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Abstract

We presenta new methodfor branch predictionthat en-
codesin thebranch instructiona formula,chosenbypro�l-
ing, that is usedto performhistory-basedprediction.Byus-
ing a specialclassof Booleanformulas,our encodingis ex-
tremelyconcise. By replacingthelarge tablesfoundin cur-
rentpredictorswith a small,fastcircuit, our schemeis ide-
ally suitedto future technologiesthat will havelarge wire
delays.In a projected70 nmtechnologyandan aggressive
clock rateof about5 GHz,animplementationof our method
thatusesan8-bit formulaencodinghasa mispredictionrate
of 6.0%,42% lower than that of the bestgsharepredictor
implementablein that sametechnology. In today's technol-
ogy, a 16-bit versionof our predictorcanreplacebiasbits
in an 8K-entryagreepredictor to achievea 2.86%mispre-
diction rate, which is slightly lower than the 2.93%mis-
prediction rate of the Alpha 21264hybrid predictor, even
thoughtheAlphapredictorhasalmosttwice thehardware
budget. Our predictoralsoconsumesmuch lesspowerthan
table-basedpredictors. Thispaperdescribesour predictor,
explainsour pro�ling algorithm,andpresentsexperimental
resultsusingtheSPEC2000integer benchmarks.

1 Intr oduction

As pipelinesbecomedeeperand issuewidths become
wider, the penalty for a mispredictedbranch increases.
Thus, in the future, accuratebranchprediction will be-
comemore importantto the performanceof microproces-
sors. However, recentstudiesshow that asclock ratesin-
creaseandfeaturesizesdecrease,wire delaywill have an
increasinglysigni�cant impacton the time to accesslarge
structuressuchasbranchpredictiontables[1, 12]. For in-
stance,at current180nm technologyanda moderateclock
rateof 1 GHz, an 8K-entry gshare predictorwith an aver-
ageaccuracy of about95%canbebuilt. In thefuture,with
35 nm technologyand an aggressive projectedclock rate
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this formula.

of 9.92GHz, the largestgshare predictoraccessiblein one
cycle will have only 512 entriesandan accuracy of about
86%. Thus,predictorsmustbecomemoreaccurateto sup-
port deeperpipelines,but they must also becomesmaller
becauseof wire delayandaggressiveclocking.

We have seenthis problemeven in currentmicropro-
cessors.The AMD K6 line of microprocessorsfeatureda
highly accurate8K-entry GAs branchpredictor;however,
the newer AMD Athlon microprocessorhasa scaled-back
2K-entrybranchpredictor[9]. This changereducesthede-
lay andreal-estatecostsof thebranchpredictor, andmight
beonereasonwhy theAthlon hasbeenableto achieve ag-
gressiveclock rates.In exchangefor thehigherclock rates,
AMD hassacri�ced branchpredictionaccuracy in a pro-
cessorwhoselonger pipeline increasesthe misprediction
penalty.

Onesolutionto this problemis to allow thecompilerto
assistwith branchprediction. Existing architecturessuch
asIA-64 allow hint bits in a branchinstructionto specify
whetherto usethedynamicbranchpredictoror astaticpre-
diction, thus�ltering theaccessesto thedynamicpredictor



andreducingaliasing(i.e.,contentionfor branchprediction
resources).If the static predictionsare chosenwell, bet-
terbranchpredictionaccuracy canbeobtained,evenwith a
smallerdynamicbranchpredictor.

We extendthis ideato considerhistory-basedpredictors
encodedin thebranchinstruction.In our scheme,a branch
instruction encodesa Booleanfunction, learnedthrough
pro�ling, whoseinput is thebranchhistoryandwhoseout-
put is a prediction. The key to our solution is a concise
encodingof Booleanfunctions—basedon monotoneread-
onceBooleanformulas—thatis well-suitedfor branchpre-
diction. Whereasan arbitraryBooleanfunction in $ vari-
ablesrequires%'&)(+*-, bits to encode,monotoneread-once
Booleanformulasonly require$ bits. Figure1 showssuch
a formulaasa logic diagram.

We show that the use of this encodingyields almost
the samebranchprediction accuracy as the use of arbi-
trary Booleanformulas,with exponentiallyfewer bits re-
quiredfor the representation.Decodingandevaluatingthe
Booleanformulasis donequickly usingasmallcircuit. For
instance,with eight bits of history, the formula evaluation
circuit is equivalentto 34NAND gates,atadepthof 9 gates.

At small technologieswith aggressive clock speeds,our
predictor outperformspurely dynamic schemes. For in-
stance,in a projected70 nm technologyandanaggressive
clock rateof about5 GHz,a modestimplementationof our
methodhasa mispredictionrate of 6.0%, which is 42%
lower thanthatof thebestgshare predictorimplementable
in thattechnology. Ourpredictoralsousesmuchlesspower
than table-basedmethods. For example, in 70 nm tech-
nology, an8-bit Booleanformulapredictorconsumes0.06
mW, while a gshare predictorwith comparableaccuracy
consumes12.9mW. As anotherexample,a 16-bit Boolean
formulapredictorhasa33%lowermispredictionratelower
thana 4K-entry gshare, while consuminglessthan1% of
thepowerof gshare.

The primary contribution of this paperis a new branch
predictionschemethat encodesinto branchinstructionsa
predictorin theform of a Booleanformula. Our methodis
particularlyattractive in light of trendsin technologyscal-
ing andwire delays. Secondarycontributions include the
following: (1) Wedescribethehardwareimplementationof
our predictorandanalyzeit in termsof delayandpower;
(2) we describea pro�ling algorithmfor training our pre-
dictor; (3) wedescribehybridversionsof ourpredictorthat
combineourtechniquewith dynamicpredictors;and(4) we
evaluatetheaccuracy of our methodusingtheSPEC2000
integerbenchmarks.

2 Background and RelatedWork

To providecontext for ourresearch,wenow review some
of therecentwork in branchprediction.

2.1 Dynamic Branch Prediction

Recentresearchon dynamicbranchpredictionfocuses
on re�ning the two-level schemeof Yeh andPatt [26], in
which a patternhistory table (PHT) of two-bit saturating
countersis indexedby acombinationof branchaddressand
globalor per-branchhistory. Themostsigni�cant bit of the
counteris takenastheprediction.Oncethebranchoutcome
is known, thecounteris incrementedif thebranchis taken,
anddecrementedotherwise.

An importantproblemin two-level predictorsis alias-
ing [21], and many of the recentlyproposedbranchpre-
dictorsseekto reducealiasing[19, 16, 23, 10] but do not
changethe basicpredictionmechanism.JiménezandLin
recently introducedthe perceptronpredictor [13], which
usesa differentpredictionmechanism.Insteadof indexing
a tableof saturatingcounters,this predictorusesa predic-
tion mechanismthat is basedon perceptronlearning. As
in the researchpresentedhere,this techniqueallows only
a limited numberof branchpredictionfunctionsto be ex-
pressedbut still providesgoodaccuracy.

2.2 Static Branch Prediction

A purelystaticbranchpredictoralwayspredictsthesame
outcomefor a particularstaticbranch. The predictioncan
bederivedfrom thestructureof thebranch,e.g.,the“back-
wards taken/forwards not taken” approachof the Alpha
AXP-21064,or it canbe encodedinto the branchinstruc-
tion asa biasbit, asin theIA-64 andHP-PA/RISC instruc-
tion sets. The compiler, throughpro�ling or staticheuris-
tics [5, 7], canprovide hintsto themicroarchitectureabout
the likely directionof thebranch.Staticbranchpredictors
areusuallylessaccuratethandynamicbranchpredictorsbe-
causethey cannotrespondto dynamicchangesin program
behavior.

Lindsay explores the use of decision trees to encode
statically-learnedBoolean functions [17]. The decision
trees are learnedby pro�ling and are encodedin pro-
grammablelogic arrays(PLAs). By contrast,our encoding
is representedonly in the branchinstruction,requiringlit-
tle hardwarein the CPU itself. Although Lindsay's thesis
addresseslatency issues,PLAsrepresentingthebehavior of
largesetsof branchinstructionswill havethesametechnol-
ogy scalingissuesin future technologiesaslargebanksof
SRAM. Similarly, Fernet al. [11] studytheuseof decision
trees,grown dynamically, for branchprediction. The trees
arekeptin a largestructurein theCPUandwould have the
sameproblemswith delayas other predictors. Thus, our
techniqueis distinctly well-suitedto the issuesof technol-
ogyscaling.



2.3 Compiler­Guided Branch Prediction

Several schemesenlist the compiler to assistin branch
prediction.MahlkeandNatarajan[18] andAugustetal. [4]
proposeplacingin eachbranchinstructionhint bits thattell
a dynamicpredictorwhatkind of stateto examineto make
aprediction.Thevariablelengthpathbranchpredictor[24]
encodespro�ling informationin branchinstructions.This
informationguidesa dynamicpredictor, telling it whathis-
tory length to useand what hashfunction of pastbranch
addressesto useto form anindex into a tableof counters.

Other techniquesusethe compiler to help with branch
prediction without changing the prediction mechanism.
For instance,branch alignment[8, 27] increasesinstruc-
tion fetch bandwidthby minimizing the numberof taken
branchesin a program. Static correlatedbranch predic-
tion [28] increasesthe accuracy of staticpredictionby in-
troducingduplicatebasicblocksandencodingin the pro-
gramcounterinformationaboutthe path taken to reacha
particularstaticbranch.

2.4 Delayand Branch Predictors

As clockratesincreaseandfeaturesizesshrink,wire de-
lay increasessigni�cantly relative to gatedelay[1]. As this
trend continues,the chip areareachablein a single cycle
will decrease.This meansthat largebanksof SRAM, such
ascachesandbranchpredictiontables,will have to either
decreasein sizeor increasein delay. Table1 showsthemax-
imum sizeof a gshare-like predictorastechnologymoves
forward(seeSection3.6for methodologicaldetails).

Jiménezetal. [12] show thatabranchpredictormustre-
turnapredictionin asinglecycle,becauseahighly accurate
two-cycle branchpredictoryields much lower instruction
throughputthana relatively inaccuratesingle-cycle predic-
tor. The samestudyshows that with aggressive clocking,
thenumberof two-bit countersreachablein a singlecycle
will drop to 1K in 180 nm technology, and down to 512
in the35 nm technologythat is projectedto beavailablein
2012.Thestudyalsosuggestsseveralmechanismsto miti-
gatethedelayby addingextrahardware.For instance,read
accessto thebranchpredictorcanbe pipelined. Here,our
focusis different,aswe proposeto usemuch lesshardware
in exchangefor someextra pro�ling effort andchangesto
theinstructionsetarchitecture(ISA).

3 Branch Prediction with BooleanFormulas

3.1 BooleanFormulas asBranch Predictors

History-basedbranchpredictioncan be viewed as the
problemof learningtheBooleanfunctionof thebranchhis-
tory thatgivesthebestprediction. Let . be a Boolean$ -

Minimum Predicted Largestgshare
Feature Clock TableAccessiblein

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 aggressive clock rate, the size of a single-
cycle gshare mustdecreaseastechnologymovesforward.

vectorcontainingtheoutcomesof thelast $ branchesexe-
cuted.For now, wecanthink of thisbranchhistoryasbeing
either global or per-branch. For a static branch / , there
existsa Booleanfunction 0�12&3.4, thatbestpredictswhether

/ will be taken given the history . . The goal of dynamic
branchpredictorsis to learnthis functionasquickly aspos-
sibleto provideaccurateprediction[13].

Oneapproachto branchpredictionis to learn 0
1

&).5, for
eachbranchin a pro�ling run, thensomehow encodeeach

0617&).5, in thebranchinstructionandhave thehardwareuse
the dynamichistory to computethe function and provide
a branchprediction. Statically chosenbias bits, suchas
thoseavailableonHP-PA/RISCandIA-64, encodeconstant
Booleanfunctions,which requirenohistoryinformation.

If thebehavior of branchesis stableacrossdifferentpro-
graminputs,thenwe would expectbranchpredictionusing
thesefunctionsto performvery well, even betterthandy-
namicbranchpredictors,which have the disadvantagesof
destructive aliasingand training time. In practice,input-
dependentbehavior, suchasloop trip countsthatvary from
runto run, limits theaccuracy of aBooleanformulapredic-
tor. But aswe will see,thesefunctionsstill provide highly
accuratepredictions.

Oneproblemwith this approachis thatof representinga
Booleanfunctionwithin a branchinstruction.For instance,
with a moderatehistory lengthof 10, thereare (+8:93; differ-
ent Booleanfunctions. Branchinstructionswould needto
haveover1000bits to allow all of thesefunctionsto been-
coded. Therefore,we consideran extremelycompact,but
suf�ciently expressive,encodingof Booleanformulas.

3.2 Read­OnceMonotoneBooleanFormulas

We now describea subsetof Booleanformulasthatcan
be compactlyrepresented.The basicideais to restrict the
Booleanformulassuchthateachvariableappearsin thefor-
mulaonly once,andtheonly operationsallowedareAND
andOR.



Let <4=?>A@CBED�=GFIH�* , i.e., < and > are $ -bit vectorsof
Booleanvalues.We saythat <KJA> if, for all L , <NM-JA>�M .
Considera Booleanfunction 0�BED�=�FIH+*PO Q B6D�=GFEH , i.e., a
function 0 mappingavectorof $ bitstoasinglebit. Wesay
that 0 is monotoneif <RJS> implies 04&3<�,-JT04&U>N, [15]. A
monotoneBooleanformula is a Booleanformula thatuses
only AND ( V ) andOR ( W ), without NOT, asconnectives.
Thefunctionsinducedby theseformulasaremonotone[15],
hencethename.

In a read-onceformula eachvariable appearsexactly
oncein the formula. Read-onceformulasarealsoknown
as X -formulasor Booleantrees[3]. Read-oncemonotone
Booleanformulashaveaconcisedescriptionasatreewhose
internal nodesare ANDs and ORs and whoseleaves are
the Booleanvariables. As an example,Figure1 from the
introductionshows the tree representationof the formula

&Y&3Z	[\W]Z

8

,�W�&)Z_^5V`Z_aI,b,�V�&b&3Z_c4W]Z_dE,�V�&)Z_e5W`ZgfI,b, asa logic
diagram.

3.3 Using Monotone Read­Once Formulas for
Branch Prediction

A read-oncemonotoneBooleanformulaof $ variables
canbeencodedasa bit vectorof size $ihjF , eachbit rep-
resentinga connective in theBooleantree,with 0 for AND
and1 for OR.Thus,eachbranchinstructionencodesaread-
oncemonotoneBooleanformulausing $khlF bits. We also
storeanotherbit that, if set to 1, causesthe value of the
function to be inverted,so that we can also representthe
complementsof monotoneread-onceformulas.No two dif-
ferentbit patternsrepresentthesameBooleanfunction,so
this encodingis quite ef�cient. For a history lengthof $ ,
theformulaencodingin thebranchinstructiontakes $ bits.
MonotoneBooleanformulasareincapableof representing
Booleanconstants,sowe allow theformulawhoseconnec-
tivesareall ANDs to compute0 (i.e. false). By choosing
to invert the output, this formula can also produce1 (i.e.
true). Thesetwo valuesarenecessary, sincethey allow us
to represent“alwayspredicttaken” and“alwayspredictnot
taken,” which arethemostcommonBooleanfunctionsfor
branchprediction.

Forbranchprediction,wekeepabranchhistoryshift reg-
isterinto which theBooleanoutcomes(i.e.,1 for takenand
0 for not taken) of branchesareshifted. We keepa global
history, usingthesameshift registerfor all branches.When
abranchinstructionis fetched,theBooleanformulais sent,
alongwith the contentsof the history register, to a circuit
thatdecodestheformulaandcomputestheprediction.

We usea pro�ling phaseto decidewhich formulasto
encodein each branch instruction. The pro�ling algo-
rithm usesstatisticsaboutthebehavior of eachstaticbranch
to choosethe best monotoneread-onceformula for that
branch.

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

&3Z_m�WnZo[p,�VnZ
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VnZg^"Vq&3Z�a�WrZgc"WnZ_d"WnZge�,:=

This formula correspondsto a branchpredictionpolicy
of “predict taken if either of the last two brancheswere
taken and the third and fourth most recentbrancheswere
bothtaken,andany of theotherbranchesin thehistorywere
taken.”

3.4 Pro�ling Algorithm

We now describeour algorithmfor determiningwhich
formulasbestpredicteachstaticbranch. Using a traceof
eachbranchaddressandoutcome,wesimulatethedynamic
contentsof thehistory register. For eachstaticbranch,we
keep a list of the different historiesthat lead up to that
branch,alongwith thenumberof timeseachhistory leads
to thebranchbeingtakenor not taken.After everydynamic
branchhasbeenexamined,we checkthelist for eachstatic
branch / and exhaustively test every monotoneBoolean
formula andits complementto seewhich onewould have
yieldedthefewestmispredictionsgivenall thehistoriesthat
led up to / . This best formula is then encodedinto the
branchinstruction.

For branchesthat areexecutedfewer than500 timesin
thepro�led program,wesimplyusetheconstantformula(0
or 1) thatbestpredictsthatbranch,ratherthanconsidering
all (�* formulas.We areinvestigatingwaysto speedup the
algorithmwith a moreintelligentsearch.Section4.5gives
timing resultsfor thepro�ling algorithmandarguesthatthe
costis reasonablefor historylengthsup to 16.

3.5 Hardware Implementation

A hardware implementation of a Boolean formula
branchpredictoris simple. EachBooleanconnective (i.e.,
AND or OR) in theformulais representedby a circuit with
threeinputs:two datainputs,correspondingto thevariables
or outputsof othergates,andonecontrolinputthatspeci�es
whetherthe Booleanconnective shouldcomputeAND or
OR.Coincidentally, this functionis equivalentto thecarry-
out computedby a full adder. Figure2 shows a logic dia-
gramfor this four-NAND circuit. With a history lengthof

$ , ourpredictoris built from $shtF connectivesandasin-
gle XOR gateat theoutputthatactsasaninverterwhenits
input is 1. Figure3 shows a circuit implementationof the
predictorfor $vujw . For clarity, theextralogic to produce0
whenall theconnectivesareANDs is not shown, sincethis
logic requiresrelatively few gatesandis not on thecritical
timing path.



We simulatea straightforwardstaticCMOS implemen-
tation of the Booleanformula predictorwith the HSPICE
circuit simulator. First,wecreateasub-circuitcomposedof
four NAND gatesasshown in Figure2. Then,we instan-
tiate (4xzy�{

8

$ of thesesubcircuitsandaddanXOR, which
is a sub-circuitconsistingof two invertersandtwo NAND
gates.The connectionsbetweenthesubcircuitsareshown
in Figure3. Finally, we addcapacitancebetweenthegates
to modellocal interconnect.

Notethatalthoughtheconceptof a read-oncemonotone
Booleanformula is somewhat similar to the actualimple-
mentationasa circuit, to avoid confusion,the two should
bethoughtof separatelyasfunctionvs. implementation.In
particular, thecircuit is optimizedfor staticCMOStechnol-
ogywith NAND gatesandis nota read-oncecircuit.

control
input

data
input

data
input

output

Figure 2. Booleanconnective subcircuit. If the control
input is 0, thentheoutputis theAND of thetwo datainputs.
Otherwise,theoutputis theORof thetwo datainputs.

history
branch

from
instruction from

register

prediction

Figure 3. Booleanformulabranchpredictorcircuit. This
circuit makesa branchpredictionbasedon a historylength
of 8 andan8-bit encodingof a read-onceBooleanformula.

3.6 Delay

The depthof the formula evaluationcircuit with $ in-
putsis (4xzy+{
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$ plus the �nal XOR gate. For instance,for
$vu|FG} , thecritical delaypathpassesthrougheightNAND
gatesandoneXOR gate. In contrast,thegshare predictor
looksup valuesfrom a tableby readingfrom anSRAM ar-
ray.

To estimatepredictoraccesstimesfor a rangeof current
andfutureintegratedcircuit generations,weusecircuit sim-
ulationsanda modi�ed versionof the CACTI 2.0 tool for
simulatingcachedelay. This modi�ed versionof CACTI is
moreaccuratein several ways [2]. First, while the origi-
nal versionof CACTI 2.0 [20] usesa simplistic linearscal-
ing for delayestimates,themodi�ed simulatorusesseparate
wire modelsto accountfor the physicallayout of wire in-
terconnects:thin local interconnect,taller andwider wires
for longerdistances,andthewidestandtallestmetaltraces
for global interconnect. Second,wire resistanceis based
oncopperratherthanaluminummaterialproperties.Third,
all capacitancevaluesare derived from three-dimensional
electric �eld equations.Fourth, bit-lines areplacedin the
middle layermetal,whereresistanceis lower. Finally, bit-
addressingis allowedinsteadof byte-addressing.

Our resultsfor projectedtechnologies,including those
givenin Table1, useanaggressive clock rateequivalentto
eight times the gatedelay of propagatinga value from a
singleinverterto four copiesof itself. This “eight fan-outs-
of-four” measurewas usedas the aggressive clock speed
for the study by Agarwal et al. [1], giving a technology-
independentprojectionof futureclockrates.Notethatthese
capacitiesonly considerthetime to readthebranchpredic-
tion table.Thegatedelayinvolvedin actingupona branch
predictionis not includedandfurtherexacerbatestheprob-
lem.

We estimatetheaccesstimeof theBooleanformulapre-
dictor by simulatingthecombinationalcircuit andmeasur-
ing thedelayfrom thebranchinstructionandhistoryregis-
ter inputsto the outputof the XOR gate. The delaymea-
surementsarethe time from themidpointof the input sig-
nal switchingto the midpoint of the outputsignalswitch-
ing. We calculatedthe lookup time for a gshare predictor
usingour modi�ed CACTI tool. Table2 shows theaccess
timesfor a 4K-entrygshare predictorandtwo sizesof the
Booleanformulapredictor, $vu~w and $iuTFG} , for arange
of fabricationtechnologies.We chosethe4K-entrypredic-
tor because,aswe will seein Section4, the $•uSw version
of theBooleanformulapredictoronly slightly exceedsthe
accuracy of a 4K-entry gshare. Thus, our delay compar-
isonsshow thatwe canachievehigheraccuracy with lower
latency.

As fabricationtechnologyimproves, transistorscan be
madesmallerandfaster, resultingin higherclock frequen-



Minimum AccessTime(picoseconds)
Feature 4K-entry Formula, Formula,

Size(nm) gshare $vu€w $vuTF�}

180 551 211 260
130 402 168 208
100 321 112 138
70 228 85 103
50 167 50 59

Table 2. Accesstimesfor a4K-entrygshare predictorvs.
two versionsof the Booleanformula predictor. The 8-bit
Booleanformulapredictorandgshareachievesimilaraccu-
racies.ThedelayswereobtainedusinganHSPICEmodel
for theBooleanformulapredictorandamodi�ed versionof
CACTI 2.0for gshare.

ciesand fastercombinationalcircuits. As Table2 shows,
accesstimes for eachstructureimprove as the minimum
featuresizedecreases.

TheBooleanformulapredictoris consistentlyfasterthan
the4K-entrygsharepredictor, allowing moretimefor com-
municationandcomputationwithin 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 traditional table-lookuppredictorsuchasgshare
would requiremorethana singlecycle—167picoseconds
in thiscase—fortheprediction.In thesametechnology, the
Booleanformulapredictorwouldprovideapredictionin 59
picoseconds,leaving over half of the cycle to preparefor
andactupontheprediction.

One concernwith our predictoris that the contentsof
thebranchopcodeareon thecritical pathto makinga pre-
diction; theBooleanformulamustbereadbeforeit canbe
evaluated. However, this delay is commonto any branch
predictorthatusesbiasbitsor any othertypeof information
from thebranchinstruction,suchastheagreepredictorused
ontheHP-PA/RISCor thestatic/dynamicandbiasbitspro-
videdby IA-64. Onesolutionis to provide pre-decodebits
in theinstructioncachethatprovidetheopcodeinformation
quickly.

3.7 Power

Powerconsumptionhasrecentlybecomea primarycon-
cernin microprocessordesign.In this section,we contrast
thepowerconsumptionof traditionalbranchpredictorswith
thatof theBooleanformulapredictor.

TheBooleanformulapredictoris acombinationalcircuit
thatuseslessdynamicpower thananSRAM-basedpredic-
tor. This smallpredictorhassmallergateandinterconnect
capacitancethanan SRAM structure,which hasdecoding
logic, a memoryarray, sensinglogic, andoutputlogic.

Table3 shows theBooleanformulapredictor'sdynamic

Minimum Power (milliw atts)
Feature 4K-entry Formula, Formula,

Size(nm) gshare $iu€w $vuTF�}

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 consumptionfor two versions
of the Booleanformula predictorand a 4K-entry gshare.
These�gures wereobtainedfrom HSPICEfor theBoolean
formulapredictorandCACTI for gshare.

power consumptionfor $ u•w and $ u‚F�} , as mea-
suredwith the HSPICEsimulator. This table also shows
the power of a 4K-entry gshare predictor, measureusing
the modi�ed CACTI 2.0. The $ƒu„w resultsshow that
the Booleanformula predictorconsumesbetween0.4%to
2.9% of the power of a gshare predictorwith comparable
accuracy.

With lower transistor thresholdvoltagesin emerging
technologies,staticpower—dueto leakagecurrentthrough
transistors—isbecominga sizablepercentageof the total
power consumed[25]. With fewer transistorsin thecircuit
to leakcurrent,theBooleanpredictorcircuit will alsohave
lessstaticpowerthananSRAM structure.Furthermore,the
Booleancircuit implementationis amenableto a low static
powerdesigntechniquethattakesadvantageof thestacked
transistorswithin gatesto biastransistorsinto alow-leakage
mode[25].

3.8 Impact of Encoding

Since eachbranchinstruction encodesa Booleanfor-
mula,wemust�nd anef�cient wayto encodetheformulain
theinstructionwithout having a negative impacton perfor-
mance.Someinstructionssetsalreadyprovideextrabits for
communicatinghintsto themicroarchitecture.For instance,
theAlphaAXP ISA provides14bits in eachindirectbranch
instructionfor pro�ling information[22]. In their work on
variablelengthpathbranchprediction,Starket al. [24] use
extra bits suchastheseto communicateto themicroarchi-
tectureinformationonhashfunctionsfor abranchpredictor.

WeproposechangingtheISA sothatbranchinstructions
encodetheformulas.For example,eachbranchinstruction
on the Alpha is 32 bits long: six bits indicatethe op code
of theinstruction,� vemorebits indicatetheregisterto test,
and21bitsarefor thebranchoffset.For aBoolean-formula
basedbranchpredictorrequiring $ bits in abranchinstruc-
tion, weproposeto reallocate$ of theoffsetbits to thefor-
mula.Somelongbrancheswill needtobesplit into abranch
followedby a jump to the target, increasingthenumberof



instructionsexecuted.
We measurethe harmonicmeanover the SPEC2000

integer benchmarksof the percentageof extra instructions
executedon the Alpha whenoffset bits are reallocatedto
Booleanformulapredictors.With formulasof up to 9 bits,
thenumberof extra instructionsis negligible. With 12-bit
formulas,only 0.2%moreinstructionsareexecuted.With
14-bit formulas,1.0% more instructionsareexecuted.As
historylengthincreasesbeyond16bits, this encodingtech-
niquebecomeslessfeasible.For longerhistories,we have
developeda moresophisticatedtechniquethat exploits the
factthatmostof thefunctionsareconstant.

4 Experimental Results

In this section,we give the resultsof simulating our
branchpredictor on the SPEC2000 integer benchmarks,
and we compareour resultsagainstboth static (i.e. bias
bits) anddynamicbranchprediction. We alsogive results
for a predictor that combinesBooleanformulaswith dy-
namicprediction,andwe comparethis to similar work that
combinesstaticanddynamicprediction.

4.1 Methodology

We usethe 12 SPEC2000integerbenchmarksrunning
underSimpleScalar/Alpha[6] to collect traces. For each
benchmark,we gathertracesgiving thebranchaddressand
outcomefor upto 300million branches.Weusethetrain
inputsfor thepro�ling runs,andwe usetheref inputsto
evaluatethe accuracy of the variouspredictors. To better
capturethesteady-stateperformanceof the branchpredic-
tors,our evaluationrunsskip the �rst 50 million branches,
as several of the benchmarkshave an initialization pe-
riod (lastingfewer than50million branches),duringwhich
branchpredictionaccuracy is unusuallyhigh. Eachbench-
mark executesat least300 million branchesandover one
billion instructionson the test inputsbeforethe simula-
tion ends.

4.2 PredictorsSimulated

We simulatemonotoneread-onceBooleanformulapre-
dictors for (…J†$‚J‡F�w . We useonly global history in-
formation,i.e., we do not usepathor per-branchinforma-
tion. We alsosimulatethe gshare [19], bi-mode[16] and
agree[23] branchpredictors,threewell-known global dy-
namicbranchpredictorsfrom theliterature.Thegshareand
bi-modepredictorsuseonly dynamichistory information.
Theagreepredictorcombinesstaticanddynamicinforma-
tion by predictingwhethera branchwill agreewith a bias
bit.

History length hasbeenobserved to have a signi�cant
impactonpredictoraccuracy [19], sofor eachpredictorand
eachhardwarebudget,wetry all possiblehistorylengthson
thetrain inputsandkeeptheonewith thelowestaverage
mispredictionaccuracy.

To give a lower-boundon mispredictionratesfor any
Boolean-formulabasedpredictor, we alsomeasurethe re-
sultsof usingarbitrary Booleanformulas.To �nd thebest
arbitraryBooleanformulafor a particularstaticbranch,we
measurethenumberof takenversusnot-takenbranchesfor
eachhistory leadingup to that branchin the training set,
thenassignto eachhistorythepredictionyielding themost
correctlypredicteddynamicbranches.Out of all thepossi-
ble historiesleadingto a branch,only a small fractionwill
actuallybeobserved;all otherhistoriesareassignedthebias
bit for thatbranch.Thearbitrarypredictoris representedby
thepro�ling algorithmasasetof rowsin atruthtablewhere
theinputsarethehistoriesandtheoutputis theprediction.

Note that althoughit is not the focus of our research,
this arbitrary formula predictoris actually implementable
for history lengthsof up to four, sincethe truth tablefor a
Booleanfunction in four variablescanbe encodedin only
16bits.
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Figure 4. Accuracy of dynamic branchpredictorsvs.
static predictionand the Booleanformula predictor. The
numbersabove the � -axisshow the technologiesin which
the correspondinghardware budgetsare reachablein one
cycle with aggressive clocking. Mispredictionratesarethe
harmonicmeansover theSPEC2000integerbenchmarks.

4.3 Mispr ediction Rates

Figure 4 shows mispredictionratesfor the monotone
read-onceBooleanformula predictorat history lengthsof
4, 8 and16,comparedwith gshare, agreeandbi-modepre-
dictorsat hardwarebudgetsfrom 512to 256K entries.La-
belsabovethe512and1K-entryhardwarebudgetsshow the
processtechnologiesfor which thecorrespondingbudgetis



reachablein onecycleat theaggressiveclock rateslistedin
Table1.

At today's 180nm and130nm technologies,for which
branchpredictorswith only about1K to 2K table entries
stateare available at more aggressive clock speeds,a 4-
bit Booleanformulapredictorwith a mispredictionrateof
6.6%roughlymatchestheaccuracy of thebi-modepredic-
tor. With a history lengthof 16, theBooleanformula pre-
dictor hasa mispredictionrateof 5.02%,an improvement
of 24%over the1.5K-entrybi-modepredictor.

To put these�gures anotherway, a 4-bit Booleanfor-
mulapredictorachievesroughlythesamepredictivepower
asa 4K-entry gshare predictor. A 16-bit Booleanformula
predictoris aboutas accurateas an 8K-entry gsharepre-
dictor, a 3K-entry bi-modepredictor, or a 2K-entry agree
predictor.

Figure 5 shows, for history lengthsrangingfrom 2 to
18,mispredictionratesfor themonotoneread-onceBoolean
formulapredictor, aswell asfor thepredictorthatusesarbi-
trary formulas.For reference,it alsoshows themispredic-
tion ratesfor purestaticpredictionwith biasbits,aswell as
for dynamicpredictionwith a 1K entrygshare, a 1K entry
agreepredictor, anda 1.5K entrybi-modepredictor;these
tablesizesrepresentthepredictorsaccessiblein asinglecy-
cle in 50 through130nm technologywith aggressiveclock
rates.As historylengthincreases,themispredictionrateof
theBooleanformulapredictordecreasesandremainsclose
to theperformanceof thearbitraryformulapredictor.

For thesame� ve predictors,Figure6 shows mispredic-
tion rateson eachbenchmark.The Booleanformula pre-
dictor usually hasa mispredictionrate lower than that of
the dynamicpredictors. However, in a few cases,suchas
256.bzip2 , the formulapredictor's mispredictionrateis
high,mostlikely dueto input-dependentprogrambehavior
thatcannotbelearnedby pro�ling.
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Figure 5. Mispredictionratefor theBooleanformulapre-
dictorasa functionof historylength.
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Figure 6. Accuracy of thepredictorsoneachbenchmark.
This graphcomparestheBooleanformulapredictorat his-
tory lengthsof 8 and16againstaggressively clockedimple-
mentationsof gshare andbi-mode.

Figure7 shows themispredictionratesof predictorsus-
ing the agreemechanismcombinedwith our formula pre-
dictor. An agreepredictorpredictswhethera branchout-
comewill agreewith a bias bit, turning destructive alias-
ing into constructivealiasing.Ourcombinedagree/formula
predictorsuseaPHTto predictwhetherthebranchoutcome
will agreewith theoutputof aBooleanformula,ratherthan
a biasbit. With a 1K-entry PHT, the agreepredictorwith
biasbits yieldsa mispredictionrateof 5.3%.The8-bit ver-
sion of our agree/formulapredictordecreasesthis rate to
4.4%,an improvementof 17%. The 16-bit versionof our
predictorhasamispredictionrateof 3.9%,animprovement
of 25%.

For reference,we compareour predictorwith the Al-
pha21264hybridbranchpredictor, which is themostaccu-
rateexistingpredictorfor which implementationdetailsare
readilyavailable[14]. Thispredictorusesa4K-entryglobal
historypredictoranda 1K-entryper-branchhistorypredic-
tor combinedwith a 4K-entrychooser, consumingroughly
4KB of state. The Alpha 21264predictorachievesa mis-
prediction rate of 2.93% on the traceswe gathered. At
the samehardware budget, the agreepredictor, when en-
hancedwith the16-bit versionof our Booleanformulapre-
dictor, achievesamispredictionrateof 2.55%.Evenat half
thehardwarebudgetof theAlpha 21264predictor, an 8K-
entry versionof our agree/formulahybrid achievesa mis-
predictionrate of 2.86%, narrowly better than the Alpha
hybrid. Using our aggressive clock modeling,the largest
hybrid agree/formulapredictoravailable in a single cycle
will achieve a mispredictionrateof 3.97%,which is 35%
higherthanthatof theAlphapredictor. However, animpor-
tant point of our researchis that complex predictorssuch
as the Alpha's are infeasibleat higher clock rates. Even
today'sAlpha mustemploy anoverridingmechanism[14],
in which branchpredictionsthat don't agreewith the less
sophisticatedcacheline predictorintroducea single-cycle



bubbleinto the pipeline,reducingthe performanceadvan-
tageof themoreaccuratehybrid predictor.
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Figure 7. Accuraciesof Booleanformula predictorsus-
ing theagreemechanism.Mispredictionratesareharmonic
meansover SPEC2000.

4.4 Distrib ution of Formulas

An analysisof the distribution of Boolean formulas
chosenby the pro�ling algorithm shows that most of the
Booleanformulaschosenarethetwo constantfunctions,0
and 1. This dependenceon constantformulasdecreases
as history length increases. For instance,with a history
lengthof 4, 78%of staticbranchesin theSPEC2000inte-
gerbenchmarksarebestpredictedwith a constantformula,
asopposedto only 49%for a history lengthof 16. As his-
tory lengthincreases,the predictive power of the Boolean
formulapredictorincreases,andtheconstantfunctionsrep-
resenting“predict takenalways” and“predict not takenal-
ways”giveway to moreintelligentchoices.

Table4 showsthedynamicfrequenciesfor eachformula
with a history lengthof four, alongwith themisprediction
ratefor eachformulausinga4-bit Booleanformulapredic-
tor andfor biasbits. For brevity, we omit similar tablesfor
theotherhistorylengths.

4.5 Pro�ling Cost

The cost of determiningthe bestBooleanformula for
eachbranchis an importantcomponentof the costof our
branchpredictor. Here,wequantifythiscost.

Ourcurrentimplementationtakestimeexponentialin the
history length. However, for thesmall history lengthsthat
we considerin this study, thetime is not unreasonable.For
instance,with ahistorylengthof 16,thepro�ling algorithm
takes about12 minuteson a 733MHz PentiumIII. For a
history length of 10, the programtakes about2 minutes.
For historylengthslessthanabout12, thetime for thepro-
gramis dominatedby activitiesunrelatedto �nding thebest

Formula % Dyn. % Mispredicted
Freq. Formula Bias

F 40.84 9.4 9.4
D 37.14 10.0 10.0

&3Z_mˆWnZo[G,�Vq&3Z

8

WnZ_^G, 3.15 21.8 36.3
‰

&Y&)Z m WrZ [ ,\Vq&)Z

8

WrZ ^ ,Y, 2.36 24.6 36.6
&3Z_mˆWnZo[G,�Wq&3Z

8

VnZ_^G, 2.06 21.5 29.3
‰

&Y&)Z m WrZ [ ,\Wq&)Z

8

VrZ ^ ,Y, 1.73 14.4 24.5
‰

&Y&)Z m VrZ [ ,\Vq&)Z

8

WrZ ^ ,Y, 1.64 20.1 26.8
&3Z_mˆVnZo[G,�Vq&3Z

8

WnZ_^G, 1.60 15.8 22.0
‰

&Y&)Z m VrZ [ ,\Wq&)Z

8
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8
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&3Z

m
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[
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VnZ
^

, 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 most recently
executedbranch,�o� beingthenext recent,etc.

Booleanfunction. For instance,much time is spentsim-
ply readingthelargetrace�le from thediskandperforming
othertasksthatany typical feedback-directedoptimization
would require. Our algorithm is also easyto parallelize.
The time-consumingpart of the algorithm—duringwhich
thebestBooleanformulais decidedfor eachstaticbranch—
is embarrassinglyparallel,asthevariousstaticbranchescan
be partitionedamongmany processors.Thus,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 complexity theory the
conceptof a read-oncemonotoneBooleanformula. These
Booleanformulasprovide a compactencodingof a class
of functionsthat is expressive enoughto perform branch
predictionyet conciseenoughto be encodedin branchin-
structions. By of�oading most of the predictionwork to
the compiler, our Booleanformula predictoris small, fast
andconsumeslittle power. While our schemeprovidesa
competitive alternative to existing dynamicbranchpredic-
tors,therealbene�t of our schemelies in thefuture,asour
schemeis signi�cantly lesssensitiveto theimpendingtech-
nologyscalingissuescausedby increasedwire delays.Our
predictorcanalsoform a valuablecomponentof an agree



or hybrid predictor, decreasingmispredictionratesby pro-
viding betterestimatesof branchoutcomesthanbiasbits.

We arecurrentlystudyingwaysto improve the training
algorithmsothatit takeslesstimeat longerhistorylengths.
For instance,we areexploring geneticalgorithmsasa way
to geta near-optimalchoiceof formulaat a fractionof the
timeof ourbrute-forcealgorithm.
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