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Abstract

Improvedbranch predictionaccuracyis essentialto sus-
taining instructionthroughputwith today's deeppipelines.
We introducepiecewise linear branchprediction, an ideal-
ized branch predictor that developsa set of linear func-
tions,onefor each program path to the branch to be pre-
dicted, that separate predicted taken from predictednot
takenbranches.Takentogether, all of theselinear functions
forma piecewiselinear decisionsurface. Wepresenta limit
studyof this predictor showingits potential to greatly im-
provepredictoraccuracy.

Wethenintroducea practicalimplementablebranchpre-
dictor basedonpiecewiselinear branch prediction.In mak-
ing our predictorpractical, weshowhowa parameterized
versionof it uni�es thepreviouslydistinctconceptsof per-
ceptron predictionand path-basedneural prediction.Our
new branch predictor has implementationcostscompara-
ble to current prominentpredictors in the literature while
signi�cantly improving accuracy. For a deeplypipelined
simulatedmicroarchitecture our predictor with a 256KB
hardware budget improvesthe harmonicmeannormalized
instructions-per-cycle rate by 8% over both the original
path-basedneural predictor and 2Bc-gskew. Theaverage
mispredictionrateis decreasedby16%overthepath-based
neural predictorandby22%over2Bc-gskew.

1. Intr oduction

Deeperpipelines improve overall performanceby al-
lowing more aggressive clock rates.However, somepo-
tential performanceis lost due to the resulting increase
in branchmispredictionlatencies.Indeed,branchmispre-
diction latency is the most important componentof per-
formancedegradationasmicroarchitecturesbecomemore
deeplypipelined[20]. Branchpredictorsmust improve to
avoid theincreasingpenaltiesof mispredictions.

In this paper, we introducepiecewiselinear branch pre-
diction that works by learninga setof linear functionsfor

(a) (b)

Figure 1. The XOR function cannot be learned
by a perceptr on (a), but can be learned using
a piece wise linear decision surface (b).

eachbranchthat togethercomprisea piecewise linear sur-
facein a spaceof branchoutcomepatternhistories.This
surfaceseparatespredictedtaken branchesfrom predicted
not taken branches.A piecewise linear surfaceallows the
predictor to learn the behavior of certain linearly insepa-
rablebranchesthatpreviousneuralpredictorswereunable
to learn [12]. Figure 1 shows examplesof decisionssur-
faceslearnedby the perceptronpredictor (a) and piece-
wiselinearbranchprediction(b) for thelinearlyinseparable
exclusive-OR(XOR) function.Thetwo input variablesare
representedby thex andy axes,negativefor falseandposi-
tivefor true.Theoutputis representedby thecolorwhitefor
falseandblackfor true.XOR cannotbelearnedby theper-
ceptronpredictor, but it is easilylearnedby piecewiselinear
branchprediction.

We �rst describean idealizedversionof piecewise lin-
earbranchprediction,giving algorithmsto explain thecon-
ceptsbut payingno attentionto microarchitecturalimple-
mentationconstraints.In the context of a boundlesshard-
ware and computationalbudget,we give the resultsof a
limit studycomparingpiecewiselinearbranchpredictionto
idealizedversionsof previous predictionmechanisms.We
show that piecewise linear branchpredictionreducesmis-
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predictionsby anaverageof 16%over thenext bestpredic-
tor.

We thenderive a practicalpiecewise linear branchpre-
dictor suitable for microarchitecturalimplementationby
constrainingthestateusedby theidealizedpredictorandus-
ing ahead-pipeliningto mitigateits latency. Usinga cycle-
accuratemicroarchitecturalsimulator, we show that the
practicalpiecewise linear branchpredictor improves nor-
malizedharmonicmeaninstructions-per-cyclerate(IPC)by
8%overboth2Bc-gskew[16] andthepath-basedneuralpre-
dictor [9] for a256KBhardwarebudget.At lowerhardware
budgetsthenew predictoralsoyieldsa signi�cant speedup.

2. Background and RelatedWork

In this section,we discussrelatedwork in branchpre-
diction. The predictorwe introducein this paperis an ex-
tensionof neuralbranchpredictor, so we focuson neural
branchpredictionresearch.

2.1. The Perceptron Predictor

The perceptronpredictor[11] usesa simplelinear neu-
ron known as a perceptron[2] to perform branch di-
rection prediction. The most accuratesingle-component
branchpredictorsin theliteratureareneuralbranchpredic-
tors[14, 12]. Unfortunately, thehigh latency of theoriginal
perceptronpredictorandmakesit impracticalfor improv-
ing performance.

2.2. Research Related to Neural Branch Predic-
tion

Many studieshave extendedthe perceptronpredictor.
Loh and Henry usethe perceptronpredictoras a compo-
nent of a larger hybrid predictor[14]. Thomaset al. �nd
salienthistory bits for the perceptronpredictorusing dy-
namicdata-�ow analysis.Akkary andSrinivasanadaptthe
perceptronpredictor to provide con�dence estimatesfor
speculationcontrol [1]. Intel includesthe perceptronpre-
dictor in oneof its IA-64 simulatorsfor researchingfuture
microarchitectures[3]. Falcón et al. usea perceptronpre-
dictor asa componentof a prophet/critichybrid predictor
thatrunsthebranchpredictoraheadto second-guessprevi-
ouspredictionsandpossiblyreversethem[7].

2.3. Neural Branch Prediction Background

Neural branchpredictorskeepa table of weightsvec-
tors, i.e., vectorsof small integersthatarelearnedthrough
theperceptronlearningrule [11, 2]. As in global two-level
adaptivebranchprediction[22, 15], ashift registerrecordsa
globalhistoryof outcomesof conditionalbranches,record-
ing true for taken, or falsefor not taken.

To predictabranchoutcome,aweightsvectoris selected
by indexing the tablewith the branchaddressmodulo the

numberof weightsvectors.Thedot productof theselected
vectorand the global history register is computed,where
true in the history represents1 and false represents-1. If
the dot product is at least0, then the branchis predicted
taken,otherwiseit is predictednot taken.

2.4. Path-BasedNeural Branch Prediction

In a recentpaper, we describea neural predictor that
achieveslower latency andimprovedaccuracy over previ-
ousneuralbranchpredictors[9] by staggeringcomputations
in time,predictinga branchusinga weightsvectorselected
dynamicallyalongthepathto thatbranch.The path-based
neuralbranchpredictorhasimprovedaccuracy over previ-
ousneuralpredictorsbecauseit is ableto �nd correlations
with pathhistoryaswell aspatternhistory. In thispaper, we
presenta new neuralpredictorthatachievesevenbetterac-
curacy atmuchthesamelatency.

3. PiecewiseLinear Branch Prediction

Thissectionintroducesournew predictor, thepiecewise-
linearbranchpredictor. We discusstheintuition behindthe
idea,thengive thealgorithm.It is importantto notethat,at
this point, we arepresentinganidealizedpredictorwithout
concernfor its implementationsinceweareonly concerned
with its predictivepower. In Section5, wederiveapractical
branchpredictionfrom this idealizedpredictor.

3.1. Intuition

Branch predictorsexploit the correlationbetweenthe
history of a branchand its outcome.Oneway to concep-
tually organizethe notion of branchhistory is to consider
all of the programpathsof a given length h ending in a
branchB . For our purposes,a pathis a dynamicsequence
of branchesendingin B . Theidentities,positions,andout-
comesof sucha pathusuallycorrelatehighly with theout-
comeof a branch.For eachbranchB , our predictortracks
theelementsof everypathleadingto B . Thepredictorkeeps
trackof thetendency of agivenbranchin agivenpositionin
thehistoryto agreewith theoutcomeof B . Thatis, for ev-
erycomponentof everypath,thepredictortracksthecorre-
lation of that componentwith the outcomeof B . To make
a prediction,thecorrelationsof eachcomponentof thecur-
rentpathareaggregatedto form a prediction.

3.1.1. What is “PiecewiseLinear?” This aggregationis
alinearfunctionof thecorrelationsjust for thecurrentpath.
This linear function inducesa hyperplanethat is usedto
decidewhetherto predict taken or not taken: if the global
branchoutcomepatternhistory lies on onesideof thehy-
perplane,thebranchis predictedtaken,otherwiseit is pre-
dictednot taken.Sincetherearemany pathsleadingto B ,
therearemany differentlinear functionsusedto predictB .
Taken as a whole, the linear functionsusedto predict B
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form a piecewise-linearsurfaceseparatingpathsthat lead
to predictedtaken branchesfrom pathsthat lead to pre-
dicted not taken branches.In machinelearningterminol-
ogy, sucha separatingsurfaceis calleda decisionsurface.
In Section6 we will show thatpiecewiselinearbranchpre-
diction is a generalizationof neuralbranchprediction[11],
which usesa singlelinear function for a givenbranch,and
path-basedneuralbranchprediction[9], which usesa sin-
gleglobalpiecewise-linearfunctionto predictall branches.
As a perceptron-likealgorithm,thepredictor�nds thesum
of weightsor their negationsbasedon whetherthe corre-
spondinghistorybits representtakenor not takenbranches.

3.2. Description of the Algorithm

The algorithmhastwo components:a predictionfunc-
tion andan updateprocedure.The following variablesare
usedby thealgorithm:

W A three-dimensionalarray of integers.The indicesof
this arrayare the branchaddress,the addressof a branch
in thepathhistory, andthepositionin thehistory. W keeps
track of correlationsfor every branchin the program.We
canthink of W asa setof matrices,onefor eachbranch,
whosecolumnscorrespondto branchesin the path his-
tory andwhoserows correspondto positionsin thehistory.
W [B ; 0; 0] is the weight that keepstrack of the tendency
of branchB to betaken.This weight is thebiasweightfor
B . Addition andsubtractionon elementsof W saturateat
+127 and -128. The dimensionsof the array are arbitrar-
ily large,i.e., largeenoughto accommodateany accessthat
might bemadeduringthealgorithm.This factalonemakes
the predictorinfeasiblefor actualimplementation.Never-
theless,we constrainthestoragein our practicalversionof
thepredictorpresentedlater.

h Theglobalhistorylength.This is a smallinteger.

GHR The global history register. This vector of bits ac-
cumulatesthe outcomesof branchesasthey areexecuted.
Branchoutcomesare shifted into the �rst position of the
vector.

GA An arrayof addresses.As branchesareexecuted,their
addressesare shifted into the �rst position of this array.
Takentogether, GH R andGA give thepathhistoryfor the
currentbranchto bepredicted.

output An integer. This integer is the value of the linear
functioncomputedto predictthecurrentbranch.

Figure 2 shows the function predict that computesthe
Booleanpredictionfunction.Thefunctionacceptsasa pa-
rameterthe addressof the branch to be predicted.The
branchis predictedtakenif predictreturnstrue , not taken
otherwise.Figure3 shows the proceduretrain usedto up-
datethepredictor. It acceptsasparameterstheaddressand
Booleanoutcomeof thebranch.It assumesthatall variables
retainthevaluesthey hadattheendof theinvocationof pre-
dict for thisbranch.Thetrainingalgorithmusesa threshold

parameter� to decidewhento stopupdatingthepredictor;
whenthemagnitudeof theoutputof thepredictorexceeds
� , thepredictorhaslearnedthebehavior of thebranchsuf-
�ciently well. Without sucha thresholdparameter, thepre-
dictor might overtrainandbe slow to respondto changes
in branchbehavior. This algorithmis similar to otherneu-
ral predictorssuchastheperceptronpredictor[11] andthe
path-basedneuralpredictor[9]. We choosethe valueof �
usingthesameformulafrom thepath-basedneuralpredic-
tor paper, � = 2:14(h + 1) + 20:58.

4. Limit Study

This sectionpresentsa limit studyof branchprediction
usingpiecewiselinearbranchpredictionaswell asidealized
versionsof otherpredictors.We show thatour new predic-
tor is ableto achieveverylow mispredictionratescompared
with otheridealizedpredictors.

4.1. PredictorsSimulated

We simulatethe following predictorsto comparewith
ournew predictor:

2Bc-gskew We simulate 2Bc-gskew, a hybrid predic-
tor combining a bimodal componentwith egskew that
predictsusing the majority of three components:the bi-
modalpredictorandtwo global history predictorsindexed
by specialhashfunctionsthatmitigatedestructive interfer-
ence.A versionof this predictorwasplannedfor theAlpha
EV8 processor[16]. We have observed that 2Bc-gskew is
themostaccuratebranchpredictorbasedontwo-leveladap-
tivepredictionin theacademicliterature.

Perceptron Predictor We simulatea versionof thepercep-
tron predictorthatcombinesglobalandper-branchhistory
information[12]. Thispredictorhasbeenshown to bemore
accuratethan even the most aggressive multi-component
hybridpredictor[12]. Thus,it wouldbesuper�uousto com-
pareagainstothercombinedglobal andper-branchhybrid
predictors.For this study, a history length of h for the
global/localperceptronmeansthath globalandh localhis-
tory bits areused.

Path-BasedNeural Predictor We simulatethe path-based
neuralpredictor[9]. As in piecewise linear branchpredic-
tion, thispredictoraggregatesweightsfrom theelementsof
the pathto the branchto be predicted,but the weightsare
sharedglobally amongall branchesinsteadof beingasso-
ciatedwith aparticularbranch.Thispath-basedpredictoris
highly accurate.Thus,we do not includeother, lessaccu-
ratepath-basedtechniques.

4.2. Limit Study Methodology

In this paper, we presentthe resultsof two setsof ex-
periments.In this section,we presenta limit studyfocused
only on accuracy. In Section8, we presenta studyof our
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functionpredict(address: integer):boolean
begin

output:= W [address; 0; 0] (* Outputis initialized to biasweight *)
for i in 1::h do (* Find thesumof weights(or their negations)chosen*)

if GHR[i ] = truethen (* usingtheaddressesof thelasth branches*)
output:= output+ W [address; GA[i ]; i ] (* If thei th branch in thehistorywastaken,*)

else (* addthechosenweight*)
output:= output� W [address; GA[i ]; i ] (* otherwisesubtract it *)

endif
endfor
predict := output� 0 (* Predictthebranch takenif theoutputis at least0 *)

end

Figure 2. Prediction algorithm

proceduretrain (address: integer;taken: boolean)
begin (* If magnitudeof outputis lessthan� or predictionwas*)

if joutputj < � or predict6= takenthen (* incorrectthenupdatetheweights*)
if taken = true then

W [address; 0; 0] := W [address; 0; 0] + 1 (* If branch wastaken,thenincrementthebiasweight,*)
else

W [address; 0; 0] := W [address; 0; 0] � 1 (* otherwisedecrementit (with saturatingarithmetic)*)
endif
for i in 1::h (* For each addressandbranch outcomein recenthistory... *)

if GHR[i ] = takenthen (* If thei th mostrecentoutcomeis equalto currentoutcome*)
W [address; GA[i ]; i ] := W [address; GA[i ]; i ] + 1 (* thenincrementtheweightthat contributedto this prediction*)

else
W [address; GA[i ]; i ] := W [address; GA[i ]; i ] � 1 (* otherwisedecrementit (with saturatingarithmetic)*)

endif
endfor

endif
GA[2::h] := GA[1::h � 1] (* Shiftthecurrentaddressinto theglobaladdressarray *)
GA[1] := address
GHR[2::h] := GHR[1::h � 1] (* Shiftthecurrentoutcomeinto theglobal historyregister*)
GHR[1] := taken

end

Figure 3. Training algorithm

proposedpracticalbranchpredictorin a cycle-accuratemi-
croarchitecturalframework. For this limit study, we use
tracesgeneratedby SimpleScalar/Alphaon the same15
SPECCPUintegerbenchmarksweusefor Section8.

To isolatethepredictivepowerof eachpredictionmech-
anismfrom theeffectsof branchinterference,eachpredic-
tor is allowedto useanarbitraryamountof storage.For the
perceptronpredictorand path-basedneuralpredictor, one
weightsvectoris allocatedto eachstaticbranch.For 2Bc-
gskew, eachtable in the predictoris given a virtual 48-bit
addressspace.In otherwords,the 2Bc-gskew predictoris
givena virtual hardwarebudgetof 256terabytes.Thesim-
ulationof thisbudgetis facilitatedthroughtheuseof adata
structurethat brings a predictorentry into existenceonly
whenit is �rst accessed.

Branchpredictoraccuracy is highly sensitive to history
length[6]. We simulateeachpredictoron all of the traces
for a variety of history lengths.For eachpredictorexcept

for piecewiselinearprediction,we simulatea largeenough
rangeof history lengthsto show that thereis a besthistory
lengthdeliveringthelowestmispredictionratefor thatpre-
dictor. For piecewise linearpredictiontheredoesnot seem
to be a besthistory length;accuracy continuesto improve
with longerhistories.

Figure4 shows the averagemispredictionratefor each
predictorat varioushistory lengths.For history lengthsof
up to 30, the2Bc-gskew mechanismdeliversthebestaccu-
racy. After thatpoint, piecewiselinearbranchpredictionis
thebest.

Figure 5 shows the mispredictionrate for eachbench-
mark as well as the arithmetic mean.The chart shows
themispredictionratesfor eachpredictorusingthehistory
lengththatyieldsthebestaveragemispredictionratefor that
predictor. Thevaluesof thesebesthistorylengthsaregiven
in thelegendof thegraph.Eachof thesepredictorsis oneof
thevery bestpredictorsin recentliterature.Still, thepiece-
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Figure 4. Histor y lengths vs. misprediction
rates

wise linear branchpredictormanagesto outperformthem
all. The next bestpredictor, 2Bc-gskew, gives an average
mispredictionrateof 3.81%.Piecewise linear branchpre-
diction givesanaveragemispredictionrateof 3.21%,a re-
ductionof 16%.It reducesmispredictionsby 26%over the
third mostaccuratepredictor, aglobal/localperceptronpre-
dictor, which yields a mispredictionrateof 4.33%.Piece-
wiselinearbranchpredictiongivesthelowestmisprediction
rateon 13 out of the 15 benchmarks.It yields the second
lowestmispredictionrateon the other2 benchmarks,and
on those2 benchmarks2 differentpredictorsarethe best.
Thus, without regard to implementationconcerns,piece-
wise linear branchpredictionis a consistentlybetterpre-
dictionmechanismthanany of theotherpredictors.

5. A Practical PiecewiseLinear Branch Pre-
dictor

In this section,we presenta practicalversionof piece-
wise linear branch prediction with implementationcon-
straintssimilar to otherpracticalpredictors.Therearetwo
constraintson a practicalpredictorthat the idealizedver-
sionpresentedsofar doesnot satisfy:limited areaandlim-
ited latency.

5.1. Limiting Ar eaof the W Array

Theindicesof theW arraymustbelimited to keepthem
from exceedingthe practicalboundsof an implementable
branchpredictor. We limit the �rst two indicesby taking
themmodulotwo integersn andm. In arealisticimplemen-
tation,n andm wouldbechosenaspowersof 2 to makethe
modulooperationa simplemask.We limit the third index
by choosingan appropriatevalueh for the history length.
Thus,W becomesann � m � (h + 1) 3-dimensionalarray
of 8-bit weights.Limiting thesecondarrayindex to 0::n � 1
also reducesthe bits requiredto storethe GA array since

eachaddresscanberepresentedmodulon requiringatmost
log2 n + 1 bits.

5.2. Limiting Latency of the Prediction

Computingthe output usedto predict the branchesre-
quires adding h + 1 numberseach retrieved from dif-
ferent, possibly non-adjacentpositions in W . We use
aheadpipelining to mitigate the latency of this computa-
tion. Aheadpipeliningmeansthecomputationis pipelined
and begins before the branchto be predictedis fetched.
It hasbeenappliedto traditional two-level branchpredic-
tors[8, 17] aswell asneuralbranchpredictors[9, 21].

5.3. An Ahead-PipelinedPiecewiseLinear Branch
Predictor

Branchpredictionsspeculatively drive partial computa-
tions of the outputsof h future branches.The W array is
now ann� m� (h+ 1) 3-dimensionalarrayof 8-bitweights.
The biasweight for a branchwith addressB is now kept
in W [b mod n; b mod m; 0] providing a moreuniform uti-
lization of the now limited numberof weightsin W . The
W arrayis indexedby thebranchaddressmodulon. Since
this index is not known aheadof time, thealgorithmkeeps
n copiesof thespeculative predictorstateto drive n possi-
blepredictions.Oncethebranchaddressbecomesknown, it
is usedto selectoneof then predictions.Little extraspecu-
lativestateis requiredfor smallvaluesof n.

5.3.1. Extra State for the Ahead-Pipelined Predictor
Ahead-pipeliningthe predictorrequiresadditionalstateto
storeintermediateresultsof computations.R andSR are
n � h 2-dimensionalarraysof small integersusedas in-
termediatestoragefor computingtheoutputof thepredic-
tor. SR[i; j ] holds the speculative partial sumfor predict-
ing thej th branchin thefuturewhoseaddressmodulon is
i . Extendingterminologyfrom theoriginalpath-basedneu-
ral predictor[9], SR andR areshift matricescomposedof
n shift vectors.SR is like a queuethroughwhich partial
sumsproceed.Partial sumsenterthequeueas0, areadded
to while in thequeue,andon exiting areaddedto thebias
weightandusedto computetheprediction.SR is specula-
tivesinceit assumesthecorrectnessof predictionsfor unre-
solvedbranches.R is a duplicateof SR that is maintained
non-speculativelywhenabranchis resolvedsothatthepre-
dictorstatecanberestoredonamisprediction.Wehaveob-
served that10 bits aresuf�cient for the elementsof the R
andSR arrays.

5.3.2. Making a Prediction Figure6 shows thenew pre-
diction algorithm for piecewise linear branch prediction
with ahead-pipelining.To predicta branchthat will occur
h branchesin the future, thealgorithmstartsa partial sum
for theoutputfor thatpredictionwith thevalue0.Eachtime
abranchis predicted,its resultis usedto addanothertermto
thepartialsumto predicth futurebranches.Whenabranch
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Figure 5. Misprediction rate per benc hmark with the best histor y for each predictor

needsto bepredicted,a partialsumis selectedfrom oneof
n candidatepartial sumsandaddedto the biasweight for
thatbranch.Thus,thecritical pathfor makinga prediction
is atablelookup,amultiplexer, andanaddition.This incurs
a delaycomparableto otherbranchpredictors,in particu-
lar the ahead-pipelinedpath-basedneuralbranchpredictor
thatis estimatedto haveadelayof from 2 to 3 cycles[9].

5.3.3. Updating the Predictor The algorithmfor updat-
ing thepredictorwhenabranchis executedis similar to the
algorithmfor theidealizedpredictordescribedin Section3
with anextrastep.Thenon-speculativeshift matrixR is up-
datedin theupdatephaseusingtheoutcomeof thebranch.
UpdatingR is similarto updatingSR exceptthatthebranch
addressandoutcomearenon-speculative.

5.3.4. Mispr ediction Recovery On a misprediction,the
speculative contentsof SR must be overwritten with the
non-speculativeversionkept in R. This copying canbeac-
complishedwith low latency in parallel to other recovery
activitiestakingplacein theprocessor, suchasrestoringthe
register�le fromnon-speculativestate.Indeed,wecanthink
of then vectorsin SR aslong registersin aspecialregister
�le andapplyknown microarchitecturaltechniquesto man-
agingthespeculativeandnon-speculativeversionsof regis-
ter �les. In Section8, weseethatthesizeof SR in termsof
numbersof bits is no morethanthesizeof a typical physi-
cal register�le.

5.3.5. Implementation of Shift Matrix It hasbeenob-
served that partial sumsfor computingneuralbranchpre-
dictoroutputsrequirenomorethan11bitsto representeach
partial sum [9]. We �nd the 10 bits are suf�cient for the
piecewiselinearbranchpredictor. Thus,ann � h shift ma-
trix requiresn � h 10-bit addersas well as 10 � n � h
latchesto store eachpartial sum. We proposean imple-
mentationthat would usefast ripple-carryadders(RCA),
whichprovidethebestareaanddelaytrade-off for smallbit
widths[5].

5.3.6. Implementation of W Weightsfor neuralbranch
predictionrequirenomorethan8 bits to providehighaccu-
racy [12, 9]. The path-basedneuralpredictorproposedus-
ing h+ 1 independentlyaddressabletaglessmemories,each
eightbits wide, to implementtheW matrix.For thepiece-
wiselinearpredictor, weproposeusingh+ 1 independently
addressabletaglessmemoriesthat arearrangedasn 8-bit
words wide. That is, W is organizedas h + 1 memories
with n blockseachwith m bytes.Thus,the training algo-
rithm canupdatein paralleleachof the h + 1 weightsre-
sponsiblefor predictingthebranch.

5.3.7. Implementation of Parallel Algorithm The pre-
diction algorithmrequiresa large numberof operationsto
occur in parallel.On eachcycle, the speculative shift ma-
trix receivesn � h resultsin parallel,son � h 10-bitadders
arerequired.Forexample,ourmostaggressivepredictorde-
signhasn = 8 andh = 51, so it would require40810-bit
adders.

Thenon-speculative versionof theshift matrix, R, may
be �lled from the contentsof the speculative versionfor
right-pathbrancheswhoseoutcomesbecomeknown. This
techniqueobviatesthe needfor a secondset of addersto
maintainnon-speculativeresults.

Eachbyteof a block in eachof theh + 1 independently
addressablememoriescorrespondsto a differentcombina-
tion of lower addressbits. Accessingtheentireblock once
providesinput to every iterationof the1::n loop in theal-
gorithmfor makinga prediction.Thus,eachmemoryis ac-
cessedonly oncefor eachprediction,and onceagainfor
eachupdate.

6. PiecewiseLinear Branch Prediction is a
GeneralizedNeural Predictor

A happy consequenceof parameterizingpiecewise lin-
earbranchpredictionwith n andm is that thenew predic-
tor becomesa generalizationof conceptsfoundin previous
neuralpredictors.The perceptronpredictor[11] andpath-
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functionpredict(address: integer):boolean
begin

i := addressmod n (* First index in W andSR is thebranch addressmodulon *)
j := addressmod m (* Secondindex in W is thebranch addressmodulom *)
output:= SR[i; h] + W [i; j; 0] (* Completethecomputationfor this prediction*)
if output� 0 then

predict := taken (* Predicttakenif outputis at least0 *)
else

predict := not taken (* Predictnot takenotherwise*)
endif

(* Thispoint in thealgorithmis theendof thecritical timingpathfor makinga prediction*)
(* Therestof thealgorithmupdatesspeculativestatefor makingthenext h predictions*)

for i in 1::n in paralleldo (* For each of theshift vectors in SR... *)

for k in 1::h in paralleldo (* For each partial sumin thei th row of SR... *)
ak = h � k (* ak is an index in thei th shift vector*)
if predict= takenthen (* If there is positivecorrelationbetweenhistory *)

SR0[i; ak + 1] := SR[i; ak ] + W [i; j; k] (* andoutcome, thenaddthei; j; kth weightto the*)
else (* partial sumin SR *)

SR0[i; ak + 1] := SR[i; ak ] � W [i; j; k] (* otherwisesubtract insteadof adding *)
endif

endfor
SR[i; 0::h] := SR[i; 0::h]0 (* Copyresultsof computationsto SR *)

endfor
for i in 1::n in paralleldo (* For each of then speculativeshift vectors, *)

SR[i; 0] := 0 (* reinitializethe�r st partial sum*)
endfor

end

Figure 6. Ahead-pipelined prediction algorithm

basedneuralprediction[9] turn out to be extremeendsof
a family of parameterizedpiecewise linear branchpredic-
tors. Thus,piecewise linear branchpredictionuni�es pre-
viously distinctpredictorsandallows themto bestudiedin
thesameconceptualframework.

6.1. With m = 1, PiecewiseLinear Prediction is
the Perceptron Predictor

The perceptronpredictorkeepsan array of n weights
vectors,eachwith h + 1 integer weights.One weight in
eachvector is a bias weight and the other h track corre-
lation with branchoutcomepatternhistory [11]. When a
branchis predicted,thebranchaddressmodulon is usedto
selectaweightsvectorthatis thenusedto computetheout-
put of thepredictorasthedot productof theweightvector
andthebranchhistoryregister.

In thepiecewiselinearbranchpredictor, if welet m = 1,
theneverybit in theGA arrayis 0. Theresultingpiecewise
linearbranchpredictoris equivalentto aperceptronpredic-
tor with n perceptronsandaglobalhistorylengthof h. This
is becauselettingm = 1 effectively removesthesecondin-
dex of W , soW collapsesinto a matrix whosen rows rep-
resentperceptronweightsvectorsandwhoseh + 1 columns
correspondto thebiasweightsandweightscorrelatingwith
branchoutcomepatternhistory.

6.2. With n = 1, PiecewiseLinear Branch Predic-
tion is Path-BasedNeural Branch Prediction

The path-basedneural predictor keepsan array of m
weightsvectors,eachwith h + 1 integer weights,againa
biasandh weightsto correlatewith history. However, un-
like theperceptronpredictor, thepath-basedneuralpredic-
tor usesthepathhistoryto selectweightsfrom up to h + 1
distinctweightsvectorsfor eachprediction[9].

In thepiecewiselinearbranchpredictor, lettingn = 1 ef-
fectively removesthe �rst index of theW andcollapseW
into an m � (h + 1) matrix of weights.The m rows cor-
respondto the m weightsvectorsof the path-basedneu-
ral predictor. The�rst columnagaincorrespondsto thebias
weightsfor eachbranchaddressmodulom. Therestof the
h columnscorrespondto thecorrelatingweightschosenby
pathhistory. Sincen = 1, only the global pathhistory is
usedto chooseweightsto make a prediction,which is just
whatpath-basedneuralpredictiondoes.

6.3. Illustration of GeneralizedPredictor

Figure7 showstheresultsof experimentsperformedus-
ingourlimit studyinfrastructurefor piecewiselinearbranch
predictorswith a constanthistory length of h = 63 and
varyingn andm suchthat their productis always65,536.
Thus,the numberof elementsin the W array is kept at a
constant64 � 65; 536= 4MB, but the �rst andseconddi-
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Figure 7. Misprediction rates with values of n
and m whose product is a constant 64K.

mensionsof the W arrayarevaried to representdifferent
pointsin thespaceof neuralpredictors.Themisprediction
ratesareaveragedacrossall 15benchmarks.

At the left endof the graph,we have n = 1 andm =
65; 536. This predictor is equivalent to path-basedneural
predictionwith 64K weightsvectors.It achievesa mispre-
diction rateof 4.9%.At theright endof thegraph,we have
n = 65; 536andm = 1, equivalentto a perceptronpredic-
tor with 64K weightsvectors.It achievesa misprediction
rateof 5.1%.In betweentheseextremaaredifferentcon�g-
urationsof piecewiselinearbranchpredictors.Each of them
outperformsboth the perceptron predictor andpath-based
linear predictor. Thus,theneuralpredictorssofarpresented
in the literaturearethe two worst-caseexamplesof a bet-
terpredictor!Theminimummispredictionratesareslightly
below 3.7%,achievedwhenn andm arebothbetween128
and512.With avalueof n = 8 suitablefor ahead-pipelined
implementation,themispredictionrateis 3.9%.

7. Methodology for PerformanceResults

Thissectiondescribestheexperimentalmethodologyfor
obtainingsimulatedresultsfor therealistic,ahead-pipelined
versionof piecewiselinearbranchpredictionusingacycle-
accuratesimulator.

7.1. Micr oarchitectural Framework

Weuse15SPECCPUintegerbenchmarksrunningunder
MASE/Alpha[13], asigni�cantly modi�ed versionof Sim-
pleScalar/Alpha[4], a cycle-accurateout-of-orderexecu-
tion simulatorthathasbeenenhancedto includeourbranch
predictorsandto simulateoverriding predictorsat various
latencies.We simulateall of the SPECCPU 2000 integer
benchmarks,andall of the SPECCPU 95 integer bench-

Parameter Con�guration
L1 I-cache 16KB, 64Bblocks,2-way

L1 D-cache 16KB, 64Bblocks,4-way
L2 uni�ed cache 1MB, 128Bblocks,4-way

BTB 4096entry, 2-way
Fetch/Decode/Issue/Commit 16wide

Pipelinedepth 40
Reorderbuffer size 512

LSQentries 128
L2 hit latency 7 cycles

L2 misslatency 500cycles

Table 1. Microarchitectural parameter s

marksthat arenot duplicatedin SPECCPU 2000,except
for 130.li and124.m88ksim becausethey would not
work under our checkpoint-basedsimulation framework.
The benchmarksare compiled with the CompaQGEM
compilerwith theoptimization�ags -fast -O4 -arch
ev6 .

We use SimPoint 1.1 to identify regions of the exe-
cution of eachbenchmarkthat characterizethe entire run
of the programon a given input. By analyzingstatistics
gatheredfrom a functional simulation of the entire run
of a benchmarkon a given input, SimPoint �nds simula-
tion points, i.e., regionsof 100 million instructionexecu-
tions [18]. We simulatetheseregionswith MASE, record-
ing statisticssuchasinstructions-per-cycleratesandbranch
mispredictionrates.We then aggregatethesenumbersin
a weightedaverageto give a preciseestimateof what the
statisticswould have beenif thebenchmarkshadbeenrun
to completion.

Table 1 shows the basemicroarchitecturalparameters
usedfor the simulations.We startedwith a con�guration
looselybasedontheIntelPentium4,but with anissuewidth
of 16 anda deeperpipelineof 40 stagesto provide a rea-
sonablemodel of a future aggressively clocked microar-
chitecture.A recentstudy from Intel's PentiumProcessor
architecturegroup concludesthat performanceof aggres-
sively clockedmicroarchitecturescontinuesto improveun-
til pipelinesreacha depthof 52 [20]. Sincethatstudywas
presented,Intel has increasedthe depthof its Pentium4
pipeline from 20 to 31 stagesin a microprocessornamed
Prescottavailable for purchaseas of this writing. Thus,
while our 40-stagepipeline is aggressive for currenttech-
nology, it is conservativewith respectto whatis possiblein
futuretechnologies.

7.2. Branch PredictorsSimulated

We simulatethesamepredictorsusedin the limit study
that appearsearlier in this paper. We simulate realistic,
resource-boundedversionsof 2Bc-gskew, a global/local
perceptronpredictor, the path-basedneuralpredictor, and
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the piecewise linear predictor. Sinceeachpredictorhasa
certaindelayassociatedwith it, evenwith ahead-pipelining,
we use a two-level overriding organization[10] to miti-
gatepredictorlatency: A �rst-level 2K-entry bimodalpre-
dictor givesa predictionin a singlecycle andinstructions
arefetcheddown thepredictedpath.If thesecond-levelpre-
dictor disagreeswith the initial prediction,the instructions
fetchedso far aredroppedandfetchingcontinuesfrom the
otherpath.Wealsosimulateanoraclebranchpredictorthat
alwayspredictscorrectlyaswell astheidealizedversionof
piecewiselinearbranchprediction.

7.3. Tuning The Predictors

Using the train inputsof the benchmarksalongwith
SimPointand trace-driven simulation,we �nd the history
lengthsthat minimize the averagemispredictionrate for
eachhardwarebudgetandbranchpredictor. We usethese
history lengthsin the execution-drivensimulationson the
ref inputs.For 2Bc-gskew, we testhistorylengthsexhaus-
tively, keepingthe lengthsthat resultsin the lowestaggre-
gatemispredictionrate.For theglobal/localperceptronpre-
dictor, we exhaustively tunetheglobalhistory, keepingthe
localhistoryataconstant10andthepercentageof thehard-
warebudgetallocatedto thelocal historytablesat approxi-
mately35%.Keepingthebestglobalhistories,wethentune
the local historiesexhaustively. For the path-basedneural
predictor, we tunethe history lengthexhaustively. We use
the formula � = 2:14(h + 1) + 20:58 to setthe threshold
parameter� in the path-basedneuralalgorithm.We found
this formula to give optimalaccuracy at all history lengths
in previousresearch.

For piecewise linear branchprediction,we tunehistory
length as well as n and m, the moduli for the �rst and
secondindicesof the W array, exhaustively. However, we
constrainn to be a power of two suchthat the numberof
bits requiredto storeeachof theSR andR, matrices,i.e.,
10� n� h, neverexceeds2,048.Thus,restoringtheSR ma-
trix from theR matrix is comparableto restoringa register
�le of 32 64-bit registersafter a mis-speculation.We use
thesameformulafor � asfor thepath-basedneuralpredic-
tor. Table2 shows the tunedhistory lengthsfor eachhard-
warebudgetfor eachpredictoraswell asvaluesfor n and
m for thepiecewise linearpredictor. For many of theneu-
ral predictors,thechosenhistorylengthsandhardwarebud-
getswould leadto anumberof weightsvectorsthatis nota
powerof 2.Weassumethatarealdesignwoulduseapower
of 2numberof weightsvectorsfor easyimplementation.We
presentresultswith thesecon�gurationssothatthey maybe
comparedagainstoneanotherandagainsttraditionaltable-
basedbranchpredictorsusingthesameamountof state.

7.4. Estimating Branch Predictor Latency

We use CACTI 3.0 [19] to estimatethe latenciesof
the variousmemoriesaccessedby the predictors.We use

Hard- global/ path- piecewise
ware 2Bc- local based linear

Budget gskew perceptron neural h n m
4 KB 10 34/12 19 19 1 215
8 KB 11 34/12 19 19 2 176
16KB 14 38/14 24 23 4 138
32KB 15 40/14 31 26 8 118
64KB 16 50/18 34 43 8 151
128KB 17 54/19 38 50 8 288
256KB 18 64/23 40 51 8 603

Table 2. Tuned histor y lengths for the predic-
tor s and values of n and m for piece wise lin-
ear prediction

HSPICEalongwith a customlogic designprogramto es-
timatethe latency of the circuits usedto computethe per-
ceptronoutputfor theperceptronpredictor, thepath-based
neuralpredictor, andpiecewise linear prediction.For rea-
sonsof limited spacewe omit detailsof this estimationex-
ceptto saythatit is similar to ourpreviouswork [9].

8. Results fr om Micr oarchitectural Simula-
tion

This sectionpresentsresultsof detailedmicroarchitec-
turalsimulation.Ourmainresultscomparethepracticalver-
sionsof piecewiselinearbranchpredictionagainstpractical
versionsof otherbranchpredictors.Wecharacterizetheper-
formanceof thesepredictorsusing mispredictionratesas
well asinstructions-per-cycle(IPC).
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Figure 9. Average misprediction rates per benc hmark with a 256KB hardware budg et

8.1. Misprediction Rates

Figure8 shows the arithmeticmeanmispredictionrate
of eachpredictorover all 15 benchmarksat hardwarebud-
getsfrom 4KB to 256KB. It alsoshows the misprediction
rateusingthesamecycle-accuratesimulationmethodology
for the idealizedpiecewise linear predictorwith a history
lengthof 128.As thehardwarebudgetis increased,thead-
vantageof thepiecewiselinearpredictorover theotherpre-
dictorsincreases.On average,at a 32KB hardwarebudget,
piecewise linear predictionmispredicts5.1% of the time.
That is 9% more accuratethan path-basedneuralpredic-
tion which mispredicts5.6% of the time and is the most
accurateof the other predictors.At an aggressive 256KB
hardwarebudget,piecewise linear predictionwith a 4.6%
mispredictionrate is 16% more accuratethan path-based
neuralpredictionwith a 5.5%mispredictionrate,and22%
moreaccuratethan2Bc-gskew with a 5.9% misprediction
rate. It is important to note that this improvementrepre-
sentsa departurefrom previous improvementsin branch
predictionaccuracy – while all theotherpredictorsin Fig-
ure8 seemto approachanasymptoticmispredictionrateof
about5.5%, piecewise linear predictioncontinuesgetting
better. The idealizedpiecewise linear predictorwith a his-
tory lengthof 128achievesa mispredictionrateof just be-
low 4.0%.As we canseefrom thegraph,thepracticalver-
sionsof this predictorreachwithin 15% of this limit. In-
deed,themispredictionrateof piecewiselinearbranchpre-
diction with a 256KB hardwarebudgetis closerto the ide-
alizedpredictor's mispredictionratethan it is to the other
predictors'rates.

Figure9showsthemispredictionratesfor 256KBbranch
predictorsbroken down by benchmark.Piecewise linear
branchpredictionyieldsthebestaccuracy for everybench-
mark except for 176.gcc , on which it achieves a 2.1%
mispredictionratecomparedwith a2.0%mispredictionrate
for theglobal/localperceptronpredictor. On 252.eon the
improvementis particularlygood:piecewise linearpredic-
tion hasa mispredictionrateof 0.67%,an improvementof

31% over 2Bc-gskew at 0.97%,56% over path-basedneu-
ral predictionat 1.52%,and74% over the perceptronpre-
dictorat 2.57%.
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Figure 10. Instructions per cycle

8.2. IPC

Figure10 showsa graphgiving theIPC for eachpredic-
tor at hardwarebudgetsrangingfrom 4KB to 256KB. The
graphshowstheharmonicmeanof theraw IPCs.Many fac-
tors independentof the branchpredictor, suchas locality,
instructionmix, etc.,affect theIPCsof benchmarkswith re-
spectto oneanother. To isolatetheeffectof thebranchpre-
dictoronperformance,Figure11showstheharmonicmean
of IPCsthathave beennormalizedwith respectto the IPC
givenby anoraclebranchpredictorthatalwayspredictsdi-
rectionsandtargetscorrectly. Again,aswith misprediction
rates,theIPCsgivenby piecewiselinearpredictionimprove
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with respectto the other predictorsas the hardware bud-
getincreases.At a16KB hardwarebudget,piecewiselinear
predictiongivesaspeedupof 7%over2Bc-gskew.

Figure 13 shows the normalizedIPCs for eachbench-
mark using branch predictors with a hardware budget
of 256KB. Piecewise linear branch prediction outper-
forms theotherbranchpredictorson every benchmarkex-
cept for 175.vpr , for which 2Bc-gskew yields a 2%
speedupover piecewise linear prediction,most likely be-
causeof the higher latency of piecewise linear prediction
comparedwith that of 2Bc-gskew, and 176.gcc . Al-
thoughthereis asigni�cant varianceamongtheIPCsgiven
by the various branchpredictors,all of them but piece-
wise linear branch prediction yield a harmonic mean
normalized IPC of no more than 0.53. Piecewise lin-

ear branchpredictiongives a harmonicmeannormalized
IPC of 0.57, a speedupof 8% over the other predic-
tors.In thecaseof 186.crafty , piecewiselinearbranch
prediction gives a speedupof 8% over path-basedneu-
ral prediction, 20% over 2Bc-gskew, and 15% over the
perceptronpredictor.

8.3. Moderate PipelineDepths

Figure12 shows thenormalizedIPCsachievedby sim-
ulating the variouspredictorsfor a machinewith a more
moderatepipelinedepthof 20 stages.At a hardwarebud-
get of 64KB, piecewise linear branchpredictionyields an
improvementof 5% over2Bc-gskew and4% over thepath-
basedneuralpredictor. Thegainsaremoremodestbecause
of reducingthe pipelinedepthreducesthe penaltyof mis-
predictedbranchesandalsoallow increasestherelative im-
pact of branchpredictor latency, which is highestfor the
piecewiselinearbranchpredictor.

9. Conclusionsand Future Work

Our practicalpiecewise linear branchpredictiongener-
alizespreviouswork on neuralbranchprediction.In doing
so, it expandsthe designspaceof neuralpredictorsgiving
riseto moreaccuratepredictorsthatyield signi�cantly bet-
terperformance.

In futurework,weplanto improveuponpiecewiselinear
branchpredictionby �nding waysto reducetheextrahard-
wareit requiresandreducethelatency. Wealsoplanto gen-
eralizethis ideafurtherby incorporating,for instance,per-
branchhistoryinformationinto thepiecewiselinearpredic-
tor.

ThenormalizedIPCsin Section8 demonstratethatthere
is ample room for improvementin the performancede-
liveredby branchpredictors.We believe piecewise linear
branchpredictionwill bea driving force for achieving this
improvement.
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