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Abstract

Improvedbranch predictionaccuracyis essentiato sus-
taining instructionthroughputwith today's deeppipelines.
We introducepiecevise linear branchprediction an ideal-
ized brandh predictor that developsa set of linear func-
tions, onefor eath program path to the branch to be pre-
dicted, that sepaate predictedtaken from predicted not
takenbranches.Takentogether all of thesdinear functions
form a piecawiselinear decisionsurface e presenta limit
studyof this predictor showingits potentialto greatly im-
prove predictoraccurmcy.

Wethenintroducea practicalimplementabl&drand pre-
dictor basedon piecawviselinear branch prediction.In mak-
ing our predictor practical, we showhow a parameterized
versionof it uni es the previouslydistinct conceptf per-
ception prediction and path-basecdheural prediction. OQur
new branch predictor hasimplementatiorcostscompaa-
ble to current prominentpredictors in the literature while
signi cantly improving accuracy. For a deeplypipelined
simulatedmicroarchitectuie our predictor with a 256KB
hardware budget improvesthe harmonicmeannormalized
instructions-peicycle rate by 8% over both the original
path-basedcheurl predictor and 2Bcgskew. The average
mispredictionrateis deceasedy 16%overthepath-based
neural predictorandby 22% over 2Bc-gskew.

1. Intr oduction

Deeperpipelinesimprove overall performanceby al-
lowing more aggressie clock rates. However, some po-
tential performanceis lost due to the resulting increase
in branchmispredictionlatencies.Indeed,branchmispre-
diction lateny is the most important componentof per
formancedegradationas microarchitecturebecomemore
deeplypipelined[20]. Branchpredictorsmustimprove to
avoid theincreasingoenaltief mispredictions.

In this paper we introducepieceaviselinear brand pre-
diction thatworks by learninga setof linear functionsfor
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Figure 1. The XOR function cannot be learned
by a perceptron (a), but can be learned using
a piecewise linear decision surface (b).

eachbranchthat togethercomprisea piecavise linear sur
facein a spaceof branchoutcomepatternhistories.This
surfaceseparatepredictedtaken branchedrom predicted
not taken branchesA piecavise linear surfaceallows the
predictorto learnthe behaior of certainlinearly insepa-
rablebrancheghat previous neuralpredictorswereunable
to learn[12]. Figure 1 shavs examplesof decisionssur
faceslearnedby the perceptronpredictor (a) and piece-
wiselinearbranchprediction(b) for thelinearlyinseparable
exclusive-OR(XOR) function. The two input variablesare
representedy thex andy axes,negative for falseandposi-
tivefor true.Theoutputis representetly thecolorwhite for
falseandblackfor true.XOR cannotbelearnedby the per
ceptronpredictor but it is easilylearnecby pieceviselinear
branchprediction.

We rst describeanidealizedversionof piecevise lin-
earbranchprediction,giving algorithmsto explainthecon-
ceptsbut paying no attentionto microarchitecturalmple-
mentationconstraintsln the context of a boundlesshard-
ware and computationalbudget, we give the resultsof a
limit studycomparingpieceviselinearbranchpredictionto
idealizedversionsof previous predictionmechanismsWe
shaw that piecavise linear branchpredictionreduceamis-



predictionsby anaverageof 16%overthenext bestpredic-
tor.

We thenderive a practicalpiecavise linear branchpre-
dictor suitable for microarchitecturalimplementationby
constraininghestateusedy theidealizedpredictorandus-
ing ahead-pipeliningo mitigateits lateng. Usinga cycle-
accuratemicroarchitecturalsimulator we shav that the
practical piecavise linear branchpredictorimproves nor-
malizedharmoniameaninstructions-pexcyclerate(IPC) by
8%overboth2Bc-gslkew[16] andthepath-basedeuralpre-
dictor[9] for a256KB hardwarebudget.At lowerhardware
budgetshenew 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 focus on neural
branchpredictionresearch.

2.1. The Perceptron Predictor

The perceptrorpredictor[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]. Unfortunatelythe high lateng of theoriginal
perceptrorpredictorand makesit impracticalfor improv-
ing performance.

2.2. Reseach Related to Neural Branch Predic-
tion

Many studieshave extendedthe perceptronpredictor
Loh and Henry usethe perceptronpredictoras a compo-
nentof a larger hybrid predictor[14]. Thomaset al. nd
salienthistory bits for the perceptronpredictorusing dy-
namicdata- ow analysis. Akkary and Srinivasanadaptthe
perceptronpredictor to provide con dence estimatesfor
speculationcontrol [1]. Intel includesthe perceptronpre-
dictor in oneof its IA-64 simulatorsfor researchinduture
microarchitecture§3]. Falcon et al. usea perceptrorpre-
dictor asa componenbf a prophet/critichybrid predictor
thatrunsthe branchpredictoraheado second-guesgrevi-
ouspredictionsandpossiblyreversethem|[7].

2.3. Neural Branch Prediction Background

Neural branchpredictorskeep a table of weightsvec-
tors, i.e., vectorsof smallintegersthatarelearnedthrough
the perceptroriearningrule [11, 2]. As in global two-level
adaptve branchprediction[22, 15], ashift registerrecordsa
globalhistoryof outcomesf conditionalbranchestecord-
ing true for taken, or falsefor nottaken

To predictabranchoutcomeaweightsvectoris selected
by indexing the table with the branchaddressmodulothe

numberof weightsvectors.The dot productof the selected
vector and the global history registeris computed,where
true in the history representd andfalse representsl. If
the dot productis at least0, thenthe branchis predicted
taken,otherwiseit is predictednottaken.

2.4. Path-BasedNeural Branch Prediction

In a recentpaper we describea neural predictor that
achieveslower latengy andimproved accurag over previ-
ousneuralbranchpredictord9] by staggeringomputations
in time, predictinga branchusinga weightsvectorselected
dynamicallyalongthe pathto thatbranch.The path-based
neuralbranchpredictorhasimprovedaccuray over previ-
ousneuralpredictorshecausét is ableto nd correlations
with pathhistoryaswell aspatternhistory. In this paperwe
presenta new neuralpredictorthatachievesevenbetterac-
curagy at muchthe samdateng.

3. PiecewisdLinear Branch Prediction

This sectionintroducesour new predictor thepiecevise-
linearbranchpredictor We discusgheintuition behindthe
idea,thengive the algorithm.It is importantto notethat, at
this point, we arepresentinganidealizedpredictorwithout
concerrfor its implementatiorsincewe areonly concerned
with its predictive power. In Sections, we derive a practical
branchpredictionfrom thisidealizedpredictor

3.1. Intuition

Branch predictorsexploit the correlationbetweenthe
history of a branchandits outcome.One way to concep-
tually organizethe notion of branchhistory is to consider
all of the programpathsof a given length h endingin a
branchB. For our purposesa pathis a dynamicsequence
of branche®ndingin B. Theidentities,positions,andout-
comesof sucha pathusuallycorrelatehighly with the out-
comeof a branch.For eachbranchB, our predictortracks
theelement®f every pathleadingto B . Thepredictorkeeps
trackof thetendeng of agivenbranchin agivenpositionin
the historyto agreewith the outcomeof B. Thatis, for ev-
ery componenbf every path,the predictortracksthecorre-
lation of that componenwith the outcomeof B. To make
aprediction thecorrelationsof eachcomponenbf thecur
rentpathareaggreatedto form a prediction.

3.1.1. What is “PiecewiseLinear?” This aggr@ationis
alinearfunctionof thecorrelationgustfor thecurrentpath.
This linear function inducesa hyperplanethat is usedto
decidewhetherto predicttaken or not taken: if the global
branchoutcomepatternhistory lies on one side of the hy-
perplanethe branchis predictedtaken, otherwiseit is pre-
dictednot taken. Sincethereare mary pathsleadingto B,
therearemary differentlinearfunctionsusedto predictB .
Taken as a whole, the linear functionsusedto predictB



form a piecavise-linearsurface separatingpathsthat lead
to predictedtaken branchesfrom pathsthat lead to pre-
dicted not taken branchesIn machinelearningterminol-
ogy, sucha separatingsurfaceis calleda decisionsurface
In Section6 we will show thatpieceviselinearbranchpre-
dictionis a generalizatiorof neuralbranchprediction[11],
which usesa singlelinearfunctionfor a givenbranch,and
path-basedheuralbranchprediction[9], which usesa sin-

gle global piecavise-linearfunctionto predictall branches.

As a perceptron-lile algorithm,the predictor nds the sum
of weightsor their negationsbasedon whetherthe corre-

spondinghistorybits representakenor nottakenbranches.

3.2. Description of the Algorithm

The algorithm hastwo componentsa predictionfunc-
tion andan updateprocedureThe following variablesare
usedby thealgorithm:

W A three-dimensionaérray of integers. The indices of

this array are the branchaddressthe addresf a branch
in the pathhistory, andthe positionin the history W keeps
track of correlationsfor every branchin the program.We

canthink of W asa setof matrices,onefor eachbranch,
whose columns correspondto branchesin the path his-

tory andwhoserows correspondo positionsin the history.

W|[B; 0; O] is the weight that keepstrack of the tendeng

of branchB to betaken. This weightis the biasweightfor

B. Addition andsubtractionon elementf W saturateat

+127 and -128. The dimensionsof the array are arbitrar

ily large,i.e.,largeenoughto accommodatary accesdhat
might be madeduringthe algorithm.This factalonemakes
the predictorinfeasiblefor actualimplementation Never-

thelesswe constrainthe storagein our practicalversionof

thepredictorpresentedater.

h Theglobalhistorylength.Thisis a smallinteger.

GHR The global history register This vector of bits ac-
cumulateghe outcomesof branchesasthey are executed.
Branchoutcomesare shifted into the rst position of the
vector

GA An arrayof addressesAs branchesareexecutedtheir
addressesre shifted into the rst position of this array
TakentogetheyGH R andGA give the pathhistoryfor the
currentbranchto be predicted.

output An integer. This integer is the value of the linear
functioncomputedo predictthe currentbranch.

Figure 2 shows the function predict that computesthe
Booleanpredictionfunction. The function acceptsasa pa-
rameterthe addressof the branchto be predicted.The
branchis predictedakenif predictreturnstrue , nottaken
otherwise Figure 3 shavs the procedurerain usedto up-
datethe predictor It acceptsasparametershe addresand
Booleanoutcomenf thebranchlit assumethatall variables
retainthevaluesthey hadattheendof theinvocationof pre-
dict for this branch.Thetrainingalgorithmusesa threshold

parameter to decidewhento stopupdatingthe predictor;
whenthe magnitudeof the outputof the predictorexceeds

, the predictorhaslearnedthe behaiior of the branchsuf-

ciently well. Without sucha thresholdparameterthe pre-
dictor might overtrainand be slow to respondto changes
in branchbehaior. This algorithmis similar to otherneu-
ral predictorssuchasthe perceptrorpredictor[11] andthe
path-basedheuralpredictor[9]. We choosethe value of
usingthe sameformulafrom the path-basecdeuralpredic-
torpaper = 2:14(h+ 1) + 20:58.

4. Limit Study

This sectionpresentsa limit studyof branchprediction
usingpieceviselinearbranchpredictionaswell asidealized
versionsof otherpredictors We shav thatour new predic-
toris ableto achieve verylow mispredictiorratescompared
with otheridealizedpredictors.

4.1. Predictors Simulated

We simulatethe following predictorsto comparewith
our new predictor:

2Bcgskew We simulate 2Bc-gslkew, a hybrid predic-
tor combining a bimodal componentwith egslew that
predictsusing the majority of three componentsthe bi-

modal predictorandtwo global history predictorsindexed
by specialhashfunctionsthat mitigate destructve interfer

ence A versionof this predictorwasplannedfor the Alpha
EV8 processof16]. We have obsened that 2Bc-gslew is

themostaccuratédranchpredictorbasedntwo-level adap-
tive predictionin the academiditerature.

Perception Predictor We simulatea versionof the percep-
tron predictorthat combinesglobal and perbranchhistory
information[12]. This predictorhasbeenshavn to bemore
accuratethan even the most aggressie multi-component
hybrid predictor{12]. Thus,it would besuper uousto com-
pareagainstother combinedglobal and perbranchhybrid
predictors.For this study a history length of h for the
global/localperceptrormeanghath globalandh local his-
tory bitsareused.

Path-BasedNeural Predictor We simulatethe path-based
neuralpredictor[9]. As in piecavise linear branchpredic-
tion, this predictoraggreatesveightsfrom the elementsf
the pathto the branchto be predicted but the weightsare
sharedglobally amongall branchesnsteadof beingasso-
ciatedwith a particularbranch.This path-basegredictoris
highly accurate Thus,we do not include other, lessaccu-
ratepath-basedechniques.

4.2. Limit Study Methodology

In this paper we presentthe resultsof two setsof ex-
perimentsin this section we presenta limit studyfocused
only on accurag. In Section8, we presenta study of our



functionpredict(address integer):boolean

begin
output:= W [addressO0; 0]
foriin 1::h do
if GHR]i] = truethen
output:= output+ W [address GAi];i]
else
output:= output W [addressGAi];i]
endif
endfor
predict:= output 0
end

(* Outputis initialized to biasweight *)
(* Find the sumof weights(or their negations)chosen*)
(* usingtheaddresse®fthelasth brances*)

*If theith branch in the historywastaken,*)
(* addthechosenweight*)
(* otherwisesubtiactit *)

(* Predictthe branch takenif the outputis at least0 *)

Figure 2. Prediction algorithm

procedurerain (address integer;taken boolean)
begin
if joutpuf < orpredicté takenthen
if taken = true then
W [address0; 0] := W [address0; 0]+ 1

else
W [address0; 0] := W[address0;0] 1
endif
foriin1:h
if GHR]i] = takenthen
W [address GA[i];i] := W [addressGA[i];i]+ 1
else
W [address GA[i];i] := W [addressGA[i];i] 1
endif
endfor
endif

GAJ2::h] := GA[ll:h 1]
GA[1] := address
GHR2::h] .= GHR1::h 1]
GHR[1] := taken

end

(* If magnitudeof outputis lessthan or predictionwas*)
(* incorrectthenupdatethe weights*)

(* If branch wastaken, thenincrementthe biasweight,*)
(* otherwisedecementt (with satumting arithmetic)*)

(* For eadh addressandbranch outcomdn recenthistory.. *)

*If theit" mostrecentoutcomes equalto currentoutcome®)
(* thenincrementheweightthat contributedto this prediction*)

(* otherwisedecementt (with satuiating arithmetic)*)

(* Shiftthe currentaddressinto theglobal addressarray *)

(* Shiftthe currentoutcomento the global historyregister*)

Figure 3. Training algorithm

proposedracticalbranchpredictorin a cycle-accurateni-
croarchitecturafframework. For this limit study we use
tracesgeneratedby SimpleScalar/Alphaon the samel5
SPECCPUintegerbenchmarksve usefor Section8.

To isolatethe predictive power of eachpredictionmech-
anismfrom the effectsof branchinterferencegachpredic-
tor is allowedto useanarbitraryamountof storage For the
perceptronpredictor and path-basedeural predictor one
weightsvectoris allocatedto eachstaticbranch.For 2Bc-
gslew, eachtablein the predictoris given a virtual 48-bit
addressspace.In otherwords,the 2Bc-gslew predictoris
givenavirtual hardwarebudgetof 256 terabytesThe sim-
ulationof this budgetis facilitatedthroughthe useof adata
structurethat brings a predictorentry into existenceonly
whenit is rst accessed.

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

for piecaviselinearprediction,we simulatea largeenough
rangeof historylengthsto show thatthereis a besthistory
lengthdeliveringthe lowestmispredictiorratefor thatpre-
dictor. For piecawvise linear predictiontheredoesnot seem
to be a besthistory length; accurag continuesto improve
with longerhistories.

Figure 4 shows the averagemispredictionrate for each
predictorat varioushistory lengths.For history lengthsof
up to 30, the 2Bc-gskew mechanisndeliversthe bestaccu-
ragy. After that point, piecavise linear branchpredictionis
thebest.

Figure 5 showvs the mispredictionrate for eachbench-
mark as well as the arithmetic mean. The chart shovs
the mispredictionratesfor eachpredictorusingthe history
lengththatyieldsthebestaveragamispredictiorratefor that
predictor Thevaluesof thesebesthistorylengthsaregiven
in thelegendof thegraph.Eachof thesepredictords oneof
thevery bestpredictorsin recentliterature.Still, the piece-
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Figure 4. History lengths vs. misprediction
rates

wise linear branchpredictormanagego outperformthem
all. The next bestpredictor 2Bc-gslew, gives an average
mispredictionrate of 3.81%. Piecavise linear branchpre-

diction givesan averagemispredictionrate of 3.21%,are-

ductionof 16%.It reducesnispredictionsy 26% over the

third mostaccuratepredictor aglobal/localperceptrorpre-

dictor, which yields a mispredictionrate of 4.33%.Piece-
wiselinearbranchpredictiongivesthelowestmisprediction
rate on 13 out of the 15 benchmarkslt yields the second
lowest mispredictionrate on the other 2 benchmarksand

on those2 benchmarkg differentpredictorsarethe best.
Thus, without regard to implementationconcerns piece-
wise linear branchpredictionis a consistentlybetterpre-

diction mechanisnthanary of the otherpredictors.

5. A Practical PiecewiseLinear Branch Pre-
dictor

In this section,we presenta practicalversionof piece-
wise linear branch prediction with implementationcon-
straintssimilar to other practicalpredictors.Thereare two
constraintson a practical predictorthat the idealizedver
sionpresentedofar doesnot satisfy:limited areaandlim-
ited latengy.

5.1. Limiting Areaofthe 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 would be choseraspowersof 2 to makethe
modulooperationa simple mask.We limit the third index
by choosingan appropriatevalue h for the history length.
Thus,W becomeann m (h+ 1) 3-dimensionaarray
of 8-bitweights.Limiting thesecondarrayindexto O::n 1
alsoreducesthe bits requiredto storethe GA array since

eachaddresganberepresentechodulon requiringatmost
log, n + 1 bits.

5.2. Limiting Latency of the Prediction

Computingthe output usedto predictthe branchege-
quires adding h + 1 numberseach retrieved from dif-
ferent, possibly non-adjacentpositions in W. We use
aheadpipelining to mitigate the lateng of this computa-
tion. Aheadpipelining meansthe computationis pipelined
and begins beforethe branchto be predictedis fetched.
It hasbeenappliedto traditional two-level branchpredic-
tors[8, 17] aswell asneuralbranchpredictorg9, 21].

5.3. An Ahead-PipelinedPiecewisd.inear Branch
Predictor

Branchpredictionsspeculatiely drive partial computa-
tions of the outputsof h future branchesThe W arrayis
novann m (h+ 1) 3-dimensionaarrayof 8-bitweights.
The biasweight for a branchwith addressB is now kept
in W [b mod n; bmod m; O] providing a moreuniform uti-
lization of the now limited numberof weightsin W. The
W arrayis indexed by the branchaddressnodulon. Since
thisindex is not known aheadof time, the algorithmkeeps
n copiesof the speculatre predictorstateto drive n possi-
ble predictionsOncethebranchaddresbecome&nown, it
is usedto selectoneof then predictionsLittle extraspecu-
lative stateis requiredfor smallvaluesof n.

5.3.1. Extra State for the Ahead-Pipelined Predictor
Ahead-pipeliningthe predictorrequiresadditional stateto
storeintermediateresultsof computationsR and SR are
n h 2-dimensionalarraysof small integersusedasin-
termediatestoragefor computingthe outputof the predic-
tor. SRJi; j ] holdsthe speculatie partial sumfor predict-

ing thej th pranchin the futurewhoseaddressnodulon is
i . Extendingterminologyfrom the original path-basedeu-
ral predictor[9], SR andR areshift matricescomposedf
n shift vectors.SR is like a queuethroughwhich partial
sumsproceedPartial sumsenterthe queueasO, areadded
to while in the queue andon exiting areaddecdto the bias
weightandusedto computethe prediction.SR is specula-
tive sinceit assumeshecorrectnessf predictiongor unre-
solvedbranchesR is a duplicateof SR thatis maintained
non-speculatiely whenabranchis resohedsothatthepre-
dictor statecanberestorecbn a misprediction\We have ob-
senedthat 10 bits aresufcient for the elementsof the R
andSR arrays.

5.3.2. Making a Prediction Figure6 shows the new pre-
diction algorithm for piecavise linear branch prediction
with ahead-pipeliningTo predicta branchthat will occur
h branchesn the future, the algorithmstartsa partial sum
for theoutputfor thatpredictionwith thevalueO. Eachtime
abranchis predictedijts resultis usedto addanothettermto
thepartialsumto predicth futurebrancheswWhenabranch
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needgo be predicted a partial sumis selectedrom oneof

n candidatepartial sumsand addedto the biasweight for

thatbranch.Thus,the critical pathfor makinga prediction
is atablelookup,amultiplexer, andanaddition.Thisincurs
a delay comparableo otherbranchpredictors,in particu-
lar the ahead-pipelineghath-basecheuralbranchpredictor
thatis estimatedo have adelayof from 2 to 3 cycles[9].

5.3.3. Updating the Predictor The algorithmfor updat-
ing the predictorwhena branchis executeds similarto the
algorithmfor theidealizedpredictordescribedn Section3
with anextra step.Thenon-speculatie shift matrix R is up-
datedin the updatephaseusingthe outcomeof the branch.
UpdatingR is similarto updatingSR exceptthatthebranch
addresgindoutcomearenon-speculatie.

5.3.4. Misprediction Recovery On a misprediction,the
speculatie contentsof SR must be overwritten with the
non-speculatie versionkeptin R. This copying canbeac-
complishedwith low lateng in parallelto otherrecovery
activitiestakingplacein theprocessarsuchasrestoringthe
register le from non-speculatiestate Indeedwe canthink
of then vectorsin SR aslong registersin a specialregister
le andapplyknown microarchitecturalechniqueto man-
agingthe speculatie andnon-speculatie versionsof regis-
ter les. In Section8, we seethatthe sizeof SR in termsof
numbersof bits is no morethanthe sizeof atypical physi-
calregister le.

5.3.5. Implementation of Shift Matrix It hasbeenob-
sened that partial sumsfor computingneuralbranchpre-
dictor outputsrequireno morethanl1 bitsto represenéach
partial sum[9]. We nd the 10 bits are sufcient for the
piecaviselinearbranchpredictor Thus,ann  h shift ma-
trix requiresn  h 10-bit addersaswell as10 n h
latchesto store eachpartial sum. We proposean imple-
mentationthat would usefastripple-carryadders(RCA),
which providethebestareaanddelaytrade-of for smallbit
widths[5].

5.3.6. Implementation of W Weightsfor neuralbranch
predictionrequireno morethan8 bits to provide high accu-

ragy [12, 9]. The path-baseaheuralpredictorproposedis-

ing h+ 1independentlyaddressabl&aglessnemoriesgach
eightbits wide, to implementthe W matrix. For the piece-

wiselinearpredictor we proposeausingh + 1 independently
addressabléaglessmemoriesthat are arrangedasn 8-bit

wordswide. Thatis, W is organizedash + 1 memories
with n blockseachwith m bytes.Thus,the training algo-

rithm canupdatein paralleleachof theh + 1 weightsre-

sponsibldor predictingthebranch.

5.3.7. Implementation of Parallel Algorithm The pre-

diction algorithmrequiresa large numberof operationgo

occurin parallel.On eachcycle, the speculatie shift ma-

trix recevesn h resultsin parallel,son h 10-bitadders
arerequired For example ,ourmostaggressie predictorde-

signhasn = 8 andh = 51, soit would require408 10-bit

adders.

The non-speculatie versionof the shift matrix, R, may
be lled from the contentsof the speculatre versionfor
right-pathbranchesvhoseoutcomesbecomeknown. This
technigueohviatesthe needfor a secondsetof addersto
maintainnon-speculatie results.

Eachbyte of ablockin eachof theh + 1 independently
addressablenemoriescorrespondso a differentcombina-
tion of lower addressits. Accessinghe entireblock once
providesinput to every iterationof the 1::n loop in the al-
gorithmfor makinga prediction.Thus,eachmemoryis ac-
cessednly oncefor eachprediction,and once againfor
eachupdate.

6. PiecewiselLinear Branch Prediction is a
GeneralizedNeural Predictor

A happy consequencef parameterizingpiecavise lin-
earbranchpredictionwith n andm is thatthe new predic-
tor becomes generalizatiorof conceptdoundin previous
neuralpredictors.The perceptrorpredictor[11] and path-



functionpredict(address integer):boolean
begin

i := addressmod n

j = addressmod m

output:= SR[i; h] + WTi; j; 0]

if output  Othen
predict:= taken
else
predict:= nottaken
endif

(* Firstindexin W andSR is thebranct addressmodulon *)
(* Secondndexin W is thebranc addressmodulom *)

(* Completethe computatiorfor this prediction*)

(* Predicttakenif outputis at leastO *)

(* Predictnottakenotherwise*)

(* Thispointin thealgorithmis the endof thecritical timing pathfor makinga prediction*)
(* Therestof thealgorithmupdatesspeculativestatefor makingthe next h predictions*)

foriin 1::n in paralleldo
for k in 1::h in paralleldo
ax = h k
if predict= takenthen
SRYi; ax + 1] := SRJi; ax]+ WIi; j; K]

else
SRYi; ax + 1]:= SRJ[i; a] WIi; j; K]
endif
endfor
SR[i; 0:h] := SR{i; 0::h]°
endfor
foriin 1::n in paralleldo
SR[i;0]:= 0
endfor

end

(* For eadh of theshiftvectosin SR...*)
(* For each partial sumin thei th rowof SR... %)

(* ax isanindexin theith shift vector*)
(* If thereis positivecorrelationbetweerhistory *)

(* andoutcomethenaddthei; j; kth weightto the*)
(* partial sumin SR *)
(* otherwisesubtiactinsteadof adding *)

(* Copyresultsof computationgo SR *)

(* For eadh of then speculativeshift vectoss, *)
(* reinitializethe r st partial sum*)

Figure 6. Ahead-pipelined prediction algorithm

basedneuralprediction[9] turn out to be extremeendsof
a family of parameterizegiecevise linear branchpredic-
tors. Thus, piecavise linear branchpredictionuni es pre-
viously distinctpredictorsandallows themto be studiedin
thesameconceptuaframenork.

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

The perceptronpredictor keepsan array of n weights
vectors,eachwith h + 1 integer weights. One weight in
eachvectoris a bias weight and the other h track corre-
lation with branchoutcomepatternhistory [11]. Whena
branchis predictedthebranchaddressnodulon is usedto
selectaweightsvectorthatis thenusedto computethe out-
put of the predictorasthe dot productof the weight vector
andthebranchhistoryregister

In thepieceviselinearbranchpredictor if weletm = 1,
thenevery bit in the GA arrayis 0. Theresultingpiecevise
linearbranchpredictoris equivalentto a perceptrorpredic-
tor with n perceptronandaglobalhistorylengthof h. This
is becauséettingm = 1 effectively removesthesecondn-
dex of W, soW collapsesnto a matrix whosen rows rep-
resenperceptrorweightsvectorsandwhoseh + 1 columns
correspondo the biasweightsandweightscorrelatingwith
branchoutcomepatternhistory.

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

The path-basecheural predictor keepsan array of m
weightsvectors,eachwith h + 1 integer weights,againa
biasandh weightsto correlatewith history However, un-
like the perceptromredictor the path-basedheuralpredic-
tor usesthe pathhistoryto selectweightsfromuptoh + 1
distinctweightsvectorsfor eachprediction[9].

In thepieceviselinearbranchpredictor lettingn = 1 ef-
fectively removesthe rst index of the W andcollapseW
intoanm  (h + 1) matrix of weights.The m rows cor-
respondto the m weightsvectorsof the path-basedeu-
ral predictor The rst columnagaincorrespond$o thebias
weightsfor eachbranchaddressnodulom. Therestof the
h columnscorrespondo the correlatingweightschoserby
pathhistory Sincen = 1, only the global path history is
usedto chooseweightsto make a prediction,which s just
whatpath-basedeuralpredictiondoes.

6.3. lllustration of GeneralizedPredictor

Figure7 shavstheresultsof experimentgerformedus-
ing ourlimit studyinfrastructurdor piecaviselinearbranch
predictorswith a constanthistory lengthof h = 63 and
varyingn andm suchthattheir productis always65,536.
Thus,the numberof elementsn the W arrayis keptat a
constantt4  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 array are variedto representifferent
pointsin the spaceof neuralpredictors.The misprediction
ratesareaveragedacrossall 15benchmarks.

At the left endof the graph,we haven = 1 andm =
65; 536. This predictoris equialentto path-basedeural
predictionwith 64K weightsvectors.It achiezesa mispre-
diction rateof 4.9%.At theright endof thegraph,we have
n = 65;536andm = 1, equivalentto a perceptrorpredic-
tor with 64K weightsvectors.It achievesa misprediction
rateof 5.1%.In betweerthesesxtremaaredifferentcon g-
urationsof piecaviselinearbranchpredictorsEac of them
outperformshoth the perception predictor and path-based
linear predictor Thus,theneuralpredictorssofar presented
in the literatureare the two worst-caseexamplesof a bet-
ter predictor! The minimummispredictiorratesareslightly
below 3.7%,achieredwhenn andm arebothbetweerl28
and512.With avalueof n = 8 suitablefor ahead-pipelined
implementationthe mispredictiorrateis 3.9%.

7. Methodologyfor PerformanceResults

This sectiondescribesheexperimentaimethodologyfor
obtainingsimulatedresultsfor therealistic,ahead-pipelined
versionof piecaviselinearbranchpredictionusinga cycle-
accuratesimulator

7.1. Micr oarchitectural Framework

We usel5 SPECCPUintegerbenchmarksunningunder
MASE/Alpha[13], asigni cantly modi ed versionof Sim-
pleScalar/Alph&4], a cycle-accurateout-of-orderexecu-
tion simulatorthathasbeenenhancedo includeour branch
predictorsandto simulateoverriding predictorsat various
latencies We simulateall of the SPECCPU 2000integer
benchmarksandall of the SPECCPU 95 integer bench-

Parameter Con guration
L1 I-cache| 16 KB, 64B blocks,2-way
L1 D-cache| 16 KB, 64B blocks,4-way
L2 uni ed cache| 1MB, 128Bblocks,4-way
BTB 4096entry, 2-way
Fetch/Decode/lssue/Commnit 16wide
Pipelinedepth 40
Reorderbuffer size 512
LSQentries 128
L2 hit lateng 7 cycles
L2 misslateny 500cycles

Table 1. Microarchitectural parameter s

marksthat are not duplicatedin SPECCPU 2000, except
for 130.li and124.m88ksim becausehey would not
work under our checkpoint-basedimulation framework.
The benchmarksare compiled with the CompaQ GEM
compilerwith theoptimization ags -fast -O4 -arch
evo .

We use SimPoint 1.1 to identify regions of the exe-
cution of eachbenchmarkthat characterizahe 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., regions of 100 million instructionexecu-
tions[18]. We simulatetheseregionswith MASE, record-
ing statisticssuchasinstructions-pexcycleratesandbranch
mispredictionrates.We then aggregate thesenumbersin
a weightedaverageto give a preciseestimateof what the
statisticswould have beenif the benchmark$iadbeenrun
to completion.

Table 1 shavs the basemicroarchitecturalparameters
usedfor the simulations.We startedwith a con guration
looselybasednthelntel Pentiund, but with anissuewidth
of 16 anda deepermipeline of 40 stagego provide a rea-
sonablemodel of a future aggressiely clocked microar
chitecture.A recentstudyfrom Intel's PentiumProcessor
architecturegroup concludesthat performanceof aggres-
sively clocked microarchitecturesontinuego improve un-
til pipelinesreacha depthof 52 [20]. Sincethatstudywas
presented|ntel hasincreasedhe depthof its Pentium4
pipeline from 20 to 31 stagesin a microprocessonamed
Prescottavailable for purchaseas of this writing. Thus,
while our 40-stagepipelineis aggressie for currenttech-
nology, it is conserative with respecto whatis possiblein
futuretechnologies.

7.2. Branch Predictors Simulated

We simulatethe samepredictorsusedin the limit study
that appearsearlier in this paper We simulate realistic,
resource-boundedersions of 2Bc-gskew, a global/local
perceptronpredictor the path-basedheural predictor and



the piecavise linear predictor Since eachpredictorhasa
certaindelayassociateavith it, evenwith ahead-pipelining,
we use a two-level overriding organization[10] to miti-
gatepredictorlateng: A rst-le vel 2K-entry bimodal pre-
dictor givesa predictionin a single cycle andinstructions
arefetcheddown thepredictedpath.If thesecond-lgel pre-
dictor disagreesvith theinitial prediction,theinstructions
fetchedso far aredroppedandfetchingcontinuesrom the
otherpath.We alsosimulateanoraclebranchpredictorthat
alwayspredictscorrectlyaswell astheidealizedversionof
piecaviselinearbranchprediction.

7.3. Tuning The Predictors

Usingthetrain  inputsof the benchmarkalongwith
SimPointand trace-drven simulation,we nd the history
lengthsthat minimize the averagemispredictionrate for
eachhardware budgetand branchpredictor We usethese
history lengthsin the execution-drven simulationson the
ref inputs.For 2Bc-gslew, we testhistorylengthsexhaus-
tively, keepingthe lengthsthatresultsin the lowestaggre-
gatemispredictiorrate.For theglobal/localperceptrorpre-
dictor, we exhaustvely tunethe global history, keepingthe
localhistoryataconstantlO andthe percentagef thehard-
warebudgetallocatedo thelocal history tablesat approxi-
mately35%.Keepingthebestglobalhistorieswe thentune
the local historiesexhaustvely. For the path-basedeural
predictor we tunethe history length exhaustvely. We use
theformula = 2:14(h + 1) + 20:58 to setthethreshold
parameter in the path-baseaheuralalgorithm.We found
this formulato give optimal accurag at all historylengths
in previousresearch.

For piecawise linear branchprediction,we tune history
length as well asn and m, the moduli for the rst and
secondndicesof the W array exhaustiely. However, we
constrainn to be a power of two suchthat the numberof
bits requiredto storeeachof the SR andR, matrices,i.e.,
10 n h,neverexceed®,048.Thus,restoringhe SR ma-
trix from the R matrix is comparabldo restoringa register

le of 32 64-bit registersafter a mis-speculationWe use
thesameformulafor asfor the path-basedeuralpredic-
tor. Table2 shaws the tunedhistory lengthsfor eachhard-
warebudgetfor eachpredictoraswell asvaluesfor n and
m for the piecavise linear predictor For mary of the neu-
ral predictorsthechoserhistorylengthsandhardwarebud-
getswould leadto anumberof weightsvectorsthatis nota
powerof 2. We assumehatarealdesignwould useapower
of 2 numberof weightsvectorsfor easyimplementationWe
presentesultswith thesecon gurationssothatthey maybe
comparecdhgainstoneanotherandagainstraditionaltable-
basedranchpredictorsusingthe sameamountof 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- piecavise
ware 2Bc- local based linear
Budget | gslew | perceptron| neural| h | n | m
4 KB 10 34/12 19 19 1| 215
8KB 11 34/12 19 19 2| 176
16 KB 14 38/14 24 23| 4| 138
32KB 15 40/14 31 26| 8 | 118
64 KB 16 50/18 34 43| 8 | 151
128KB 17 54/19 38 | 50| 8| 288
256KB 18 64/23 40 511 8| 603

Table 2. Tuned histor y lengths for the predic-
tors and values of n and m for piecewise lin-
ear prediction

HSPICEalongwith a customlogic designprogramto es-
timatethe lateng of the circuits usedto computethe per
ceptronoutputfor the perceptrorpredictor the path-based
neuralpredictor and piecavise linear prediction. For rea-
sonsof limited spacawe omit detailsof this estimationex-
ceptto saythatit is similarto our previouswork [9].

8. Results from Micr oarchitectural Simula-
tion

This sectionpresentgesultsof detailedmicroarchitec-
turalsimulation.Ourmainresultscomparehepracticalver-
sionsof piecaviselinearbranchpredictionagainsipractical
versionf otherbranchpredictorsWe characterizéheper
formanceof thesepredictorsusing mispredictionratesas
well asinstructions-percycle (IPC).
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8.1. Misprediction Rates

Figure 8 shaws the arithmeticmeanmispredictionrate
of eachpredictorover all 15 benchmarkst hardwarebud-
getsfrom 4KB to 256KB. It alsoshawvs the misprediction
rateusingthe samecycle-accuratsimulationmethodology
for the idealizedpieceavise linear predictorwith a history
lengthof 128. As the hardwarebudgetis increasedthe ad-
vantageof the piecaviselinearpredictorovertheotherpre-
dictorsincreasesOn averageat a 32KB hardwarebudget,
piecavise linear predictionmispredicts5.1% of the time.
That is 9% more accuratethan path-basedeural predic-
tion which mispredicts5.6% of the time andis the most
accurateof the other predictors.At an aggressie 256KB
hardware budget, piecevise linear predictionwith a 4.6%
mispredictionrate is 16% more accuratethan path-based
neuralpredictionwith a 5.5% mispredictionrate,and22%
more accuratethan 2Bc-gskew with a 5.9% misprediction
rate. It is importantto note that this improvementrepre-
sentsa departurefrom previous improvementsin branch
predictionaccurag — while all the otherpredictorsin Fig-
ure8 seemto approactanasymptotiomispredictiorrateof
about5.5%, piecavise linear prediction continuesgetting
better The idealizedpiecavise linear predictorwith a his-
tory lengthof 128 achieresa mispredictionrate of just be-
low 4.0%.As we canseefrom the graph,the practicalver
sionsof this predictorreachwithin 15% of this limit. In-
deedthemispredictiorrateof piecaviselinearbranchpre-
dictionwith a 256KB hardwarebudgetis closerto theide-
alized predictors mispredictionratethanit is to the other
predictors'rates.

Figure9 shovsthemispredictiorratesfor 256KBbranch
predictorsbroken down by benchmark.Piecavise linear
branchpredictionyieldsthe bestaccurag for every bench-
mark exceptfor 176.gcc , on which it achieresa 2.1%
mispredictiorratecomparedvith a2.0%mispredictiorrate
for the global/localperceptrorpredictor On 252.eon the
improvementis particularlygood: piecevise linear predic-
tion hasa mispredictionrate of 0.67%,an improvementof
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31% over 2Bc-gskew at 0.97%,56% over path-basedheu-
ral predictionat 1.52%,and 74% over the perceptrorpre-
dictorat2.57%.

Absolute IPC

16KB 32KB 64KB 128KB 256KB
Hardware Budget (Bytes)
—— Idealized Piecewise Linear Prediction
—=— Piecewise Linear Predictor
-=- Path-Based Neural Predictor
-+--2Bc-gskew
--x- Global/Local Perceptron Predictor

8KB

Figure 10. Instructions per cycle

8.2. IPC

Figure10 shawvs agraphgiving the IPC for eachpredic-
tor at hardwarebudgetsrangingfrom 4KB to 256KB. The
graphshowvstheharmonicmeanof theraw IPCs.Marny fac-
tors independenbf the branchpredictor suchaslocality,
instructionmix, etc.,affectthelPCsof benchmarksvith re-
spectto oneanotherTo isolatethe effect of the branchpre-
dictor on performancefigurell shovstheharmonicmean
of IPCsthathave beennormalizedwith respecto the IPC
givenby anoraclebranchpredictorthatalwayspredictsdi-
rectionsandtargetscorrectly Again, aswith misprediction
ratesthelPCsgivenby piecaviselinearpredictionimprove
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Figure 12. Normaliz ed IPC with moderate
pipeline depth

with respectto the other predictorsas the hardware bud-
getincreasesAt a 16KB hardwarebudget,piecaviselinear
predictiongivesa speedumf 7% over 2Bc-gskew.

Figure 13 shows the normalizedIPCs for eachbench-
mark using branch predictors with a hardware budget
of 256KB. Piecavise linear branch prediction outper
formsthe otherbranchpredictorson every benchmarlex-
cept for 175.vpr , for which 2Bc-gslew yields a 2%
speedupover piecavise linear prediction,most likely be-
causeof the higherlatengy of piecavise linear prediction
comparedwith that of 2Bcgslew, and 176.gcc . Al-
thoughthereis asigni cant varianceamongthe IPCsgiven
by the various branch predictors,all of them but piece-
wise linear branch prediction yield a harmonic mean
normalized IPC of no more than 0.53. Piecavise lin-
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ear branchprediction gives a harmonicmeannormalized
IPC of 0.57, a speedupof 8% over the other predic-
tors.In thecaseof 186.crafty  , pieceviselinearbranch
prediction gives a speedupof 8% over path-basecheu-
ral prediction, 20% over 2Bc-gskew, and 15% over the
perceptrorpredictor

8.3. Moderate Pipeline Depths

Figure 12 shaws the normalizedIPCsachieved by sim-
ulating the various predictorsfor a machinewith a more
moderatepipeline depthof 20 stagesAt a hardware bud-
getof 64KB, piecawvise linear branchpredictionyields an
improvementof 5% over 2Bc-gskew and4% over the path-
basedheuralpredictor The gainsaremoremodestbecause
of reducingthe pipeline depthreduceghe penaltyof mis-
predictedoranchesndalsoallow increasesherelative im-
pactof branchpredictorlateng, which is highestfor the
piecaviselinearbranchpredictor

9. Conclusionsand Futur e Work

Our practicalpiecavise linear branchpredictiongener
alizespreviouswork on neuralbranchprediction.In doing
S0, it expandsthe designspaceof neuralpredictorsgiving
riseto moreaccurateredictorsthatyield signi cantly bet-
ter performance.

In futurework, we planto improveuponpieceaviselinear
branchpredictionby nding waysto reducethe extra hard-
wareit requiresandreducethelateng. We alsoplanto gen-
eralizethis ideafurtherby incorporating for instance per
branchhistoryinformationinto the piecaviselinearpredic-
tor.

ThenormalizedPCsin Section8 demonstrat¢éhatthere
is ample room for improvementin the performancede-
liveredby branchpredictors.We believe piecevise linear
branchpredictionwill be a driving forcefor achieving this
improvement.
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