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Abstract

Thispaperpresentsa new methodfor branch prediction.The
key idea is to useone of the simplestpossibleneural net-
works, the perceptron, as an alternative to the commonly
usedtwo-bit counters. Our predictorachievesincreasedac-
curacy by makinguseof long branch histories,which are
possiblebecausethe hardware resources for our method
scale linearly with the history length. By contrast, other
purely dynamicschemesrequire exponentialresources.

We describeour designand evaluate it with respectto
twowell knownpredictors. We showthat for a 4K bytehard-
warebudgetour methodimprovesmispredictionratesfor the
SPEC2000 benchmarksby 10.1%over the gsharepredic-
tor. Our experimentsalsoprovide a betterunderstandingof
the situationsin which traditional predictors do and do not
performwell. Finally, wedescribetechniquesthat allow our
complex predictorto operatein onecycle.

1 Intr oduction

Moderncomputerarchitecturesincreasinglyrely onspecula-
tion to boostinstruction-level parallelism.For example,data
that is likely to be read in the near future is speculatively
prefetched,andpredictedvaluesarespeculatively usedbe-
fore actualvaluesareavailable[10, 24]. Accurateprediction
mechanismshave beenthe driving force behindthesetech-
niques,soincreasingtheaccuracy of predictorsincreasesthe
performancebene�t of speculation.Machinelearningtech-
niquesoffer thepossibilityof furtherimproving performance
by increasingpredictionaccuracy. In this paper, we show
thatonemachinelearningtechniquecanbe implementedin
hardwareto improve branchprediction.

Branchpredictionis anessentialpartof modernmicroar-
chitectures. Rather than stall when a branch is encoun-
tered,a pipelinedprocessorusesbranchpredictionto spec-
ulatively fetch andexecuteinstructionsalong the predicted
path. As pipelinesdeepenand the numberof instructions
issuedper cycle increases,the penalty for a misprediction
increases.Recentefforts to improve branchpredictionfo-
cus primarily on eliminating aliasing in two-level adaptive

predictors[17, 16, 22, 4], which occurswhentwo unrelated
branchesdestructively interfereby usingthesameprediction
resources.We take a differentapproach—onethat is largely
orthogonalto previouswork—by improving theaccuracy of
thepredictionmechanismitself.

Our work builds on theobservation thatall existing two-
level techniquesusetablesof saturatingcounters.It' snatural
to askwhetherwe canimprove accuracy by replacingthese
counterswith neuralnetworks, which provide goodpredic-
tive capabilities.Sincemostneuralnetworks would be pro-
hibitively expensive to implementasbranchpredictors,we
explore the useof perceptrons,oneof the simplestpossible
neuralnetworks. Perceptronsare easyto understand,sim-
ple to implement,andhave several attractive propertiesthat
differentiatethemfrom morecomplex neuralnetworks.

Weproposea two-level schemethatusesfastperceptrons
insteadof two-bit counters.Ideally, eachstaticbranchis al-
locatedits own perceptronto predictits outcome.Traditional
two-level adaptive schemesusea patternhistorytable(PHT)
of two-bit saturatingcounters,indexed by a global history
shift registerthat storesthe outcomesof previous branches.
This structurelimits the lengthof the history registerto the
logarithmof the numberof counters.Our schemenot only
usesa moresophisticatedpredictionmechanism,but it can
considermuchlongerhistoriesthansaturatingcounters.

Thispaperexplainswhy andwhenourpredictorperforms
well. Weshow thattheneuralnetwork wehavechosenworks
well for theclassof linearly separable branches, a term we
introduce. We alsoshow that programstend to have many
linearlyseparablebranches.

Thispapermakesthefollowing contributions:
� Weintroducetheperceptronpredictor, the�rst dynamic

predictorto successfullyuseneuralnetworks, andwe
show that it is more accuratethan existing dynamic
globalbranchpredictors.For a 4K bytehardwarebud-
get, our predictorimprovesmispredictionrateson the
SPEC2000integerbenchmarksby 10.1%.

� We explore thedesignspacefor two-level branchpre-
dictors basedon perceptrons,empirically identifying
goodvaluesfor key parameters.

� We provide new insightsinto thebehavior of branches,



classifyingthemaseitherlinearly separableor insepa-
rable. We show that our predictorperformsbetteron
linearly separablebranches,but worseon linearly in-
separablebranches.Thus,our predictoris complemen-
tary to existing predictorsandworks well aspart of a
hybridpredictor.

� We explain why perceptron-basedpredictorsintroduce
interestingnew ideasfor futureresearch.

2 RelatedWork

2.1 Neural networks

Arti�cial neuralnetworks learnto computea functionusing
exampleinputsandoutputs.Neuralnetworkshavebeenused
for a variety of applications,including patternrecognition,
classi�cation[8], andimageunderstanding[15, 13].

Static branch prediction with neural networks. Neu-
ral networkshave beenusedto performstaticbranchpredic-
tion [3], wherethelikely directionof a branchis predictedat
compile-timebysupplyingprogramfeatures,suchascontrol-
�o w andopcodeinformation,asinput to atrainedneuralnet-
work. Thisapproachachievesan80%correctpredictionrate,
comparedto 75% for staticheuristics[1, 3]. Staticbranch
predictionperformsworsethanexistingdynamictechniques,
but is usefulfor performingstaticcompileroptimizations.

Branch prediction and geneticalgorithms. Neuralnet-
works arepart of the �eld of machinelearning,which also
includesgeneticalgorithms.EmerandGloy usegeneticalgo-
rithmsto “evolve” branchpredictors[5], but it is importantto
notethedifferencebetweentheir work andours.Their work
usesevolutionto designmoreaccuratepredictors,but theend
result is somethingsimilar to a highly tunedtraditionalpre-
dictor. We proposeputtingintelligencein themicroarchitec-
ture,so thebranchpredictorcanlearnandadapton-line. In
fact,theirapproachcannotdescribeour new predictor.

2.2 Dynamic Branch Prediction

Dynamicbranchpredictionhasarich historyin theliterature.
Recentresearchfocuseson re�ning the two-level schemeof
Yeh and Patt [26]. In this scheme,a patternhistory table
(PHT) of two-bit saturatingcountersis indexed by a com-
binationof branchaddressandglobalor per-branchhistory.
Thehigh bit of thecounteris taken astheprediction. Once
the branchoutcomeis known, the counteris incremented
if the branchis taken, anddecrementedotherwise. An im-
portantproblemin two-level predictorsis aliasing[20], and
many of the recentlyproposedbranchpredictorsseekto re-
ducethe aliasingproblem[17, 16, 22, 4] but do not change
thebasicpredictionmechanism.Givena generoushardware
budget,many of thesetwo-level schemesperformaboutthe
sameasoneanother[4].

Most two-level predictorscannotconsiderlong history
lengths,which becomesa problem when the distancebe-
tweencorrelatedbranchesis longerthanthelengthof aglobal

historyshift register[7]. Evenif a PHT schemecouldsome-
how implementlongerhistory lengths,it would not helpbe-
causelongerhistorylengthsrequirelongertrainingtimesfor
thesemethods[18].

Variablelengthpathbranchprediction[23] is onescheme
for consideringlonger paths. It avoids the PHT capacity
problemby computingahashfunctionof theaddressesalong
thepathto thebranch.It usesa complex multi-passpro�ling
andcompiler-feedbackmechanismthat is impracticalfor a
real architecture,but it achievesgoodperformancebecause
of its ability to considerlongerhistories.

3 Branch Prediction with Perceptrons

This sectionprovidesthe backgroundneededto understand
ourpredictor. Wedescribeperceptrons,explainhow they can
beusedin branchprediction,anddiscusstheir strengthsand
weaknesses.Our methodis essentiallya two-level predictor,
replacingthepatternhistorytablewith atableof perceptrons.

3.1 Why perceptrons?

Perceptronsare a naturalchoice for branchpredictionbe-
causethey canbeef�ciently implementedin hardware.Other
forms of neural networks, such as thosetrained by back-
propagation,andother forms of machinelearning,suchas
decisiontrees,are lessattractive becauseof excessive im-
plementationcosts.For this work, we alsoconsideredother
simpleneuralarchitectures,suchasADALINE [25] andHebb
learning[8], but we foundthatthesewerelesseffective than
perceptrons(lower hardware ef�ciency for ADALINE, less
accuracy for Hebb).

One bene�t of perceptronsis that by examining their
weights, i.e., thecorrelationsthat they learn,it is easyto un-
derstandthe decisionsthat they make. By contrast,a criti-
cismof many neuralnetworks is that it is dif�cult or impos-
sibleto determineexactly how theneuralnetwork is making
its decision.Techniqueshave beenproposedto extract rules
from neuralnetworks[21], but theserulesarenot alwaysac-
curate.Perceptronsdo not suffer from this opaqueness;the
perceptron's decision-makingprocessis easyto understand
asthe resultof a simplemathematicalformula. We discuss
thispropertyin moredetail in Section5.7.

3.2 How PerceptronsWork

Theperceptronwasintroducedin 1962[19] asawayto study
brain function. We considerthe simplestof many typesof
perceptrons[2], a single-layerperceptron consistingof one
arti�cial neuron connectingseveral input units by weighted
edgestooneoutputunit. A perceptronlearnsatargetBoolean
function �����	��
��
�
�

������ of � inputs.In ourcase,the ��� arethe
bits of a global branchhistory shift register, and the target
function predictswhethera particularbranchwill be taken.
Intuitively, a perceptronkeepstrackof positive andnegative
correlationsbetweenbranchoutcomesin the global history
andthebranchbeingpredicted.

Figure1 shows a graphicalmodelof a perceptron.A per-
ceptronis representedby a vector whoseelementsare the



weights. For our purposes,the weightsaresignedintegers.
The output is the dot productof the weightsvector, ����� � � ,
andtheinput vector, � � � � � ( ��� is alwayssetto 1, providing a
“bias” input). Theoutput � of a perceptronis computedas

�������! 
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The inputsto our perceptronsarebipolar, i.e., each� � is
either-1, meaningnot takenor 1, meaningtaken.A negative
output is interpretedas predict not taken. A non-negative
outputis interpretedaspredicttaken.
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Figure1: PerceptronModel. Theinputvalues:
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agatedthroughthe weightedconnectionsby taking their respective
productswith theweights ?
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?
� . Theseproductsaresummed,

alongwith thebiasweight ?
� , to producetheoutputvalue @ .

3.3 Training Perceptrons

Oncetheperceptronoutput � hasbeencomputed,thefollow-
ing algorithmis usedto train the perceptron.Let � be -1 if
the branchwasnot taken, or 1 if it was taken, andlet A be
the threshold, a parameterto the training algorithmusedto
decidewhenenoughtraininghasbeendone.

if signBC@3D�EGFIHKJ

LNM or O @3D�EPF�OPQSR then
for T := 0 to U do
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end for
end if

Since� and �
� arealwayseither-1 or 1, thisalgorithmin-

crementsthe Z

th weightwhenthebranchoutcomeagreeswith
�

� , anddecrementstheweightwhenit disagrees.Intuitively,
whenthereis mostlyagreement,i.e.,positive correlation,the
weight becomeslarge. Whenthereis mostly disagreement,
i.e., negative correlation,the weight becomesnegative with
largemagnitude.In bothcases,theweighthasa large in�u-
enceon theprediction. Whenthereis weakcorrelation,the
weightremainscloseto 0 andcontributeslittle to theoutput
of theperceptron.

3.4 Linear Separability

A limitation of perceptronsis that they areonly capableof
learninglinearly separable functions[8]. Imaginethesetof

all possibleinputsto aperceptronasan � -dimensionalspace.
Thesolutionto theequation
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is a hyperplane(e.g.a line, if �^�,_ ) dividing thespaceinto
thesetof inputsfor which theperceptronwill respondfalse
andthesetfor which theperceptronwill respondtrue [8]. A
Booleanfunctionovervariables� � � � � is linearly separableif
andonly if thereexist valuesfor � ��� � � suchthatall of thetrue
instancescanbeseparatedfrom all of the falseinstancesby
thathyperplane.Sincetheoutputof a perceptronis decided
by theabove equation,only linearly separablefunctionscan
be learnedperfectlyby perceptrons.For instance,a percep-
tron can learn the logical AND of two inputs, but not the
exclusive-OR,sincethereis no line separatingtrue instances
of theexclusive-ORfunctionfrom falseoneson theBoolean
plane.

As we will show later, many of the functionsdescribing
thebehavior of branchesin programsarelinearly separable.
Also, sincewe allow the perceptronto learn over time, it
canadaptto thenon-linearityintroducedby phasetransitions
in programbehavior. A perceptroncanstill give goodpre-
dictionswhenlearninga linearly inseparablefunction,but it
will not achieve 100%accuracy. By contrast,two-level PHT
schemeslike gshare canlearnany Booleanfunctionif given
enoughtrainingtime.

3.5 Putting it All Together

Wecanuseaperceptronto learncorrelationsbetweenpartic-
ular branchoutcomesin theglobal historyandthebehavior
of thecurrentbranch.Thesecorrelationsarerepresentedby
theweights.The larger theweight, thestrongerthecorrela-
tion, andthemorethatparticularbranchin theglobalhistory
contributesto thepredictionof thecurrentbranch.Theinput
to thebiasweightis always1, soinsteadof learninga corre-
lation with a previous branchoutcome,thebiasweight, ��� ,
learnsthebiasof thebranch,independentof thehistory.

Figure2 shows a block diagramfor the perceptronpre-
dictor. The processorkeepsa table of ` perceptronsin
fastSRAM, similar to the tableof two-bit countersin other
branchpredictionschemes.Thenumberof perceptrons,` ,
is dictatedby the hardwarebudgetandnumberof weights,
which itself is determinedby the amountof branchhistory
we keep. Specialcircuitry computesthevalueof � andper-
forms the training. We discussthis circuitry in Section6.
Whenthe processorencountersa branchin the fetch stage,
thefollowing stepsareconceptuallytaken:

1. Thebranchaddressis hashedto producean index Zba

\c�
� `ed

+

into thetableof perceptrons.

2. The Z

th perceptronis fetchedfrom thetableinto avector
register, f

��� �
� , of weights.

3. Thevalueof � is computedasthedotproductof f and
theglobalhistoryregister.



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

5. Oncetheactualoutcomeof thebranchbecomesknown,
the trainingalgorithmusesthis outcomeandthevalue
of � to updatetheweightsin f .

6. f is writtenbackto the Z

th entryin thetable.

It may appear that prediction is slow becausemany
computationsandSRAM transactionstake placein steps1
through5. However, Section6 shows thata numberof arith-
metic andmicroarchitecturaltricks enablea predictionin a
singlecycle,evenfor longhistorylengths.
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Figure2: PerceptronPredictorBlock Diagram. The branchad-
dressis hashedto selecta perceptronthat is readfrom the table.
Togetherwith theglobalhistoryregister, theoutputof theperceptron
is computed,giving the prediction. The perceptronis updatedwith
thetrainingalgorithm,thenwritten backto thetable.

4 DesignSpace

Thissectionexploresthedesignspacefor perceptronpredic-
tors.Givena�x edhardwarebudget,threeparametersneedto
betunedto achieve thebestperformance:thehistorylength,
the numberof bits usedto representthe weights, and the
threshold.

History length. Long history lengthscanyield moreac-
curatepredictions[7] but alsoreducethenumberof tableen-
tries,therebyincreasingaliasing.In ourexperiments,thebest
historylengthsrangedfrom 12 to 62,dependingonthehard-
warebudget.

Representationof weights. Theweightsfor thepercep-
tronpredictoraresignedintegers.Althoughmany neuralnet-
workshave �oating-point weights,wefoundthatintegersare
suf�cient for our perceptrons,andthey simplify thedesign.

Thr eshold. Thethresholdis aparameterto theperceptron
trainingalgorithmthatis usedto decidewhetherthepredictor
needsmoretraining.Becausethetrainingalgorithmwill only
changea weightwhenthemagnitudeof � D�EGF is lessthanthe
thresholdA , no weightcanexceedthevalueof A . Thus,the
numberof bits neededto representa weight is one(for the
signbit) plus oCprqPsut�APv .

5 Experimental Results

Weusesimulationsof theSPEC2000integerbenchmarksto
comparetheperceptronpredictoragainsttwo highly regarded
techniquesfrom theliterature.

5.1 Methodology

Predictors simulated. We compareour new predictor
againstgshare [17] andbi-mode[16], two of thebestpurely
dynamicglobalpredictorsfrom thebranchpredictionlitera-
ture. We alsoevaluatea hybrid gshare/perceptronpredictor
thatusesa 2K bytechoicetableandthesamechoicemecha-
nismasthatof theAlpha21264[14]. Thegoalof ourhybrid
predictoris to show thatbecausetheperceptronhascomple-
mentarystrengthsto gshare, a hybrid of the two performs
well.

All of the simulatedpredictorsuse only global pattern
information,i.e., neitherper-branchnor pathinformationis
used. Thus, we have not yet comparedour hybrid against
existing global/per-branchhybrid schemes.Per-branchand
pathinformationcanyield greateraccuracy [6, 14], but our
restrictionto global informationis typical of recentwork in
branchprediction[16, 4].

Gathering traces. Our simulationsusethe instrumented
assemblyoutputof the gcc 2.95.1compiler with optimiza-
tion �ags -O3 -fomit-frame-pointer runningon an
AMD K6-III underLinux. Eachconditionalbranchinstruc-
tion is instrumentedto make a call to a trace-generatingpro-
cedure.Branchesin librariesor systemcallsarenotpro�led.
Thetraces,consistingof branchaddressesandoutcomes,are
fed to a programthat simulatesthe differentbranchpredic-
tion techniques.

Benchmarks simulated. We usethe 12 SPEC2000in-
teger benchmarks.All benchmarksaresimulatedusing the
SPECtest inputs. For 253.perlbmk , thetest run ex-
ecutesperl on many small inputs,so the concatenationof
theresultingtracesis used.Wefeedupto 100million branch
tracesfrom eachbenchmarkto our simulationprogram;this
is roughlyequivalentto simulatinghalf abillion instructions.

Tuning the predictors. We usea compositetraceof the
�rst 10 million branchesof eachSPEC2000benchmarkto



tunethe parametersof eachpredictorfor a variety of hard-
warebudgets.For gshare andbi-mode,we tunethe history
lengthsby exhaustively trying every possiblehistory length
for eachhardware budget,keepingthe value that gives the
bestpredictionaccuracy. For the perceptronpredictor, we
�nd, for eachhistory length,the bestvalueof the threshold
by usingan intelligent searchof the spaceof values,prun-
ing areasof thespacethatgive poorperformance.For each
hardware budget,we tune the history lengthby exhaustive
search.

Table1 shows theresultsof thehistorylengthtuning.We
�nd an interestingrelationshipbetweenhistory length and
threshold:thebestthresholdA for a givenhistorylength w is
alwaysexactly A^�xo

+

� y{zPw| 

+�}

v . This is becauseadding
anotherweight to a perceptronincreasesits averageoutput
by someconstant,so the thresholdmust be increasedby a
constant,yieldingalinearrelationshipbetweenhistorylength
andthreshold.Sincethenumberof bitsneededto representa
perceptronweight is one(for thesignbit) plus o~p
qPs�t�APv , the
numberof bits perweightrangefrom 7 (for a history length
of 12) to 9 (for a historylengthof 62).

Ourhybridgshare/perceptronpredictorconsistsof gshare
andperceptronpredictorcomponents,alongwith a mecha-
nism,similar to theonein theAlpha21264[14], thatdynam-
ically choosesbetweenthetwo usinga 2K bytetableof two-
bit saturatingcounters.Our graphsre�ect this addedhard-
ware expense. For eachhardware budget,we tune the hy-
brid predictorby examiningeverycombinationof tablesizes
for thegshare andperceptroncomponentsandchoosingthe
combinationyielding thebestperformance.In almostevery
case,thebestcon�gurationhasresourcesdistributedequally
amongthetwo predictioncomponents.

Estimating areacosts. Our hardwarebudgetsdo not in-
cludethecostof thelogic requiredto dothecomputation.By
examiningdiephotos,we estimatethatat thelongesthistory
lengths,this costis approximatelythesameasthatof 1K of
SRAM.Usingtheparameterstunedfor the4K hardwarebud-
get,we estimatethat theextra hardwarewill consumeabout
thesamelogic as256bytesof SRAM. Thus,thecostfor the
computationhardware is small comparedto the sizeof the
table.

5.2 Impact of History Length on Accuracy

Oneof the strengthsof the perceptronpredictoris its abil-
ity to considermuch longerhistory lengthsthantraditional
two-level schemes,which helps becausehighly correlated
branchescanoccurat a large distancefrom eachother [7].
Any global branchprediction techniquethat usesa �x ed
amountof history informationwill have an optimal history
lengthFor agivensetof benchmarks.As wecanseefrom Ta-
ble 1, theperceptronpredictorworksbestwith muchlonger
historiesthantheothertwo predictors.For example,with a
64K bytehardwarebudget,gshare worksbestwith a history
lengthof 15, even thoughthe maximumpossiblelengthfor
gshare at 64K is 18. At thesamehardwarebudget,theper-
ceptronpredictorworksbestwith a historylengthof 62.

Hardwarebudget History Length
in kilobytes gshare bi-mode perceptron

1 6 7 12
2 8 9 22
4 8 11 28
8 11 13 34
16 14 14 36
32 15 15 59
64 15 16 59
128 16 17 62
256 17 17 62
512 18 19 62

Table1: BestHistory Lengths.This tableshows thebestamount
of globalhistoryto keepfor eachof thebranchpredictionschemes.
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Figure3: HardwareBudgetvs. PredictionRateon SPEC2000.
Theperceptronpredictoris moreaccuratethanthetwo PHTmethods
atall hardwarebudgetsover onekilobyte.

5.3 Performance

Figure 3 shows the harmonic mean of prediction rates
achieved with increasinghardware budgetson the SPEC
2000benchmarks.Theperceptronpredictor'sadvantageover
the PHT methodsis largestat a 4K byte hardware budget,
wherethe perceptronpredictorhasa mispredictionrate of
6.89%,animprovementof 10.1%overgshareand8.2%over
bimode. For comparison,the bi-modepredictor improves
only 2.1% over gshare at the 4K budget. Interestingly, the
SPEC2000 integer benchmarksare,as a whole, easierfor
branchpredictorsthanthe SPEC95benchmarks,explaining
thesmallerseparationbetweengshare andbi-modethanob-
servedpreviously [16].

Figures4 and5 show themispredictionratesontheSPEC
2000benchmarksfor hardwarebudgetsof 4K and16K bytes,
respectively. The hybrid predictorhasno advantageat the
4K budget,sincethreetablesmustbesqueezedinto a small
space.At the 16K budget,the hybrid predictorhasa slight



advantageover theperceptronpredictorby itself.
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Figure4: MispredictionRatesata4K budget.Theperceptronpre-
dictor hasa lower mispredictionratethangshare for all benchmarks
exceptfor 186.crafty and197.parser .

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

5

10

15

20

25

Pe
rc

en
t M

is
pr

ed
ic

te
d

Gshare
Bi-mode
Perceptron
Hybrid Perceptron + Gshare

Figure5: MispredictionRatesat a 16K budget. Gshareoutper-
forms the perceptronpredictoronly on 186.crafty . The hybrid
predictoris consistentlybetterthanthePHTschemes.

5.4 Training Times

To comparethetrainingspeedsof thethreemethods,we ex-
aminethe�rst 40 timeseachbranchin the176.gcc bench-
mark is executed(for thosebranchesexecutingat least40
times). Figure6 shows the averageaccuracy of eachof the
40 predictionsfor eachof the staticbranches.The average
is weightedby the relative frequenciesof eachbranch. We
choose176.gcc becauseit hasthemoststaticbranchesof
all theSPECbenchmarks.
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Figure6: AverageTrainingTimesfor gcc.The : axisis thenum-
berof timesa branchhasbeenexecuted.The @ -axis is theaverage,
overall branchesin theprogram,of 1 if thebranchwasmispredicted,
0 otherwise.Over time,thisstatistictrackshow quickly eachpredic-
tor learns.Theperceptronpredictorachievesgreateraccuracy earlier
thantheothertwo methods.

Theperceptronmethodlearnsmorequickly theothertwo.
For theperceptronpredictor, training time is independentof
historylength.For techniquessuchasgshare thatindex a ta-
ble of counters,training time dependson theamountof his-
toryconsidered;alongerhistorymayleadto alargerworking
setof two-bit countersthatmustbeinitialized whenthepre-
dictor is �rst learningthebranch.This effect hasa negative
impacton predictionrates,andat a certainpoint, longerhis-
toriesbegin to hurt performancefor theseschemes[18]. As
wewill seein thenext section,theperceptronpredictiondoes
nothave thisweakness,asit alwaysdoesbetterwith a longer
historylength.

5.5 Why Doesit Do Well?

We hypothesizethat the main advantageof the perceptron
predictoris its ability to make useof longerhistory lengths.
Schemeslike gshare thatusethehistoryregisterasanindex
into a tablerequirespaceexponentialin the history length,
while the perceptronpredictor requiresspacelinear in the
historylength.

To provide experimentalsupportfor our hypothesis,we
simulategshare andtheperceptronpredictorata512Khard-
ware budget,wherethe perceptronpredictornormally out-
performsgshare. However, by only allowing theperceptron
predictorto useasmany historybits asgshare (18 bits), we
�nd that gshare performsbetter, with a mispredictionrate
of 4.83%comparedwith 5.35%for theperceptronpredictor.
The inferior performanceof this crippledpredictorhastwo
likely causes:thereis moredestructive aliasingwith percep-
tronsbecausethey arelarger, andthusfewer, thangshare's
two-bit counters,and perceptronsare capableof learning
only linearlyseparablefunctionsof their input,while gshare



canpotentiallylearnany Booleanfunction.
Figure7showstheresultof simulatinggshareandtheper-

ceptronpredictorwith varying history lengthson the SPEC
2000benchmarks.Here,an8M bytehardwarebudgetis used
to allow gshare to considerlongerhistorylengthsthanusual.
As weallow eachpredictorto considerlongerhistories,each
becomesmoreaccurateuntil gsharebecomesworseandthen
runsout of bits (sincegshare requiresresourcesexponential
in thenumberof historybits),while theperceptronpredictor
continuesto improve. With this unrealisticallyhugehard-
warebudget,gshare performsbestwith a history lengthof
18,whereit achievesamispredictionrateof 5.20%.Theper-
ceptronpredictoris bestat a historylengthof 62, thelongest
historyconsidered,whereit achievesa mispredictionrateof
4.64%.
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Figure 7: History Length vs. Performance.The accuracy of
theperceptronpredictorimproveswith historylength,while gshare's
accuracy bottomsout at18.

5.6 When DoesIt Do Well?

The perceptronpredictordoeswell when the branchbeing
predictedexhibits linearly separablebehavior. To de�ne this
term,let w

� bethemostrecent� bitsof globalbranchhistory.
For astaticbranch• , thereexistsaBooleanfunction €P•‚�ƒw

�
�

thatbestpredicts• 'sbehavior. It is this function, €G• , thatall
branchpredictorsstrive to learn. If €G• is not linearly sepa-
rable,thengshare may predict • betterthantheperceptron
predictor, andwe saythatsuchbranchesarelinearly insepa-
rable. We compute€

•
�ƒw[�

�
� for eachstaticbranch• in the

�rst 100million branchesof eachbenchmarkandtestfor lin-
earseparabilityof the function. (Our algorithmfor this test
takestime superexponentialin � , sowe areunableto go be-
yond10bitsof historyor 100million dynamicbranches.We
believe thesenumbersaregoodestimatesfor thepurposeof
this discussion.)

Figure 8 shows the mispredictionratesfor eachbench-
mark for a 512K budget,as well as the percentageof dy-
namicallyexecutedbranchesthatis linearly inseparable.We

choosea large hardware budgetto minimize the effects of
aliasingandto isolatethe effectsof linear separability. We
seethattheperceptronpredictorperformsbetterthangshare
for thebenchmarksto theleft, whichhave morelinearlysep-
arablebranchesthan inseparablebranches.Conversely, for
all but oneof the benchmarksfor which therearemorelin-
earlyinseparablebranches,gshare performsbetter. Notethat
althoughthe perceptronpredictorperformsbeston linearly
separablebranches,it still hasgoodperformanceoverall.
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Figure8: Linear Separabilityvs. Performanceat a 512K bud-
get.Theperceptronpredictoris betterthangsharewhenthedynamic
branchesaremostly linearly separable,andit tendsto be lessaccu-
ratethangshareotherwise.

Somebranchesrequirelongerhistoriesthanothersfor ac-
curateprediction,andthe perceptronpredictoroften hasan
advantagefor thesebranches.Figure9 shows the relation-
shipbetweenthis advantageandtherequiredhistory length,
with onecurve for linearly separablebranchesandone for
inseparablebranches.The � axis representsthe advantage
of our predictor, computedby subtractingthemisprediction
rate of the perceptronpredictor from that of gshare. We
sortedall static branchesaccordingto their “best” history
length,which is representedon the � axis. Eachdatapoint
representsthe averagemispredictionrateof staticbranches
(without regard to execution frequency) that have a given
besthistory length. We usethe perceptronpredictorin our
methodologyfor �nding thesebestlengths:Usinga percep-
tron trainedfor eachbranch,we �nd themostdistantof the
threeweightswith the greatestmagnitude.This methodol-
ogy is motivatedby the work of Everset al, who show that
most branchescan be predictedby looking at threeprevi-
ousbranches[7]. As the besthistory length increases,the
advantageof theperceptronpredictorgenerallyincreasesas
well. We alsoseethatour predictoris moreaccuratefor lin-
earlyseparablebranches.For linearly inseparablebranches,
ourpredictorperformsgenerallybetterwhenthebranchesre-
quirelonghistories,while gshare sometimesperformsbetter
whenbranchesrequireshorthistories.
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Figure9: ClassifyingtheAdvantageof our Predictor. Above the
: axis, the perceptronpredictoris betteron average. Below the :

axis, gshare is betteron average. For linearly separablebranches,
ourpredictoris onaveragemoreaccuratethangshare. For insepara-
ble branches,our predictoris sometimeslessaccuratefor branches
that requireshort histories,and it is more accurateon averagefor
branchesthatrequirelonghistories.

5.7 Additional Advantagesof Our Predictor

Assigning con�dence to decisions. Our predictor can
provideacon�dence-level in itspredictionsthatcanbeuseful
in guiding hardwarespeculation.The output, � , of the per-
ceptronpredictoris not a Booleanvalue,but a numberthat
we interpretastaken if �…„,\ . Thevalueof � providesim-
portantinformationaboutthebranchsincethedistanceof �

from 0 is proportionalto thecertaintythatthebranchwill be
taken [13]. This con�dencecanbeused,for example,to al-
low a microarchitectureto speculatively executebothbranch
pathswhencon�denceis low, and to executeonly the pre-
dictedpathwhencon�denceis high. Somebranchpredic-
tion schemesexplicitly computeacon�dencein theirpredic-
tions [11], but in our predictor this information comesfor
free. We have observed experimentallythat the probability
thata branchwill be taken canbe accuratelyestimatedasa
linearfunctionof theoutputof theperceptronpredictor.

Analyzing branch behavior with perceptrons. Percep-
trons can be usedto analyzecorrelationsamongbranches.
The perceptronpredictorassignseachbit in thebranchhis-
tory a weight. When a particular bit is strongly corre-
latedwith a particularbranchoutcome,themagnitudeof the
weight is higher than when there is lessor no correlation.
Thus,theperceptronpredictorlearnsto recognizethebits in
thehistory of a particularbranchthatareimportantfor pre-
diction, and it learnsto ignore the unimportantbits. This
propertyof theperceptronpredictorcanbeusedwith pro�l-
ing to provide feedbackfor otherbranchpredictionschemes.
For example,our methodologyin Section5.6 couldbeused
with a pro�ler to providepathlengthinformationto thevari-
ablelengthpathpredictor[23].

5.8 Effectsof Context Switching

Branchpredictorscan suffer a loss in performanceafter a
context switch, having to warm up while relearningpat-
terns[6]. We simulatethe effects of context switching by
interleaving branchtracesfrom eachof theSPEC2000inte-
gerbenchmarks,switchingto thenext programafter60,000
branches.This workloadrepresentsanunrealisticallyheavy
amountof context switching, but it serves as a good indi-
catorof performancein extremeconditions,andit usesthe
samemethodologyasotherrecentwork [4]. Note that pre-
viousstudieshave usedthe8 SPEC95 integerbenchmarks,
soour useof the12 SPEC2000benchmarkswill likely lead
to higher mispredictionrates. For eachpredictor, we con-
sider the effect of re-initializing the table of countersafter
eachcontext switch(which would bedonewith a privileged
instructionin a realoperatingsystem)andusethis technique
whenit givesbetterperformance.

Figure10showsthatcontext switchingaffectsthepercep-
tron predictormoresigni�cantly thanthe other two predic-
tors.Nevertheless,theperceptronpredictorstill maintainsan
advantageover theothertwo predictorsat hardwarebudgets
of 4K bytesor more. The hybrid gshare/perceptronpredic-
tor performsbetterin thepresenceof context switching;this
bene�t of hybridpredictorshasbeennoticedby others[6].
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Figure10: Budgetvs. MispredictionRatefor SimulatedCon-
text Switching. Theperceptronpredictoris moreaffectedby heavy
context switchingthangshareor bi-mode.

6 Implementation

Wenow suggestwaysto implementourpredictoref�ciently .

Computing the Perceptron Output. Since-1 and1 are
theonly possibleinput valuesto theperceptron,multiplica-
tion is not neededto computethe dot product. Instead,we
simplyaddwhentheinputbit is 1 andsubtract(addthetwo's-
complement)whenthe input bit is -1. This computationis
similar to that performedby multiplication circuits, which



must�nd thesumof partialproductsthatareeacha function
of anintegeranda singlebit. Furthermore,only thesignbit
of theresultis neededto make a prediction,sotheotherbits
of the outputcanbe computedmoreslowly without having
to wait for a prediction.

Training. The training algorithm of Section3.3 can be
implementedef�ciently in hardware. Sincethereareno de-
pendencesbetweenloop iterations,all iterationscanexecute
in parallel.Sincein ourcaseboth ��� and � canonly be-1 or 1,
theloopbodycanberestatedas“increment� � by 1 if �†��� � ,
anddecrementotherwise,” aquickarithmeticoperationsince
the � � areat most9-bit numbers:

for each bit in parallel
if M‡L

:

�

then
?

�

:= ?

�cXmˆ

else
?

�

:= ?

��‰|ˆ

end if

Delay. A Š

}K‹

Š

}

multiplier in a0.25Œ m processcanoper-
atein 2.7nanoseconds[9], which is approximatelytwo clock
cycleswith a 700MHz clock. At thelongerhistory lengths,
animplementationof ourpredictorresemblesa54

‹

54mul-
tiply, but thedatacorrespondingto thepartialproducts(i.e.,
the weights)arenarrower, at most9 bits. Thus,any carry-
propagateadders,of which theremust be at leastone in a
multiplier circuit, will not needto be asdeep. We believe
thata goodimplementationof our predictorat a largehard-
warebudgetwill take nomorethantwo clockcyclesto make
a prediction.For smallerhardwarebudgets,onecycle opera-
tion is feasible.Two cyclesisalsotheamountof timeclaimed
for thevariablelengthpathbranchpredictor[23]. Thatwork
proposespipeliningthepredictorto reducedelay.

Jiménezet al studya numberof techniquesfor reducing
theimpactof delayonbranchpredictors[12]. For example,a
cascadingperceptronpredictorwould usea simplepredictor
to anticipatetheaddressof thenext branchto befetched,and
it would usea perceptronto begin predictingtheanticipated
address.If the branchwere to arrive beforethe perceptron
predictorwere�nished, or if the anticipatedbranchaddress
were found to be incorrect,a small gshare table would be
consultedfor aquickprediction.Thestudyshows thatasim-
ilar predictor, usingtwo gsharetables,is ableto usethelarger
table47%of thetime.

7 Conclusions

In this paperwe have introduceda new branchpredictorthat
usesneuralnetworks—theperceptronin particular—as the
basicpredictionmechanism.Perceptronsare attractive be-
causethey can use long history lengthswithout requiring
exponentialresources.A potentialweaknessof perceptrons
is their increasedcomputationalcomplexity whencompared
with two-bit counters,but we have shown how a perceptron
predictorcanbeimplementedef�ciently with respectto both
areaand delay. Another weaknessof perceptronsis their
inability to learn linearly inseparablefunctions,but despite

thisweaknesstheperceptronpredictorperformswell, achiev-
ing a lower mispredictionrate,at all hardwarebudgets,than
two well-known globalpredictorson theSPEC2000integer
benchmarks.

We have shown that thereis bene�t to consideringhis-
tory lengthslonger thanthosepreviously considered.Vari-
ablelengthpathpredictionconsidershistorylengthsof up to
23 [23], anda studyof the effectsof long branchhistories
onbranchpredictiononly considerslengthsup to 32 [7]. We
have found that additionalperformancegainscanbe found
for branchhistorylengthsof up to 62.

We have alsoshown why the perceptronpredictoris ac-
curate. PHT techniquesprovide a generalmechanismthat
doesnotscalewell with historylength.Ourpredictorinstead
performsparticularlywell ontwo classesof branches—those
thatarelinearlyseparableandthosethatrequirelonghistory
lengths—thatrepresenta largenumberof dynamicbranches.

Becauseour approachis largely orthogonalto many of
the recentideasin branchprediction,thereis considerable
room for future work. We can decreasealiasingby tuning
our predictor to use the bias bits that were introducedby
the Agreepredictor[22]. We canalsoemploy perceptrons
in a hybrid predictorthat usesboth global and local histo-
ries,sincehybrid predictorshave provento work betterthan
purelyglobalschemes[6]. We have preliminaryexperimen-
tal evidencethat suchhybrid schemescan be improved by
using perceptrons,and we intend to continuethis study in
moredetail.

More signi�cantly, perceptronshave interestingcharac-
teristicsthatopenup new avenuesfor futurework. Because
the perceptronpredictorhas different strengthsand weak-
nessesfrom counter-basedpredictors,new hybrid schemes
canbe developed. We alsoplan to develop compiler-based
branchclassi�cationtechniquesto make suchhybrid predic-
tors even more effective. We alreadyhave a startingpoint
for this work, which is to focuson the distinctionbetween
linearly separableand inseparablebranches,and between
branchesthat requireshorthistory lengthsandlong history
lengths.As notedin Section5.7,perceptronscanalsobeused
to guidespeculationbasedon branchpredictioncon�dence
levels,andperceptronpredictorscanbeusedin recognizing
importantbits in thehistoryof a particularbranch.
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