuallyhigh. Eachbenchmarkexecutesat
least300million branchesandoveronebillion instructionson theref inputsbeforethesimulationends.Table1
shows themicroarchitecturalparametersusedfor thesimulations.

Branchhistoryshift registerlengthhasbeenobserved to have a signi�cant impacton predictoraccuracy [16],
so for gshare we try all possiblehistory lengthson the train inputsandkeeptheonewith the lowestaverage
mispredictionaccuracy. For the perceptronand McFarling predictors,we usecon�gurations reportedfor the
correspondinghardwarebudgetin theliterature[11, 10].

4.2 Con�dence Estimators Simulated

We simulatetheenhancedJRS(hereafter, simply JRS)andUp/Down con�denceestimators,eachusingtables
of 10244-bit countersandindexedusingthemethoddescribedin Section3.3,consumingasmallhardwarebudget
of 512bytes.Wesimulatetheself-estimatorsof eachbranchpredictor. Wealsosimulatethefollowing composite
con�denceestimators:

JRS+ Up/Down. This estimatoruses5124-bit missdistancecountersand5124-bit Up/Down counters.Each
tableis indexedusingthemethoddescribedin Section3.3.Theraw outputof theestimatoris thesumof the
indexedcountersfrom eachtable.

JRS+ Self. This estimatorusesJRSestimatorwith 1024counters.Theraw outputis thesumof theraw outputs
of theJRSestimatorandtheself-estimator.

8



Up/Down + Self. This estimatorusesanUp/Down estimatorwith 1024counters.Theraw outputis thesumof
theraw outputsof theUp/Down estimatorandtheself-estimator.

JRS+ Up/Down + Self. Thisestimatoraddstheraw outputof theJRS+ Up/Down estimatorto theraw outputof
theself-estimator.

4.3 Statistical Results

We reportstatisticsfor theentirerangeof thresholdvaluesfor eachcon�denceestimatorandbranchpredictor.
We examineplotsof thesestatisticsusingtechniquesfrom previouswork, thenlook at improvedplots thatyield
moreinformation.

4.3.1 PVP vs. PVN

We begin with thesamestatisticalevaluationgiven in otherwork [7]. Without having a particularapplicationin
mind, we canconsideronecon�denceestimatorto be betterthananotherif it hashigherPVN andPVP values.
Figure5 showsagraphwith PVP plottedagainstPVN for severalof thecon�denceestimators.Fromthisgraph,we
seethattheindividualJRSandUp/Down estimatorshavehigh PVP andPVN valuescomparedwith thecomposite
Up/Down + JRSestimator, but thecompositeestimatorhasawiderrangeof PVP andPVN values,makingit more
�e xible.

0.94 0.96 0.98
PVP

0.4

0.6

0.8

P
V

N

Up/Down Estimator
JRS Estimator
Composite Up/Down + JRS

Figure 5. PVP vs. PVN for gshare

4.3.2 Distribution of Con�dence Estimates

Theperformanceof a con�denceestimatorcannotbesummarizedwith a singletypeof statistic.For instance,for
many optimizationsit is importantfor thecon�denceestimatorto have a high PVN. However, it is meaningless
to saythat a con�denceestimatorhasa high PVN andhigh PVP without alsodiscussingthe SPEC value. The
predictive valueof anegative (i.e. low-con�dence)estimatecanbemadealmostarbitrarilyhigh if weallow many
falsepositives,i.e., if theSPEC is low. Moreover, sincebranchpredictorsgenerallyhave high accuracy, it is easy
to achieve ahigh PVP. Notethesmallrangeof PVP valuesin Figure5.

To illustratethe natureof this problem,Figure6 shows a histogramof the cumulative percentageof gshare-
predictedbranchesestimatedto have low con�dencefor varyingthresholds.For theeachestimator, asthethresh-
old is increased,morebranchesareestimatedto have low con�dence.TheJRSestimatoroverestimatesthenumber
of mispredictedbranches,consistentlylabelingmany morebranchesashaving low con�dencefor eachthreshold
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value.TheUp/Down estimatorunderestimatesmispredictions,labelingmany fewer branchesashaving low con-
�dence. The compositeJRS+ Up/Down estimatorstrikesa balancebetweenthe two. From this histogramwe
cannotdirectly infer thatthecompositeestimatoris betterthantheothertwo, but we seethepotentialfor a more
even-handeddistribution of con�denceestimates.
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Figure 6. Distribution of Con�denceEstimates

4.3.3 PVN vs. SPEC

To getamoreinformative comparisonof con�denceestimators,wemustcomparePVN with SPEC. Bothof these
valuesareimportantfor many applicationsthatusecon�denceestimationwhendecidingwhetherto takeanaction,
suchaspipelinegatingor eagerexecution.We needa high PVN sothatwe do not needlesslytake theaction,and
weneedahigh SPEC sothatwe have ampleopportunityto take theactionwhenit is appropriate.

Figure7 shows a plot of the SPEC valuesof several con�denceestimatorsfor gshare againsttheir respective
PVN valuesfor theentirerangeof feasiblethresholds.Highervaluesin both the ( - and ) -axesarebetter. From
thegraph,wecanseethatboththeJRSandUp/Down estimatorsarebetterthanthecomposite,but only in certain
narrow andmutually exclusive ranges. The compositeJRS+ Up/Down estimatorhasslightly lower PVN and
SPEC, but coversa muchwider rangeof values.Thus,thecompositeestimatoris likely to be moreappropriate
for anapplicationthatrequires�e xibility in thecon�denceestimator. In Section5, wegiveanexampleof suchan
application.
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Figure 7. SPEC vs. PVN for gshare
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4.3.4 Other Branch Predictors

Thusfar, we have only appliedcompositecon�denceestimatorsto thegshare branchpredictor. However, many
otherbranchpredictorswith betteraccuracieshave beenproposedandimplemented.We evaluateour con�dence
estimatorswith theMcFarlinghybridpredictorandtheperceptronpredictor. As weobservedin Section4.2,both
of thesepredictorshave robustself-estimators,i.e., thepredictor's internalstatecanproducea raw outputcapable
of generatingacon�denceestimate.

Figure8 showsagraphof SPEC vs. PVN for theperceptronpredictor. As weobservedpreviouslyfor gshare, the
JRSandUp/Down estimatorsseparatelyhavehigherSPEC andPVN thanthecompositeJRS+ Up/Down estimator
in speci�c areas.However, whenwe addtheself-estimatorinto theraw output,thecompositeJRS+ Up/Down +
SelfestimatorhashigherSPEC andPVN thanany of theotherestimatorsat all thresholdvalues.
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Figure 8. SPEC vs. PVN for aPerceptronPredictor

Figure9 showsagraphof SPEC vs. PVN for theMcFarling-stylehybridpredictor. At somepoints,thecombined
JRS+ Up/Down + Self estimatoris moreaccuratethanthe otherestimators.Again, both compositeestimators
have wider rangesthantheindividual estimators.
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Figure 9. SPEC vs. PVN for aMcFarlingHybrid Predictor

5 Application of CompositeCon�dence Estimators

Although we canusestatisticalmeasuressuchasSPEC andPVN to evaluatenew con�denceestimators,the
bestway to comparecon�denceestimatorsis to usethemin anapplication.In this section,we give resultsof a
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detailedcycle-level simulationof anenergy reductionoptimizationusingcompositecon�denceestimators.

5.1 PipelineGating for Energy Reduction

Manneet al. proposea techniquecalledpipelinegatingfor reducingtheenergy demandsof high performance
processorswithout signi�cantly reducingperformance[8]. Theideais to controlrampantspeculationby usinga
con�denceestimatorto throttlevariousstagesof thepipelinewhenseveralunresolved brancheswith low con�-
dencearein-�ight. Whenabranchmispredictionseemsimminent,it doesnotmakesenseto wasteenergy by con-
tinuing to fetchandexecuteinstructionswhoseresultsarelikely to bethrown away. Otherresearchhasproposed
similar energy reductiontechniques[2], anda similar mechanismis usedin G3 andG4PowerPCprocessors[17]
to triggerinstructionfetchthrottlingwhentemperatureexceedsacertainthreshold.

We simulatea form of pipelinegatingusingour con�denceestimators.We modify SimpleScalar/Alphato
ceaseinstructionfetchwhentherearethreeor moreunresolved brancheswith low con�dence. Instructionfetch
continueswhenenoughbrancheshave resolved so that therearefewer thanthreeunresolved brancheswith low
con�dence. Manneet al. �nd that gatingwith threelow-con�dencebranchesyields the bestenergy reduction.
Having triedothervalues,wereachthesameconclusion.Wesimulatepipelinegatingwith all thresholdvaluesfor
eachcon�denceestimator. Notethatthereis no “best” thresholdvalue.Sincethethresholdcontrolsthetrade-off
betweenenergy andperformance,thechoiceof thresholdshouldbemadeto �t theparticularapplication.

5.1.1 Reduction in Extra Work

Thegoalof pipelinegatingis to eliminateasmuchneedlesswork aspossible.We measurethis extra work asthe
numberof uselessinstructionspercycle,i.e., theaveragenumberof all executedinstructionsminusthenumberof
committed(i.e., useful)instructionspercycle. Figure10 shows a graphof thedecreasein performanceincurred
by pipeline gating plotted againstthe decreasein the amountof harmonicmeanextra work when the branch
predictoris gshare. Eachpointon thecurvesin thegraphrepresentsadifferentthresholdvaluefor thecon�dence
estimator. Dependingon theenergy constraints,a microarchitectmaychooseto setthethresholdlow, for higher
performance,or high, for higherenergy savings. Thegraphshows theperformanceof two con�denceestimators:
theJRSestimatorusedin theoriginalpipelinegatingwork [8] anda compositeestimatorcombiningJRSandthe
Up/Down estimator. With a decreasein IPC of 2.4%,the JRSestimatoris ableto eliminate11.7%of theextra
instructions.With thesamedecreasein IPC, thecompositeestimatoreliminates18.7%of theextra instructions.
At eachpoint on the graph, the compositeestimatorprovides greaterenergy savings for the sameimpact on
performance.Notethat,althoughwetriedeverypossiblethresholdvaluefor eachcon�denceestimator, thegraphs
only show thosefor which the percentagedecreasein IPC is in a narrow rangethat we believe is acceptable.
Noticealsothattheamountof extra work decreasesalmostmonotonicallywith thedecreasein IPC,althoughfor
somethresholdvaluesthereis a slight relative increasein IPC over thepreviousthresholdvalue.This is because
pipelinegatingsometimesactuallyhelpsperformanceby relieving contentionfor executionresourcescausedby
mis-speculatedinstructions.

Figure11 comparestheperformanceof thesametwo con�denceestimatorswhengshare is replacedby a Mc-
Farlinghybridbranchpredictor. Thisgraphalsoshows theperformanceof a third compositecon�denceestimator
thatusestheinternalstateof thebranchpredictoraswell asanexternalcon�denceestimator. Welearntwo impor-
tantfactsfrom this graph.First,bothcompositeestimatorsachieve greaterenergy savingsfor thesamereduction
in IPC thanbaselineJRSestimator. Second,by addingtheself-estimatorfor thehybridpredictor, we increasethe
rangeover which we cantradeoff changesbetweenenergy andperformance.For instance,with a 0.5%decrease
in IPC, theJRS+ Up/Down + Self estimatoryieldsa7.1%decreasein theamountof extrawork performed.This
level of �ne-tuning is simplynotavailablewith theotherestimators.With thelowestpossiblethresholds,wemust
still sacri�ce 1%of IPCto achieve any energy savings.
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Figure 10. Decreasein Performancevs. Decreasein ExtraWork for gshare
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Figure 11. Decreasein Performancevs. Decreasein ExtraWork for Hybrid Predictor
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Figure12 shows a plot of thedecreasein IPC againstthedecreasein extra work for theperceptronpredictor.
Theperceptronpredictoris themostaccurateof thethreebranchpredictorssimulated,andthuspresentsthemost
dif�cult situationfrom which to extractenergy savings from avoiding uselesswork. Still, compositecon�dence
estimatorsare able to provide a wide rangeof IPC vs. energy savings. The lowest thresholdJRSestimator
yieldsa decreaseof 13.1%in extra work, at a costof a 3.4%lower IPC. ThecompositeJRS+ Up/Down + Self
estimator, now usingthe scaledperceptronoutputasa component,achievesa greatersavings of 16.5%,with a
smallerperformancepenaltyof only 2.6%. Furthermore,theJRS+ Up/Down + Self estimatorprovidesa much
widerrangeof energy savingsthaneithertheJRSor JRS+ Up/Down estimators,allowing more�ne-tuning of the
pipelinegatingtechnique.Notethattheperceptronself-estimatorprovidesamodestsavingsin energy without the
extrahardwareof acompositeestimator.
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Figure 12. Decreasein Performancevs. Decreasein ExtraWork for PerceptronPredictor

The potential for energy reductionis due to the numberof mis-speculatedinstructionsexecutedper cycle.
Figure13 shows the numberof mis-speculatedinstructionsper cycle for eachbenchmarkusingthe perceptron
predictor. Thebasecaseof no pipelinegatingis shown, aswell astheresultsfor threecon�denceestimatorsthat
eachreduceIPC by at most5%. For 197.parser , 2.0 instructionsarewastedon eachcycle in thebasecase.
With theJRSestimator, only 1.19extra instructionsarewastedpercycle, a reductionof 40%over thebasecase.
ThecompositeJRS+ Up/Down estimatorreducesthenumberof mis-speculatedinstructionsby 50%to 1.0 per
cycle.

164.gzip
175.vpr

176.gcc
181.mcf

186.crafty
197.parser

252.eon
253.perlbmk

254.gap
255.vortex

256.bzip2
300.twolf

Harmonic
           Mean

Benchmark

0.0

0.5

1.0

1.5

2.0

E
xt

ra
 W

or
k

No pipeling gating
JRS
JRS + Up/Down
JRS + Up/Down + Self

Figure 13. ExtraInstructionsperCycle,PerceptronPredictor
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5.2 Implementation

Oneconcernwhenconsideringa new hardwaremechanismis thecostin termsof transistorsandpower. The
additionalcostof ournew con�denceestimatorsis minimal. For eachcon�denceestimatorthatwehavestudiedin
thispaper, thehardwarebudgetdoesnotexceed512bytesof SRAM.Sincewesuggestthatourdesignscanbeused
with anenergy saving technique,it is importantto notethattheadditionalhardwareitself will contributea small
amountto theenergy requirementsof theprocessor. To provideperspective,weusedtheWattchmicroarchitecture
simulatorto gatherstatisticson power [3]. Using this tool, we �nd thata hybrid branchdirectionpredictor(i.e.,
not includingtheBTB) with twicethehardwarebudgetof ourcon�denceestimatorsconsumesanegligible 0.32%
of thetotalpowerof thesimulatedmicroprocessor. Themostcomplex of ourdesignsaddstwo 5-bit addersto this
budget.

6 Conclusions

Con�denceestimationis a microarchitecturaltechniquethat enhancesspeculationby predictingwhetherthe
speculationwill beuseful.Compositecon�denceestimatorsexploit thebestcharacteristicsof multiplecon�dence
estimatorsto provide enhancedcontrol over speculation.Compositecon�denceestimatorsareable to achieve
high degreesof accuracy evenwhenmispredictionratesarelow, unlike previously proposedestimators.We have
shown that our new estimatorsareable to give a wider rangeof control over the trade-off betweenSPEC and
PVN aswell asincreasedaccuracy in bothdimensions.Usingacycle-level microarchitecturalsimulator, we have
shown how our new estimatorsenablepipelinegatingto deliver morelevelsof energy savingswith lesssacri�ce
in performance. The implicationsof this and other work in con�denceestimationreachfar beyond a single
application.For future work, we plan on morefully exploring the spaceof compositecon�denceestimatorsas
well asmeasuringtheperformanceof con�denceestimatorswith respectto a wide varietyof microarchitectural
applications.
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