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Abstract

Thispaperpresents new methodor branch prediction. The
key idea is to useone of the simplestpossibleneurl net-
works, the perceptron as an alternativeto the commonly
usedtwo-bit countes. Our predictor achievesincreasedac-
curacy by making use of long branch histories, which are
possiblebecausethe hardware resouces for our method
scale linearly with the history length. By contrast, other
purely dynamicschemesequire exponentialresouces.

We describeour designand evaluateit with respectto
two well knownpredictors. We showthat for a 4K bytehard-
ware budget our methodmprovesmispiedictionratesfor the
SPEC2000 bentimarkshby 10.1% over the gsharepredic-
tor. Our experimentsalso provide a betterundestandingof
the situationsin which traditional predictors do and do not
performwell. Finally, we describetechniquesthat allow our
comple predictorto opeiatein onecycle

1 Intr oduction

Moderncomputerarchitecturegncreasinglyrely on specula-
tion to boostinstruction-leel parallelism.For example,data
that is likely to be readin the nearfuture is speculatrely
prefetched and predictedvaluesare speculatiely usedbe-
fore actualvaluesareavailable[10, 24]. Accurateprediction
mechanisméiave beenthe driving force behindthesetech-
nigues soincreasingheaccurag of predictorancreaseshe
performanceébene t of speculation.Machinelearningtech-
niquesoffer the possibility of furtherimproving performance
by increasingpredictionaccurag. In this paper we shav
thatonemachinelearningtechniquecanbe implementedn
hardwareto improve branchprediction.

Branchpredictionis anessentiapartof modernmicroar
chitectures. Ratherthan stall when a branchis encoun-
tered,a pipelinedprocessousesbranchpredictionto spec-
ulatively fetch and executeinstructionsalong the predicted
path. As pipelinesdeepenand the numberof instructions
issuedper cycle increasesthe penalty for a misprediction
increases.Recentefforts to improve branchpredictionfo-
cus primarily on eliminating aliasing in two-level adaptve
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predictors[17, 16, 22, 4], which occurswhentwo unrelated
brancheslestructvely interfereby usingthe sameprediction
resourcesWe take a differentapproach—on¢hatis largely

orthogonalo previous work—by improving the accurag of

thepredictionmechanisnitself.

Ourwork builds on the obseration thatall existing two-
level techniquesisetablesof saturatingcounterslt' s natural
to askwhetherwe canimprove accurag by replacingthese
counterswith neuralnetworks, which provide good predic-
tive capabilities. Sincemostneuralnetworks would be pro-
hibitively expensve to implementas branchpredictors,we
explore the useof perceptronspne of the simplestpossible
neuralnetworks. Perceptronsre easyto understandsim-
ple to implement,and have several attractve propertieshat
differentiatethemfrom morecomple neuralnetworks.

We proposea two-level schemehatusesfastperceptrons
insteadof two-bit counters.Ideally, eachstaticbranchis al-
locatedits own perceptrorio predictits outcome Traditional
two-level adaptve schemesisea patternhistorytable(PHT)
of two-bit saturatingcounters,indexed by a global history
shift registerthat storesthe outcomesof previous branches.
This structurelimits the length of the history registerto the
logarithmof the numberof counters.Our schemenot only
usesa more sophisticategredictionmechanismput it can
considemuchlongerhistoriesthansaturatingcounters.

This paperexplainswhy andwhenour predictorperforms
well. We shav thattheneuralnetwork we have choserworks
well for the classof linearly sepaable branches atermwe
introduce. We also shawv that programstendto have mary
linearly separabléranches.

This papemalesthefollowing contritutions:

Weintroducetheperceptrorpredictor the rst dynamic
predictorto successfullyuseneuralnetworks, and we
shav that it is more accuratethan existing dynamic
globalbranchpredictors.For a 4K byte hardware bud-
get, our predictorimproves mispredictionrateson the
SPEC2000integerbenchmarksy 10.1%.

We explore the designspacefor two-level branchpre-
dictors basedon perceptronsempirically identifying
goodvaluesfor key parameters.

We provide new insightsinto the behaior of branches,



classifyingthemaseitherlinearly separabler insepa-
rable. We shaw that our predictorperformsbetteron

linearly separabléoranchesput worseon linearly in-

separabléranchesThus,our predictoris complemen-
tary to existing predictorsandworks well aspart of a

hybrid predictor

We explain why perceptron-basegredictorsintroduce
interestingnew ideasfor futureresearch.

2 RelatedWork

2.1 Neural networks

Arti cial neuralnetworks learnto computea function using
exampleinputsandoutputs.Neuralnetworkshave beenused
for a variety of applications,including patternrecognition,
classi cation[8], andimageunderstandingl5, 13].

Static branch prediction with neural networks. Neu-
ral networks have beenusedto performstaticbranchpredic-
tion [3], wherethelikely directionof a branchis predictedat
compile-timeby supplyingprogranfeaturessuchascontrol-

o w andopcodeinformation,asinputto atrainedneuralnet-

work. Thisapproachachieresan80%correctpredictionrate,

comparedo 75% for static heuristics[1, 3]. Static branch
predictionperformsworsethanexisting dynamictechniques,
but is usefulfor performingstaticcompileroptimizations.

Branch prediction and geneticalgorithms. Neuralnet-
works are part of the eld of machinelearning,which also
includesgeneticalgorithms.EmerandGloy usegeneticalgo-
rithmsto “evolve” branchpredictorq5], butit is importantto
notethe differencebetweertheir work andours. Their work
usesvolutionto designmoreaccurateredictorsput theend
resultis somethingsimilar to a highly tunedtraditional pre-
dictor. We proposeputtingintelligencein the microarchitec-
ture, sothe branchpredictorcanlearnandadapton-line. In
fact,their approacttannotdescribeour new predictor

2.2 Dynamic Branch Prediction

Dynamicbranchpredictionhasarich historyin theliterature.
Recentresearcfocuseson 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 branchaddressandglobal or perbranchhistory
The high bit of the counteris taken asthe prediction. Once
the branchoutcomeis known, the counteris incremented
if the branchis taken, anddecrementedtherwise. An im-
portantproblemin two-level predictorsis aliasing[20], and
mary of the recentlyproposediranchpredictorsseekto re-
ducethe aliasingproblem[17, 16, 22, 4] but do not change
thebasicpredictionmechanismGivena generoushardware
budget,mary of thesetwo-level schemegperformaboutthe
sameasoneanothef4].

Most two-level predictorscannotconsiderlong history
lengths, which becomesa problemwhen the distancebe-
tweencorrelatedranchess longerthanthelengthof aglobal

history shift register[7]. Evenif aPHT schemecouldsome-
how implementlongerhistorylengths,it would not help be-
causdongerhistorylengthsrequirelongertrainingtimesfor
thesemethodq18].

Variablelengthpathbranchprediction[23] is onescheme
for consideringlonger paths. It avoids the PHT capacity
problemby computingahashfunctionof theaddressealong
thepathto the branch.It usesa complex multi-passpro ling
and compilerfeedbackmechanisnthat is impracticalfor a
real architectureput it achieves good performanceébecause
of its ability to considedongerhistories.

3 Branch Prediction with Perceptrons

This sectionprovidesthe backgroundcheededo understand
our predictor We describeperceptronsexplainhow they can
be usedin branchprediction,anddiscusgheir strengthsand
weaknesseOur methodis essentiallya two-level predictor
replacingthepatternhistorytablewith atableof perceptrons.

3.1 Why perceptrons?

Perceptronsare a natural choice for branchprediction be-
causehey canbeef ciently implementedn hardware.Other
forms of neural networks, such as thosetrained by back-
propagation.and other forms of machinelearning,suchas
decisiontrees, are less attractive becauseof excessie im-
plementatiorcosts. For this work, we alsoconsideredther
simpleneuralarchitecturessuchasADALINE [25] andHebb
learning[8], but we foundthatthesewerelesseffective than
perceptronglower hardware ef ciency for ADALINE, less
accuray for Hebb).

One benet of perceptronss that by examining their
weights i.e., the correlationghatthey learn,it is easyto un-
derstandhe decisionsthat they male. By contrast,a criti-
cismof mary neuralnetworksis thatit is dif cult or impos-
sibleto determineexactly how the neuralnetwork is making
its decision. Techniqueave beenproposedo extractrules
from neuralnetworks[21], but theserulesarenot alwaysac-
curate. Perceptronslo not suffer from this opaquenesghe
perceptrors decision-makingprocesss easyto understand
asthe resultof a simple mathematicaformula. We discuss
this propertyin moredetailin Section5.7.

3.2 How PerceptronsWork

Theperceptrorwasintroducedn 1962[19] asawayto study
brain function. We considerthe simplestof mary typesof
perceptrong2], a single-layerperception consistingof one
arti cial neuon connectingseveral input units by weighted
edgedo oneoutputunit. A perceptrorlearnsatargetBoolean
function of inputs.In ourcasethe arethe
bits of a global branchhistory shift register and the target
function predictswhethera particularbranchwill be taken.
Intuitively, a perceptrorkeepstrack of positive andnegative
correlationshetweenbranchoutcomesn the global history
andthebranchbeingpredicted.

Figurel shaws agraphicalmodelof a perceptronA per
ceptronis representedy a vector whoseelementsare the



weights. For our purposesthe weightsare signedintegers.
The outputis the dot productof the weightsvector ,
andtheinput vector ( isalwayssetto 1, providing a
“bias” input). Theoutput of aperceptroris computedas

Theinputsto our perceptrongrebipolar, i.e.,each is
either-1, meaningnottakenor 1, meaningtaken. A negative
outputis interpretedas predict not taken. A non-n@ative
outputis interpretecaspredicttaken.

Figurel: PerceptroModel. Theinputvalues , areprop-
agatedthroughthe weightedconnectionsy taking their respectie
productswith the weights . Theseproductsaresummed,
alongwith thebiasweight , to producethe outputvalue .

3.3 Training Perceptrons

Oncetheperceptroroutput hasbeencomputedthefollow-
ing algorithmis usedto train the perceptron.Let be-1 if
the branchwas not taken, or 1 if it wastaken, andlet be
the threshold a parameteto the training algorithmusedto
decidewhenenoughtraininghasbeendone.

if sign or then
for :=0to do

end for
end if

Since and arealwayseither-1 or 1, this algorithmin-

crementghe " weightwhenthebranchoutcomeagreeswith

, anddecrementshe weightwhenit disagreeslintuitively,
whenthereis mostlyagreement.e., positive correlation the
weight becomedarge. Whenthereis mostly disagreement,
i.e., negative correlation,the weight becomemegative with
large magnitude.In both casestheweighthasa largein u-
enceon the prediction. Whenthereis weakcorrelation,the
weightremainscloseto 0 andcontrikuteslittle to the output
of theperceptron.

3.4 Linear Separability

A limitation of perceptrongs thatthey are only capableof
learninglinearly sepaablefunctions[8]. Imaginethe setof

all possiblenputsto aperceptrorasan -dimensionakpace.
Thesolutionto theequation

is ahyperplande.g.aline, if ) dividing the spaceanto
the setof inputsfor which the perceptrorwill respondfalse
andthe setfor which the perceptrorwill respondrue[8]. A
Booleanfunctionover variables is linearly sepanbleif
andonly if thereexist valuesfor suchthatall of thetrue
instance<anbe separatedrom all of thefalseinstancesy
thathyperplane.Sincethe outputof a perceptroris decided
by the above equation,only linearly separabldunctionscan
be learnedperfectlyby perceptronsFor instancea percep-
tron can learnthe logical AND of two inputs, but not the
exclusive-OR,sincethereis noline separatindrue instances
of theexclusive-ORfunctionfrom falseoneson the Boolean
plane.

As we will shav later, mary of the functionsdescribing
the behaior of branchesn programsarelinearly separable.
Also, sincewe allow the perceptronto learn over time, it
canadaptto thenon-linearityintroducecby phasdransitions
in programbehaior. A perceptroncanstill give good pre-
dictionswhenlearninga linearly inseparabldéunction, but it
will notachieve 100%accurag. By contrasttwo-level PHT
schemedik e gshae canlearnary Booleanfunctionif given
enoughtrainingtime.

3.5 Putting it All Together

We canuseaperceptrorio learncorrelationsbetweemartic-
ular branchoutcomesdn the global history andthe behaior
of the currentbranch. Thesecorrelationsarerepresentethy
theweights. The larger the weight, the strongerthe correla-
tion, andthemorethatparticularbranchin the globalhistory
contrikutesto the predictionof the currentbranch.Theinput
to the biasweightis always1, soinsteadof learninga corre-
lation with a previous branchoutcome the biasweight,
learnsthe biasof the branch,ndependenof the history

Figure 2 shaws a block diagramfor the perceptronpre-
dictor. The processorkeepsa table of  perceptronsn
fastSRAM, similar to the table of two-bit countersin other
branchpredictionschemes.The numberof perceptrons, ,
is dictatedby the hardware budgetand numberof weights,
which itself is determinedby the amountof branchhistory
we keep. Specialcircuitry computeghevalueof andper
forms the training. We discussthis circuitry in Section6.
Whenthe processoencountersa branchin the fetch stage,
thefollowing stepsareconceptuallytaken:

1. Thebranchaddresss hashedo produceanindex
into thetableof perceptrons.

2. The " perceptroris fetchedfrom thetableinto avector
register , of weights.

3. Thevalueof is computedasthedotproductof and
theglobalhistoryregister



4. Thebranchis predictechottakenwhen is negative, or
takenotherwise.

5. Oncetheactualoutcomeof thebranchbecomegnown,
the training algorithmusesthis outcomeandthe value
of toupdatetheweightsin

6. iswrittenbacktothe " entryin thetable.

It may appearthat prediction is slov becausemary
computationsaand SRAM transactiongake placein stepsl
through5. However, Section6 shavs thata numberof arith-
metic and microarchitecturatricks enablea predictionin a
singlecycle, evenfor long historylengths.

BranchAddress‘ ‘ HistoryRegister‘ ‘ BranchOutcome

Prediftion

| SelectecPerceptron |

Table
Select of
Entry Perceptrons

Figure2: PerceptrorPredictorBlock Diagram. The branchad-
dressis hashedto selecta perceptronthat is readfrom the table.
Togethemith theglobalhistoryregister theoutputof theperceptron
is computedgiving the prediction. The perceptroris updatedwith
thetrainingalgorithm,thenwritten backto thetable.

4 DesignSpace

This sectionexploresthe designspaceor perceptrorpredic-
tors. Givena x edhardwarebudgetthreeparameterseeco
betunedto achieve the bestperformancethe historylength,
the numberof bits usedto representhe weights, and the
threshold.

History length. Long historylengthscanyield moreac-
curatepredictiong7] but alsoreducethe numberof tableen-
tries,therebyincreasingaliasing.In ourexperimentsthebest
historylengthsrangedrom 12to 62, dependingnthe hard-
warebudget.

Representationof weights. The weightsfor the percep-
tronpredictoraresignedintegers.Althoughmary neuralnet-
workshave oating-point weights,we foundthatintegersare
sufcient for our perceptronsandthey simplify thedesign.

Threshold. Thethresholds aparameteto the perceptron
trainingalgorithmthatis usedo decidewhetherthepredictor
needsnoretraining. Becausehetrainingalgorithmwill only
changea weightwhenthe magnitudeof is lessthanthe
threshold , no weightcanexceedthe valueof . Thus,the
numberof bits neededo represent weightis one (for the
signbit) plus

5 Experimental Results

We usesimulationsof the SPEC2000integerbenchmarkso
compargheperceptrorpredictoragainstwo highly regarded
techniquedrom theliterature.

5.1 Methodology

Predictors simulated. We compareour nen predictor
againstgshae [17] andbi-mode[16], two of the bestpurely
dynamicglobal predictorsfrom the branchpredictionlitera-
ture. We alsoevaluatea hybrid gshae/perceptrorpredictor
thatusesa 2K byte choicetableandthe samechoicemecha-
nismasthatof the Alpha21264[14]. Thegoalof our hybrid
predictoris to shav thatbecausé¢he perceptrorhascomple-
mentarystrengthsto gshae, a hybrid of the two performs
well.

All of the simulatedpredictorsuse only global pattern
information, i.e., neitherperbranchnor pathinformationis
used. Thus, we have not yet comparedour hybrid against
existing global/perbranchhybrid schemes.Perbranchand
pathinformationcanyield greateraccurayg [6, 14], but our
restrictionto global informationis typical of recentwork in
branchprediction[16, 4].

Gathering traces. Our simulationsusethe instrumented
assemblyoutput of the gcc 2.95.1 compiler with optimiza-
tion ags -O3 -fomit-frame-pointer runningon an
AMD KB6-IlI underLinux. Eachconditionalbranchinstruc-
tion is instrumentedo malke a call to atrace-generatingro-
cedure Branchesn librariesor systemcallsarenot pro led.
Thetracesconsistingof branchaddresseandoutcomesare
fed to a programthat simulatesthe differentbranchpredic-
tion techniques.

Benchmarks simulated. We usethe 12 SPEC2000in-
teger benchmarks. All benchmarksare simulatedusing the
SPECtest inputs. For 253.perlomk |, thetest runex-
ecutesperl on mary smallinputs, so the concatenatiorof
theresultingtraceds used.We feedup to 100million branch
tracesfrom eachbenchmarko our simulationprogram;this
is roughlyequivalentto simulatinghalf abillion instructions.

Tuning the predictors. We usea compositetraceof the
rst 10 million branchesf eachSPEC2000benchmarko



tune the parameter®f eachpredictorfor a variety of hard-
warebudgets. For gshae andbi-mode,we tunethe history
lengthsby exhaustvely trying every possiblehistory length
for eachhardware budget, keepingthe value that gives the
bestpredictionaccurag. For the perceptronpredictor we
nd, for eachhistorylength,the bestvalue of the threshold
by usingan intelligent searchof the spaceof values,prun-
ing areasof the spacethat give poor performance For each
hardware budget, we tune the history length by exhaustve
search.

Tablel shavs theresultsof the historylengthtuning. We
nd an interestingrelationshipbetweenhistory length and
threshold:thebestthreshold for agivenhistorylength is
always exactly . Thisis becauseadding
anotherweight to a perceptronincreasests averageoutput
by someconstant,so the thresholdmustbe increasedoy a
constantyieldingalinearrelationshipbetweerhistorylength
andthreshold.Sincethenumberof bits neededo represena
perceptrorweightis one(for the signbit) plus , the
numberof bits perweightrangefrom 7 (for a historylength
of 12)to 9 (for ahistorylengthof 62).

Ourhybridgshae/perceptrorpredictorconsistof gshae
and perceptronpredictorcomponentsalongwith a mecha-
nism,similarto theonein the Alpha21264[14], thatdynam-
ically choosedetweerthetwo usinga 2K bytetableof two-
bit saturatingcounters. Our graphsre ect this addedhard-
ware expense. For eachhardware budget, we tune the hy-
brid predictorby examiningevery combinationof tablesizes
for the gshae andperceptrorcomponentsndchoosingthe
combinationyielding the bestperformance In almostevery
casethebestcon guration hasresourceslistributedequally
amongthetwo predictioncomponents.

Estimating areacosts. Our hardware budgetsdo notin-
cludethecostof thelogic requiredto dothe computationBy
examiningdie photos,we estimatethatat the longesthistory
lengths this costis approximatelythe sameasthatof 1K of
SRAM. Usingtheparametergunedfor the4K hardwarebud-
get, we estimatethat the extra hardwarewill consumeabout
thesamelogic as256 bytesof SRAM. Thus,the costfor the
computationhardware is small comparedo the size of the
table.

5.2 Impact of History Length on Accuracy

One of the strengthsof the perceptronpredictoris its abil-
ity to considermuchlonger history lengthsthantraditional
two-level schemeswhich helps becausehighly correlated
branchesanoccurat a large distancefrom eachother[7].
Any global branch prediction techniquethat usesa x ed
amountof history informationwill have an optimal history
lengthFor agivensetof benchmarksAs we canseefrom Ta-
ble 1, the perceptromredictorworks bestwith muchlonger
historiesthanthe othertwo predictors.For example,with a
64K byte hardwarebudget,gshae works bestwith a history
lengthof 15, even thoughthe maximumpossiblelengthfor
gshae at 64K is 18. At the samehardware budget,the per
ceptronpredictorworks bestwith a historylengthof 62.

Hardwarebudget History Length
in kilobytes gshae | 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

Tablel: BestHistory Lengths.Thistableshavs the bestamount
of globalhistoryto keepfor eachof the branchpredictionschemes.
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Figure3: HardwareBudgetvs. PredictionRateon SPEC2000.
Theperceptrorpredictoris moreaccuratéhanthetwo PHT methods
atall hardwarebudgetsover onekilobyte.

5.3 Performance

Figure 3 shavs the harmonic mean of prediction rates
achieved with increasinghardware budgetson the SPEC
2000benchmarksTheperceptrorpredictors advantageover
the PHT methodsis largestat a 4K byte hardware budget,
wherethe perceptronpredictorhasa mispredictionrate of
6.89%,animprovementof 10.1%over gshae and8.2%over
bimode. For comparison the bi-mode predictorimproves
only 2.1% over gshae at the 4K budget. Interestingly the
SPEC2000integer benchmarksare, as a whole, easierfor
branchpredictorsthanthe SPEC95benchmarksexplaining
the smallerseparatiorbetweerngshae andbi-modethanob-
senedpreviously [16].

Figures4 and5 shav themispredictiorratesonthe SPEC
2000benchmarks$or hardwarebudgetsof 4K and16K bytes,
respectiely. The hybrid predictorhasno adwantageat the
4K budget,sincethreetablesmustbe squeezednto a small
space.At the 16K budget,the hybrid predictorhasa slight



adwantageover the perceptrompredictorby itself.
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Figure5: MispredictionRatesat a 16K budget. Gshareoutper

formsthe perceptrompredictoronly on 186.crafty
predictoris consistentlybetterthanthe PHT schemes.

. The hybrid

5.4 Training Times

To comparethetraining speed®f thethreemethodswe ex-

aminethe rst 40timeseachbranchin the176.gcc bench-
mark is executed(for thosebranchesexecutingat least40
times). Figure 6 shavs the averageaccurag of eachof the
40 predictionsfor eachof the staticbranches.The average
is weightedby the relative frequenciesof eachbranch. We

choosel76.gcc  becausét hasthe moststaticbrancheof

all the SPECbenchmarks.
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Figure6: AverageTrainingTimesfor gcc. The axisis thenum-
berof timesa branchhasbeenexecuted.The -axisis the average,
overall branchesn theprogramof 1 if thebranchwasmispredicted,
0 otherwise Over time, this statistictrackshow quickly eachpredic-
tor learns.Theperceptrorpredictorachiezesgreateraccurag earlier
thantheothertwo methods.

Theperceptromethodearnsmorequickly theothertwo.
For the perceptromredictor training time is independenof
historylength.For techniquesuchasgshae thatindex ata-
ble of counterstrainingtime dependon the amountof his-
tory consideredalongerhistorymayleadto alargerworking
setof two-bit counterghatmustbeinitialized whenthe pre-
dictoris rst learningthe branch. This effect hasa negative
impacton predictionrates,andat a certainpoint, longerhis-
toriesbegin to hurt performancédor thesescheme$18]. As
wewill seein thenext sectiontheperceptrompredictiondoes
nothave thisweaknessasit alwaysdoesbetterwith alonger
historylength.

5.5 Why Doesit Do Well?

We hypothesizethat the main adwantageof the perceptron
predictoris its ability to make useof longerhistorylengths.
Schemedik e gshake thatusethe history registerasanindex
into a table requirespaceexponentialin the history length,
while the perceptronpredictor requiresspacelinear in the
historylength.

To provide experimentalsupportfor our hypothesiswe
simulategshae andthe perceptrorpredictorata 512K hard-
ware budget, wherethe perceptronpredictornormally out-
performsgshae. However, by only allowing the perceptron
predictorto useasmary history bits asgshae (18 bits), we

nd that gshae performsbetter with a mispredictionrate
of 4.83%comparedvith 5.35%for the perceptrorpredictor
The inferior performanceof this crippled predictorhastwo
likely causesthereis moredestructie aliasingwith percep-
tronsbecausehey arelarger, andthusfewer, thangshae's
two-bit counters,and perceptronsare capableof learning
only linearly separabldéunctionsof theirinput, while gshae



canpotentiallylearnary Booleanfunction.

Figure7 shawvstheresultof simulatinggshae andtheper
ceptronpredictorwith varying history lengthson the SPEC
2000benchmarksHere,an8M bytehardwarebudgetis used
to allow gshae to considelongerhistorylengthsthanusual.
As we allow eachpredictorto considedongerhistories,each
becomesnoreaccuratauntil gshae becomesvorseandthen
runsout of bits (sincegshae requiresresourcegxponential
in the numberof historybits), while the perceptrorpredictor
continuesto improve. With this unrealisticallyhuge hard-
ware budget,gshae performsbestwith a history length of
18, whereit achievesa mispredictiorrateof 5.20%.The per
ceptronpredictoris bestat a historylengthof 62, thelongest
history consideredyhereit achievesa mispredictionrate of
4.64%.
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Figure 7: History Lengthvs. Performance.The accurag of

theperceptrompredictorimproveswith historylength,while gshae's
accurag bottomsoutat 18.

5.6 When Doeslt Do Well?

The perceptronpredictordoeswell whenthe branchbeing
predictedexhibits linearly sepaable behavior To de ne this
term,let  bethemostrecent bitsof globalbranchhistory
For astaticbranch , thereexistsaBooleanfunction
thatbestpredicts 'sbehaior. It isthisfunction, , thatall
branchpredictorsstrive to learn. If is not linearly sepa-
rable,thengshae may predict betterthanthe perceptron
predictor andwe saythatsuchbranchesrelinearly insepa-
rable We compute for eachstaticbranch in the
rst 100million branche®f eachbenchmarlandtestfor lin-
earseparabilityof the function. (Our algorithmfor this test
takestime supergponentialin , sowe areunableto go be-
yond 10 bits of historyor 100million dynamicbranchesWe
believe thesenumbersaregoodestimategor the purposeof
thisdiscussion.)

Figure 8 shavs the mispredictionratesfor eachbench-
mark for a 512K budget, as well asthe percentagef dy-
namicallyexecutedorancheghatis linearly inseparableWe

choosea large hardware budgetto minimize the effects of
aliasingandto isolatethe effects of linear separability We
seethatthe perceptrompredictorperformsbetterthangshae
for thebenchmarkso theleft, which have morelinearly sep-
arablebrancheghaninseparablébranches.Corversely for

all but one of the benchmarkdor which therearemorelin-

earlyinseparabléranchesgshae performsbetter Notethat
althoughthe perceptrorpredictorperformsbeston linearly
separabldranchesit still hasgoodperformanceverall.
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Percent of Dynamic Branches
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|
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5. 54,92 B.9¢c vy 97 pare gro_ ’7'7/0/,«86‘ cry rzfe'em; L mey

2 2
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Benchmarks
Figure8: Linear Separabilityvs. Performancet a 512K bud-
get. Theperceptrorpredictoris betterthangshae whenthedynamic
branchesaremostly linearly separableandit tendsto belessaccu-
ratethangshae otherwise.

Somebranchesequirelongerhistoriesthanothersfor ac-
curateprediction,andthe perceptrompredictoroften hasan
adwantagefor thesebranches.Figure 9 shaws the relation-
shipbetweerthis advantageandthe requiredhistorylength,
with one curwve for linearly separablébranchesand one for
inseparableébranches.The axis representshe advantage
of our predictor computedby subtractingthe misprediction
rate of the perceptronpredictor from that of gshae. We
sortedall static branchesaccordingto their “best” history
length,which is representedn the axis. Eachdatapoint
representshe averagemispredictionrate of staticbranches
(without regard to execution frequenyg) that have a given
besthistory length. We usethe perceptrorpredictorin our
methodologyfor nding thesebestlengths:Using a percep-
tron trainedfor eachbranch,we nd the mostdistantof the
threeweightswith the greatesimagnitude. This methodol-
ogy is motivatedby the work of Everset al, who shav that
most branchescan be predictedby looking at three previ-
ousbrancheq7]. As the besthistory lengthincreasesthe
adwantageof the perceptrorpredictorgenerallyincreasess
well. We alsoseethatour predictoris moreaccurateor lin-
early separabldéranches For linearly inseparabléranches,
our predictorperformsgenerallybetterwhenthebranchese-
quirelong histories while gshae sometimegperformsbetter
whenbranchesequireshorthistories.
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Figure9: Classifyingthe Advantageof our Predictor Above the
axis, the perceptrornpredictoris betteron average. Below the
axis, gshae is betteron average. For linearly separabléoranches,
our predictoris on averagemoreaccuratghangshae. For insepara-
ble branchespur predictoris sometimedessaccuratefor branches
that require short histories,and it is more accurateon averagefor

brancheghatrequirelong histories.

5.7 Additional Advantagesof Our Predictor

Assigning con dence to decisions. Our predictor can
provideacon dence-level in its predictionghatcanbeuseful
in guiding hardware speculation.The output, , of the per
ceptronpredictoris not a Booleanvalue, but a numberthat
we interpretastakenif . Thevalueof providesim-
portantinformationaboutthe branchsincethe distanceof
from O is proportionalto the certaintythatthe branchwill be
taken [13]. This con dencecanbe used for example,to al-
low amicroarchitecturéo speculatiely executebothbranch
pathswhencon denceis low, andto executeonly the pre-
dicted pathwhencon denceis high. Somebranchpredic-
tion schemesexplicitly computeacon dencein their predic-
tions [11], but in our predictorthis information comesfor
free. We have obsenred experimentallythat the probability
thata branchwill betaken canbe accuratelyestimatedasa
linearfunctionof the outputof the perceptrorpredictor

Analyzing branch behavior with perceptrons. Percep-

trons can be usedto analyzecorrelationsamongbranches.

The perceptrorpredictorassignseachbit in the branchhis-
tory a weight. When a particular bit is strongly corre-
latedwith a particularbranchoutcome the magnitudeof the
weight is higher than when thereis lessor no correlation.
Thus,the perceptrorpredictorlearnsto recognizethe bits in
the history of a particularbranchthat areimportantfor pre-
diction, and it learnsto ignore the unimportantbits. This
propertyof the perceptrorpredictorcanbe usedwith pro |-

ing to provide feedbackor otherbranchpredictionschemes.

For example,our methodologyin Section5.6 could be used
with apro ler to provide pathlengthinformationto the vari-
ablelengthpathpredictor[23].

5.8 Effectsof Context Switching

Branch predictorscan suffer a lossin performanceafter a
context switch, having to warm up while relearningpat-
terns[6]. We simulatethe effects of context switching by
interleaving branchtracesfrom eachof the SPEC2000inte-
gerbenchmarksswitchingto the next programafter 60,000
branches.This workloadrepresentsin unrealisticallyheary
amountof context switching, but it senes as a good indi-
cator of performancen extremeconditions,andit usesthe
samemethodologyas otherrecentwork [4]. Note thatpre-
vious studieshave usedthe 8 SPEC95 integer benchmarks,
soour useof the 12 SPEC2000benchmarkswill likely lead
to higher mispredictionrates. For eachpredictor we con-
siderthe effect of re-initializing the table of countersafter
eachcontet switch (which would be donewith a privileged
instructionin arealoperatingsystemjandusethis technique
whenit givesbetterperformance.
Figurel0shavsthatcontet switchingaffectsthepercep-
tron predictormore signi cantly thanthe othertwo predic-
tors. Neverthelessthe perceptrorpredictorstill maintainsan
adwantageover the othertwo predictorsat hardwarebudgets
of 4K bytesor more. The hybrid gshae/perceptrorpredic-
tor performsbetterin the presencef context switching;this
bene t of hybrid predictorshasbeennoticedby others[6].

—-e—-- Gshare

- - - Bi-Mode

—e— Perceptron

---a--- Hybrid Perceptron + Gshare

Percent Mispredicted

o T T T T T T
1 2 4 8 16 32 64

Hardware Budget, Kilobytes
Perceptron vs. other techniges, Context Switching

Figure10: Budgetvs. MispredictionRatefor SimulatedCon-
text Switching. The perceptrorpredictoris more affectedby heary
context switchingthangshae or bi-mode.

6 Implementation

We now suggestvaysto implementour predictoref ciently .

Computing the Perceptron Output. Since-1 andl are
the only possibleinput valuesto the perceptronmultiplica-
tion is not neededo computethe dot product. Instead,we
simplyaddwhentheinputbit is 1 andsubtrac{addthetwo's-
complementwhenthe input bit is -1. This computationis
similar to that performedby multiplication circuits, which



must nd thesumof partialproductsthatareeachafunction
of anintegerandasinglebit. Furthermorepnly the sign bit
of theresultis neededo male a prediction,sothe otherbits
of the outputcanbe computedmore slowly without having
to wait for a prediction.

Training. The training algorithm of Section3.3 canbe
implementecef ciently in hardware. Sincethereareno de-
pendencebetweerloop iterations,all iterationscanexecute
in parallel.Sincein ourcaseboth and canonlybe-1or1,
theloopbodycanberestatedis‘increment by 1if ,
anddecremenbtherwisé, aquick arithmeticoperatiorsince
the areatmost9-bit numbers:

for each bit in parallel
if then
else
end if
Delay. A multiplierin a0.25 m procesganoper

atein 2.7 nanosecond®], whichis approximatelytwo clock
cycleswith a 700 MHz clock. At thelongerhistorylengths,
animplementatiorof our predictorresemblesi’54 54 mul-
tiply, but the datacorrespondingo the partial products(i.e.,
the weights)are narraver, at most9 bits. Thus,ary carry-
propagateadders,of which theremustbe at leastonein a
multiplier circuit, will not needto be asdeep. We believe
thata goodimplementatiorof our predictorat a large hard-
warebudgetwill take no morethantwo clock cyclesto make
aprediction.For smallerhardwarebudgets onecycle opera-
tionisfeasible.Two cyclesis alsotheamountof time claimed
for thevariablelengthpathbranchpredictor[23]. Thatwork
proposegipeliningthe predictorto reducedelay

Jiménezet al studya numberof techniquedor reducing
theimpactof delayonbranchpredictord12]. For examplea
cascadingperceptrompredictorwould usea simplepredictor
to anticipateheaddres®f thenext branchto befetched,and
it would usea perceptrorto begin predictingthe anticipated
address.If the branchwereto arrive beforethe perceptron
predictorwere nished, or if the anticipatecbranchaddress
were found to be incorrect, a small gshae table would be
consultedor aquick prediction. The studyshawvs thata sim-
ilar predictor usingtwo gshaetablesjs ableto usethelarger
table47% of thetime.

7 Conclusions

In this papernwe have introduceda new branchpredictorthat
usesneuralnetworks—theperceptronin particular—asthe
basicpredictionmechanism.Perceptronsre attractve be-
causethey can uselong history lengthswithout requiring
exponentialresources A potentialweaknes®f perceptrons
is their increasedcomputationatompleity whencompared
with two-bit countersbut we have shavn how a perceptron
predictorcanbeimplementecef ciently with respecto both
areaand delay Anotherweaknesf perceptronds their
inability to learnlinearly inseparabldunctions,but despite

thisweaknessheperceptrorpredictorperformswell, achie/-
ing a lower mispredictionrate,at all hardware budgetsthan
two well-known global predictorson the SPEC2000integer
benchmarks.

We have shawn that thereis bene t to consideringhis-
tory lengthslongerthanthosepreviously considered.Vari-
ablelengthpathpredictionconsidersistorylengthsof up to
23[23], anda study of the effects of long branchhistories
on branchpredictiononly considerdengthsupto 32[7]. We
have found that additionalperformancegainscan be found
for branchhistorylengthsof upto 62.

We have alsoshavn why the perceptrorpredictoris ac-
curate. PHT techniquesprovide a generalmechanisnthat
doesnotscalewell with historylength. Our predictorinstead
performsparticularlywell ontwo classe®f branches—those
thatarelinearly separabl@andthosethatrequirelong history
lengths—thatepresentilargenumberof dynamicbranches.

Becauseour approachis largely orthogonalto mary of
the recentideasin branchprediction,thereis considerable
room for future work. We can decreasaliasingby tuning
our predictorto usethe bias bits that were introducedby
the Agree predictor[22]. We canalsoemplg perceptrons
in a hybrid predictorthat usesboth global and local histo-
ries, sincehybrid predictorshave provento work betterthan
purelyglobalschemeg$6]. We have preliminaryexperimen-
tal evidencethat suchhybrid schemesanbe improved by
using perceptronsand we intend to continuethis study in
moredetail.

More signi cantly, perceptronshave interestingcharac-
teristicsthat openup new avenuedor futurework. Because
the perceptronpredictor has different strengthsand weak-
nessedrom counterbasedpredictors,nev hybrid schemes
canbe developed. We alsoplan to develop compilerbased
branchclassi cationtechniqueto make suchhybrid predic-
tors even more effective. We alreadyhave a starting point
for this work, which is to focus on the distinction between
linearly separableand inseparablebranches,and between
brancheghat requireshorthistory lengthsandlong history
lengths.As notedin Sections.7,perceptronsanalsobeused
to guide speculatiorbasedon branchpredictioncon dence
levels, andperceptrorpredictorscanbe usedin recognizing
importantbitsin the history of a particularbranch.
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