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Abstract

This paperpresentsa new methodfor branch prediction that is highly accurate. Thekey idea is to
useoneof thesimplestpossibleneural methods,theperceptron, asan alternativeto thecommonlyused
two-bit counters. Thesourceof our predictor's accuracyis its ability to uselonghistorylengths,because
thehardware resourcesfor our methodscalelinearly, ratherthanexponentially, with thehistorylength.

Wedescribetwoversionsof perceptron predictors,andweevaluatethesepredictors with respectto �ve
well knownpredictors. Weshowthat for a 4K bytehardware budget, a simpleversionof our methodthat
usesa global historyachievesa mispredictionrateof 1.94%on theSPEC2000integer benchmarks,an
improvementof 53% over gshare. We also describea global/local version of our predictor that is 36%
more accurate thantheMcFarling-stylehybrid predictorof theAlpha21264.Becausethis variantof the
perceptron predictoris moreaccuratethanEvers' multi-componentpredictorfor hardware budgetsof up
to 256KB,weconcludethatours is themostaccuratedynamicpredictorcurrentlyavailable.

To explore the feasibility of our ideas,we provide a circuit-level designof the perceptron predictor
anddescribetechniquesthat allow our complex predictor to operate quickly. Finally, weshowhowthe
relativelycomplex perceptron predictor can be usedin modernCPUsby having it override a simpler,
quicker Smithpredictor, providing IPC improvementsof 15.8%overgshare and5.7%over theMcFarling
hybridpredictor.



1 Intr oduction

Moderncomputerarchitecturesincreasinglyrely onspeculationto boostinstruction-level parallelism.For
example,datathat is likely to bereadin thenearfuture is speculatively prefetched,andpredictedvalues
arespeculatively usedbeforeactualvaluesareavailable[13, 30]. Accuratepredictionmechanismshave
beenthe driving force behindthesetechniques,so increasingthe accuracy of predictorsincreasesthe
performancebene�t of speculation.Machinelearningtechniquesoffer thepossibilityof further improv-
ing performanceby increasingpredictionaccuracy. In this paper, we show that oneparticularmachine
learningtechniquecanbeimplementedin hardwareto improve branchprediction.

Branchpredictionis anessentialpartof modernmicroarchitectures.Ratherthanstallwhenabranchis
encountered,a pipelinedprocessorusesbranchpredictionto speculatively fetchandexecuteinstructions
alongthepredictedpath. As pipelinesdeepenandthenumberof instructionsissuedpercycle increases,
thepenaltyfor a mispredictionincreasesandthebene�t of accuratebranchpredictionincreases.Recent
efforts to improve branchpredictionfocusprimarily on eliminatingaliasingin two-level adaptive predic-
tors [22, 20, 28, 6], which occurswhentwo unrelatedbranchesdestructively interfereby usingthesame
predictionresources.We take a differentapproach—onethatis largely orthogonalto previouswork—by
improving theaccuracy of thepredictionmechanismitself.

Ourwork buildson theobservationthatall existing two-level techniquesusetablesof saturatingcoun-
ters.Sinceneuralnetworksareknown to provide goodpredictive capabilities,it is naturalto askwhether
we canimprove accuracy by replacingthesecounterswith neuralnetworks. However, mostneuralnet-
workswouldbeprohibitively expensiveto implementasbranchpredictors,soweexploretheuseof simple
arti�cial neuronssuchfrom which theseneuralnetworks arebuilt. Thesearti�cial neurons,suchasthe
perceptron[24], have severalattractive propertiesthatdifferentiatethemfrom neuralnetworks. They are
easierto understand,they aresimplerto implementandtune,they train faster, andthey arecomputation-
ally muchlessexpensive.

In this paper, we explorevarioustypesof arti�cial neuronsandproposea two-level schemethatuses
perceptronsinsteadof two-bit counters. A key advantageof our approachis its ability to utilize long
branchhistory lengths. In our predictor, eachstatic branchis ideally allocatedits own perceptronto
predictthebranchoutcome,andthespacerequiredby ourschemescaleslinearlywith thehistorylength.
In contrast,traditionaltwo-level adaptive schemesusea patternhistorytable(PHT) of two-bit saturating
counters,indexed by a history shift register that storesthe outcomesof previous branches.This PHT
structurelimits thelengthof thehistoryregisterto thelogarithmof thenumberof counters.Thus,for the
samehardwarebudget,ourpredictorcanconsidermuchlongerhistoriesthanPHT-basedschemes,which
leadsto highaccuracy. For example,for a4KB hardwarebudget,aPHT-basedpredictorcanuseahistory
lengthof 14,while aversionof ourpredictorcanuseahistorylengthof 34.

This paperdescribesandevaluatesvariousperceptronpredictors.We show that theperceptronworks
well for the classof linearly separable branches, a term we introduce. We also show that programs
tendto have many linearly separablebranchesandthat while perceptronsareunableto predictlinearly
inseparablebranches,PHT-basedschemesalsohave troublepredictingsuchbranches.

This papermakesthefollowing contributions:

� We introducethe perceptronpredictor, the �rst dynamicpredictorto successfullyuseneuralnet-
works,andwe show that it is moreaccuratethanexisting dynamicglobalbranchpredictors.For a
4K bytehardwarebudget,our globalpredictorimprovesmispredictionrateson theSPEC2000in-
tegerbenchmarksby 53%overagsharepredictorof thesamesizeandby 27%over theMcFarling-
stylehybridpredictorof theAlpha21264.1

1Theseresultsdiffer from our previously publishednumbersbecauseour new methodologyusesthe Alpha instructionset,
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� Wedescribeaversionof theperceptronpredictorthatusesbothglobalandper-branchinformation,
yielding mispredictionratesthatare36%moreaccuratethantheMcFarling-stylehybrid predictor,
which is the mostaccuratepredictorthat is known to have beenimplementedin silicon. We also
show thatthispredictoris moreaccuratethanEvers' multi-componentpredictor[10], makingit the
mostaccurateknown dynamicpredictor.

� We provide a circuit-level designof the perceptronpredictor. Using conceptsfrom binary arith-
metic, we show how to constructan ef�cient circuit for computingthe perceptronoutput. With
transistor-level simulations,wemeasurethelatency of ourperceptronoutputcircuit.

� Wesuggesthow theperceptronpredictor, despiteits complex design,canbeimplementedandused
in modernCPUs.In particular, weintroduceahierarchicalpredictorin whichaperceptronpredictor
overridesa fasterSmithpredictor. We show thatthisoverridingperceptronpredictorimprovesIPC
by 15.8%over gshare and5.7%over theMcFarling-stylehybridpredictor.

� We show that the chief advantageof our predictorover PHT-basedpredictorsis the ability to use
long historylengths.

2 RelatedWork

In this section,weexplorerelatedwork in dynamicbranchpredictionandneuralsystems.

2.1 Dynamic Branch Prediction

Dynamicbranchpredictionhasbeenthefocusof intensestudyin theliterature.Recentresearchfocuses
on re�ning the two-level schemeof Yeh and Patt [32]. In this scheme,a patternhistory table (PHT)
of two-bit saturatingcountersis indexed by a combinationof branchaddressandglobal or per-branch
history. The high bit of the counteris taken asthe prediction. Oncethe branchoutcomeis known, the
counteris incrementedif thebranchis taken,anddecrementedotherwise.An importantproblemin two-
level predictorsis aliasing[25], andmany of therecentlyproposedbranchpredictorsseekto reducethe
aliasingproblem[22, 20, 28, 6] but do not changethe basicpredictionmechanism.Given a generous
hardwarebudget,many of thesetwo-level schemesperformaboutthesameasoneanother[6].

Most two-level predictorscannotconsiderlong history lengths,which becomesa problemwhenthe
distancebetweencorrelatedbranchesis longerthanthelengthof aglobalhistoryshift register[9]. Evenif
aPHTschemecouldsomehow implementlongerhistorylengths,it wouldnothelpbecauselongerhistory
lengthsrequirelongertrainingtimesfor thesemethods[23].

Variablelengthpathbranchprediction[29] is oneschemefor consideringlongerpaths. It avoids the
PHTcapacityproblemby computingahashfunctionof theaddressesalongthepathto thebranch.It usesa
complex multi-passpro�ling andcompiler-feedbackmechanismthatis impracticalfor a realarchitecture,
but it achievesgoodperformancebecauseof its ability to considerlongerhistories.

2.2 Neural Methodsand Computer Ar chitecture

Neuralsystemsandotherformsof machinelearninghavebeensuggestedfor severalcomputerarchitecture
applications.

which allows us to get simulatedIPC resultsfrom SimpleScalar[3]. We discussthe impactof this methodologicalchangein
Section6.1.

2



Static branch prediction with neural networks. Neuralnetworks have beenusedto performstatic
branchprediction[4], wherethe likely directionof a branchis predictedat compile-timeby supplying
programfeatures,suchascontrol-�ow andopcodeinformation,asinput to a trainedneuralnetwork. This
approachachieves an 80% correctpredictionrate,comparedto 75% for staticheuristics[1, 4]. Static
branchpredictionperformsworsethan existing dynamictechniques,but can be useful for performing
staticcompileroptimizationsandproviding extra informationto dynamicbranchpredictorssuchasthe
agreepredictor[28].

Branch prediction and geneticalgorithms. Neuralnetworksarepartof the�eld of machinelearning,
whichalsoincludesgeneticalgorithms.EmerandGloy usegeneticalgorithmsto “evolve” branchpredic-
tors[7], but it is importantto notethedifferencebetweentheir work andours.Theirwork usesevolution
to designmoreaccuratepredictors,but the endresult is somethingsimilar to a highly tunedtraditional
predictor. We insteadplaceintelligencein the microarchitecture,so the branchpredictorcanlearnand
adapton-line. In fact,EmerandGloy's approachcannotdescribeournew predictor.

Neural Networks for Resource Allocation. Neuralnetworks learnedthroughevolutionarycomputa-
tion have beenproposedas a methodfor managingon-chip resourcesfor chip multiprocessors[12].
Whencomparedwith staticpartitioning,performanceis improved 13% whena neuralnetwork is used
to dynamicallyassignapoolof L2 cachebanksto asetof cores.

3 Neural Systems

In thissectionwedescribethebasicsof how arti�cial neuralsystemswork,weexplainhow neuralmethods
might beappliedto dynamicbranchprediction,andexplain why we choosetheperceptronin particular
for branchprediction.

Neuralsystemsemploy someof thepropertiesof biologicalneuralnetworks,suchasbrainsandnervous
systems,for computationaltaskssuchaspredictionandregression.Arti�cial neuralnetworks learn to
computea functionusingexampleinputsandoutputs.Neuralnetworks have beenusedfor a varietyof
applications,including patternrecognition,classi�cation [11], and imageunderstanding[19, 15]. The
generalideaof neuralcomputationis that many processingnodes,known asneurons, areconnectedto
eachother in a network. Data is fed into input unit neurons,and propagatedthroughthe network to
outputunit neurons,wheretheresultsof thecomputationcanberead.A trainingalgorithmstrengthensor
weakenstheconnectionsbetweenneurons.

Neural systemslearna generalsolution to a problemfrom speci�c examples. Generally, the more
examplesthereare, the better the solution will be. Neural systemsseemparticularly well-suitedfor
microarchitecturalpredictionproblems,sinceprocessorsexecutehundredsof millions of instructionseach
second,providing amplelearningexamples.

3.1 Prediction with Neural Methods

Predictionwith neuralmethodsis a rich areaof study. Neuralmethodsarecapableof classi�cation, i.e.,
predictingwhich of a setof classesa particularinstancewill fall into. Supposea set � is partitionedinto

� classes,andwe arefacedwith theproblemof determining,for anarbitraryelement����� , whatclass
� is in. The elementsof � have certainfeatureswhich correlatewith their classi�cations. An arti�cial
neuralnetwork canlearncorrelationsbetweenthesefeaturesandthe classi�cation. An arti�cial neural
network is a collectionof neurons,someof which receive input andsomeof which produceoutput,that
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are connectedby links. Eachlink hasa weight associatedwith it that determinesthe strengthof the
connection[11]. For a classi�cationproblemsuchasdecidingto which of � classesan input � belongs,
thereare � outputneurons.In thespecialcasewherethereareonly two classes,thereis only oneoutput
neuron.Eachneuroncomputesits outputfrom thesumof its input usinganactivationfunction. During
a trainingphase,theweightsareadjustedusinga trainingalgorithm.Thealgorithmusesa setof training
data,whichareorderedpairsof inputsandcorrespondingoutputs.Theneuralnetwork learnscorrelations
betweentheinputsandoutputs,andgeneralizethis learningto otherinputs.To predictwhichclassanew
input � is in, we supply � to the input unitsof the trainedneuralnetwork, propagatethevaluesthrough
thenetwork, andexaminethe � outputneurons.We classify � accordingto theneuronwith thestrongest
output. In the specialcasewhere �
	�� , thereis only oneoutputneuron;in this case,we classify �

accordingto whethertheoutputvalueexceedsacertainthreshold,typically 0 or 


� .

3.2 Potential Applications to Micr oarchitecture

Neurallearningmethodshave thepotentialto enhancemicroarchitecturaltechniques,replacingthemore
primitive predictorscurrentlyused.Someof thepossibleapplicationsnotyetexploredare:

� BranchPrediction.For dynamicbranchprediction,the inputsto a neurallearningmethodarethe
binaryoutcomesof recentlyexecutedbranches,andtheoutputis a predictionof whetheror not a
branchwill be taken. Eachtime a branchis executedandthe true outcomebecomesknown, the
history that led to this outcomecanbe usedto train the neuralmethodon-line to producea more
accurateresultin thefuture.

� ValuePrediction.Neuralnetworkscouldbeusedto predictwhich of a setof valuesis likely to be
theresultof a loadoperation,enablingspeculationon thatvalue.

� CacheReplacementPolicy. Neuralnetworks could be usedto adaptto the behavior of program
accesspatternandimplementspecializedcachereplacementpoliciesfor reducedcachemissrates.

� Next TracePrediction.As anaturalextensionof thebranchpredictioncapabilitiesof neurallearning
techniques,neuralnetworks could be usedto predictwhich of several possibletracesshouldbe
fetchedfrom thetracecache.

3.3 Neural Learning for Dynamic Branch Prediction

Thereareseveralsimpleneurallearningmethodsthatcouldpotentiallybeusedin adynamicbranchpre-
dictor. In particular, the ADALINE neuron[31], Hebb learning[11], and the Block perceptron[2] are
simplemethodsin whichasingleneuronis usedfor computationandtrainedwith asimplealgorithm.We
usedtheSPEC95benchmarksto comparetheaccuracy of eachof thesemethods.We alsoevaluatedthe
accuracy of a morecomplex multi-layer perceptronwith back-propagation[11]. This back-propagation
methodis representative of commonlyusedneuralnetworks,andit wasincludedsolelyto explorethelim-
its of neurallearningtechniquesin dynamicbranchprediction.Becauseof its implementationcomplexity,
thereis noway to implementback-propagationin hardwaresuchthatapredictioncanbeproducedin just
a few cycles.

Our resultsshowed that the perceptronwasthe mostaccurateof the four techniques.We found that
Hebblearningyields poor branchpredictionaccuracy dueto its inability to learneven simplepatterns.
While ADALINE yielded similar predictionaccuracy to the perceptron,the ADALINE neuronsrequire
twice asmuchspaceto representthe weightswith suf�cient accuracy. Interestingly, we found that the
perceptronlearnsfasterandyieldsmoreaccuratepredictionthanback-propagation.For instance,on the
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SPEC95benchmark126.gcc , perceptronsachieve a 2.44%mispredictionrate,comparedwith 3.33%
for back-propagation.

Anotherbene�t of perceptronsis thatby examiningtheir weights, i.e., thecorrelationsthatthey learn,
it is easyto understandthe decisionsthat they make. By contrast,a criticism of many neuralnetworks
is that it is dif�cult or impossibleto determineexactly how the neuralnetwork is making its decision.
Techniqueshave beenproposedto extractrulesfrom neuralnetworks[26], but theserulesarenot always
accurate.Perceptronsdo not suffer from this opaqueness;the perceptron's decision-makingprocessis
easyto understandastheresultof asimplemathematicalformula.

4 Branch Prediction with Perceptrons

This sectionprovidesthebackgroundneededto understandour predictor. We describeperceptrons,ex-
plainhow they canbeusedin branchprediction,anddiscusstheir strengthsandweaknesses.Ourmethod
is essentiallya two-level predictor, replacingthepatternhistorytablewith a tableof perceptrons.
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Figure1: PerceptronModel. The input values ,�-/.1020302.4,65 , arepropagatedthroughthe weightedconnectionsby
taking their respective productswith the weights 78-9.1020203.47:5 . Theseproductsare summed,along with the bias
weight 7:; , to producetheoutputvalue < .

4.1 How PerceptronsWork

Theperceptronwasintroducedin 1962[24] asa way to studybrain function. We considerthesimplest
of many typesof perceptrons[2], a single-layerperceptron consistingof onearti�cial neuron connecting
several input unitsby weightededgesto oneoutputunit. A perceptronlearnsa target Booleanfunction

=?>

�


A@/BCBCBC@

���ED of � inputs. In our case,the �F� arethebits of a globalbranchhistoryshift register, andthe
target function predictswhethera particularbranchwill be taken. Intuitively, a perceptronkeepstrack
of positive andnegative correlationsbetweenbranchoutcomesin theglobalhistoryandthebranchbeing
predicted.

Figure 1 shows a graphicalmodel of a perceptron.A perceptronis representedby a vectorwhose
elementsaretheweights.For ourpurposes,theweightsaresignedintegers.Theoutputis thedotproduct
of theweightsvector, "G#9HIH � , andthe input vector, �




HIH � ( �E# is alwayssetto 1, providing a “bias” input).
Theoutput � of aperceptronis computedas

�J	K"$#ML

�

N

�PO




���Q")�

B

The inputsto our perceptronsarebipolar, i.e., each �R� is either-1, meaningnot taken or 1, meaning
taken.A negativeoutputis interpretedaspredictnot taken.A non-negativeoutputis interpretedaspredict
taken.
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4.2 Training Perceptrons

Oncetheperceptronoutput � hasbeencomputed,thefollowing algorithmis usedto train theperceptron.
Let

=

be-1 if thebranchwasnot taken,or 1 if it wastaken,andlet S bethethreshold, a parameterto the
trainingalgorithmusedto decidewhenenoughtraininghasbeendone.

if signTP<VU4W9XZY\[

]_^ or ` <VU4W9X!`badc then
for e := 0 to f do

7hgji

]

7hglk

^

,mg

end for
end if

Since
=

and �n� are always either -1 or 1, this algorithm incrementsthe o

th weight when the branch
outcomeagreeswith �E� , anddecrementstheweightwhenit disagrees.Intuitively, whenthereis mostly
agreement,i.e., positive correlation,theweightbecomeslarge. Whenthereis mostlydisagreement,i.e.,
negative correlation,the weight becomesnegative with large magnitude.In both cases,the weight has
a large in�uence on the prediction. Whenthereis weakcorrelation,the weight remainscloseto 0 and
contributeslittle to theoutputof theperceptron.

4.3 Linear Separability

A limitation of perceptronsis that they areonly capableof learninglinearly separable functions[11].
Imaginethe set of all possibleinputs to a perceptronas an � -dimensionalspace. The solution to the
equation

"$#ML

�

N

�PO




���Q")�R	Kp

is ahyperplane(e.g.a line, if �d	q� ) dividing thespaceinto thesetof inputsfor whichtheperceptronwill
respondfalseandthesetfor which theperceptronwill respondtrue [11]. A Booleanfunctionover vari-
ables�




HIH � is linearly separableif andonly if thereexist valuesfor "r#9HIH � suchthatall of thetrue instances
canbe separatedfrom all of the falseinstancesby that hyperplane.Sincethe outputof a perceptronis
decidedby theabove equation,only linearlyseparablefunctionscanbelearnedperfectlyby perceptrons.
For instance,a perceptroncanlearnthelogical AND of two inputs,but not theexclusive-OR,sincethere
is no line separatingtrue instancesof theexclusive-ORfunctionfrom falseoneson theBooleanplane.

As we will show later, many of the functionsdescribingthe behavior of branchesin programsare
linearlyseparable.Also, sinceweallow theperceptronto learnover time,it canadaptto thenon-linearity
introducedby phasetransitionsin programbehavior. A perceptroncanstill give goodpredictionswhen
learninga linearly inseparablefunction, but it will not achieve 100%accuracy. By contrast,two-level
PHTschemeslike gshare canlearnany Booleanfunctionif givenenoughtrainingtime.

4.4 Branch Prediction with Perceptrons

We canusea perceptronto learncorrelationsbetweenparticularbranchoutcomesin the global history
andthebehavior of thecurrentbranch.Thesecorrelationsarerepresentedby theweights.Thelarger the
weight,thestrongerthecorrelation,andthemorethatparticularbranchin theglobalhistorycontributes
to thepredictionof thecurrentbranch.Theinput to thebiasweight is always1, so insteadof learninga
correlationwith apreviousbranchoutcome,thebiasweight, "r# , learnsthebiasof thebranch,independent
of thehistory.
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The processorkeepsa tableof s perceptronsin fastSRAM, similar to the tableof two-bit counters
in otherbranchpredictionschemes.Thenumberof perceptrons,s , is dictatedby thehardwarebudget
andnumberof weights,which itself is determinedby the amountof branchhistory we keep. Special
circuitry computesthevalueof � andperformsthetraining.Wediscussthis circuitry in Section5. When
theprocessorencountersa branchin thefetchstage,thefollowing stepsareconceptuallytaken:

1. Thebranchaddressis hashedto produceanindex ot�

p

BCB

svu

�

into thetableof perceptrons.

2. The o

th perceptronis fetchedfrom thetableinto avectorregister, w

#9HIH � , of weights.

3. Thevalueof � is computedasthedotproductof w andtheglobalhistoryregister.

4. Thebranchis predictednot takenwhen � is negative,or takenotherwise.

5. Oncethe actualoutcomeof thebranchbecomesknown, the trainingalgorithmusesthis outcome
andthevalueof � to updatetheweightsin w .

6. w is writtenbackto the o

th entryin thetable.

It mayappearthat predictionis slow becausemany computationsandSRAM transactionstake place
in steps1 through5. However, Section5 shows thata numberof arithmeticandmicroarchitecturaltricks
enableapredictionin asinglecycle,evenfor long historylengths.

5 Implementation

This sectionexploresthe designspacefor perceptronpredictorsanddiscussesdetailsof a circuit-level
implementation.

5.1 DesignSpace

Given a �x ed hardwarebudget,threeparametersneedto be tunedto achieve the bestperformance:the
historylength,thenumberof bitsusedto representtheweights,andthethreshold.

History length. Longhistorylengthscanyield moreaccuratepredictions[9] but alsoreducethenumber
of tableentries,therebyincreasingaliasing.In our experiments,thebesthistorylengthsrangedfrom 4 to
66, dependingon thehardwarebudget.Theperceptronpredictorcanusemorethanonekind of history.
Wehave usedbothpurelyglobalhistoryaswell asacombinationof globalandper-branchhistory.

Representationof weights. The weightsfor the perceptronpredictoraresignedintegers. Although
many neuralnetworks have �oating-point weights,we found that integersaresuf�cient for our percep-
trons,andthey simplify thedesign.We �nd thatusing8 bit weightsprovidesthebesttrade-off between
accuracy andhardwarebudget.

Thr eshold. The thresholdis a parameterto the perceptrontraining algorithm that is usedto decide
whetherthepredictorneedsmoretraining.

5.2 Cir cuit-Level Implementation

Here,wediscussgeneraltechniquesthatwill allow usto implementaquickperceptronpredictor. Wethen
give moredetailedresultsof a transistor-level simulation.
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Computing the Perceptron Output. Thecritical pathfor makingabranchpredictionincludesthecom-
putationof the perceptronoutput. Thus, the circuit that evaluatesthe perceptronshouldbe as fast as
possible. Several propertiesof the problemallow us to make a fastprediction. Since-1 and1 arethe
only possibleinput valuesto the perceptron,multiplication is not neededto computethe dot product.
Instead,we simply addwhenthe input bit is 1 andsubtract(addthe two's-complement)whenthe input
bit is -1. In practice,we have foundthataddingtheone's-complement,which is a goodestimatefor the
two's-complement,works just aswell andletsusavoid thedelayof a smallcarry-propagateadder. This
computationis similar to that performedby multiplication circuits, which must �nd the sumof partial
productsthatareeacha functionof anintegerandasinglebit. Furthermore,only thesignbit of theresult
is neededto makeaprediction,sotheotherbitsof theoutputcanbecomputedmoreslowly withouthaving
to wait for aprediction.In thispaper, we reportonly resultsthatsimulatethiscomplementationidea.

Training. Thetrainingalgorithmof Section4.2canbeimplementedef�ciently in hardware.Sincethere
areno dependencesbetweenloop iterations,all iterationscanexecutein parallel. Sincein our caseboth

��� and
=

canonly be-1 or 1, theloopbodycanberestatedas“increment"x� by 1 if
=

	K�n� , anddecrement
otherwise,” aquickarithmeticoperationsincethe "y� are8-bit numbers:

for each bit in parallel
if ^R]

,
g then

7
g := 7

g
k_z

else
7hg := 7hg|{�z

end if

Cir cuit-Level Simulation. Usingacustomlogic designprogramandtheHSPICEandCACTI 2.0sim-
ulatorswe designedandsimulateda hardwareimplementationof theelementsof thecritical pathfor the
perceptronpredictorfor several tablesizesandhistory lengths.We usedCACTI, a cachemodelingtool,
to estimatetheamountof timetakento readthetableof perceptrons,andweusedHSPICEto measurethe
latency of ourperceptronoutputcircuit.

Theperceptronoutputcircuit acceptsinputsignalsfrom theweightsarrayandfrom thehistoryregister.
As weightsareread,they arebitwiseexclusive-ORedwith thecorrespondingbitsof thehistoryregister. If
the o

th historybit is set,thenthisoperationhastheeffectof takingtheone's-complementof the o

th weight;
otherwise,theweight is passedunchanged.After theweightsareprocessed,their sumis foundusinga
Wallace-treeof 3-to-2carry-saveadders[5], whichreducestheproblemof �nding thesumof � numbersto
theproblemof �nding thesumof � numbers.The�nal two numbersaresummedwith acarry-lookahead
adder. The Wallace-treehasdepth }

>•~C€b•

�‚D , andthe carry-lookaheadadderhasdepth }

>•~C€b•

�‚D , so the
computationis relatively quick. Thesignof thesumis invertedandtakenastheprediction.

Table1 shows thedelayof theperceptronpredictorfor severalhardwarebudgetsandhistory lengths,
simulatedwith HSPICEandCACTI for 180nmprocesstechnology. We obtainthesedelayestimatesby
selectinginputsdesignedto elicit theworst-casegatedelay. We measurethetime it takesfor oneof the
input signalsto crosshalf of ƒj„h„ until the time the perceptronpredictoryields a steady, usablesignal.
For a 4KB hardwarebudgetandhistory lengthof 24, the total time taken for a perceptronpredictionis
2.4 nanoseconds.This worksout to slightly lessthan2 clock cyclesfor a CPUwith a clock rateof 833
MHz, the clock rateof the fastest180 nm Alpha 21264processorasof this writing. The Alpha 21264
branchpredictoritself takes2 clock cyclesto deliver a prediction,soour predictoris within thebounds
of existing technology. Notethata perceptronpredictorwith a historyof 23 insteadof 24 takesonly 2.2
nanoseconds;it is about10%fasterbecausea predictorwith 24 weights(23 for history plus1 for bias)

8



canbeorganizedmoreef�ciently thanpredictorwith 25 weights,for reasonsspeci�c to our Wallace-tree
design.

History TableSize Perceptron Table Total # ClockCycles
Length (bytes) Delay(ps) Delay(ps) Delay(ps) @ 833MHz @ 1.76GHz

4 128 811 386 1197 1.0 2.1
7 256 808 411 1219 1.1 2.2
9 512 725 432 1157 1.0 2.0
13 1K 1090 468 1558 1.3 2.7
17 2K 1170 504 1674 1.4 2.9
23 4K 1700 571 2271 1.9 4.0
24 4K 1860 571 2431 2.0 4.3

Table1: PerceptronPredictorDelay. This tableshows the simulateddelayof the perceptronpredictorat several
tablesizesandhistory lengthcon�gurations.Thedelayof computingtheoutputandfetchingtheperceptronfrom
thetableareshown separately, aswell asin total.

Compensatingfor Delay. Ideally, abranchpredictoroperatesin asingleprocessorclockcycle. Jiménez
et al. study a numberof techniquesfor reducingthe impact of delay on branchpredictors[16]. For
example,a cascadingperceptronpredictorwould usea simplepredictorto anticipatetheaddressof the
next branchto befetched,andit woulduseaperceptronto begin predictingtheanticipatedaddress.If the
branchwereto arrive beforetheperceptronpredictorwere�nished, or if theanticipatedbranchaddress
werefound to be incorrect,a small gshare tablewould be consultedfor a quick prediction. The study
shows thatasimilarpredictor, usingtwo gshare tables,is ableto usethelargertable47%of thetime.

An overridingperceptronpredictorwoulduseaquickgshare predictorto getanimmediateprediction,
startingaperceptronpredictionat thesametime. Thegshare predictionis acteduponby thefetchengine.
Oncetheperceptronpredictioncompletes,bothpredictionsarecompared.If they differ, theactionstaken
by thefetchenginearerolled backandrestartedwith thenew prediction,incurringa smallpenalty. The
Alpha 21264usesthis kind of branchpredictor, with a slower hybrid branchpredictoroverridinga less
accuratebut fasterline predictor[18]. Whena line predictionis overridden,theAlpha predictorincurs
a single-cycle penalty, which is small comparedto the 7-cycle penaltyfor a branchmisprediction. By
pipeliningtheperceptronpredictor, or usingthehierarchicaltechniquesmentionedabove, theperceptron
predictorcanbeusedsuccessfullyin futuremicroprocessors.Theoverridingstrategy seemsparticularly
appropriatesince,aspipelinescontinueto becomedeeper, the costof overridinga lessaccuratepredic-
tor decreasesasa percentageof the costof a full misprediction. We presenta detailedanalysisof the
overridingschemein Section6.4.

6 Resultsand Analysis

To evaluatethe perceptronpredictor, we usesimulationto compareit againstwell-known techniques
from the literature. We �rst comparetheaccuracy of two versionsof theperceptronpredictoragainst5
predictors.We thenevaluateperformanceusingIPC asthemetric, comparingan overridingperceptron
predictoragainstanoverridingMcFarling-stylepredictorat two differentclock rates.Finally, wepresent
analysisto explainwhy theperceptronpredictorperformswell.
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6.1 Methodology

Herewe describeour experimentalmethodology. We discusstheotherpredictorssimulated,thebench-
marksused,thetuningof thepredictors,andotherissues.

Predictors simulated. We compareour new predictoragainstgshare [22], and bi-mode[20], and a
combinationgshare andPAg McFarling-stylehybrid predictor[22] similar to that of the Alpha 21264,
with all tablesscaledexponentiallyfor increasinghardware budgets. For the perceptronpredictor, we
simulateboth a purely global predictor, as well as a predictorthat usesboth global and local history.
This global/localpredictortakessomeinput to theperceptronfrom theglobalhistory register, andother
input from a setof per-branchhistories. For the global/localperceptronpredictor, the extra stateused
by the tableof local historieswasconstrainedto be within 35% of the hardwarebudgetfor the restof
the predictor, re�ecting the designof the Alpha 21264hybrid predictor. For gshare andthe perceptron
predictors,we alsosimulatethe agreemechanism[28], which predictswhethera branchoutcomewill
agreewith a biasbit set in the branchinstruction. The agreemechanismturnsdestructive aliasinginto
constructive aliasing,increasingaccuracy at smallhardwarebudgets.

Our methodologydiffers from our previouswork on theperceptronpredictor[17], which usedtraces
from x86executablesof SPEC2000andonly exploredglobalversionsof theperceptronpredictor. We�nd
thattheperceptronpredictorachievesa largerimprovementoverotherpredictorsfor theAlphainstruction
setthanfor thex86instructionset.Webelievethatthisdifferencestemsfrom theAlpha'sRISCinstruction
set,whichrequiresmoredynamicbranchesto accomplishthesamework, andwhich thusrequireslonger
historiesfor accurateprediction.Becausetheperceptronpredictorcanmake useof longerhistoriesthan
otherpredictors,it performsbetterfor RISCinstructionsets.

Gathering traces. We useSimpleScalar/Alpha[3] to gathertraces.Eachtime thesimulatorexecutesa
conditionalbranch,it recordsthebranchaddressandoutcomein a trace�le. Branchesin librariesarenot
pro�led. Thetracesarefed to aprogramthatsimulatesthedifferentbranchpredictiontechniques.

Benchmarkssimulated. We usethe12 SPEC2000integerbenchmarks.We allow eachbenchmarkto
execute300million branches,which causeseachbenchmarkto executeat leastonebillion instructions.
Weskippastthe�rst 50million branchesin thetraceto measureonly thesteadystatepredictionaccuracy,
without effectsfrom thebenchmarks'initializations.For tuningthepredictors,we usetheSPECtrain
inputs.For reportingmispredictionrates,we testthepredictorson theref inputs.

Tuning the predictors. We tuneeachpredictorfor history lengthusingtracesgatheredfrom theeach
of the12 benchmarksandthetrain inputs. We exhaustively testevery possiblehistory lengthat each
hardwarebudgetfor eachpredictor, keepingthe history lengthyielding the lowestharmonicmeanmis-
predictionrate.For theglobal/localperceptronpredictor, weexhaustively testeachpairof historylengths
suchthat thesumof globalandlocal history lengthis at most50. For theagreemechanism,we setbias
bits in thebranchinstructionsusingbranchbiaseslearnedfrom thetrain inputs.

For theglobalperceptronpredictor, we �nd, for eachhistorylength,thebestvalueof thethresholdby
usinganintelligentsearchof thespaceof values,pruningareasof thespacethatgive poorperformance.
Were-usethesamethresholdsfor theglobal/localandagreeperceptronpredictors.

Table2 shows the resultsof the history length tuning. We �nd an interestingrelationshipbetween
history length and threshold: the bestthreshold S for a given history length … is always exactly S

	

†

�

Bˆ‡b‰

…

L

�?Šb‹

. This is becauseaddinganotherweightto aperceptronincreasesits averageoutputby some
constant,sothethresholdmustbeincreasedby a constant,yielding a linearrelationshipbetweenhistory
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lengthandthreshold.Throughexperimentation,wedeterminethatusing8 bits for theperceptronweights
yieldsthebestresults.

6.2 Impact of History Length on Accuracy

One of the strengthsof the perceptronpredictoris its ability to considermuch longer history lengths
thantraditionaltwo-level schemes,which helpsbecausehighly correlatedbranchescanoccurat a large
distancefrom eachother[9]. Any globalbranchpredictiontechniquethatusesa �x edamountof history
informationwill haveanoptimalhistorylengthfor agivensetof benchmarks.As wecanseefrom Table2,
theperceptronpredictorworksbestwith muchlongerhistoriesthantheothertwo predictors.For example,
with a 4K byte hardwarebudget,gshare works bestwith a history lengthof 14, the maximumpossible
lengthfor gshare. At thesamehardwarebudget,theglobalperceptronpredictorworksbestwith ahistory
lengthof 24.

hardware gshare globalperceptron global/localperceptron
budget history number history number global/local number
in bytes length of entries length of entries history of entries

128 2 512 4 25 8/2 11
256 1 1K 7 32 10/2 19
512 11 2K 9 51 23/2 19
1K 12 4K 13 73 25/5 33
2K 13 8K 17 113 31/5 55
4K 14 16K 24 163 34/10 91
8K 15 32K 28 282 34/10 182
16K 16 64K 47 348 36/11 341

Table2: BestHistory Lengths. This tableshows the bestamountof global history to keepfor gshare andtwo
versionsof theperceptronpredictor, aswell asthenumberof tableentriesfor eachpredictor.
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Figure2: HardwareBudgetvs. PredictionRateonSPEC2000.Thisgraphshowsthemispredictionratesof various
predictorsasa functionof thehardwarebudget.
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6.3 Mispr ediction Rates

Figure 2 shows the harmonicmeanof mispredictionratesachieved with increasinghardware budgets
on the SPEC2000benchmarks.At a 4K byte hardware budget,the global perceptronpredictorhasa
mispredictionrateof 1.94%,an improvementof 53%over gshare at 4.13%and31%over a 6K bytebi-
modeat 2.82%. Whenboth global and local history informationis used,the perceptronpredictorstill
hassuperioraccuracy. A global/localhybrid predictorwith the samecon�guration asthe Alpha 21264
predictorusing3712byteshasa mispredictionrateof 2.67%. A global/localperceptronpredictorwith
3315bytesof statehasa mispredictionrateof 1.71%,representinga 36%decreasein mispredictionrate
over theAlpha hybrid. Theagreemechanismimprovesaccuracy, especiallyat smallhardwarebudgets.
With a small budgetof only 750 bytes,the global/localperceptronpredictorachieves a misprediction
rateof 2.89%,which is lessthanthemispredictionrateof a gshare predictorwith 11 timesthehardware
budget,andlessthanthemispredictionrateof a gshare/agreepredictorwith a 2K bytebudget.Figure3
show themispredictionratesof two PHT-basedmethodsandtwo perceptronpredictorsontheSPEC2000
benchmarksfor hardwarebudgetsof 4K and16K bytes.
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Figure3: MispredictionRatesfor Individual Benchmarks.Thesechartsshow the mispredictionratesof global
perceptron,gshareandbi-modepredictorsat hardwarebudgetsof 4 KB and16KB.
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6.3.1 Lar geHardwareBudgets

As Moore'sLaw continuesto providemoreandmoretransistorsin thesamearea,it makessenseto explore
muchlargerhardwarebudgetsfor branchpredictors.Evers' thesis[10] exploresthedesignspacefor multi-
componenthybrid predictorsusinglarge hardwarebudgets,from 18 KB to 368KB. To our knowledge,
the multi-componentpredictorspresentedin Evers' thesisare the mostaccuratefully dynamicbranch
predictorsknown in previouswork. ThispredictorusesaMcFarling-stylechooserto choosebetweentwo
otherMcFarling-stylehybrid predictors.The �rst hybrid componentjoins a gshare with a shorthistory
to a gshare with a long history. The otherhybrid componentconsistsof a PAs hybridizedwith a loop
predictor, which is capableof recognizingregularloopingbehavior evenfor loopswith long trip counts.

We simulateEvers' multi-componentpredictorsusingthesamecon�gurationparametersgiven in his
thesis.At thesamesetof hardwarebudgets,wesimulateaglobal/localversionof theperceptronpredictor.
Thetuningof this largeperceptronpredictoris notasexhaustive asfor thesmallerhardwarebudgets,due
to thehugedesignspace.Wetunefor thebestglobalhistorylengthon theSPECtrain inputs,andthen
for thebestfractionof globalversuslocalhistoryatasinglehardwarebudget,extrapolatingthisfractionto
theentiresetof hardwarebudgets.As with ourpreviousglobal/localperceptronexperiments,weallocate
35%of thehardwarebudgetsto storingthe tableof local histories.Thecon�guration of theperceptron
predictoris givenin Table3.

Size Global Local Numberof Numberof
(KB) History History Perceptrons LocalHistories
18 38 14 280 2,048
30 40 14 428 4,096
53 50 18 519 8,192
98 54 19 1093 8,192
188 64 23 1652 16,384
368 66 24 3060 32,768

Table3: Con�gurationsfor LargeBudgetPerceptronPredictors.

Figure4 shows the harmonicmeanmispredictionratesof Evers' multi-componentpredictorandthe
global/localperceptronpredictorontheSPEC2000integerbenchmarks.Theperceptronpredictoroutper-
formsthemulti-componentpredictorateveryhardwarebudget,with themispredictionratesgettingcloser
to oneanotherasthehardwarebudgetis increased.Bothpredictorsarecapableof reachingamazinglylow
mispredictionratesatthe368KB hardwarebudget,with theperceptronat0.85%andthemulti-component
predictorat0.93%.

We claim that theseresultsareevidencethat the perceptronpredictoris the mostaccuratefully dy-
namicbranchpredictorknown. We mustpoint out thatwe have not exhaustively tunedeitherthemulti-
componentor theperceptronpredictorsbecauseof thehugecomputationalchallenge.Nevertheless,there
is a clearseparationbetweenthemispredictionratesof themulti-componentandperceptronpredictors,
andbetweentheperceptronandall otherpredictorswe have examinedat lower hardwarebudgets;thus,
wearecon�dent thatourclaimcanbeveri�ed by independentresearchers.

6.4 IPC

Wehaveseenthattheperceptronpredictoris highly accuratebut hasamulti-cycledelayassociatedwith it.
If thedelayis too large,overallperformancemaysuffer astheprocessorstallswaitingfor predictions.We
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Figure4: HardwareBudgetvs. MispredictionRatefor LargePredictors.

now evaluatetheperceptronpredictorin termsof overall processorperformance,measuredin IPC, and
taking into accountpredictoraccessdelay. In particular, we compareanoverridingperceptronpredictor
againsttheoverridinghybridpredictorof theAlpha21264,andweconsidertwo processorcon�gurations.
Onecon�guration usesa moderateclock rate that matchesthe latestAlpha processor, while the other
approximatesthemoreaggressive clock rateanddeeperpipelineof theIntel Pentium4.

This remainderof thissectiondescribescon�gurationsof theoverridingperceptronpredictorfor these
two clock ratesandreportson simulatedIPCfor theSPEC2000benchmark.

6.4.1 Moderate Clock RateSimulations

Currently, thefastestAlphaprocessorin 180nmtechnologyis clockedatarateof 833MHz. At thisclock
rate,boththeperceptronpredictorandAlphahybridpredictordeliver apredictionin two clockcycles.

UsingSimpleScalar/Alpha,we simulatea two-level overridingpredictorsat 833MHz. The�rst level
is a 256-entrySmith predictor[27], i.e., a simpleone-level tableof two-bit saturatingcountersindexed
by branchaddress.This predictorroughlysimulatestheline predictorof theoverridingAlpha predictor.
Our Smith predictorachievesa harmonicmeanaccuracy of 85.2%,which is the sameaccuracy quoted
for theAlpha line predictor[18]. For thesecondlevel predictor, we simulateboththeperceptronpredic-
tor andthe Alpha hybrid predictor. The perceptronpredictorconsistsof 133 perceptrons,eachwith 24
weights.Althoughthe25 weightperceptronpredictorwasthebestchoiceat this hardwarebudgetin our
simulations,the24 weightversionhasmuchthesameaccuracy but is 10%faster. We have observedthat
the ideal ratio of per-branchhistorybits to total historybits is roughly20%,sowe use19 bits of global
historyand4 bitsof per-branchhistoryfrom atableof 1024histories.Thetotalstaterequiredfor thispre-
dictor is 3704bytes,approximatelythesameastheAlpha hybridpredictor, which uses3712bytes.Both
theAlpha hybrid predictorandtheperceptronpredictorincur a single-cycle penaltywhenthey override
theSmithpredictor. We alsosimulatea 2048-entrynon-overriding gshare predictorfor reference.This
gshare useslessstatesinceit operatesin a singlecycle; notethat this is theamountof stateallocatedto
thebranchpredictorin theHP-PA/RISC 8500[21], which usesa clock ratesimilar to thatof theAlpha.
We againsimulatethe 12 SPECint 2000benchmarks,this time allowing eachbenchmarkto execute2
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billion instructions.Wesimulatethe7-cycle mispredictionpenaltyof theAlpha21264.
Whenabranchis encountered,therearefour possibilitieswith theoverridingpredictor:

� The�rst andsecondlevel predictionsagreeandarecorrect.In thiscase,thereis no penalty.

� The �rst and secondlevel predictionsdisagree,and the secondone is correct. In this case,the
secondpredictoroverridesthe�rst, with asmallpenalty.

� The�rst andsecondlevel predictionsdisagree,andthesecondoneis incorrect.In this case,there
is a penaltyequal to the overriding penalty from the previous caseas well as the penaltyof a
full misprediction.Fortunately, thesecondpredictoris moreaccuratethat the �rst, so this caseis
unlikely to occur.

� The�rst andsecondlevel predictoragreeandarebothincorrect.In thiscase,thereis nooverriding,
but thepredictionis wrong,soa full mispredictionpenaltyis incurred.

Figure 5 shows the instructionsper cycle (IPC) for eachof the predictors. Even thoughthereis a
penaltywhentheoverridingAlphaandperceptronpredictorsoverridetheSmithpredictor, their increased
accuraciesmorethancompensatefor this effect, achieving higherIPCsthana single-cycle gshare. The
perceptronpredictoryieldsaharmonicmeanIPCof 1.65,which is higherthantheoverridingpredictorat
1.59,which itself is higherthangshare at 1.53.

6.4.2 Aggressive Clock RateSimulations

The currenttrend in microarchitectureis to deeplypipelinemicroprocessors,sacri�cing someIPC for
the ability to usemuch higher clock rates. For instance,the Intel Pentium4 usesa 20-stageinteger
pipelineat a clock rateof 1.76GHz. In this situation,onemight expecttheperceptronpredictorto yield
poorperformance,sinceit requiressomuchtime to make a predictionrelative to theshortclock period.
Nevertheless,we will show thattheperceptronpredictorcanimprove performanceevenmorethanin the
previouscase,becausethebene�tsof low mispredictionratesaregreater.

At a1.76GHzclockrate,theperceptronpredictordescribedabovewouldtakefour clockcycles:oneto
readthetableof perceptronsandthreeto propagatesignalsto computetheperceptronoutput.Pipelining
theperceptronpredictorwill allow us to getonepredictioneachcycle, so thatbranchesthatcomeclose
togetherdon't have to wait until thepredictoris �nished predictingthepreviousbranch.TheWallace-tree
for this perceptronhas7 levels. With a smallcostin latchdelay, we canpipelinetheWallace-treein four
stages:oneto readtheperceptronfrom thetable,anotherfor the �rst threelevelsof thetree,anotherfor
the secondthreelevels, anda fourth for the �nal level andthe carry-lookaheadadderat the root of the
tree.Thenew perceptronpredictoroperatesasfollows:

1. Whenabranchis encountered,it is immediatelypredictedwith asmallSmithpredictor. Execution
continuesalongthepredictedpath.

2. Simultaneously, thelocal historytableandperceptrontablesareaccessedusingthebranchaddress
asanindex.

3. The circuit that computesthe perceptronoutput takes its input from the global and local history
registersandtheperceptronweights.

4. Four cyclesafter the initial prediction,theperceptronpredictionis available. If it differs from the
initial prediction,instructionsexecutedsincethatpredictionaresquashedandexecutioncontinues
alongtheotherpath.
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5. Whenthebranchexecutes,thecorrespondingperceptronis quickly trainedandstoredbackto the
tableof perceptrons.

Figure6 shows the resultof simulatingpredictorsin a microarchitecturewith characteristicsof the
Pentium4. The mispredictionpenaltyis 20, which simulatesthe long pipelineof the Pentium4. The
Alpha overriding hybrid predictoris conservatively scaledto take 3 clock cycles,while the overriding
perceptronpredictortakes4 clock cycles. The2048-entrygshare predictoris unmodi�ed. Eventhough
theperceptronpredictortakeslongerto makeaprediction,it still yieldsthehighestIPCin all benchmarks
becauseof its superioraccuracy. The perceptronpredictoryields an IPC of 1.48,which is 5.7%higher
thanthatof thehybridpredictorat 1.40.
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Figure5: IPC for overridingperceptronandhybrid predictors.This chartshows the IPCsyieldedby gshare, an
Alpha-like hybrid, andglobal/localperceptronpredictorgiven a 7-cycle mispredictionpenalty. The hybrid and
perceptronpredictorshavea 2-cycle latency, andareusedasoverridingpredictorswith a smallSmithpredictor.

6.5 Training Times

To comparethetrainingspeedsof theperceptronpredictorwith PHT methods,we examinethe�rst 100
timeseachbranchin eachof the SPEC2000benchmarksis executed(for thosebranchesexecutingat
least100times).Figure7 shows theaverageaccuracy of eachof the100predictionsfor eachof thestatic
brancheswith a4KB hardwarebudget.Theaverageis weightedby therelative frequenciesof eachbranch.

Theperceptronmethodlearnsmorequickly thegshare or bi-mode.For theperceptronpredictor, train-
ing time is independentof history length. For techniquessuchasgshare that index a tableof counters,
trainingtime dependson theamountof historyconsidered;a longerhistorymayleadto a largerworking
setof two-bit countersthatmustbeinitialized whenthepredictoris �rst learningthebranch.This effect
hasanegative impactonpredictionrates,andatacertainpoint,longerhistoriesbegin to hurtperformance
for theseschemes[23]. As we will seein thenext section,theperceptronpredictiondoesnot have this
weakness,asit alwaysdoesbetterwith a longerhistorylength.
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Figure6: IPCfor overridingperceptronandhybridpredictorswith longpipelines.ThischartshowstheIPCsyields
by gshare, a hybrid predictoranda global/localperceptronpredictorwith a large mispredictionpenaltyandhigh
clock rate.

6.6 Advantagesof the Perceptron Predictor

We hypothesizethat the main advantageof the perceptronpredictoris its ability to make useof longer
history lengths. Schemeslike gshare that usethe history registerasan index into a tablerequirespace
exponentialin thehistorylength,while theperceptronpredictorrequiresspacelinearin thehistorylength.

To provide experimentalsupportfor our hypothesis,we simulategshare andtheperceptronpredictor
at a 64K hardwarebudget,wherethe perceptronpredictornormally outperformsgshare. However, by
only allowing theperceptronpredictorto useasmany historybits asgshare (18 bits),we �nd thatgshare
performsbetter, with a mispredictionrateof 1.86%comparedwith 1.96%for the perceptronpredictor.
Theinferiorperformanceof thiscrippledpredictorhastwo likely causes:thereis moredestructivealiasing
with perceptronsbecausethey arelarger, andthusfewer, thangshare's two-bit counters,andperceptrons
arecapableof learningonly linearlyseparablefunctionsof their input,while gshare canpotentiallylearn
any Booleanfunction.

Figure8 showstheresultof simulatinggshareandtheperceptronpredictorwith varyinghistorylengths
on theSPEC2000benchmarks.Here,we usea4M bytehardwarebudgetis usedto allow gshare to con-
sider longerhistory lengthsthan usual. As we allow eachpredictorto considerlongerhistories,each
becomesmoreaccurateuntil gshare becomesworseandthenrunsout of bits (sincegshare requiresre-
sourcesexponentialin thenumberof historybits), while theperceptronpredictorcontinuesto improve.
With thisunrealisticallyhugehardwarebudget,gshare performsbestwith ahistorylengthof 23,whereit
achievesamispredictionrateof 1.55%.Theperceptronpredictoris bestatahistorylengthof 66,whereit
achievesamispredictionrateof 1.09%.

6.7 Impact of Linearly InseparableBranches

In Section4.3we pointedout a fundamentallimitation of perceptronsthatperformof�ine training: they
cannotlearnlinearly inseparablefunctions.We now explorethe impactof this limitation on branchpre-
diction.

To relatelinearseparabilityto branchprediction,we de�ne thenotionof linearly separablebranches.
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Figure7: AverageTraining Timesfor SPEC2000benchmarks.The , axis is thenumberof timesa branchhas
beenexecuted.The < -axis is the average,over all branchesin the program,of 1 if the branchwasmispredicted,
0 otherwise.Over time, this statistictrackshow quickly eachpredictorlearns.Theperceptronpredictorachieves
greateraccuracy earlierthantheothertwo methods.

Let …

� be themostrecent� bits of globalbranchhistory. For a staticbranchŒ , thereexists a Boolean
function •bŽ

>

…

�nD thatbestpredictsŒ 's behavior. It is this function, •lŽ , thatall branchpredictorsstrive to
learn. If •bŽ is linearly separable,we saythatbranchŒ is a linearly separablebranch;otherwise,Œ is a
linearly inseparablebranch.

Theoretically, of�ine perceptronscannotpredictlinearly inseparablebrancheswith completeaccuracy,
while PHT-basedpredictorshavenosuchlimitationwhengivenenoughtrainingtime. Doesgsharepredict
linearly inseparablefunctionsbetterthantheperceptronpredictor?To answerthis question,we compute

••Ž

>

…


‘•

D for eachstatic branch Œ in our benchmarksuite and test whetherthe functionsare linearly
separable.

Figure9 shows themispredictionratesfor eachbenchmarkfor a 4K budget,aswell asthepercentage
of dynamicallyexecutedbranchesthat is linearly inseparable.For eachbenchmark,the bar on the left
shows themispredictionrateof gshare, while thebaron theright shows themispredictionrateof aglobal
perceptronpredictor. Eachbar alsoshows, usingshading,the portion of mispredictionsdueto linearly
inseparablebranchesandlinearly separablebranches.We observe two interestingfeaturesof this chart.
First, mostmispredictedbranchesarelinearly inseparable,so linear inseparabilitycorrelateshighly with
unpredictabilityin general. Second,while it is dif�cult to determinewhetherthe perceptronpredictor
performsworsethan gshareon linearly inseparablebranches,we do seethat the perceptronpredictor
outperformsgshare in all casesexcept for 186.crafty , the benchmarkwith the highestfraction of
linearly inseparablebranches.

Somebranchesrequirelongerhistoriesthanothersfor accurateprediction,andtheperceptronpredictor
oftenhasanadvantagefor thesebranches.Figure10showstherelationshipbetweenthisadvantageandthe
requiredhistorylength,with onecurve for linearly separablebranchesandonefor inseparablebranches.
The � axisrepresentstheadvantageof ourpredictor, computedby subtractingthemispredictionrateof the
perceptronpredictorfrom thatof gshare. We sortedall staticbranchesaccordingto their “best” history
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Figure8: HistoryLengthvs. Performance.Thisgraphshowshow accuracy for gshareandtheperceptronpredictor
improvesashistorylengthis increased.Theperceptronpredictoris ableto considermuchlongerhistorieswith the
samehardwarebudget.

length,which is representedon the � axis. Eachdatapoint representstheaveragemispredictionrateof
staticbranches(without regardto executionfrequency) thathave a givenbesthistory length.We usethe
perceptronpredictorin our methodologyfor �nding thesebestlengths: Using a perceptrontrainedfor
eachbranch,we�nd themostdistantof thethreeweightswith thegreatestmagnitude.Thismethodology
is motivatedby the work of Everset al., who show that mostbranchescanbe predictedby looking at
threepreviousbranches[9]. As thebesthistorylengthincreases,theadvantageof theperceptronpredictor
generallyincreasesaswell. Wealsoseethatourpredictoris moreaccuratefor linearlyseparablebranches.
For linearly inseparablebranches,ourpredictorperformsgenerallybetterwhenthebranchesrequirelong
histories,while gshare sometimesperformsbetterwhenbranchesrequireshorthistories.

Linearly inseparablebranchesrequiringlongerhistories,aswell asall linearly separablebranches,are
alwayspredictedbetterwith theperceptronpredictor. Linearly inseparablebranchesrequiringfewer bits
of historyarepredictedbetterby gshare.Thus,thelongerthehistoryrequired,thebettertheperformance
of theperceptronpredictor, evenon thelinearly inseparablebranches.

Wefoundthishistorylengthby �nding themostdistantof thethreeweightswith thegreatestmagnitude
in a perceptrontrainedfor eachbranch,an applicationof the perceptronpredictorfor analyzingbranch
behavior.

6.8 Additional Advantagesof the Perceptron Predictor

Assigningcon�dence to decisions. Our predictorcanprovide a con�dence-level in its predictionsthat
canbeusefulin guidinghardwarespeculation.Theoutput, � , of theperceptronpredictoris notaBoolean
value,but a numberthatwe interpretastaken if �_’“p . Thevalueof � providesimportantinformation
aboutthebranchsincethedistanceof � from 0 is proportionalto thecertaintythatthebranchwill betaken
[15]. Thiscon�dencecanbeused,for example,to allow amicroarchitectureto speculatively executeboth
branchpathswhencon�denceis low, andto executeonly the predictedpathwhencon�denceis high.
Somebranchpredictionschemesexplicitly computea con�dencein their predictions[14], but in our
predictorthis informationcomesfor free. We have observed experimentallythat the probability that a
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Figure9: Linear Separabilityvs. Accuracy at a 4KB budget. For eachbenchmark,the leftmostbar shows the
numberof linearly separabledynamicbranchesin thebenchmark,themiddlebarshows themispredictionrateof
gshare at a 4KB hardwarebudget,andtheright barshows themispredictionrateof theperceptronpredictorat the
samehardwarebudget.

branchwill be taken can be accuratelyestimatedas a linear function of the output of the perceptron
predictor.

Analyzing branch behavior with perceptrons. Perceptronscanbeusedto analyzecorrelationsamong
branches.The perceptronpredictorassignseachbit in the branchhistory a weight. Whena particular
bit is stronglycorrelatedwith a particularbranchoutcome,the magnitudeof the weight is higher than
whenthereis lessor no correlation. Thus, the perceptronpredictorlearnsto recognizethe bits in the
historyof aparticularbranchthatareimportantfor prediction,andit learnsto ignoretheunimportantbits.
This propertyof theperceptronpredictorcanbeusedwith pro�ling to provide feedbackfor otherbranch
predictionschemes.For example,themethodologythatweusein Section6.7couldbeusedwith apro�ler
to provide pathlengthinformationto thevariablelengthpathpredictor[29].

7 Conclusions

In this paperwe have introduceda new branchpredictorthat usesneurallearningtechniques—theper-
ceptronin particular—asthebasicpredictionmechanism.Perceptronsareattractive becausethey canuse
longhistorylengthswithout requiringexponentialresources.A potentialweaknessof perceptronsis their
increasedcomputationalcomplexity whencomparedwith two-bit counters,but we have shown how a
perceptronpredictorcanbeimplementedef�ciently with respectto bothareaanddelay. In particular, we
believe thatthemostfeasibleimplementationis theoverridingperceptronpredictor, whichusesasimpler
Smith predictorto provide a quick predictionthat may be later overridden. For the SPEC2000integer
benchmarks,this overridingpredictorresultsin 36%fewer mispredictionsthana McFarling-stylehybrid
predictor. Anotherweaknessof perceptronsis their inability to learnlinearly inseparablefunctions,but
wehave shown thatthis is a limitation of existingbranchpredictorsaswell.
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Figure10: Classifyingthe Advantageof the PerceptronPredictor. Eachdatapoint is the averagedifferencein
mispredictionratesof the perceptronpredictorandgshare(on the , axis) for lengthfor thosebranches(on the <

axis).Abovethe , axis,theperceptronpredictoris betteronaverage.Below the , axis,gshare is betteronaverage.
For linearly separablebranches,our predictoris on averagemoreaccuratethangshare. For inseparablebranches,
our predictoris sometimeslessaccuratefor branchesthatrequireshorthistories,andit is moreaccurateonaverage
for branchesthatrequirelonghistories.

Wehaveshown thatthereis bene�t to consideringhistorylengthslongerthanthosepreviouslyconsid-
ered.Variablelengthpathbranchpredictionconsidershistorylengthsof up to 23 [29], anda studyof the
effectsof long branchhistorieson branchpredictiononly considerslengthsup to 32 [9]. We have found
thatadditionalperformancegainscanbefoundfor branchhistorylengthsof up to 66.

We have also shown why the perceptronpredictor is accurate. PHT techniquesprovide a general
mechanismthatdoesnot scalewell with history length.Our predictorinsteadperformsparticularlywell
on two classesof branches—thosethatarelinearlyseparableandthosethatrequirelonghistorylengths—
thatrepresenta largenumberof dynamicbranches.

Perceptronshave interestingcharacteristicsthat openup new avenuesfor future work. As notedin
Section6.8, perceptronscan also be usedto guide speculationbasedon branchpredictioncon�dence
levels,andperceptronpredictorscanbe usedin recognizingimportantbits in thehistoryof a particular
branch.
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