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Abstract

We presenta new methodfor branch predictionthat en-
codesin thebrand instructiona formula,chosenby pro |-
ing, thatis usedto performhistory-basegbrediction.By us-
ing a specialclassof Booleanformulas,our encodings ex-
tremelyconcise By replacingthelarge tablesfoundin cur-
rentpredictors with a small,fastcircuit, our schemeis ide-
ally suitedto future technologiesthat will havelarge wire
delays.In a projected70 nmtechnology and an aggressive
clodk rateof about5 GHz,animplementatiorof our method
thatusesan 8-bitformulaencodinghasa mispedictionrate
of 6.0%, 42% lower than that of the bestgsharepredictor
implementablén that sametechnology. In today's technol-
ogy, a 16-bit version of our predictor canreplacebias bits
in an 8K-entryagreepredictorto achievea 2.86%mispre-
diction rate which is slightly lower than the 2.93% mis-
predictionrate of the Alpha 21264 hybrid predictor even
thoughthe Alpha predictor hasalmosttwice the hardware
budget. Our predictoralsoconsumesud lesspowerthan
table-basedredictors. Thispaperdescribesour predictor
explainsour pro ling algorithm,andpresentsxperimental
resultsusingthe SPEC2000integer bendimarks.

1 Intr oduction

As pipelinesbecomedeeperand issuewidths become

wider, the penalty for a mispredictedbranchincreases.

Thus, in the future, accuratebranch prediction will be-
comemore importantto the performanceof microproces-
sors. However, recentstudiesshav that asclock ratesin-
creaseand featuresizesdecreasewire delaywill have an
increasinglysigni cant impacton the time to accesdarge
structuressuchasbranchpredictiontables[1, 12]. For in-
stanceat current180nm technologyanda moderateclock
rateof 1 GHz, an 8K-entry gshae predictorwith an aver-
ageaccuray of about95%canbebuilt. In thefuture,with
35 nm technologyand an aggressie projectedclock rate
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Figure 1. Treerepresentationf theformula

. Only seven bits,
representinghe typesof the gates,are neededto encode
this formula.

of 9.92 GHz, the largestgshake predictoraccessiblén one
cycle will have only 512 entriesandan accurag of about
86%. Thus,predictorsmustbecomemoreaccurateo sup-
port deepemipelines,but they mustalso becomesmaller
becausef wire delayandaggressie clocking.

We have seenthis problemeven in currentmicropro-
cessors.The AMD K6 line of microprocessorfeatureda
highly accurate8K-entry GAs branchpredictor; however,
the newer AMD Athlon microprocessohasa scaled-back
2K-entrybranchpredictor[9]. This changereduceghede-
lay andreal-estateostsof the branchpredictor andmight
be onereasonwhy the Athlon hasbeenableto achiere ag-
gressve clockrates.In exchangefor thehigherclockrates,
AMD hassacri ced branchpredictionaccurag in a pro-
cessorwhoselonger pipeline increaseghe misprediction
penalty

Onesolutionto this problemis to allow the compilerto
assistwith branchprediction. Existing architecturesuch
asl|A-64 allow hint bits in a branchinstructionto specify
whetherto usethedynamicbranchpredictoror a staticpre-
diction, thus ltering the accesseto the dynamicpredictor



andreducingaliasing(i.e., contentiorfor branchprediction
resources).If the static predictionsare chosenwell, bet-
ter branchpredictionaccurag canbe obtained gvenwith a
smallerdynamicbranchpredictor

We extendthis ideato considerhistory-basegbredictors
encodedn the branchinstruction.In our schemeabranch
instruction encodesa Boolean function, learnedthrough
pro ling, whoseinputis the branchhistoryandwhoseout-
put is a prediction. The key to our solutionis a concise
encodingof Booleanfunctions—base@n monotoneread-
onceBooleanformulas—thatis well-suitedfor branchpre-
diction. Whereasan arbitraryBooleanfunctionin  vari-
ablesrequires bits to encodemonotoneread-once
Booleanformulasonly require  bits. Figurel shovssuch
aformulaasalogic diagram.

We shaw that the use of this encodingyields almost
the samebranch prediction accurag as the use of arbi-
trary Booleanformulas, with exponentiallyfewer bits re-
quiredfor the representationDecodingandevaluatingthe
Booleanformulasis donequickly usinga smallcircuit. For
instancewith eight bits of history, the formula evaluation
circuitis equivalentto 34 NAND gatesatadepthof 9 gates.

At smalltechnologiesvith aggressie clock speedspur
predictor outperformspurely dynamic schemes. For in-
stancejn a projected70 nm technologyandan aggressie
clockrateof about5 GHz,a modesimplementatiorof our
methodhas a mispredictionrate of 6.0%, which is 42%
lower thanthat of the bestgshake predictorimplementable
in thattechnology Our predictoralsousesmuchlesspower
than table-basednethods. For example,in 70 nm tech-
nology, an 8-hit Booleanformula predictorconsume®.06
mW, while a gshae predictorwith comparableaccuray
consumed.2.9mW. As anotherexample,a 16-bit Boolean
formulapredictorhasa 33%lower mispredictiorratelower
thana 4K-entry gshae, while consumingessthan 1% of
thepower of gshae.

The primary contribution of this paperis a new branch
predictionschemethat encodednto branchinstructionsa
predictorin the form of a Booleanformula. Our methodis
particularlyattractize in light of trendsin technologyscal-
ing andwire delays. Secondarycontritutionsinclude the
following: (1) We describehe hardwareimplementatiorof
our predictorand analyzeit in termsof delay and power;
(2) we describea pro ling algorithmfor training our pre-
dictor; (3) we describehybrid versionsof our predictorthat
combineourtechniquewith dynamicpredictorsand(4) we
evaluatethe accurag of our methodusingthe SPEC2000
integerbenchmarks.

2 Background and RelatedWork

To provide context for ourresearchwe now review some
of therecentwork in branchprediction.

2.1 Dynamic Branch Prediction

Recentresearcton dynamicbranchpredictionfocuses
on re ning the two-level schemeof Yeh and Patt [26], in
which a patternhistory table (PHT) of two-bit saturating
counterss indexedby a combinatiorof branchaddressand
globalor perbranchhistory. The mostsigni cant bit of the
counteris takenastheprediction.Oncethebranchoutcome
is known, the counteris incrementedf the branchis taken,
anddecrementedtherwise.

An importantproblemin two-level predictorsis alias-
ing [21], and mary of the recently proposedbranchpre-
dictors seekto reducealiasing[19, 16, 23, 10] but do not
changethe basicpredictionmechanism.JiménezandLin
recently introducedthe perceptronpredictor[13], which
usesa differentpredictionmechanisminsteadof indexing
a table of saturatingcountersthis predictorusesa predic-
tion mechanisnthatis basedon perceptronearning. As
in the researchpresentecdere, this techniqueallows only
a limited numberof branchpredictionfunctionsto be ex-
pressedut still providesgoodaccurag.

2.2 Static Branch Prediction

A purelystaticbranchpredictoralwayspredictsthesame
outcomefor a particularstaticbranch. The predictioncan
be derivedfrom the structureof thebranch e.g.,the“back-
wards taken/forwards not taken” approachof the Alpha
AXP-21064,o0r it canbe encodednto the branchinstruc-
tion asabiasbit, asin theA-64 andHP-RA/RISC instruc-
tion sets. The compiler, throughpro ling or staticheuris-
tics [5, 7], canprovide hintsto the microarchitecturebout
thelikely directionof the branch. Staticbranchpredictors
areusuallylessaccuratehandynamicbranchpredictorde-
causethey cannotrespondo dynamicchangesn program
behaior.

Lindsay explores the use of decisiontreesto encode
statically-learnedBoolean functions [17]. The decision
trees are learned by pro ling and are encodedin pro-
grammabldogic arrays(PLAS). By contrastour encoding
is representednly in the branchinstruction,requiringlit-
tle hardwarein the CPU itself. Although Lindsay's thesis
addressekteng issuesPLAsrepresentinghe behaior of
largesetsof branchinstructionawill have thesametechnol-
ogy scalingissuesin future technologiesaslarge banksof
SRAM. Similarly, Fernetal. [11] studythe useof decision
trees,grown dynamically for branchprediction. The trees
arekeptin alargestructurein the CPUandwould have the
sameproblemswith delay as other predictors. Thus, our
techniqueis distinctly well-suitedto the issuesof technol-
ogy scaling.



2.3 Compiler-Guided Branch Prediction

Several schemesnlist the compilerto assistin branch
prediction.Mahlke andNatarajar{18] andAugustetal. [4]
proposeplacingin eachbranchinstructionhint bits thattell
adynamicpredictorwhatkind of stateto examineto make
aprediction. Thevariablelengthpathbranchpredictor[24]
encodegro ling informationin branchinstructions. This
informationguidesa dynamicpredictor telling it whathis-
tory lengthto useand what hashfunction of pastbranch
addressew useto form anindex into atableof counters.

Othertechniqueausethe compilerto help with branch
prediction without changingthe prediction mechanism.
For instance,branch alignment[8, 27] increasesnstruc-
tion fetch bandwidthby minimizing the numberof taken
branchesn a program. Static correlated branch predic-
tion [28] increaseshe accurag of static predictionby in-
troducingduplicatebasicblocks and encodingin the pro-
gram counterinformation aboutthe pathtaken to reacha
particularstaticbranch.

2.4 Delayand Branch Predictors

As clockratesincreaseandfeaturesizesshrink,wire de-
lay increasesigni cantly relative to gatedelay[1]. As this
trend continues,the chip areareachablen a single cycle
will decreaseThis meanghatlarge banksof SRAM, such
ascachesandbranchpredictiontables,will have to either
decreas@ sizeorincreasen delay Tablel shovsthemax-
imum size of a gshae-like predictorastechnologymoves
forward(seeSection3.6 for methodologicatetails).

Jiménezetal. [12] shawv thatabranchpredictormustre-
turnapredictionin asinglecycle,becausahighly accurate
two-cycle branchpredictoryields much lower instruction
throughputhanarelatively inaccuratesingle-g/cle predic-
tor. The samestudy shows that with aggressie clocking,
the numberof two-bit countersreachablén a singlecycle
will dropto 1K in 180 nm technology and down to 512
in the 35 nm technologythatis projectedto be availablein
2012. Thestudyalsosuggestseveralmechanismso miti-
gatethedelayby addingextra hardware. For instanceread
accesgo the branchpredictorcanbe pipelined. Here, our
focusis different,aswe proposeo usemud lesshardware
in exchangefor someextra pro ling effort andchangedo
theinstructionsetarchitecturgISA).

3 Branch Prediction with BooleanFormulas
3.1 BooleanFormulas asBranch Predictors
History-basedbranchprediction can be viewed as the

problemof learningthe Booleanfunctionof thebranchhis-
tory thatgivesthe bestprediction.Let beaBoolean -

Minimum | Predicted Largestgshae
Feature Clock TableAccessibldn
Size(nm) | Rate(GHz) | OneCycle (# entries)
180 1.92 1024
130 2.67 1024
100 3.47 1024
70 4,96 1024
50 6.94 1024
35 9.92 512

Table 1. Effectsof technologyscalingonbranchpredictor
size. With an aggressie clock rate, the size of a single-
cycle gshae mustdecreasastechnologymovesforward.

vectorcontainingthe outcomef thelast  branchesxe-
cuted.For now, we canthink of this branchhistoryasbeing
either global or perbranch. For a staticbranch , there
existsa Booleanfunction thatbestpredictswhether

will betakengiventhe history . The goal of dynamic
branchpredictorss to learnthis functionasquickly aspos-
sibleto provide accurateprediction[13].

Oneapproactto branchpredictionis to learn for
eachbranchin a pro ling run,thensomehev encodeeach

in the branchinstructionandhave the hardwareuse
the dynamichistory to computethe function and provide
a branchprediction. Statically chosenbias bits, suchas
thoseavailableon HP-FA/RISC andIA-64, encodeconstant
Booleanfunctions,which requireno historyinformation.

If thebehaior of branchess stableacrosdifferentpro-
graminputs,thenwe would expectbranchpredictionusing
thesefunctionsto performvery well, even betterthandy-
namic branchpredictors,which have the disadwantagef
destructve aliasingandtraining time. In practice,input-
dependenbehaior, suchasloop trip countsthatvary from
runto run, limits theaccurayg of a Booleanformulapredic-
tor. But aswe will see thesefunctionsstill provide highly
accuratepredictions.

Oneproblemwith this approachs thatof representing
Booleanfunctionwithin a branchinstruction.For instance,
with a moderatéhistory lengthof 10, thereare differ-
ent Booleanfunctions. Branchinstructionswould needto
have over 1000bits to allow all of thesefunctionsto been-
coded. Therefore we consideran extremely compact,but
sufciently expressve,encodingof Booleanformulas.

3.2 Read-OnceMonotone BooleanFormulas

We now describea subsebf Booleanformulasthatcan
be compactlyrepresentedThe basicideais to restrictthe
Booleanformulassuchthateachvariableappearsn thefor-
mulaonly once,andthe only operationsallowed are AND
andOR.



and are -bit vectorsof
if, for all

Let , e,
Booleanvalues. We saythat
Considera Booleanfunction
function mappingavectorof bitstoasinglebit. We say
that is monotondf implies [15]. A
monotoneBooleanformulais a Booleanformulathatuses
only AND ( ) andOR ( ), without NOT, asconnectves.
Thefunctionsinducedby thesdormulasaremonotong15],
hencethename.

In a read-onceformula eachvariable appearsexactly
oncein the formula. Read-oncdormulasare alsoknown
as -formulasor Booleantrees[3]. Read-oncanonotone
Booleanformulashave aconcisedescriptiorasatreewhose
internal nodesare ANDs and ORs and whoseleaves are
the Booleanvariables. As an example,Figure 1 from the
introductionshows the tree representatiorof the formula

asalogic

, l.e.,a

diagram.

3.3 Using Monotone Read-Once Formulas for
Branch Prediction

A read-oncenonotoneBooleanformulaof  variables
canbe encodedasa bit vectorof size , eachbit rep-
resentinga connectve in the Booleantree,with O for AND
and1 for OR. Thus,eachbranchinstructionencodesiread-
oncemonotoneBooleanformulausing bits. We also
storeanotherbit that, if setto 1, causeghe value of the
function to be inverted, so that we can also representhe
complement®f monotoneaead-oncdormulas.No two dif-
ferenthbit patterngepresenthe sameBooleanfunction, so
this encodingis quite efcient. For a historylengthof
theformulaencodingn thebranchinstructiontakes  bits.
MonotoneBooleanformulasareincapableof representing
Booleanconstantssowe allow the formulawhoseconnec-
tivesareall ANDs to computeO (i.e. falsg. By choosing
to invert the output, this formula can also producel (i.e.
true). Thesetwo valuesare necessarysincethey allow us
to representalwayspredicttaken” and“alwayspredictnot
taken; which arethe mostcommonBooleanfunctionsfor
branchprediction.

For branchprediction,we keepabranchhistoryshift reg-
isterinto which the Booleanoutcomedi.e., 1 for takenand
0 for not taken) of branchesare shifted. We keepa globall
history, usingthe sameshift registerfor all branchesWhen
abranchinstructionis fetched theBooleanformulais sent,
alongwith the contentsof the history register, to a circuit
thatdecodesheformulaandcomputeghe prediction.

We usea pro ling phaseto decidewhich formulasto
encodein eachbranchinstruction. The pro ling algo-
rithm usesstatisticsaboutthebehaior of eachstaticbranch
to choosethe best monotoneread-onceformula for that
branch.

The following formula is an example of a monotone
read-onceBooleanformulausedfor branchpredictionwith
ahistorylengthof 8:

This formula correspondso a branchpredictionpolicy
of “predict taken if either of the last two brancheswere
taken and the third and fourth mostrecentbranchesvere
bothtaken,andary of theotherbrancheén thehistorywere
taken”

3.4 Proling Algorithm

We now describeour algorithm for determiningwhich
formulasbestpredicteachstatic branch. Using a trace of
eachbranchaddresandoutcomewe simulatethedynamic
contentsof the history register For eachstaticbranch,we
keepa list of the different historiesthat lead up to that
branch,alongwith the numberof timeseachhistory leads
to thebranchbeingtakenor nottaken. After every dynamic
branchhasbeenexaminedwe checkthelist for eachstatic
branch and exhaustiely test every monotoneBoolean
formulaandits complemento seewhich onewould have
yieldedthefewestmispredictiongjivenall the historiesthat
ledupto . This bestformulais thenencodedinto the
branchinstruction.

For brancheghat are executedfewer than 500 timesin
thepro led programwe simply usetheconstanformula(0
or 1) thatbestpredictsthatbranch,ratherthanconsidering
all  formulas.We areinvestigatingwaysto speedup the
algorithmwith a moreintelligentsearch.Section4.5 gives
timing resultsfor thepro ling algorithmandarguesthatthe
costis reasonabléor historylengthsupto 16.

3.5 HardwareImplementation

A hardware implementationof a Boolean formula
branchpredictoris simple. EachBooleanconnectve (i.e.,
AND or OR)in theformulais representedly a circuit with
threeinputs:two datainputs,correspondingo thevariables
or outputsof othergatesandonecontrolinputthatspeci es
whetherthe Booleanconnectve shouldcomputeAND or
OR. Coincidentallythis functionis equivalentto the carry-
out computedby a full adder Figure?2 shows a logic dia-
gramfor this four-NAND circuit. With a history lengthof

, our predictoris built from connectvesandasin-
gle XOR gateat the outputthatactsasaninverterwhenits
inputis 1. Figure 3 shavs a circuit implementatiorof the
predictorfor . For clarity, theextralogic to produced
whenall the connectvesare ANDs is not shavn, sincethis
logic requiresrelatively few gatesandis not on thecritical
timing path.



We simulatea straightforvard static CMOS implemen-
tation of the Booleanformula predictorwith the HSPICE
circuit simulator First, we createa sub-circuitcomposeaf
four NAND gatesasshawn in Figure2. Then,we instan-
tiate of thesesubcircuitsandaddan XOR, which
is a sub-circuitconsistingof two invertersandtwo NAND
gates. The connectiondetweenthe subcircuitsare shovn
in Figure3. Finally, we addcapacitancdetweerthe gates
to modellocalinterconnect.

Notethatalthoughthe concepiof aread-oncenonotone
Booleanformula is somevhat similar to the actualimple-
mentationasa circuit, to avoid confusion,the two should
bethoughtof separatelyasfunctionvs. implementationln
particular the circuit is optimizedfor staticCMOStechnol-
ogy with NAND gatesandis notaread-onceircuit.

output
control data data
input input input

Figure 2. Booleanconnectie subcircuit. If the control
inputis 0, thentheoutputis the AND of thetwo datainputs.
Otherwisethe outputis the OR of thetwo datainputs.

prediction

. _branc
instructior—=

\ il L[{grtg

reg ot

Figure 3. Booleanformulabranchpredictorcircuit. This
circuit makesa branchpredictionbasedon a historylength
of 8 andan 8-bit encodingof aread-onceBooleanformula.

3.6 Delay

The depthof the formula evaluationcircuit with  in-
putsis plusthe nal XOR gate. For instancefor
, thecritical delaypathpasseshrougheight NAND
gatesandone XOR gate. In contrastthe gshae predictor
looksup valuesfrom atableby readingfrom anSRAM ar-
ray.

To estimatepredictoraccessimesfor arangeof current
andfutureintegratedcircuit generationsye usecircuit sim-
ulationsanda modi ed versionof the CACTI 2.0tool for
simulatingcachedelay This modi ed versionof CACTI is
more accuratein several ways|[2]. First, while the origi-
nal versionof CACTI 2.0[20] usesa simplisticlinearscal-
ing for delayestimatesthemodi ed simulatorusesseparate
wire modelsto accountfor the physicallayout of wire in-
terconnectsthin local interconnecttaller andwider wires
for longerdistancesandthe widestandtallestmetaltraces
for global interconnect. Second,wire resistancas based
on copperratherthanaluminummaterialproperties Third,
all capacitancevaluesare derived from three-dimensional
electric eld equations.Fourth, bit-lines are placedin the
middle layer metal, whereresistancés lower. Finally, bit-
addressings allowedinsteadof byte-addressing.

Our resultsfor projectedtechnologiesjncluding those
givenin Tablel, useanaggressie clock rateequialentto
eight times the gatedelay of propagatinga value from a
singleinverterto four copiesof itself. This “eight fan-outs-
of-four” measurewas usedas the aggressie clock speed
for the study by Agarwal et al. [1], giving a technology-
independenprojectionof futureclockrates.Notethatthese
capacitieonly considerthetime to readthe branchpredic-
tion table. The gatedelayinvolvedin actinguponabranch
predictionis notincludedandfurtherexacerbateshe prob-
lem.

We estimateheaccesgime of the Booleanformulapre-
dictor by simulatingthe combinationakircuit andmeasur
ing the delayfrom the branchinstructionandhistoryregis-
ter inputsto the outputof the XOR gate. The delay mea-
surement@rethe time from the midpoint of the input sig-
nal switchingto the midpoint of the output signal switch-
ing. We calculatedcthe lookup time for a gshae predictor
usingour modi ed CACTI tool. Table2 shavs the access
timesfor a 4K-entry gshae predictorandtwo sizesof the
Booleanformulapredictor and , forarange
of fabricationtechnologiesWe chosethe 4K-entry predic-
tor becauseaswe will seein Section4, the version
of the Booleanformula predictoronly slightly exceedshe
accurag of a 4K-entry gshae. Thus, our delay compar
isonsshowv thatwe canachiese higheraccurag with lower
latengy.

As fabricationtechnologyimproves, transistorscan be
madesmallerandfaster resultingin higherclock frequen-



Minimum AccessTime (picoseconds)
Feature | 4K-entry | Formula, | Formula,
Size(nm) | gshae
180 551 211 260
130 402 168 208
100 321 112 138
70 228 85 103
50 167 50 59

Table 2. Accessgtimesfor a4K-entrygshae predictorvs.
two versionsof the Booleanformula predictor The 8-bit
Booleanformulapredictorandgshae achiese similaraccu-
racies. The delayswereobtainedusingan HSPICEmodel
for the Booleanformulapredictorandamodi ed versionof
CACTI 2.0for gshae.

ciesandfastercombinationalcircuits. As Table 2 shaws,
accesgimes for eachstructureimprove as the minimum
featuresizedecreases.

TheBoolearnformulapredictoris consistentlyfasterthan
the4K-entrygshae predictor allowing moretime for com-
municationand computationwithin a clock cycle. At the
projectedclock rate of 6.94 Ghz for 50 nm technology
from Table 1, the clock period would be 144 picosec-
onds. A traditionaltable-lookuppredictorsuchasgshae
would requiremorethana single cycle—167picoseconds
in this case—fottheprediction.In thesameechnologythe
Booleanformulapredictorwould provide a predictionin 59
picosecondsleaving over half of the cycle to preparefor
andactuponthe prediction.

One concernwith our predictoris that the contentsof
the branchopcodeare on the critical pathto makinga pre-
diction; the Booleanformula mustbe readbeforeit canbe
evaluated. However, this delayis commonto ary branch
predictorthatuseshiasbits or any othertypeof information
fromthebranchinstruction suchastheagreepredictorused
onthe HP-RA/RISC or the static/dynami@ndbiasbits pro-
videdby IA-64. Onesolutionis to provide pre-decoddits
in theinstructioncachethatprovide theopcodeinformation
quickly.

3.7 Power

Pawver consumptiorhasrecentlybecomea primary con-
cernin microprocessodesign.In this section,we contrast
thepowerconsumptiorof traditionalbranchpredictorswith
thatof the Booleanformulapredictor

TheBooleanformulapredictoris acombinationatircuit
thatusedessdynamicpower thanan SRAM-basedoredic-
tor. This smallpredictorhassmallergateandinterconnect
capacitancehanan SRAM structure,which hasdecoding
logic, amemoryarray sensingogic, andoutputlogic.

Table3 shawvs the Booleanformula predictors dynamic

Minimum Pawer (milliw atts)
Feature | 4K-entry | Formula, | Formula,
Size(nm) | gshae
180 51.4 0.61 1.28
130 31.0 0.28 0.58
100 27.4 0.11 0.24
70 12.9 0.06 0.12
50 8.40 0.06 0.13

Table 3. Dynamicpower consumptiorfor two versions
of the Booleanformula predictorand a 4K-entry gshae.
These gures wereobtainedrom HSPICEfor the Boolean
formulapredictorandCACTI for gshae.

power consumptionfor and , as mea-
suredwith the HSPICE simulator This table also shavs
the power of a 4K-entry gshae predictor measureusing
the modi ed CACTI 2.0. The resultsshowv that
the Booleanformula predictorconsumedetween0.4%to
2.9% of the power of a gshae predictorwith comparable
accurag.

With lower transistorthresholdvoltagesin emeging
technologiesstaticpower—dueto leakagecurrentthrough
transistors—isbecominga sizablepercentagef the total
power consumed25]. With fewer transistorsn the circuit
to leak current,the Booleanpredictorcircuit will alsohave
lessstaticpowerthanan SRAM structure Furthermorethe
Booleancircuit implementatioris amenablédo a low static
power designtechniquehattakesadvantageof the stacled
transistorsvithin gatego biastransistorsnto alow-leakage
mode[25].

3.8 Impact of Encoding

Since eachbranchinstruction encodesa Booleanfor-
mula,wemust nd anef cient wayto encodeheformulain
theinstructionwithout having a negative impacton perfor
mance.Someinstructionssetsalreadyprovide extrabits for
communicatindnintsto themicroarchitecturefor instance,
theAlpha AXP ISA provides14bitsin eachindirectbranch
instructionfor pro ling information[22]. In their work on
variablelengthpathbranchprediction,Starket al. [24] use
extra bits suchastheseto communicateo the microarchi-
tectureinformationonhashfunctionsfor abranchpredictor

We proposechanginghelSA sothatbranchinstructions
encodethe formulas. For example,eachbranchinstruction
on the Alpha is 32 bits long: six bits indicatethe op code
of theinstruction, ve morebitsindicatetheregisterto test,
and21 bits arefor thebranchoffset. For aBoolean-formula
basedranchpredictorrequiring  bitsin abranchinstruc-
tion, we proposeo reallocate of theoffsetbitsto thefor-
mula. Somdongbranchesvill needto besplitinto abranch
followed by a jump to the target, increasinghe numberof



instructionsexecuted.

We measurethe harmonicmeanover the SPEC 2000
integer benchmark®f the percentagef extra instructions
executedon the Alpha when offset bits are reallocatedo
Booleanformula predictors.With formulasof up to 9 bits,
the numberof extra instructionsis negligible. With 12-bit
formulas,only 0.2% moreinstructionsare executed. With
14-bit formulas,1.0% more instructionsare executed. As
historylengthincrease®eyond 16 bits, this encodingech-
niguebecomedessfeasible. For longerhistories,we have
developeda more sophisticatedechniquethat exploits the
factthatmostof the functionsareconstant.

4 Experimental Results

In this section,we give the resultsof simulating our
branchpredictor on the SPEC 2000 integer benchmarks,
and we compareour resultsagainstboth static (i.e. bias
bits) and dynamicbranchprediction. We alsogive results
for a predictorthat combinesBooleanformulaswith dy-
namicprediction,andwe comparethis to similar work that
combinesstaticanddynamicprediction.

4.1 Methodology

We usethe 12 SPEC2000integer benchmarksunning
under SimpleScalar/Alphd6] to collect traces. For each
benchmarkye gathertracesgiving the branchaddressnd
outcomefor upto 300million branchesWe usethetrain
inputsfor the pro ling runs,andwe usetheref inputsto
evaluatethe accurag of the variouspredictors. To better
capturethe steady-stat@erformanceof the branchpredic-
tors, our evaluationrunsskip the rst 50 million branches,
as several of the benchmarkshave an initialization pe-
riod (lastingfewer than50 million branches)duringwhich
branchpredictionaccuray is unusuallyhigh. Eachbench-
mark executesat least300 million branchesand over one
billion instructionson thetest  inputsbeforethe simula-
tion ends.

4.2 Predictors Simulated

We simulatemonotoneread-onceBooleanformulapre-
dictorsfor . We useonly global history in-
formation,i.e., we do not usepathor perbranchinforma-
tion. We alsosimulatethe gshae [19], bi-mode[16] and
agree[23] branchpredictors threewell-known global dy-
namicbranchpredictordrom theliterature.Thegshae and
bi-modepredictorsuseonly dynamichistory information.
The agreepredictorcombinesstaticand dynamicinforma-
tion by predictingwhethera branchwill agreewith a bias
bit.

History length hasbeenobsened to have a signi cant
impacton predictoraccuray [19], sofor eachpredictorand
eachhardwarebudget,wetry all possiblehistorylengthson
thetrain  inputsandkeepthe onewith thelowestaverage
mispredictionaccurag.

To give a lower-boundon mispredictionratesfor ary
Boolean-formulebasedpredictor we alsomeasurghe re-
sultsof usingarbitrary Booleanformulas.To nd thebest
arbitraryBooleanformulafor a particularstaticbranch,we
measuraghe numberof taken versusnot-talenbranchedor
eachhistory leadingup to that branchin the training set,
thenassignto eachhistorythe predictionyielding the most
correctlypredicteddynamicbranchesOut of all the possi-
ble historiesleadingto a branch,only a smallfractionwill
actuallybeobsenred;all otherhistoriesareassignedhebias
bit for thatbranch.Thearbitrarypredictoris representedy
thepro ling algorithmasasetof rowsin atruthtablewhere
theinputsarethe historiesandthe outputis the prediction.

Note that althoughit is not the focus of our research,
this arbitrary formula predictoris actuallyimplementable
for history lengthsof up to four, sincethe truth tablefor a
Booleanfunctionin four variablescanbe encodedn only
16 bits.
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Figure 4. Accuray of dynamic branch predictorsvs.
static predictionand the Booleanformula predictor The
numbersabore the -axis shav the technologiesn which
the correspondinghardware budgetsare reachablen one
cycle with aggressie clocking. Mispredictionratesarethe
harmonicmeansover the SPEC2000integerbenchmarks.

4.3 Misprediction Rates

Figure 4 shavs mispredictionratesfor the monotone
read-onceBooleanformula predictorat history lengthsof
4,8 and16, comparedvith gshae, agreeandbi-modepre-
dictorsat hardwarebudgetsfrom 512to 256K entries.La-
belsabosrethe512and1K-entryhardwarebudgetsshow the
procesgsechnologiesor which the correspondindpudgetis



reachablén onecycle attheaggressie clock rateslistedin
Tablel.

At today's 180 nm and 130 nm technologiesfor which
branchpredictorswith only about1K to 2K table entries
stateare available at more aggressie clock speedsa 4-
bit Booleanformula predictorwith a mispredictionrate of
6.6%roughly matcheghe accuray of the bi-modepredic-
tor. With a history lengthof 16, the Booleanformula pre-
dictor hasa mispredictionrate of 5.02%, an improvement
of 24%overthe 1.5K-entrybi-modepredictor

To put these gures anotherway, a 4-bit Booleanfor-
mulapredictorachievesroughlythe samepredictive power
asa 4K-entry gshae predictor A 16-bit Booleanformula
predictoris aboutas accurateas an 8K-entry gsharepre-
dictor, a 3K-entry bi-mode predictor or a 2K-entry agree
predictor

Figure 5 shaws, for history lengthsrangingfrom 2 to
18, mispredictiorratesfor themonotonaead-oncdoolean
formulapredictor aswell asfor thepredictorthatusesarbi-
trary formulas. For referencejt alsoshows the mispredic-
tion ratesfor purestaticpredictionwith biasbits, aswell as
for dynamicpredictionwith a 1K entrygshae, a 1K entry
agreepredictor anda 1.5K entry bi-modepredictor;these
tablesizesrepresenthepredictorsaccessiblén asinglecy-
clein 50through130nm technologywith aggressie clock
rates.As historylengthincreasesthe mispredictionrate of
the Booleanformulapredictordecreaseandremainsclose
to the performancef the arbitraryformulapredictor

For thesame ve predictors Figure 6 shavs mispredic-
tion rateson eachbenchmark. The Booleanformula pre-
dictor usually hasa mispredictionrate lower than that of
the dynamicpredictors. However, in a few casessuchas
256.bzip2 , theformulapredictors mispredictionrateis
high, mostlikely dueto input-dependentrogrambehaior
thatcannotbelearnedby pro ling.
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Figure 5. Mispredictionratefor theBooleanformulapre-
dictorasa functionof historylength.
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Figure 6. Accuray of thepredictorson eachbenchmark.
This graphcompareghe Booleanformula predictorat his-
tory lengthsof 8 and16 againstiggressiely clockedimple-
mentationof gshae andbi-mode.

Figure 7 shawvs the mispredictionratesof predictorsus-
ing the agreemechanisncombinedwith our formula pre-
dictor. An agreepredictorpredictswhethera branchout-
comewill agreewith a bias bit, turning destructve alias-
ing into constructve aliasing.Our combinedagree/formula
predictorsusea PHT to predictwhetherthebranchoutcome
will agreewith theoutputof a Booleanformula,ratherthan
a biasbit. With a 1K-entry PHT, the agreepredictorwith
biasbits yieldsa mispredictionrateof 5.3%. The 8-bit ver
sion of our agree/formulgpredictordecreaseshis rate to
4.4%, an improvementof 17%. The 16-bit versionof our
predictorhasa mispredictiorrateof 3.9%,animprovement
of 25%.

For reference we compareour predictorwith the Al-
pha21264hybrid branchpredictor whichis themostaccu-
rateexisting predictorfor whichimplementatiordetailsare
readilyavailable[14]. Thispredictorusesa4K-entryglobal
history predictoranda 1K-entry perbranchhistory predic-
tor combinedwith a 4K-entry chooserconsumingoughly
4KB of state. The Alpha 21264 predictorachievesa mis-
predictionrate of 2.93% on the traceswe gathered. At
the samehardware budget, the agreepredictor when en-
hancedwith the 16-bit versionof our Booleanformulapre-
dictor, achiezesa mispredictiorrateof 2.55%.Evenat half
the hardwarebudgetof the Alpha 21264predictor an 8K-
entry versionof our agree/formuléhybrid achiezesa mis-
predictionrate of 2.86%, narronly betterthan the Alpha
hybrid. Using our aggressie clock modeling, the largest
hybrid agree/formulgpredictoravailablein a single cycle
will achiese a mispredictionrate of 3.97%,which is 35%
higherthanthatof the Alpha predictor However, animpor-
tant point of our researchs that complex predictorssuch
asthe Alpha's are infeasibleat higher clock rates. Even
today's Alpha mustemploy anoverridingmechanisnj14],
in which branchpredictionsthat don't agreewith the less
sophisticatedcacheline predictorintroducea single-gcle



bubbleinto the pipeline, reducingthe performanceadvan-
tageof themoreaccuratéhybrid predictor
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Figure 7. Accuraciesof Booleanformula predictorsus-
ing theagreemechanismMispredictionratesareharmonic
meansover SPEC2000.

4.4 Distribution of Formulas

An analysisof the distribution of Booleanformulas
chosenby the pro ling algorithm shows that most of the
Booleanformulaschoserarethe two constanfunctions,0
and 1. This dependenc®n constantformulas decreases
as history length increases. For instance,with a history
lengthof 4, 78% of staticbranchesn the SPEC2000inte-
gerbenchmarksarebestpredictedwith a constanformula,
asopposedo only 49%for a historylengthof 16. As his-
tory lengthincreasesthe predictive power of the Boolean
formulapredictorincreasesandthe constanfunctionsrep-
resenting'predict takenalways” and“predict not taken al-
ways” give way to moreintelligentchoices.

Table4 shavsthedynamicfrequenciegor eachformula
with a history lengthof four, alongwith the misprediction
ratefor eachformulausinga 4-bit Booleanformulapredic-
tor andfor biasbhits. For brevity, we omit similar tablesfor
theotherhistorylengths.

45 Proling Cost

The cost of determiningthe bestBooleanformula for
eachbranchis an importantcomponenbf the costof our
branchpredictor Here,we quantify this cost.

Ourcurrentimplementationiakestime exponentiain the
history length. However, for the small history lengthsthat
we considerin this study thetime is not unreasonablée-or
instancewith ahistorylengthof 16,thepro ling algorithm
takes about12 minuteson a 733MHz PentiumlIl. For a
history length of 10, the programtakes about2 minutes.
For historylengthslessthanaboutl12, thetime for the pro-
gramis dominatedoy actvitiesunrelatedo nding thebest

Formula % Dyn. | % Mispredicted
Freq. | Formula | Bias
40.84 9.4 9.4
37.14 10.0 | 10.0
3.15 21.8 | 36.3
2.36 246 | 36.6
2.06 215 | 293
1.73 144 | 245
1.64 20.1 | 26.8
1.60 158 | 22.0
1.54 16.3 | 23.7
1.49 14.1 | 18.6
1.30 26.4 | 34.9
1.23 20.3 | 38.7
1.16 356 | 42.1
1.09 26.2 | 36.1
0.99 216 | 185
0.66 5.3 10.3

Table 4. Distribution of Booleanformulaswith a history
length of four. The variablesare elementsof the history
register with being the outcomeof the mostrecently
executedbranch, beingthenext recentetc.

Booleanfunction. For instance,muchtime is spentsim-
ply readingthelargetrace le fromthediskandperforming
othertasksthatary typical feedback-directedptimization
would require. Our algorithm s also easyto parallelize.
The time-consumingpart of the algorithm—duringwhich
thebestBooleanformulais decidedor eachstaticbranch—
isembarrassinglparallel,asthevariousstaticoranchegan
be partitionedamongmary processorsThus,we feel that
our pro ling algorithm would be appropriatein a frame-
work in which otheroptimizationsarealsobeingexplored
by simulation.

5 Conclusions

We have introducedand evaluateda new branchpre-
diction schemethat borrows from compleity theory the
conceptof aread-oncanonotoneBooleanformula. These
Booleanformulas provide a compactencodingof a class
of functionsthat is expressve enoughto perform branch
predictionyet conciseenoughto be encodedn branchin-
structions. By of oading most of the predictionwork to
the compiler, our Booleanformula predictoris small, fast
and consumedittle power. While our schemeprovidesa
competitize alternative to existing dynamicbranchpredic-
tors,therealbene t of our schemdies in the future,asour
schemas signi cantly lesssensitve to theimpendingtech-
nologyscalingissuescausedy increasedvire delays.Our
predictorcanalsoform a valuablecomponenbf an agree



or hybrid predictor decreasingnispredictionratesby pro-
viding betterestimate®f branchoutcomeghanbiasbits.

We are currently studyingwaysto improve the training
algorithmsothatit takeslesstime atlongerhistorylengths.
For instance we areexploring geneticalgorithmsasa way
to geta nearoptimal choiceof formulaat a fraction of the
time of our brute-forcealgorithm.
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