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Accuratebranchpredictionis an essentialcomponentof a modern,deeply

pipelinedmicroprocessors.Becausethe branchpredictor is on the critical path

for fetchinginstructions,it mustdeliver a predictionin a singlecycle. However,

asfeaturesizesshrinkandclock ratesincrease,accessdelaywill signi�cantly de-

creasethe sizeandaccuracy of branchpredictorsthat canbe accessedin a single

cycle. Thus, thereis a tradeoff betweenbranchpredictionaccuracy and latency.

Deeperpipelinesimprove overall performanceby allowing moreaggressive clock

rates,but someperformanceis lostdueto increasedbranchmispredictionpenalties.

Ironically, with shorterclock periods,the branchpredictorhaslesstime to make

a predictionandmight have to be scaledbackto make it faster, which decreases

accuracy andreducestheadvantageof higherclock rates.
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Weproposeseveralmethodsfor breakingthetradeoff betweenaccuracy and

latency in branchpredictors.Ourmethodsfall into two broadcategories:hierarchi-

cal predictorsusingpurely hardwareimplementations,andcooperative predictors

that off-load somepredictionwork to the compiler. We describehierarchicalor-

ganizationsthat extendtraditionalpredictors.We thendescribea highly accurate

branchpredictorbasedon a neurallearningtechnique.Usinga hierarchicalorga-

nization,this complex multi-cycle predictorcanbe usedasa componentof a fast

delay-sensitive predictor. We introducea novel cooperative branchpredictorthat

off-loadsmost of the predictionwork to the compiler with pro�ling. The com-

piler communicatespro�led informationto themicroprocessorusingextensionsto

the instructionset. This Booleanformulapredictorhasa small andfasthardware

implementation,andwill work in lessthanonecycle in eventhesmallesttechnolo-

gies with the most aggressive projectedclock rates. Finally, we presentanother

cooperative technique,branch path re-aliasing, that movescomplexity off of the

critical pathfor makingapredictionandinto thecompiler;this techniqueincreases

accuracy by reducingdestructivealiasingduringthelesscritical updatestage.
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Chapter 1

Intr oduction

Modernmicroprocessorsachievegoodperformanceby executingmany instructions

in parallel. This instruction-level parallelism(ILP) canbe limited by variousbot-

tlenecks,somicroprocessorsoftenperformspeculative work to reducethe impact

of thesebottlenecks. One particularly importanttype of speculationis dynamic

branch prediction. Whena conditionalbranchinstructionis fetched,it may take

several cyclesfor the branchconditionto be determined,anduntil then, it is not

clearwhich pathshouldbe followed. A branchpredictorusesstatisticalinforma-

tion to predictwhich directionthe branchwill take andto andspeculatively fetch

andexecuteinstructionsalongthepredictedpath. This techniqueyieldsa tremen-

dousincreasein performanceby keepingthepipelinefull even in thepresenceof

controlhazards.Sinceaboutonein sevenexecutedinstructionsis a branch,branch

predictionis essentialfor modernpipelinesthat may have tensor even hundreds

of instructionssimultaneouslyin �ight. If a predictionis incorrect,i.e. thereis

a misprediction, a considerablenumberof cycles is wastedexecutingthe wrong

instructionsandrestoringtheprocessorstatesuchthatthecorrectpathcanbeexe-

cuted.Thus,branchpredictorsmustbehighly accurateto avoid mispredictions.
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Currenttechniquescanachievecorrectbranchpredictionratesof 95%[41],

i.e., misprediction ratesof 5%, but the high cost of recovering from mispredic-

tions [12] remainsoneof the largestimpedimentsto performanceon currentand

future processors.Becauseof the large penaltyof a branchmisprediction,small

improvementsin accuracy canhave a large impacton performance.As pipelines

becomedeeperto supporthigherclock rates,thepenaltyfor a mispredictedbranch

will increase.For instance,thePentium4 microprocessorhasa 20-stagepipeline,

with a branchmispredictionpenaltyof approximately20 cycles[26]. For a simu-

latedprocessorwith a 20-stagepipeline,increasingthe branchmispredictionrate

from 4% to 7% decreasesperformanceby 11% in termsof instructionsexecuted

percycle(IPC).Thus,wearemotivatedto �nd moreaccuratebranchpredictorsfor

futuretechnologies.

1.1 The Problem: Delay in Branch Predictors

It takeswork to accuratelypredictbranches.The amountof time availableto do

this work hasa large impacton theaccuracy of thebranchpredictor. Branchpre-

dictor accessdelayis a crucial componentin determiningthe performanceof the

processor, sinceit hasanimpactonbothclockrateandinstructionthroughput.This

delayis affectedby trendsin technology. In this section,we explain thesourceof

branchpredictordelayandtheconsequencesof ignoringdelay.

Modernbranchpredictorsarebasedon the two-level adaptive branchpre-

diction techniqueintroducedby Yeh andPatt [62]. This schemeusesa tableof

countersto �nd correlationsbetweenpreviousbranchoutcomesto make a predic-

tion. For the branchpredictorto be accurate,this tableshouldhave hundredsor

thousandsof entries,causingit to resembleasmallcachememory.
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In the past threedecades,performanceimprovementsin microprocessors

havebeendrivenin largepartby improvementsin processtechnology, i.e., thepro-

cesswith which microprocessorsare fabricatedon wafersof silicon. As process

technologyimproves, the sizesand delaysof the transistorsand wires on a mi-

croprocessordecrease,allowing computerarchitectsto squeezemorefunctionality

onto the chip, andrun thechip at a higherclock frequency. Recentstudies,how-

ever, have shown that as featuresizeshave beenshrinking in currentand future

processtechnology, increasinglyaggressiveclock ratesandlargerwire delayswill

leadto multi-cycleaccessto largeon-chipstructures[1] suchascachesandbranch

predictors.

Until now, thehugebodyof branchpredictionresearchhasfocusedon only

two dimensionsof the problem—areaand accuracy—and has found that larger

hardware budgetsyield higheraccuracy for two reasons:They allow the useof

longerhistorylengths,andthey reducealiasing, which occurswhentwo unrelated

branchesdestructively sharethe samehardwarebranchpredictionresources.In-

deed,muchof the recentwork hasfocusedon methodsfor reducingaliasing[52,

41,38,57,18]. With growing chipcapacities,thefocusof theresearchcommunity

on areaandaccuracy hasled to large elaboratepredictors,someof which require

16K to 64K bytestructures[20], andto complex predictionschemesthataddlevels

of logic to combatdestructivealiasing[18, 38].

Sincedynamicbranchpredictorsuselarge tablesto �nd correlationsand

makepredictions,futurebranchpredictorswill needto considera third dimension:

delay. Figure1.1illustratestheproblemof ignoringdelay. Usinganidealizeddelay

of onecycleto accessthepatternhistorytable(PHT),thegsharepredictor[41] sees

improved instructionsper cycle(IPC)—dueto improvedpredictionaccuracy—as

thesizeof thePHT is increased.By contrast,with anaggressive clock frequency
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(1.9 GHz) anda realisticdelaymodel for today's 180 nanometertechnology, the

curvedropsoff at512byteswherethePHTrequirestwo cyclesto access,anddrops

againat64KB wheredelaybecomesthreecycles.Thisproblemwill beexacerbated

by thesmallerprocesstechnologiesof thefuture,asshown by thecurve for 50nm

technologyand a projected6.9 GHz clock rate. In this technology, wire delay

causesthetableaccesstimesto slip aboveonecycleevenearlier.
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Figure1.1: InstructionThroughputversusCapacityfor thegshare predictor.

As anexampleof areal-world instanceof thisproblem,thebranchpredictor

for theAMD Athlon microprocessorrepresentsastepbackwardwhencomparedto

its predecessor, theK6. While theK6 hasahighly accurate8K-entryGAspredictor,

theAthlon usesa lessaccurate2K-entryGAs predictor[16]. This changereduces

thedelayandrealestatecostsof thebranchpredictorandcouldbeonereasonwhy

the Athlon is ableto achieve an aggressive clock rateof 1.4 GHz. Nevertheless,

theAthlon hasdecreasedperformancein termsof IPC becauseof thelessaccurate

branchpredictor.
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Higherclock ratesalsoincreasetheneedfor higherbranchpredictionaccu-

racy. As pipelinesbecomedeeperto createlesswork per cycle, the penaltyof a

mispredictionincreases.For example,thePentium4 hasa 20 stagemisprediction

pipeline[26]. Table1.1showstheclockratesandpipelinedepthsof severalcurrent

microprocessors.

In a nutshell, the problemis this: Using smallerbranchpredictiontables

resultsin lowerIPCbecauseof loweraccuracy. Naively usinglargertablesin future

technologiesresultsin even lower IPC becauseof aggressive clock scalingtrends

andincreasedrelative wire delay. Thequestionthat this dissertationaddressesis:

how canwegetbothhighaccuracy andlow latency?

1.2 Dimensionsof the Problem

As microarchitecturedesignsevolve andprocesstechnologyimproves,severaldi-

mensionsof thebranchpredictordelayproblemareemerging. In this section,we

explorethesedimensions,andaskimportantquestionsfor thefutureof branchpre-

dictors.

1.2.1 Extending Traditional Predictors in the Near Futur e

In the nearfuture, i.e., the next few years,we would like to be able to continue

usingthe traditionalbranchpredictorsthat have providedsuchgoodperformance

in thepast.Table-basedbranchpredictorshave beenresearchedheavily. Industrial

andacademicresearchershave very goodideasabouthow to extract a greatdeal

of accuracy usingvariationsof two-level adaptive predictors;we survey severalof

theseefforts in Chapter2. However, the impressive performanceof thesepredic-
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tors comesat the costof high accessdelay. As pipelinesdeepento supportmore

andmoreaggressiveclock ratesin thenearfuture,theviability of theseschemesis

threatenedby thedelaythey impose.We can't simply throw away theseschemes

without having somethingto replacethemwith. Thus,we arehighly motivatedto

�nd waysaroundthedelayproblem,sothatwe canextendtheutility of thesepre-

dictorsinto thefutureandcontinuebuilding traditionalcoreswith deeperpipelines

andhigherclock rates.

1.2.2 Incr easingAccuracy in the Faceof Delay

Simply sustainingtraditionalbranchpredictorsis not suf�cient, especiallysince

mispredictionsarebecomingmorecostly. How canwe make thebranchpredictor

moreaccurateif it haslesstime? As we have noted,a large amountof research

hasbeendoneto improve theaccuracy of table-basedbranchpredictors.However,

by no meansdo we believe that this researcheffort is �nished. We believe that

therearemany more ideasyet to be discovered. Indeed,we introduceonesuch

techniqueof our own in Chapter5. How canhighly accuratepredictorswith high

accessdelaysbe usedin processorswith very shortclock periods?Similarly, are

therewaysto usetable-basedpredictorsthat result in high accuracy but aremore

economicalwith their time?

1.2.3 AddressingTechnologyScaling

As the limits of CMOS processtechnologyscalingare approachedin the next

decade,wire delayandpower will becomedominantforcesshapingprocessorde-

sign. Becauseof wire delay, the time it takesto accessa reasonablylarge branch

predictormaybea signi�cant fractionof thetime it takesaninstructionto traverse
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Microprocessor IntegerPipelineDepth ClockFrequency (MHz)
PowerPC7400 4 733

HPPA-8700 7 800
Alpha 21264 7 833
AMD Athlon 9 1400

Intel Pentium4 20 1760

Table1.1: Pipelinedepthvs. clock ratefor variousprocessors.

thepipeline.Thus,traditionaltable-basedbranchpredictorsmaybecomeinfeasible

or even uselessin this new setting,andwe will be forcedto look for something

new. Are therewaysto accuratelypredictbrancheswithout tablesor otherexpen-

sivecomponents?

1.3 Our Solutions

Oursolutionto theproblemof delayin branchpredictorsis to divide theprediction

work intopartswith differentdelays.Duringonepartof theprediction,afastbranch

predictoroperatesin asinglecycle. Duringanotherpartof theprediction,eitheroff-

line throughpro�ling, or on-linethroughhardware,moretime is spentworking on

makingthe branchpredictormoreaccurate.We explore two main techniquesfor

dividing thework:

Hierar chical Predictors We proposehierarchicalorganizationsfor branchpre-

dictors. We describethreebranchpredictororganizations,eachwith thecommon

goal of combininga fast predictorwith a slower but more accuratepredictorto

achieveaccuratepredictionin asinglecycle. Weapplytheseideasin two contexts:

� Wedemonstratehow thesetechniquescanbeappliedto conventionalpredic-
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tors whosedelaycomesfrom tableaccesstime. Thus,we show how tradi-

tional predictorscanbeextendedinto thenext severalyearsof clock scaling

andtechnologyimprovements.

� We explore the spaceof morecomplex predictorsthat would otherwisebe

infeasiblebecauseof delay: we describea novel branchpredictorbasedon

a neurallearningtechnique.This perceptron predictorhasuniqueproperties

that allow it to yield high accuracy. Using the techniquesdescribedabove,

this complicatedmulti-cycle predictorcanbeusedasa componentof a fast

delay-sensitive predictor. Thus,we show thatever morecomplex andaccu-

ratepredictorsarestill feasible,evenin thefaceof thebranchpredictordelay

problem.

Cooperative Predictors Anotherway to toleratedelayis to off-loadsomeof the

predictionwork to thecompiler, with pro�ling. In thisway, thecompilerandhard-

warecooperateto producetheprediction.Predictionwork takesplacein twostages:

First, anoff-line pro�ling algorithmanalyzestheprogram's behavior on a training

input. Thecompilercommunicatespro�led informationto themicroprocessorus-

ing extensionsto the instructionsetarchitecture(ISA), indicatinghow to perform

the branchpredictionwith high accuracy. Second,the instructionsetcommuni-

catesthehints to thebranchpredictorin therunningprogramsuchthatprediction

is quick. Wedescribetwo novel techniques:

� Branch pathre-aliasing, a techniquethatmovescomplexity off of thecritical

pathfor makinga predictionandinto thecompiler. This techniqueincreases

accuracy by reducingdestructivealiasingduringthelesscritical updatestage.

This techniqueallows us to reducebranchpredictordelay by shrinking a
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branchpredictorfrom onegenerationto thenext withoutsacri�cing accuracy.

This techniqueis speci�c to oneparticularfamily of branchpredictors.

� A branchpredictorin whichapro�ling phase�nds afunctionusedto perform

branchpredictionfor eachbranch. Eachfunction is encodedasa compact

Booleanformula in the branchinstruction. The PHT is eliminated,so it is

no longer a sourceof delay. This Booleanformula predictor hasa small

andfasthardwareimplementationandwill work in lessthanonecycle even

in thesmall technologiesandaggressive clock ratesfor which conventional

table-basedpredictorsareinfeasible.

1.3.1 Scopeand Limitations of the Research

In this dissertation,we focusmainly on the effectsof technologyscalingon the

branchdirectionpredictor. Thus,we mainly studythe branchdirectionpredictor

in isolation,assumingfor thesakeof simplicity thatothermicroarchitecturalstruc-

turesarenotaffectedby technologyscaling.We only brie�y considerotherrelated

aspectsof microarchitecture,suchasbranchtarget buffer delay, instructioncache

delay, andbranchpredictorpower, andwe do not proposecompletesolutionsto

theseproblems.Thismethodologyallowsusto makestrongerstatementsaboutthe

futureof branchpredictorsthemselveswithout relyingonpredictionsof othercom-

ponents;however, without taking into accounttheseothercomponents,it is more

dif�cult to interpretoursimulatedperformancenumbers.It is importantto notethat

otherproblemsmay form moreimportantbottlenecks,suchasthe increasingdis-

paritybetweenDRAM andCPUspeeds,andthatour IPCresultsmaybeoptimistic

by assumingthattheseproblemswill not getany worse.
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1.4 ThesisStatement

Thecentralthesisof thisdissertationis this:

Despitetheeffectsof aggressiveclockscaling,wire delay, andcomplex

organizations,futurebranchdirectionpredictorscanhaveimprovedac-

curacy while still providing a predictionin asinglecycle.

1.5 Contrib utions

Thisdissertationmakesthefollowing contributions:

1. We show thatdelayin thepredictorsigni�cantly erodesperformance,sofu-

turebranchpredictionwork mustconsiderdelayin their designs.We show

thatincreasingdelayto improveaccuracy is nevera goodtradeoff. We show

thatstructureswith multi-cycleaccesstimescanbeexploitedby hierarchical

organizationsfor branchpredictors.

2. Weintroducetheperceptronpredictor, the�rst dynamicpredictorto success-

fully useneuralnetworks,andwe show thatit is moreaccuratethanexisting

dynamicglobalbranchpredictors.For example,for a4K bytehardwarebud-

get, our global predictorachievesa mispredictionrateson the SPEC2000

integer benchmarksof 1.94%,comparedwith 4.13%for a gshare predictor

of the samesizeand2.66%for the McFarling-stylehybrid predictorof the

Alpha21264.A versionof ourpredictorthatusesbothglobalandper-branch

information improves the mispredictionrate to 1.71%,an improvementof

36%over thehybrid predictor. By comparingour predictoragainsta multi-

componenthybridpredictor, weprovideevidencethattheperceptronpredic-

tor is themostaccuratefully dynamicbranchpredictorknown. We suggest
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how, usinghierarchicalorganizations,theperceptronpredictorcanbeimple-

mentedandusedin modernCPUs.Weshow thattheperceptronpredictorcan

improveIPCby 15.8%overgshareand5.7%overahybridpredictor.

3. We presentbranchpath re-aliasing,a techniquein which the compiler re-

ducesdestructive aliasingby settinga hint bit in the ISA, therebyallowing

somedynamicpredictorsto usesmallertablesmoreeffectively. We describe

analgorithmfor usingpathpro�les to setthesehint bits. We presentexper-

imentalevidencethatbranchpathre-aliasingallows smallbranchpredictors

to achieve greateraccuracy than other, slower predictors. Our simulations

show thata2048-entryGAg predictorenhancedwith branchpathre-aliasing

hasa mispredictionrateof 6.5%,21% lower thanthe mispredictionrateof

8.2%for thesamesized,but morecomplicated,gshare predictor, andequiv-

alentto themispredictionrateof a gshare predictorwith twice thesize. We

alsoshow thatour techniqueimprovesaccuracy evenfor theagreepredictor,

which was designedto convert destructive aliasinginto constructive alias-

ing, andwe show that our techniquecanimprove the accuracy of complex

predictors,suchasthehybridpredictorof theAlpha21264.

4. We presenta new methodfor branchpredictionbasedon Booleanformulas

that breaksthe trade-off betweendelayandaccuracy. For instance,in one

cycle, our predictorcandeliver a predictionwith theaccuracy of a 8K-entry

gsharepredictorin a technologywhereonly a512-entrygsharepredictorcan

be accessedin onecycle. We describethe hardwareimplementationof our

predictor, showing that it hasonethird of thedelayandconsumes1% of the

power of a conventionalbranchpredictor. We describea pro�ling algorithm

for trainingourpredictor.
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Chapter 2

Background

To familiarizethereaderwith the ideasof branchprediction,aswell ashelpplace

our work in its propercontext, we now provide somebackgroundinto branchpre-

diction. We review thehistoryof branchprediction,explain thebasicmechanism,

describecharacteristicsof branchpredictors,andreview someimplementedbranch

predictors. We also provide backgroundinto the technologyscaling issuesad-

dressedby ourwork.

2.1 History of Branch Prediction

Branchpredictionhasa long history in high performancecomputing. In �rst sur-

vey of branchpredictionstrategies,Smithdescribesmechanismsalreadyin placein

mainframecomputersat theendof the1970's [56]. Most of thesemechanismsare

simple,andarebasedon staticcharacteristicsof theprogram.For example,some

IBM System360/370modelspredictwhethera branchwill be takenbasedon the

branchinstructionopcode,sincecertainopcodesareusedfor loop backedgesand

otherareusedfor IF/THEN/ELSE statements[56]. Anothersimplestaticmecha-

nismis to predictthatabackwardbranchwill betaken,while a forwardbranchwill
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not, observingthatbackwardsloop backedgesarefrequentlytraversedmorethan

once.Smithalsoproposessimpledynamicbranchpredictors.Thebasicideais to

usea hashof thebranchaddressasanindex into a tableof countersthatareincre-

mentedwhenthebranchis taken,decrementedotherwise.Whenbranchprediction

is required,the high bit of the correspondingcounteris usedas the prediction;

1 meanspredict taken, and 0 meanspredict not taken. Thesehistorical predic-

tion mechanismsweremoderatelyaccurate,but asbranchmispredictionpenalties

startedto increase,moreaccuratetechniquesbecamenecessary.

An importantbreakthroughcamein 1991whenYehandPatt observedthat

theoutcomeof agivenbranchis oftenhighly correlatedwith theoutcomesof other

recentbranches[62]. This historyof branchoutcomesformsa patternthatcanbe

usedto provide a dynamiccontext for prediction.Most modernbranchpredictors

arebasedonthispatternhistory. In theschemeof YehandPatt,everytimeabranch

outcomebecomesknown, a singlebit (0 for not taken, 1 for taken) is shiftedinto a

patternhistoryregister. A patternhistorytable(PHT)of two-bit saturatingcounters

is indexed by a combinationof branchaddressandhistory register. The high bit

of the counteris taken astheprediction. Oncethebranchoutcomeis known, the

counteris decrementedif the branchis not taken, or incrementedotherwise,and

thepatternhistory is updated.Recentbranchpredictionwork focuseson re�ning

this schemeof Yeh andPatt. Several predictorshave beenproposedto dealwith

the problemof destructive aliasing,which occurswhen two unrelatedbranches

contendfor thesamePHT resources,resultingin decreasedaccuracy [38, 57, 18].

Hybrid predictorsthat combinetwo branchpredictorsto improve accuracy have

beenproposed[41, 20] andimplemented[35]. The1990's produceda greatdeal

of researchin improving branchpredictoraccuracy andstudyingcharacteristicsof

branchprediction,andweexpectthis researchto continue.
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2.2 Characteristicsof Branch Prediction

Severalfactorsin�uence thedesignof branchpredictors:

Branchesare biased. Branches,which canonly have two outcomes,taken and

not taken,arehighly biased.For instance,a branchthat transferscontrol from the

endof a loopbackto thebeginningwill usuallybetaken, sinceloopsusuallyiterate

many timesbefore�nishing. Figure2.1shows thebiasof dynamicbranchesin the

SPEC2000integerbenchmarksuite.The  axisgivesthebiasof abranch,i.e., the

percentageof time a branchis taken, andthe ! axisshows thenumberof branches

with a givenbiasin theSPEC2000integerbenchmarks.Of all branches,53%are

takenat least98%or atmost2%of thetime. Thegraphon theright excludesthese

branches,againshowing clearbiasesanda numberof branchestakenexactly half

thetime.

Only fr equent branchesmatter. For a conditionalbranchto have a signi�cant

impact on the performanceof a program,it must be executedmany millions of

times.It doesn't matterif a low-frequency branchis incorrectlypredicted,because

its overall impacton theprogram's speedis low. Most branchesareexecutedvery

few times,so it makessenseto concentrateour effort on thosefew branchesthat

areexecutedfrequently.

Branch predictors must be fast. Branchpredictorsmust meetstrict physical

constraints.They mustoperatein oneCPUcycle andbe small enoughto �t on a

chip. Mostof thehardwaredevotedto branchpredictorsis memoryfor largetables,

sothehardwarebudgetof apredictor, i.e., thecostof thepredictorasacomponent

of thechip,is appropriatelymeasuredin kilobytes.A typicalpredictoroccupies4K
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bytesof SRAM [35]. However, aswewill see,theamountof areareachablein one

cyclewill decreasein futuretechnologies.

Aliasing is a problem. Oneproblemwith dynamicbranchpredictionschemes

is aliasing, wherethe limited resourcescausetwo unrelatedbranchesto usethe

samepredictionresources,resultingin poor performance.Many techniqueshave

beenproposedto reducethe impactof aliasing[41, 38, 57, 18]. As theamountof

resourcesreachablein onecycledecreases,thisproblemwill becomemoredif�cult

to solve.
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Figure2.1: Biasin branches.

2.3 Branch Prediction Mechanisms

Thissectionprovidesbackgroundin severalbranchpredictionmechanisms,paying

particularattentionto branchpredictorsthatdirectlyrelateto theresearchpresented

in thisdissertation.
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2.3.1 GAg and GAs Predictors

Our work on branchpathre-aliasingfocuseson improving the accuracy of GAg

branchpredictors.Althoughmoreaccuratepredictorsexist, GAg andits closerela-

tive,GAs,arebothusedascomponentsof implementedbranchpredictorsin mod-

ernmachines,aswe will seein Section2.3.6. YehandPatt taxonomizetwo-level

branchpredictorsusingathree-letternamingscheme[63]. The�rst letterrepresents

how the�rst level branchhistoryis kept.G meansasingleglobalhistoryregisteris

used.Thesecondletterdenotesthepredictionmechanism:A meansthata two-bit

saturatingcounteris used.Thethird letterindicateshow thesecondlevel tableis in-

dexed;g meansasinglecolumnof countersis usedfor all addresseswhile smeans

thatbits extractedfrom thebranchaddressareusedto selecta setof counters,and

the set is indexed by the history register. Thus,a GAs predictorselectsa setof

countersfrom apatternhistorytable(PHT)usingbits from thebranchaddress,and

choosesaparticularcounterfrom thatsetusingbits from theglobalhistory. A GAg

predictorusesonly theglobalhistoryto index thePHT.

2.3.2 gsharepredictor

Onepopularvariantof theGAs predictoris gshare [41]. A gshare predictorcom-

binesthebranchhistoryandbranchaddressby exclusive-ORingthemtogether. The

exclusive-ORoperationhasthe effect of evenly distributing accessesto the PHT,

which would otherwisebeunequallydistributeddueto thenon-uniformnatureof

branchhistories.In thisway, gshare increasesaccuracy by reducingtheprobability

thattwo differentbrancheswill interferewith eachotherin thePHT.
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2.3.3 Agreepredictors

A branchdirection predictorcan be enhancedusing the agree mechanism[57].

Ratherthancorrelatingwith branchoutcome,thePHTentriesin anagreepredictor

keeptrackof whethera branchoutcomewill agreewith a biasbit setin thebranch

instruction. The agreemechanismturnsdestructive interferenceinto constructive

interference,increasingaccuracy. However, sincethe branchinstructionopcode

mustbe readandcombinedwith the PHT prediction,the instructioncacheis on

thecritical pathfor branchprediction.Notethatbranchbiasescanbe learnedand

storedin thebranchtargetbuffer ratherthanbranchinstruction.

2.3.4 Bi-Mode predictor

Severalotherbranchpredictororganizationshavebeenproposedto reducedestruc-

tivealiasingin thePHT. We choosetheBi-Mode predictor[38] asa representative

of thesepredictors.TheBi-Modepredictorusesthreehistorytables:two PHTsand

achoicetablethatis usedto indicatewhichPHTto usefor aparticularcombination

of branchaddressandhistory. Detailsof thispredictorallow it to reducealiasingby

separatinginto differenttableshistoriesthatwould destructively aliasoneanother,

at thecostof increasedcomplexity in theorganization.

2.3.5 Static Branch Prediction

A purelystaticbranchpredictoralwayspredictsthesameoutcomefor a particular

staticbranch.Thepredictioncanbederivedfrom thestructureof thebranchitself,

e.g.,the“backwardstaken/forwardsnot taken” approachof theAlphaAXP-21064,

or encodedinto thebranchinstructionitself asabiasbit, asin theIA-64 instruction

set.Thecompiler, throughpro�ling or staticheuristics[6, 11], canprovidehintsto

17



themicroarchitectureaboutthelikely directionof thebranch.Givenenoughstate,

dynamicbranchpredictorsaremoreaccuratethanstaticbranchpredictors,since

dynamicpredictorstake into accountchangingconditionsat run-time.

2.3.6 Branch Predictors in Curr ent CPUs

Currentmicroprocessorsusetwo-level branchpredictors.The following arethree

notableexamples:

� TheAMD K6 andK7 (Athlon) processorsuseGAs predictors[16].

� TheHP-PA 8700usesa2048-entryGAs with theagreemechanism[39, 59].

� The Alpha 21264core usesa hybrid predictorcomposedof two two-level

predictors[35]: a 4K-entry GAg is indexed by a 12-bit global branchhis-

tory while a 1K-entryPHT of 3-bit saturatingcountersis indexedby oneof

1024local 10-bit branchhistories.The �nal branchpredictionis chosenby

indexing athird predictorthatkeepstrackof therelativeaccuraciesof thetwo

predictorsfor a particularglobal history. TheAlpha predictoris very accu-

rate;indeed,it is themostaccurateof implementedbranchpredictorsthatwe

have observed. However, its implementationcomplexity comeswith a cost.

The Alpha branchpredictoroverridesa lessaccurateinstructioncacheline

predictor, introducinga single-cycle bubble into the pipelinewhenever the

two disagree[35].

2.4 TechnologyScaling

Branchpredictors,likeothermicroarchitecturestructures,areaffectedby two tech-

nologyscalingtrends.Microprocessordesignerscontinueto aggressively increase
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the clock rates,outstrippingthe speedimprovementsachieved by transistorsthat

havesmallergatelengthsin eachsuccessivetechnology[1]. Furthermore,atsmaller

featuresizes,wire delaygrows in signi�cancerelative to transistorspeedsandcan

affect thelatency of thefetchengineandthebranchpredictor. Fasterclocksexac-

erbatethetradeoff betweencapacityanddelayin microprocessorcomponents.As

thesetrendscontinue,thechip areareachablein a singlecycle will decrease.This

meansthatlargebanksof SRAM, suchascachesandbranchpredictiontables,will

have to eitherdecreasein sizeor increasein delay. Branchpredictiontablesare

particularlyhardhit by clock scalingbecausethey requiremoreaddresslinesthan

similarly sizedcachesbecausecacheshavewidelines,while branchpredictorshave

narrow two-bit entries.Theseextraaddresslinescausesigni�cant decoderdelay.

To accountfor acceleratingclock rates,we usea technologyindependent

metric, the fanout-of-four(FO4) delaymetric, to measureclock period[27]. One

FO4delayis thetime for aninverterto drive4 copiesof itself. Reasonablemodels

show that under typical conditions,the FO4 delay, measuredin picoseconds,is

equalto "�#�$&%('*),+.-0/�1 , where '2)3+4-,/51 is theminimumgatelengthfor a technology,

measuredin microns.Thenumberof FO4delaysin a clock periodis an indicator

of the numberof levelsof logic in a pipelinestage.An exampleof anaggressive

clock rateis 6

�

, which correspondsto a clock periodof 8 FO4delays.Thecurrent

trendsin pipelinedepthsandclock ratessuggestthat a clock ratenear 6

�

may be

usedin realmicroprocessorsin thenearfuture.
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Chapter 3

Methodology

In this chapter, we explain the generalmethodologywe useto obtainour experi-

mentalresults.Latersectionswill go into moredetailwhereappropriate.Thereare

threemaintypesof resultsthatwe gather:branchmispredictionrates,instructions

per cycle (IPC), andcircuit timings. We gatherthesestatisticsin thecontext of a

out-of-ordercoresimulatorbasedon theSimpleScalar/Alphasimulator[10].

3.1 SimulatedMicr oprocessor

We usethe SimpleScalar/Alphaout-of-ordersimulator, con�gured with microar-

chitecturalparameterssimilar to thoseof the Alpha 21264[35]. We choosethis

microarchitecturebecauseit is recognizedasa leading-edgehigh performancemi-

croprocessor. Sincewe arefocusingsolely on the branchpredictor, we keepthe

otherstructuresizesconstantat valuesshown in Table3.1. This meansthat,aswe

scalefeaturesizesandclock rates,we assumethat thenumberof cyclesto access

otherstructureswill notchange.Althoughthisis anoptimisticassumption,it allows

us to isolatetheeffect of the branchpredictor. We assumea baselinemicroarchi-

tecturewith a � ve-stagepipelineandissuewidth of four; however, we investigate
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Capacity
(bits) # entries Bits/entry Ports

BTB 48K 512 96 1
Reorderbuffer 8K 64 128 8
Issuewindow 800/320 20 56 8
IntegerRF 5K 80 64 10
FPRF 5.6K 72 80 10
L1 I-Cache 512K 1K 512 1
L1 D-Cache 512K 1K 512 2
L2 Cache 16M 16K 1024 2
I-TLB 14K 128 112 1
D-TLB 14K 128 112 2

Table3.1: Parametersusedfor thesimulations,similar to theAlpha21264.

multiplepipelinedepthssimulatedby changingthemispredictionpenalty. Notethat

an issuewidth of four is conservative; asissuewidth increases,branchprediction

becomesevenmoreimportantsincemorework is wastedon amisprediction.

By changingthenumberof cyclesfor thebranchmispredictionpenaltyand

for accessingthe branchpredictor, we simulatethe effect of increasingthe clock

rateandthedepthof thepipeline.

3.2 Benchmarks

We simulatethe12 programsin theSPECCPU2000suiteof integerbenchmarks.

The programsarecompiledon an Alpha 21264workstationusingthe CompaqC

compiler V6.3-025and g++ compiler version2.9-gnupro-99r1The optimization

levelsarechosenfrom thepeak settingsfor theSPEC-suppliedcon�guration�les.

Table3.2shows thenameof eachbenchmark,alongwith ashortdescription.
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Benchmark Description
164.gzip LZ77 compression
175.vpr Placeandroutefor FPGAs
176.gcc C compilerfor Motorola88100
181.mcf Minimum costnetwork �o w solver
186.crafty Chessplayingprogram
197.parser Naturallanguageprocessing
252.eon Ray-tracingprogram
253.perlbmk Perl
254.gap Computationalgrouptheory
255.vortex Database
256.bzip2 Block-sortingcompression
300.twolf Placeandroute

Table3.2: SPEC2000integerbenchmarksuite.

3.3 Branch Mispr ediction Rates

Weusethefollowing methodologywhenreportingbranchmispredictionrates.

3.3.1 SimulatedBranch Predictors

Most of the branchpredictorsstudiedare simulatedin a C++ framework that is

patchedinto the SimpleScalar/Alphabranchpredictionsystem. The framework

canalsofunctionin a stand-alonetrace-drivensimulator. Theframework currently

supportsthefollowing branchpredictors:

1. Two-level adaptivebranchprediction[62]. This category includespredictors

suchasgshare andotherpredictorsthat index a patternhistory table(PHT)

usinga combinationof branchaddressandglobal (e.g. asin gshare) or per-

branchhistory information. Theparametersto a two-level predictorarehis-

tory length,sizeof thePHT, numberof per-branchhistoriesto keep,number
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of bits per counter, andwhetheror not to exclusive-ORthe branchaddress

with thebranchhistory(asin gshare).

2. Hybrid branchprediction [20]. Any two simulatedbranchpredictorscan

be combinedinto a hybrid predictor. A tableof two-bit saturatingcounters

indexedbyglobalhistoryand/orbranchaddressis usedto keeptrackof which

predictorperformsbestfor which branch,andthepredictionfrom thebetter

predictoris returned.Thehybrid predictorof theAlpha 21264is simulated

usingthis mechanism.Theparametersarethesizeof thechoosertableand

thesortof informationthatshouldbeusedto index it.

3. Thebi-modepredictor[38]. Theparametersarethesizeof eachpatternhis-

tory tableandtheglobalhistorylength.

4. The Agreepredictor[57]. A methodcall allows the userto reada tableof

biasbits into any branchpredictor. The tableis thenusedto implementthe

agreemechanismin thatpredictor.

5. Perceptronprediction[33]. The parametersarethe numberof perceptrons,

thenumberof per-branchhistorybits, thenumberof globalhistorybits, the

numberof per-branchhistoriesto keep,andthethresholdvalue 7 .

We usedthis framework to write many trace-driven simulators,testingdifferent

areasof our research.The BooleanFormulapredictoris simulatedalongsidethis

framework, usingseparatedatastructures.

3.3.2 Tuning Branch Predictors

It hasbeenobservedthatbranchpredictoraccuracy issensitivetohistorylength[41].

Wetuneeachpredictorfor historylengthusingtracesgatheredfrom theeachof the
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12 benchmarksandthetrain inputs.Thetracesrecordtheaddressandoutcome

(i.e., taken or not taken) of up to 300 million branchesfor eachbenchmark.We

exhaustively test every possiblehistory lengthat eachhardware budgetfor each

predictor, keepingthehistory lengththatyieldsthelowestharmonicmeanmispre-

diction rate. For the agreemechanism,we setbiasbits in the branchinstructions

usingbranchbiaseslearnedfrom thetrain inputs.

3.3.3 TestingBranch Predictors

For eachbenchmark,we gathertracesgiving thebranchaddressandoutcomefor

300million branchesfor both train andref inputs. Eachbenchmarkexecutes

overonebillion instructionsbeforethesimulationends.In oursimulations,weskip

the�rst 50million branchesbeforebeginningto recordbranchpredictionaccuracy;

we have observedthat thebenchmarksexhibit highly predictableinitialization be-

havior beforethis time,andthensettleinto asteady-state.

3.4 Instructions per Cycle

For generatinginstructionsper cycle (IPC) results,we usea modi�ed versionof

thesim-outorder simulatorfrom SimpleScalar/Alphathatusesourbranchpre-

diction framework. We simulateeachbenchmark,measuringthenumberof cycles

andinstructionsexecuted,andaddin a numberof cyclesequivalentto thevarious

delaysor penaltiesassociatedwith theparticularexperiments.We thendivide the

numberof retiredinstructionsby thenumberof cyclesused.Notethatthismethod-

ology fails to capturesomeof thewrong-patheffectssuchascachepollution that

would actuallybe observed in a real latency-sensitive branchpredictor;however,

theseeffectsaresmall. For experimentsthat requirefewer than1000executions
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of theperformancesimulator, we run eachbenchmarkfor onebillion instructions.

For experimentsthat requiremorethan1000executions,we run eachbenchmark

for 500million instructions.For instance,tuninga predictorto searcha large de-

signspacemayrequiremany thousandsof executions,but gettingresultsusingan

alreadytunedsetof con�gurationsmayrequireonly dozensor hundredsof execu-

tions.

3.5 Cir cuit Timings

Severalof our experimentsrequireanalysisto determinethedelayof circuit com-

ponentssuchas patternhistory tablesandcomputationalelementsrelatedto the

perceptronandBooleanformulabranchpredictors.

3.5.1 HSPICE

WesimulatecombinationallogiccircuitsusingtheHSPICEsimulator. TheHSPICE

simulationsusetransistormodelstailoredto fabricationprocessesto simulatethe

circuit behavior for several technologygenerations,from currentgenerationswith

minimumfeature(transistorandwires)sizesof 180nmdown to futuregenerations

thatwill haveminimumfeaturesizesof 35nm.

3.5.2 CACTI

To estimatepatternhistory tableaccesstimesfor a rangeof currentandfuture in-

tegratedcircuit generations,we usecircuit simulationsanda modi�ed version[2]

of theCACTI 2.0tool for simulatingcachedelay. Thismodi�ed versionof CACTI

is moreaccuratethantheoriginal in severalways.First,while theoriginal version

of CACTI 2.0[49] usesasimplisticlinearscalingfor delayestimates,themodi�ed
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simulatorusesseparatewire modelsto accountfor thephysicallayoutof wire in-

terconnects:thin local interconnect,tallerandwiderwiresfor longerdistances,and

thewidestandtallestmetaltracesfor global interconnect.Second,wire resistance

is basedon copperratherthan aluminummaterialproperties. Third, all capaci-

tancevaluesarederived from three-dimensionalelectric �eld equations.Fourth,

bit-lines areplacedin the middle layer metal,whereresistanceis lower. Finally,

bit-addressingis allowedinsteadof byte-addressing.Our versionsof HSPICEand

CACTI bothusethesameparametersfor technologyscaling.

3.6 Computing Facilities

We run our simulationson a network of approximately200PentiumIII computers

usingtheCondorsystemfor coordinatingtheexecutionof many jobs[8].
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Chapter 4

Hierar chical Organizations

In this chapter, we examinethreeorganizationalapproachesfor dealingwith delay

in future processtechnologies:(1) a two level cachingscheme,(2) an overrid-

ing schemethatallows a �rst predictionto be overturnedby a moreaccuratesec-

ondprediction,and(3) acascadinglookaheadschemethatexploitscyclesbetween

branchesto do predictionwork. We show thatdelayin thepredictorsigni�cantly

erodesperformance,sofuturebranchpredictionwork mustconsiderdelayin their

designs.We show thatincreasingdelayto improveaccuracy is nevera goodtrade-

off. We show that thereareapproachesto branchpredictionthat caneffectively

uselarge structureswith multi-cycle accesstimes, and give experimentalresults

showing thatIPCcanbesustainedusingthesetechniques.

4.1 Moti vation

Larger branchpredictionstructuresleadto larger accessdelays. Aggressively in-

creasingclock rates(as the marketplacedemands)increasesthe structureaccess

timeasmeasuredin clockcycles.

Ourstudiesshow thatit is neverworth increasingthedelayof abranchpre-
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Figure4.1: Inter-branchlatencies

dictor for thesake of improvedaccuracy [32]. For example,Figure1.1shows that

aswe increasethecapacityof thetablesin gshare, we increasedelayanddecrease

IPC. This effect canbe explainedwith the following equationwhich roughly ap-

proximatesthecost 8 of executingabranchinstruction:

8:9<;>=@?BAC%ED&F

where; is thedelayof branchpredictor, A is themispredictionrate,andD is themis-

predictionpenalty. While thedelay ; maynot alwaysbeon thecritical pathof the

pipeline,increasing; will reducethe instructionfetchbandwidthto theexecution

cores.Becausemispredictionratestendto bebelow 10%,changesin delayhave a

larger impactthansmall changesin A for practicalvaluesof ; (i.e., for forseeable

pipelinedepths).
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4.2 Branch Frequency

A program'scontrolbehavior is basednotonly onthepredictabilityof its branches,

but alsoon the branchfrequency. If branchpredictionis requiredon every clock

cycle, any delay in branchpredictionwill substantiallyslow the instructionfetch

rate. However, if branchesarewidely spaced,thenbranchpredictionlatency will

have lessimpacton performance.While thecommonwisdomis thatbranchesoc-

curonaverageevery fourthor �fth instruction,we �nd that,in our framework (i.e.,

a real-world optimizingcompileron theAlpha),branchesactuallyoccuroneevery

nineinstructions,onaverage.Theactualdynamicdistributionof inter-branchlaten-

ciesis moreinstructive. We useSimpleScalar/Alpha[10] to measurethe average

branchfrequency the twelve SPEC2000 integer benchmarkson a 4-way out-of-

order machinecon�guration. Figure 4.1 is a histogramof averageinter-branch

latencies,measuredin cyclesbetweenpredictionrequests,for the SPEC2000in-

tegerbenchmarks.Over 67%of thepredictionrequestsoccurmorethanonecycle

after the previous request. The unusedcyclesprovide additionaltime to predict

futurebranches.For wider issuemachines,thereis lessadditionaltime to make a

prediction.

4.3 Hierar chical Organizationsfor Latency Sensitive
Branch Predictors

In this section,we describethreewaysto con�gure branchpredictorsto increase

accuracy in thefaceof increasinglatency. Thesetechniquesareappropriatewhen

standardtechniquesfor branchpredictionmight exceedonecycle, and theseare

generaltechniquesthatcanbeappliedto mostpredictionalgorithms.

To achievehighpredictionaccuracy, thebranchpredictormayrequirelarger
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tables. The goal of the microarchitectis to achieve accuracy approachingthat of

a large table, with the latency of a small table. We examinethreemethodsfor

achieving thisgoal.

4.3.1 CachingPrediction Tables

The �rst strategy to combatthe long latency of large branchpredictiontablesis

to build a small cacheof branchpredictiontableentries. This strategy allows us

to realizethebene�ts of reducedaliasingandincreasedhistory lengthwithout the

addedlatency of the large table,sincethe cachewill have an accesstime of one

cycle. For instance,a 128K-entryPHT accessiblein two cycles can be cached

usinga1K-entryPHTaccessiblein onecycle. Figure4.2showstheorganizationof

thegsharepredictoraugmentedby acache.Thebranchhistoryandbranchaddress

arehashedusingtheXOR gate,andtheresultingaddressis sentto boththepattern

historytablecache(PHTC)andthepatternhistorytable(PHT). ThePHT consists

of 2-bit saturatingcounters,with the numberof countersequalto the numberof

combinationsof addressesproducedby the hashfunction. The PHTC cachesa

subsetof thosecountersin a smallertablethatcanbeaccessedmorequickly than
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the PHT. If the correctcounteris found in the PHTC, thenthe predictioncanbe

madeimmediately. If a missin thePHTCoccurs,thenthePHT mustbeconsulted

to �nd thecorrectsaturatingcounter. Like traditionalcaches,anentryin thePHTC

is replacedwith the correctcounterfrom the PHT. Whenthe branchdirectionis

determinedduringa laterstageof theexecutionpipeline,thecountersin thePHT

andPHTCareupdatedto re�ect thecorrector incorrectpredictionof thatbranch.

If a PHTC miss occurs,the wait for the correctpredictionfrom the PHT

will delayinstructionfetchandwill degradeoverallperformance.Two alternatives

canbe usedto prevent this additionaldelay. First, thepredictionproducedby the

PHTC,albeitfor thewrongbranch,canbeused.Alternatively, wesuggestbuilding

a smallauxiliary branchpredictor(ABP) thatcanbeaccessedat thesametime as

thePHTC.If thePHTCmisses,thentheresultfrom theABP is used.

4.3.2 CascadingLookaheadBranch Prediction

Lookaheadbranchpredictionhasbeenproposedasa mechanismto increasefetch

bandwidthby generatingaddressesfor futurebranches[64, 54] (seeChapter8 for

morerelatedwork). The sametechniquecanbe appliedto reducethe impactof
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longer latency branchpredictors. If the branchpredictoris not neededon every

cycle, thennaturalspacingbetweenbranchescanbeusedto performa prediction

for the next branchthat is likely to arrive. Thus, if branchesare spacedso that

thepredictoris accessedonly everyothercycle, thepredictorcanhavea two cycle

latency without introducingadditionaldelay. Figure4.1showsusthatthepredictor

is usuallyneededatmostonceeveryothercycle.

Thegsharepredictorcanbeadaptedto look onebranchahead.While gshare

usesthebranchhistoryregisterandbranchaddressto computethePHT address,a

lookaheadpredictorusesthepredictedhistoryandtheaddressof themostrecently

fetchedbranch.Sincethepredictioncancompletebeforethenext brancharrivesat

thepredictor, predictionis instantaneous.However, if thepredictionrequiresmul-

tiple cycles(dueto a largetable)andthenext brancharrivesbeforetheprediction

is complete,theinstructionfetchenginestalls.

Cascadinglookaheadbranchpredictionimplementsa seriesof tablesof as-

cendingsizeandlatency. Figure4.3shows a two-level cascadingpredictor. Like a

lookaheadpredictor, thenext predictionis basedon thelastpredictionandthelast

branchaddress.Predictionbegins simultaneouslyon both levelsof the cascading

predictor. If thelatency to thenext branchto bepredictedis large,thenthepredic-

tion from the secondlevel table is selected.If the next brancharrivesbeforethe

secondlevel tablecancompleteits access,thenthe predictionfrom the �rst level

tableis used.

Thus,the combinationof a small �rst level tableanda larger secondlevel

tablecanprovide betteraggregateaccuracy with theminimum latency. However,

theutility of thelargertabledependsonits accesstimeandtheinter-branchlatency.

If branchesoccur extremely frequently, the secondlevel of the cascadewill not

be used. The cascadingdesigncanbe trivially extendedto morethantwo levels.
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Furthermore,hybrid predictorsof varying latenciescan be incorporatedinto the

cascadingstrategy. In our descriptionabove, thelogic thatselectsthepredictionto

useis basedonly onthearrival timeof thenext branch.Morecomplicatedselectors

couldtradeoff latency versusaccuracy by predictingwhich of many predictionsis

bestfor thesubsequentbranch.

4.3.3 Overriding Branch Predictor

An overriding branchpredictor(Figure 4.4) provides two predictions. The �rst

predictioncomesfrom a fastPHT (PHT1),andthesecondpredictioncomesfrom

a slower, but moreaccuratePHT (PHT2). Whenbranchpredictionis requested,

the�rst predictionis usedandacteduponwhile thesecondpredictionis still being

made. If the secondpredictiondiffers from the �rst prediction,the actionstaken

basedon the �rst predictionare squashedand instructionsare fetchedusing the

secondprediction;thus,thesecondpredictoroverridesthe �rst predictor. For the

overridingscheme,we assumethat thepenaltyof restartinganoverriddenfetch is

equalto the delayof PHT2. A similar techniqueis usedin the Alpha 21264,in

which thebranchpredictor, whoseresultsbecomeknown only in thesecondstage
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Gate 8FO4Clk
(nm)

� �

(GHz)
180 1.9
130 2.7
100 3.5
70 5.0
50 7.0
35 10.0

Table4.1: Projectedclock ratesusing8 FO4Clockscaling.

of thepipeline,canoverridethe lessaccurateinstructioncacheline predictor[35]

with a single-cycle penalty. We assumethe predictor is pipelinedsuchthat no

branchneedsto wait for thecompletionof a PHT2lookupfor apreviousbranch.

4.4 TechnologyScaling

Table4.1lists thetechnologiesthatweconsiderandtheclock ratesthatresultfrom

aggressive ( 6

�

) scaling.We baseourestimatesof branchpredictordelayon theac-

cesstimeof thememory-orientedstructuressuchasthepatternhistorytable(PHT).

To modelPHT delay, we usethe methodologydescribedby Agarwal, et al. [1],

whichaugmentstheCACTI cachedelaymodelingtool [49] with scaledtechnology

parameters.We convert theaccesstimeproducedby theaugmentedCACTI model

into cycles,accordingto the 6

�

clockscalingstrategy. As shown in Figure4.5,only

small tablesof 1024entriescanbe accessedin a singlecycle, andat 35nm,only

512entriescanbeaccessedin onecycle. Acceptinga 2 or 3 cycle delayincreases

thecapacityto 16K and64K entries,respectively.
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4.5 Resultsand Analysis

In thissectionweevaluatethethreelatency sensitivebranchpredictorsandcompare

themto gshareacrossa spectrumof processtechnologies.In addition,weevaluate

a fourth predictorthatcombinesthecascadingandoverridingpredictors.This pre-

dictorusesacascadingpredictorthatcontinuespredictingafterthebranchhasbeen

encountered,overridingthe�rst predictionif thesecondpredictionis different.

We usedthe methodologyoutlined in Chapter3 to evaluatethe different

predictionstrategiesdescribedabove usingdelayestimatesat sevenprocesstech-

nologiesrangingfrom 180nm to 35 nm, representingtechnologiesfrom todayto

thepredictedsmallestfeaturesizesfor whichconventionalCMOSwill befeasible.

Eachsim-outorder simulationrunsfor 500million instructions.In thesimula-

tions,theglobalpatternhistoryregisteris updatedspeculatively andbackedupona

mispredict,while updatesto thePHTsaredonewhentheupdatingbranchcommits.

We report two typesof results. First, we give resultsusingan aggressive
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eightFO4( 6

�

) clock rate,anaggressive clock ratefor future technologies[1] that

emphasizesthe scalingdif�culties of branchpredictorstructures.Next, we give

resultsfor a �x edprocesstechnologywith a clock ratevarying from 5 FO4 to 16

FO4,to show theeffectof aggressiveclockratesindependentof processtechnology

scaling.Thissetof clockratesallowsusto exploreawiderangeof processordesign

philosophies,from sophisticatedwide-issuelow clock rate processorsto deeply

pipelined,highclock rateprocessors.

4.5.1 ProcessTechnologyScaling

For eachprocesstechnology, we con�gure the simulatorwith the largestbranch

predictionstructures(predictortables,cache,etc.) reachableat the givennumber

of cycles allocatedto branchprediction. The structuresizesare obtainedusing

the modi�ed versionof CACTI describedin Chapter3. For eachbenchmarkwe

measureIPC,aggregatebranchpredictoraccuracy, andotherstatisticsrelatedto the

branchpredictionschemes.Aggregatebranchpredictionperformanceis computed

asthearithmeticmeanoverthebenchmarks.Notethatthecapacityof eachstructure

is setby its accesstime, ratherthanany chip arealimitation. With smallerfeature

sizes,thisassumptionis reasonable,astheamountof effectivechipareais far larger

thanis reachablein thenumberof cyclesweconsider.

Predictor Con�guration For eachpredictor, we considerseveralcon�gurations

of structurecapacityandlatency in searchof the bestcon�guration at eachtech-

nologygeneration.In the cachingpredictor, the two structuresarethePHTCand

thePHT, while in theoverridingandcascadingpredictorthetwo structuresarethe

PHT1 andPHT2. As the secondarystructureaccesstimesincrease,the resulting

IPC is slightly worsefor theoverridingpredictorandslightly betterfor thecascad-
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Technology PHT1 PHT1 PHT2 PHT2
(nm) Delay Entries Delay Entries
180 1 1K 2 128K
130 1 1K 2 128K
100 1 1K 2 128K
70 1 1K 2 128K
50 1 512 2 64K
35 1 512 2 64K

Table4.2: Thebestcon�gurationsof thePHT1andPHT2for thecascadingandoverriding
predictors.

ing predictor. Thesizeof thesecondarystructurefor thecachingpredictormakes

little differencein performance.Therestof our resultsarereportedusingthebest

con�gurationsfoundfor eachpredictiontechnique.

In thecachingpredictor, wevariedthelatency of thePHTfrom 2 to 4 cycles,

keepingthePHTCata1-cycleaccesstime. Notethatincreasingthelatency of each

tablealsoincreasesits capacity.

For thecascadingandoverridingpredictors,we keepaccessto theprimary

PHT at one cycle while varying accessto the secondaryPHT from from 2 to 4

cycles. Increasingthe secondlevel (PHT2) latency reducesIPC slightly for the

overridingpredictor, but increasesIPCslightly for thecascadingpredictor.

Initially, while tuning thecachingpredictor, we noticedthat thePHTChas

anunusuallysmallnumberof entriescomparedwith theotherstructures.Unlike a

normalcachethathaslargecachelines,our cachingpredictorrequiresmany times

moretag bits thandatabits. The extra wire length involved in accessingthe tag

bits severelyrestrictsthenumberof cacheentries,limiting theeffectivenessof this

scheme.Otherpredictioncomponentsin which thesizeof thebasicpredictionele-

mentis largewith respectto thenumberof tagbits,suchastheperceptronpredictor,
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maybemoreamenableto a cachingscheme.For this study, we chosea 2-way set-

associative cachewith a line sizeequalto thesquareroot of thenumberof cached

predictiontableentries.Thus,we tradetagbits for locality. We canaccessa larger

structure,but,dueto theabsenceof spatiallocality in branchpredictiontableaccess

patterns,wemustsettlefor highmissratesin thecache.

The bestcon�gurationsfor the cascadingpredictorat the 6

�

clock rateare

shown in Table4.2. Thebestcon�gurationsfor theoverridingpredictorareiden-

tical to thoseof the cascadingpredictor, sincethe two predictorshave muchthe

samearchitectureanddiffer only in their policy of whenandwhetherto usethe

second-level PHT. Indeed,thestreamof updatesto thePHT1andPHT2structures

shouldbe the samein both overriding andcascadingpredictors;the only differ-

enceis that the overriding predictoralwaysusesthe PHT2 prediction,while the

cascadingpredictoronly usesthePHT2predictionwhenit hasenoughtime.

Accuracy and Performance: Figure4.6 shows the accuraciesof the bestcon-

�gurations of the variouspredictorsat the 6

�

clock rates.As shown in thegraph,

accuracy tendsto decreasewith featuresizes,becausethepredictiontablecapaci-

tiesdecrease.Theaccuracy of theoverridingpredictorincreasesslightly from 100

to 70nm,sincethebestcon�gurationfor 70nmtechnologyallowsthePHT2to take

threecycles,while the bestcon�guration in 100nmallows only two cycles. The

combinationof thecascadingandoverridingpredictorsachievesthehighestaccu-

racy becauseit alwaysusesa largersecond-level predictor, eitherbecauseit agrees

with or overridesthe �rst-level predictor. The cascadingpredictorby itself per-

formsworsebecauseit sometimesusesthelessaccurate�rst-level predictorwhen

therearenot enoughcyclesto usethe second-level predictor. Thusthis predictor

facesthechallengeof branchmispredictionaswell asbranchtargetmisprediction.
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Finally, cachingperformslesswell, not even exceedingthe accuracy of a single

level gsharepredictordueto thefactthatpatternhistorytableaccessesexhibit very

little locality.

Of course,accuracy is notnecessarilyindicativeof performance,particularly

whenpredictiontimeis avariable.Figure4.7show theinstructionthroughput(IPC)

for eachof thecon�gurationdescribedabove. Thepredictorsfollow paralleltrajec-

torieswith performancere�ecting theoverallaccuracy of thepredictor. Clearly, the

combinationof cascadingandoverridingpredictors,with it higheraccuracy, is best

for everyprocesstechnologyat theaggressive 6

�

clock rate.

4.5.2 Clock RateScaling

We have seenhow wire delay will affect branchpredictordelay at the �x ed 6

�

clock ratein future technologies.Now, we illustratetheproblemalonga different

dimension.We look at a �x edtechnology, 130nm featuresize,andvary theclock

ratefrom 1.3GHz to 3.6GHz. This technologyis especiallyrelevantsinceit is in

theprocessof beingadoptedby manufacturersaswe write this dissertation.This

rangeof clockratesis equivalentto clockperiodsfrom 6
�.�

down to 6
�
. As theclock

rateincreases,thesizeof thelargestPHTaccessiblein asinglecycledecreases.

Figure 4.8 shows the mispredictionratesof the variouspredictorsas the

clock rate is increased.The mispredictionrate for gshare increasesdramatically

astheclock rateis increased.At 1.3 GHz ( 6
�.� ), themispredictionrateof a 32KB

gshareis 1.76%.Therateincreasesto 2.3%at for a4KB gshareat1.8GHz,aclock

rate equivalent to 6
���

. At 3.5 GHz or 6
�
, the mispredictionrate is a distressing

8.26%,becauseonly averysmall4-bytegsharecanbebuilt at thisaggressiveclock

rate.It' s importantto notethatat this point, theCACTI modelsof circuit behavior

areunrealistic,sincewe would not usea cache-like structureto address32 bits of
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Figure4.8: MispredictionRatevs. ClockRatein 130nmTechnology.

SRAM.

Themispredictionrateof theoverridingpredictorremainsthe lowestof all

the techniques.At 1.3 GHz, the mispredictionrate is 1.83%. At 3.6 GHz, the

mispredictionrateis still low at2.52%,animprovementof 70%overgshare.

Figure4.9 shows the IPCsyieldedby thepredictorsastheclock rateis in-

creased.As expected,all of theIPCsgodown asclockrateincreases.Nevertheless,

usinghierarchicalorganizations,we canreducethepercentageby which IPCsde-

crease.Usinggshare, goingfrom 16 FO4sto 5 FO4sresultsin a reductionin IPC

due to increasebranchmispredictionof 16%, from 1.90 to 1.61. By combining

overridingandcascading,IPC is reducedby only 2.6%,down to 1.85%.
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4.6 Summary

In this chapterwe have examineda numberof hierarchicalbranchpredictororga-

nizationsand evaluatedthem in the context of aggressive clock ratesand future

processtechnologies.The predictorthat cachesa patternhistory table(PHT) for

gshare performsno betterthangshare by itself. The tagsneededto implementa

cachingschemerequiresmorebits thanthecacheitself, andlimits bothcacheca-

pacityandutility. Thecascadinglookaheadpredictorthatusesthetime in between

branchesto make predictionsperformsreasonablywell at aggressive clock rates.

An overriding predictorthat allows a slow predictorto cancelthe predictionof a

faster, but lessaccuratepredictorperformsevenbetterthanthecascadingapproach.

We achieve the bestperformanceby combiningthe cascadingandoverriding ap-

proaches.

To continuesupplyinga suf�cient numberof instructionsto the execution
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corewhile continuingto uselargetable-basedbranchpredictors,futuremicroarchi-

tecturesmustmove branchpredictionlatency off of thecritical path.Theschemes

wepresent,particularlythecombinationof cascadingandoverridingpredictors,can

be augmentedby usingsomethingotherthangshare asthe primary or secondary

predictor. We believe that the secondarypredictoris the ideal placefor a more

complex andlongerlatency predictor, asit canbekeptoff of thecritical path. We

explorehierarchicalorganizationsfor onesuchpredictorin thenext chapter.
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Chapter 5

Perceptron Predictor

Wehaveseenthathierarchicalpredictororganizationsallow usto toleratesomela-

tency in thebranchpredictor, andstill delivera predictionin asinglecycle. Rather

thansimply extendexisting predictorsto uselarger tablesfor increasedaccuracy,

we explore theuseof computationallycomplex branchpredictorsthathave previ-

ouslybeeninfeasiblebecauseof delay. Weproposeanew predictor, theperceptron

predictor, basedon neurallearning. This predictorprovidesa casestudyfor hi-

erarchicaldelay-sensitive predictors,sincethe neuralmethodusedtakesmultiple

cyclesto provide a prediction.Our work builds on theobservationthatall existing

two-level techniquesusetablesof saturatingcounters.Neuralnetworksareanother

predictionmechanismcapableof providing goodpredictions. It is interestingto

askwhetherwe canimproveaccuracy by replacingthesecounterswith neuralnet-

works.Sincemostneuralnetworkswouldbeprohibitively expensiveto implement

asbranchpredictors,we exploretheuseof perceptrons,oneof thesimplestpossi-

ble neuralnetworks.Perceptronsareeasyto understand,simpleto implement,and

haveseveralattractivepropertiesthatdifferentiatethemfrom morecomplex neural

networks,suchasaspace-ef�cient representationandarelatively quickmethodfor

computingtheprediction.
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We proposea two-level schemethatusesfastperceptronsinsteadof two-bit

counters[33]. Ideally, eachstaticbranchis allocatedits own perceptronto predict

its outcome. Traditional two-level adaptive schemesusea patternhistory table

(PHT) of two-bit saturatingcounters,indexedby a globalhistoryshift registerthat

storesthe outcomesof previous branches.This structurelimits the lengthof the

history registerto the logarithmof the numberof counters.Our schemenot only

usesa moresophisticatedpredictionmechanism,but it canconsidermuchlonger

historiesthansaturatingcounters.

We give resultsshowing that our predictoroutperformsotherpredictorsat

moderateandlarge hardwarebudget,providing evidencethat the perceptronpre-

dictor is themostaccuratefully dynamicbranchpredictorknown. Weexplainwhy

andwhenour predictorperformswell. We show that theneuralnetwork we have

chosenworkswell aclassof linearly separablebranches, a termwe introduce.We

alsoshow that programstendto have many linearly separablebranches,andthat

linearly inseparablebranchesarepredictedjust aswell by theperceptronpredictor

asby otherpredictors.

Thischapterdescribesour techniquefor doingbranchpredictionusingneu-

ral learning.We motivatethe idea,describeneuralmethodsfor branchprediction,

discussimplementationof thepredictor, andgive resultsshowing how a hierarchi-

calorganizationcanenableourcomplex predictorto provideapredictionin asingle

cycle.

5.1 Neural Methods for Dynamic Branch Prediction

Arti�cial neuralnetworks learn to computea function usingexampleinputsand

outputs. Neuralnetworks have beenusedfor a variety of applications,including
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patternrecognition,classi�cation [23], andimageunderstanding[36, 30]. In this

section,we explain how neuralmethodsmight beappliedto dynamicbranchpre-

diction. We discussthegeneralidea,thenexplain why we chosetheperceptronin

particularfor branchprediction.

5.1.1 Prediction with Neural Methods

Supposea set G is partitionedinto H classes,andwe arefacedwith the problem

of determining,for an arbitraryelementIKJ:G , what class I is in. The elements

of G have certainfeatureswhich correlatewith their classi�cations. An arti�cial

neuralnetwork canlearncorrelationsbetweenthesefeaturesandtheclassi�cation.

An arti�cial neuralnetwork is acollectionof neurons,someof which receive input

andsomeof which produceoutput, that areconnectedby links. Eachlink hasa

weightassociatedwith it thatdeterminesthestrengthof the connection[23]. For

a classi�cationproblemsuchasdecidingto which of H classesaninput I belongs,

thereare H outputneurons.In the specialcasewherethereareonly two classes,

thereis only oneoutputneuron. Eachneuroncomputesits output from the sum

of its input usingan activationfunction. During a training phase,the weightsare

adjustedusingatrainingalgorithm.Thealgorithmusesasetof trainingdata,which

areorderedpairsof inputsandcorrespondingoutputs.Theneuralnetwork learns

correlationsbetweenthe inputsandoutputs,andgeneralizethis learningto other

inputs.To predictwhich classa new input I is in, we supply I to theinput unitsof

thetrainedneuralnetwork, propagatethevaluesthroughthenetwork, andexamine

the H output neurons. We classify I accordingto the neuronwith the strongest

output.In thespecialcasewhereHL9NM , thereisonlyoneoutputneuron;in thiscase,

we classify I accordingto whetherthe outputvalueexceedsa certainthreshold,

typically 0 or �

�

.
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5.1.2 Neural Learning for Dynamic Branch Prediction

For dynamicbranchprediction,theinputsto aneurallearningmethodarethebinary

outcomesof recentlyexecutedbranches,andtheoutputis a predictionof whether

or not a branchwill betaken.Eachtime a branchis executedandthetrueoutcome

becomesknown, thehistorythatled to thisoutcomecanbeusedto train theneural

methodon-lineto produceamoreaccurateresultin thefuture.

5.1.3 Choosinga Neural Method

Therearemany typesof neuralnetworks.Mostof themareinappropriatefor branch

predictionbecausethey requiremuchlongerthanseveralmachinecyclesto oper-

ate. Thus, for our discussion,we limit ourselvesto neuralnetwork architectures

thatcould feasiblybemadeto operateat thehigh speedsrequiredfor branchpre-

diction. Weconsiderfour methods:multi-layerperceptronswith back-propagation,

theADALINE neuron[60], Hebblearning[23], andtheBlock perceptron[9]. In pre-

liminary work, wemeasuredthemispredictionratesyieldedby eachmethodonthe

SPEC95benchmarks.Hebblearning,ADALINE neuronsandBlock perceptronsare

simpleneurallearningmethods,in which a singleneuronis usedfor computation

andis trainedwith asimplealgorithm.Hebblearningyieldspoorbranchprediction

accuracy. While ADALINE and the perceptronyield similar predictionaccuracy,

the ADALINE neuronrequirestwice asmuchspaceto representthe weightswith

suf�cient accuracy. Back-propagationis infeasiblebecauseof its implementation

complexity, sincethereis noway to implementback-propagationin hardwaresuch

thatapredictioncanbeproducedin justa few cycles.Moreover, in ourpreliminary

experimentswe �nd thattheperceptronlearnsfasterandyieldsmoreaccuratepre-

diction thanback-propagation.For instance,on the SPEC95benchmark126.gcc,
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perceptronsachieve a 2.44%mispredictionrate,comparedwith 3.33%for back-

propagation[34].

Onebene�t of perceptronsis thatby examiningtheir weights, i.e., thecor-

relationsthat they learn,it is easyto understandthedecisionsthat they make. By

contrast,a criticism of many neuralnetworks is that it is dif�cult or impossibleto

determineexactly how theneuralnetwork is makingits decision.Techniqueshave

beenproposedto extract rulesfrom neuralnetworks [53], but theserulesarenot

alwaysaccurate.Perceptronsdo not suffer from this opaqueness;theperceptron's

decision-makingprocessis easyto understandastheresultof a simplemathemati-

cal formula.

5.2 Branch Prediction with Perceptrons

This sectionprovidesthebackgroundneededto understandour predictor. We de-

scribeperceptrons,explain how they canbeusedin branchprediction,anddiscuss

their strengthsandweaknesses.Our methodis essentiallya two-level predictor,

replacingthepatternhistorytablewith a tableof perceptrons.
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Figure5.1: PerceptronModel.
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5.2.1 How PerceptronsWork

Theperceptronwasintroducedin 1962[50] asa way to studybrain function. We

considerthe simplestof many typesof perceptrons[9], a single-layerperceptron

consistingof onearti�cial neuronconnectingseveralinputunitsby weightededges

to oneoutputunit. A perceptronlearnsa targetBooleanfunction fg?B ��hjikilikh  V1�F of H

inputs. In our case,the  mU arethebits of a globalbranchhistoryshift register, and

the target function predictswhethera particularbranchwill be taken. Intuitively,

a perceptronkeepstrackof positiveandnegativecorrelationsbetweenbranchout-

comesin theglobalhistoryandthebranchbeingpredicted.

Figure5.1shows a graphicalmodelof a perceptron.A perceptronis repre-

sentedby a vectorwhoseelementsaretheweights.For our purposes,theweights

aresignedintegers.Theoutputis thedot productof theweightsvector, ]n^poqo

1 , and

theinputvector,  
�

oqo

1 (  

^ is alwayssetto 1, providing a“bias” input). Theoutput !

of aperceptronis computedas

!C9

]_^

=

1

r

Uts
�

 VU

]

U
i

Theinputsto our perceptronsarebipolar, i.e., each 	U is either-1, meaning

not takenor 1, meaningtaken.A negativeoutputis interpretedaspredictnot taken.

A non-negativeoutputis interpretedaspredicttaken.

5.2.2 Training Perceptrons

Oncetheperceptronoutput ! hasbeencomputed,the following algorithmis used

to train theperceptron.Let f be-1 if thebranchwasnot taken,or 1 if it wastaken,

andlet 7 bethethreshold, aparameterto thetrainingalgorithmusedto decidewhen

enoughtraininghasbeendone.
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Since f and  VU are alwayseither -1 or 1, this algorithm incrementsthe Š

th

weightwhenthebranchoutcomeagreeswith  ‹U , anddecrementstheweightwhen

it disagrees.Intuitively, whenthereis mostlyagreement,i.e., positive correlation,

theweightbecomeslarge. Whenthereis mostlydisagreement,i.e.,negativecorre-

lation,theweightbecomesnegativewith largemagnitude.In bothcases,theweight

hasa largein�uence on theprediction.Whenthereis weakcorrelation,theweight

remainscloseto 0 andcontributeslittle to theoutputof theperceptron.

5.2.3 Linear Separability

A limitation of perceptronsis that they areonly capableof learninglinearly sep-

arable functions[23]. Imaginethesetof all possibleinputsto a perceptronasan

H -dimensionalspace.Thesolutionto theequation

]_^

=

1

r

Uts
�

 VU

]

U�9@$

is a hyperplane(e.g. a line, if HŒ9•M ) dividing thespaceinto thesetof inputsfor

which the perceptronwill respondfalseandthe setfor which the perceptronwill

respondtrue [23]. A Booleanfunction over variables 
�

oqo

1 is linearly separable

if andonly if thereexist valuesfor ]Ž^poqo

1 suchthatall of the true instancescanbe

separatedfrom all of the falseinstancesby thathyperplane.Sincetheoutputof a

perceptronis decidedby theabove equation,only linearly separablefunctionscan

belearnedperfectlyby perceptrons.For instance,aperceptroncanlearnthelogical
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AND of two inputs, but not the exclusive-OR,sincethere is no line separating

true instancesof theexclusive-ORfunctionfrom falseoneson theBooleanplane.

Figure 5.2 graphsthe bipolar AND and XOR functions. A solid line separates

the true instanceof AND from the falseinstances,but thedottedline is unableto

separatedtrue instanceof XOR from thefalseinstances.

As we will show later, many of the functionsdescribingthe behavior of

branchesin programsarelinearly separable.Also, sincewe allow the perceptron

to learnover time, it canadaptto thenon-linearityintroducedby phasetransitions

in programbehavior. A perceptroncanstill give goodpredictionswhenlearninga

linearly inseparablefunction,but it will not achieve 100%accuracy. By contrast,

two-level PHTschemeslikegsharecanlearnany Booleanfunctionif givenenough

trainingtime.

5.2.4 Branch Prediction with Perceptrons

We canusea perceptronto learncorrelationsbetweenparticularbranchoutcomes

in theglobalhistoryandthebehavior of thecurrentbranch.Thesecorrelationsare

representedby theweights.Thelargertheweight,thestrongerthecorrelation,and

themorethatparticularbranchin theglobalhistorycontributesto thepredictionof

thecurrentbranch.Theinput to thebiasweight is always1, soinsteadof learning

a correlationwith a previousbranchoutcome,thebiasweight, ]n^ , learnsthebias

of thebranch,independentof thehistory.

Theprocessorkeepsa tableof • perceptronsin fastSRAM, similar to the

tableof two-bit countersin otherbranchpredictionschemes.Thenumberof per-

ceptrons,• , is dictatedby thehardwarebudgetandnumberof weights,whichitself

is determinedby theamountof branchhistorywekeep.Specialcircuitry computes

thevalueof ! andperformsthe training. We discussthis circuitry in Section5.3.
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Whentheprocessorencountersa branchin thefetchstage,thefollowing stepsare

conceptuallytaken:

1. Thebranchaddressis hashedto produceanindex Š{JK$ iki •‘•

S

into thetable

of perceptrons.

2. The Š

th perceptronis fetchedfrom the table into a vector register, ’

^poqo

1 , of

weights.

3. The valueof ! is computedasthe dot productof ’ andthe global history

register.

4. Thebranchis predictednot takenwhen ! is negative,or takenotherwise.

5. Oncethe actualoutcomeof the branchbecomesknown, the training algo-

rithm usesthisoutcomeandtheoutput ! to updatetheweightsin ’ .

6. ’ is writtenbackto the Š

th entryin thetable.

It mayappearthatpredictionis slow becausemany computationsandSRAM

transactionstake placein steps1 through5. However, Section5.3 shows that a

numberof arithmeticandmicroarchitecturaltricks enablea predictionin a single

cycle. It is importantto notethattrainingoccurscontinously, on-line.

5.3 Implementation

This sectiondescribesdetailsof the implementationof the perceptronpredictor.

We explore the designspacefor perceptronpredictorsanddiscussdetailsof the

circuit-level implementation.
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5.3.1 DesignSpace

Givena�x edhardwarebudget,threeparametersneedtobetunedtoachievethebest

performance:thehistory length,thenumberof bits usedto representtheweights,

andthethreshold.

History length. Longhistorylengthscanyield moreaccuratepredictions[21] but

alsoreducethenumberof tableentries,therebyincreasingaliasing. In our exper-

iments,the besthistory lengthsrangedfrom 4 to 50, dependingon the hardware

budget.Theperceptronpredictorcanusemorethanonekind of history. We have

usedbothpurelyglobalhistoryaswell asa combinationof globalandper-branch

history.

Representationof weights. Theweightsfor theperceptronpredictoraresigned

integers. Although many neuralnetworks have �oating-point weights,we found

thatintegersaresuf�cient for ourperceptrons,andthey simplify thedesign.We�nd

thatusing8 bit weightsprovidesthebesttrade-off betweenaccuracy andhardware

budget.

Threshold. Thethresholdis aparameterto theperceptrontrainingalgorithmthat

determineswhetherthepredictorneedsmoretraining. If themagnitudeof theout-

put of the perceptronis below the threshold,or if thepredictionis incorrect,then

the trainingalgorithmadjuststheperceptronweights;otherwise,theperceptronis

judgedto havebeentrainedenough.
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5.3.2 Cir cuit-Level Implementation

Here,we discussgeneraltechniquesthat will allow us to implementa quick per-

ceptronpredictor, thengivemoredetailedresultsof a transistor-level simulation.

Computing the Perceptron Output. Computingtheoutputof theperceptronis

on thecritical pathfor makinga branchprediction.Thus,thecircuit thatevaluates

theperceptronshouldbeasfastaspossible.Severalpropertiesof theproblemallow

usto makeafastprediction.Since-1 and1 aretheonly possibleinputvaluesto the

perceptron,multiplication is not neededto computethe dot product. Instead,we

simply addwhenthe input bit is 1 andsubtract(addthe two's-complement)when

the input bit is -1. In practice,we have found that addingthe one's-complement,

which is a goodestimatefor the two's-complement,works just aswell andletsus

avoid the delayof a small carry-propagateadderin favor of a setof invertersto

performthenegation.This computationis similar to thatperformedby multiplica-

tion circuits,which must�nd the sumof partial productsthatareeacha function

of anintegeranda singlebit. Furthermore,only thesignbit of theresultis needed

to make a prediction,so theotherbits of theoutputcanbecomputedmoreslowly

without having to wait for a prediction.In this chapter, we reportonly resultsthat

simulatethiscomplementationidea.

Training. Thetrainingalgorithmof Section5.2.2canbeimplementedef�ciently

in hardware.Sincethereareno dependencesbetweenloop iterations,all iterations

canexecutein parallel.Sincein ourcaseboth  ‹U and f canonly be-1 or 1, theloop

bodycanberestatedas“increment ]

U by 1 if f_9“ VU , anddecrementotherwise,” a

quickarithmeticoperationsincethe ]

U are8-bit numbers:

for each bit in parallel
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if }”|

� U then
†

U := †

U�‰–•

else
†

U := †

U�—˜•

end if

Cir cuit-Level Simulation. UsingacustomlogicdesignprogramandtheHSPICE

andCACTI 2.0simulatorswe designedandsimulateda hardwareimplementation

of theelementsof thecritical pathfor theperceptronpredictorfor severaltablesizes

andhistorylengths.WeusedCACTI, acachemodelingtool, to estimatetheamount

of time takento readthetableof perceptrons,andweusedHSPICEto measurethe

latency of ourperceptronoutputcircuit.

The perceptronoutputcircuit acceptsinput signalsfrom the weightsarray

andfrom thehistoryregister. As weightsareread,they arebitwiseexclusive-ORed

with thecorrespondingbitsof thehistoryregister. If the Š

th historybit is set,thenthis

operationhastheeffectof takingtheone's-complementof the Š

th weight;otherwise,

theweightis passedunchanged.After theweightsareprocessed,theirsumis found

usinga Wallace-treeof 3-to-2 carry-save adders[15], which reducesthe problem

of �nding thesumof H numbersto theproblemof �nding thesumof M numbers.

The �nal two numbersaresummedwith a carry-lookaheadadder. The Wallace-

treehasdepth ™E?›š•œ�ž2HŸF , andthecarry-lookaheadadderhasdepth ™T?Bš•œ�ž*H�F , so the

computationis relatively quick. The sign of the sumis invertedandtaken asthe

prediction.

Table5.1 shows thedelayof theperceptronpredictorfor severalhardware

budgetsandhistorylengths,simulatedwith HSPICEandCACTI for 180nmprocess

technology. We obtainthesedelayestimatesby selectinginputsdesignedto elicit

theworst-casegatedelay. Wemeasurethetime it takesfor oneof theinput signals
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to crosshalf of  ‹¡”¡ until thetime theperceptronpredictoryieldsa steady, usable

signal. For a 4KB hardwarebudgetandhistory lengthof 24, the total time taken

for aperceptronpredictionis 2.4nanoseconds.Thisdelayworksout to slightly less

than2 clock cyclesfor a CPUwith a clock rateof 833MHz, theclock rateof the

fastest180nm Alpha 21264processorasof this writing. TheAlpha 21264branch

predictoritself takes2 clockcyclesto deliveraprediction,soourpredictoris within

theboundsof existing technology. Note thata perceptronpredictorwith a history

of 23 insteadof 24 takesonly 2.2 nanoseconds;it is about10% fasterbecausea

predictorwith 24 weights(23 for history plus 1 for bias)canbe organizedmore

ef�ciently thanpredictorwith 25 weights,sincedecreasingthenumberof weights

to 24 decreasesthedepthof theWallace-treeby one.

History TableSize Table Perceptron Total
Length (bytes) Delay(ps) Delay(ps) Delay(ps)

4 128 386 811 1197
7 256 411 808 1219
9 512 432 725 1157
13 1K 468 1090 1558
17 2K 504 1170 1674
23 4K 571 1700 2271
24 4K 571 1860 2431

Table5.1: PerceptronPredictorDelay.

5.4 Resultsand Analysis

We usesimulationsof the SPEC2000 integer benchmarksto comparethe per-

ceptronpredictoragainsttwo well-known techniquesfrom the literature. We give

resultsshowing how anoverridingversionof theperceptronpredictoroutperforms
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a hybrid predictor. Finally, we presentanalysisto explain why theperceptronpre-

dictorperformswell.

5.4.1 Methodology

Herewe describeour experimentalmethodology. We discusstheotherpredictors

simulated,thebenchmarksused,thetuningof thepredictors,andotherissues.

Predictors simulated. We compareour new predictoragainstgshare [41], and

bi-mode[38], anda McFarling-stylecombinationgshareandPAg hybridpredictor

similar to thatof theAlpha 21264,with all tablesscaledexponentiallyfor increas-

ing hardware budgets. For the perceptronpredictor, we simulateboth a purely

globalpredictor, aswell asa predictorthatusesbothglobalandlocal history. This

global/localpredictortakessomeinput to the perceptronfrom the global history

register, andotherinput from a setof per-branchhistories;all otherdetailsof the

perceptronimplementationremainthe same.For the global/localperceptronpre-

dictor, theextrastateusedby thetableof localhistorieswasconstrainedtobewithin

35%of thehardwarebudgetfor therestof thepredictor, re�ecting thedesignof the

Alpha 21264hybrid predictor. For gshare andthe perceptronpredictors,we also

simulatetheagreemechanism[57], which predictswhethera branchoutcomewill

agreewith a biasbit setin thebranchinstruction.Theagreemechanismturnsde-

structive aliasinginto constructive aliasing,increasingaccuracy at smallhardware

budgets.

Our methodologydiffersfrom our previouswork on theperceptronpredic-

tor [33] in whichusedtracesfrom x86executablesof SPEC2000andonly explored

globalversionsof theperceptronpredictor. UsingtheAlphainstructionset,we�nd

that the improvementyieldedby the perceptronpredictorover otherpredictorsis
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higher thanwith the x86 instructionset. We believe that this is becausethe Al-

pha'sRISCinstructionsetrequiresmoredynamicbranchesto accomplishthesame

work, thuslongerhistorieswill berequired.Theperceptronpredictorcanmakeuse

of longerhistoriesthanotherpredictors.

Tuning the predictors. We tune eachpredictorfor history length using traces

gatheredfrom theeachof the12 benchmarksandthe train inputs. We exhaus-

tively testeverypossiblehistorylengthateachhardwarebudgetfor eachpredictor,

keepingthe history lengthyielding the lowestharmonicmeanmispredictionrate.

For theglobal/localperceptronpredictor, we exhaustively testeachpair of history

lengthssuchthat thesumof globalandlocal history lengthis at most50. For the

agreemechanism,we setbiasbits in the branchinstructionsusingbranchbiases

learnedfrom thetrain inputs.

For theglobalperceptronpredictor, we�nd, for eachhistorylength,thebest

valueof thethresholdby usinganintelligentsearchof thespaceof values,pruning

areasof thespacethatgive poor performance.We re-usethesamethresholdsfor

theglobal/localandagreeperceptronpredictors.

Table5.2 shows the resultsof the history lengthtuning. We �nd an inter-

estingrelationshipbetweenhistorylengthandthreshold:thebestthreshold7 for a

givenhistorylength ¢ is alwaysexactly 7C9¤£

S

i¦¥
"�¢§=

Sj¨�©

. This is becauseadding

anotherweight to a perceptronincreasesits averageoutputby someconstant,so

the thresholdmust be increasedby a constant,yielding a linear relationshipbe-

tweenhistory lengthandthreshold.Throughexperimentation,we determinethat

using8 bits for theperceptronweightsyieldsthebestresults.
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Estimating areacosts. Ourhardwarebudgetsdonot includethecostof thelogic

requiredto do thecomputation.By examiningdie photosof hardwaremultipliers,

we estimatethatat thelongesthistory lengths,this costis approximatelythesame

asthatof 1K of SRAM. Using theparameterstunedfor the 4K hardwarebudget,

weestimatethattheextrahardwarewill consumeaboutthesamelogic as256bytes

of SRAM. Thus,the cost for the computationhardwareis small comparedto the

sizeof thetable.

5.4.2 Impact of History Length on Accuracy

Oneof thestrengthsof theperceptronpredictoris itsability toconsidermuchlonger

historylengthsthantraditionaltwo-level schemes,whichhelpsbecausehighly cor-

relatedbranchescanoccurat a large distancefrom eachother [21]. Any global

branchpredictiontechniquethat usesa �x ed amountof history informationwill

have anoptimalhistory lengthfor a givensetof benchmarks.As we canseefrom

Table5.2, theperceptronpredictorworksbestwith muchlongerhistoriesthanthe

othertwo predictors.For example,with a 4K bytehardwarebudget,gshare works

bestwith a history lengthof 14, themaximumpossiblelengthfor gshare. At the

samehardwarebudget,the global perceptronpredictorworks bestwith a history

lengthof 24.

5.4.3 Mispr ediction Rates

Figure5.3shows theharmonicmeanof mispredictionratesachievedwith increas-

ing hardwarebudgetson theSPEC2000benchmarks.At a 4K bytehardwarebud-

get,theglobalperceptronpredictorhasa mispredictionrateof 1.94%,animprove-

ment of 53% over gshare at 4.13%and 31% over a 6K byte bi-modeat 2.82%.

Whenboth global and local history informationis used,the perceptronpredictor

60



hardware gshare globalperceptron global/localperceptron
budget history number history number global/local number
in bytes length of entries length of entries history of entries

128 2 512 4 25 8/2 11
256 1 1K 7 32 10/2 19
512 11 2K 9 51 23/2 19
1K 12 4K 13 73 25/5 33
2K 13 8K 17 113 31/5 55
4K 14 16K 24 163 34/10 91
8K 15 32K 28 282 34/10 182
16K 16 64K 47 348 36/11 341

Table5.2: BestHistoryLengthsfor gshare andPerceptron.

still hassuperioraccuracy. A global/localhybrid predictorwith the samecon�g-

urationastheAlpha 21264predictorusing3712byteshasa mispredictionrateof

2.67%.A global/localperceptronpredictorwith 3315bytesof statehasa mispre-

diction rateof 1.71%,representinga 36% decreasein mispredictionrateover the

Alpha hybrid. Theagreemechanismimprovesaccuracy, especiallyat smallhard-

warebudgets.With a small budgetof only 750bytes,the global/localperceptron

predictorachievesa mispredictionrateof 2.89%,which is lessthanthemispredic-

tion rateof agsharepredictorwith 11 timesthehardwarebudget,andlessthanthe

mispredictionrateof a gshare/agreepredictorwith a 2K byte budget. Figure5.4

show the mispredictionratesof two PHT-basedmethodsandtwo perceptronpre-

dictorson theSPEC2000benchmarksfor hardwarebudgetsof 4K and16K bytes.

Lar geHardwareBudgets

As Moore'sLaw continuesto providemoreandmoretransistorsin thesamearea,it

makessenseto exploremuchlargerhardwarebudgetsfor branchpredictors.Evers'
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thesis[22] exploresthedesignspacefor multi-componenthybrid predictorsusing

large hardware budgets,from 18 KB to 368 KB. To our knowledge,the multi-

componentpredictorspresentedin Evers' thesisarethemostaccuratefully dynamic

branchpredictorsknown in previouswork. This predictorusesa McFarling-style

chooserto choosebetweentwo otherMcFarling-stylehybrid predictors.The �rst

hybridcomponentjoinsagsharewith ashorthistoryto agsharewith alonghistory.

The otherhybrid componentconsistsof a PAs hybridizedwith a loop predictor,

which is capableof recognizingregular loopingbehavior evenfor loopswith long

trip counts.

We simulateEvers' multi-componentpredictorsusingthe samecon�gura-

tion parametersgivenin his thesis.At thesamesetof hardwarebudgets,we sim-

ulatea global/localversionof the perceptronpredictor. The tuning of this large

perceptronpredictoris not asexhaustive asfor thesmallerhardwarebudgets,due

to thehugedesignspace.We tunefor thebestglobalhistory lengthon theSPEC

train inputs,andthenfor thebestfractionof globalversuslocalhistoryatasingle

hardwarebudget,extrapolatingthis fraction to theentiresetof hardwarebudgets.

As with our previousglobal/localperceptronexperiments,we allocate35%of the

hardwarebudgetsto storingthe tableof local histories. The con�guration of the

perceptronpredictoris givenin Table5.3.

Figure5.5 shows the harmonicmeanmispredictionratesof Evers' multi-

componentpredictorandthe global/localperceptronpredictoron the SPEC2000

integer benchmarks.The perceptronpredictoroutperformsthe multi-component

predictorat every hardwarebudget,with the mispredictionratesgettingcloserto

oneanotheras the hardwarebudgetis increased.Both predictorsarecapableof

reachingamazinglylow mispredictionratesat the368KB hardwarebudget,with

theperceptronat0.85%andthemulti-componentpredictorat0.93%.
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Size Global Local Numberof Numberof
(KB) History History Perceptrons LocalHistories
18 38 14 280 2,048
30 40 14 428 4,096
53 50 18 519 8,192
98 54 19 1093 8,192
188 64 23 1652 16,384
368 66 24 3060 32,768

Table5.3: Con�gurationsfor LargeBudgetPerceptronPredictors.

We claim that our resultsareevidencethat the perceptronpredictoris the

mostaccuratefully dynamicbranchpredictorknown. We mustpoint out that we

have not exhaustively tunedeitherthe multi-componentor the perceptronpredic-

tors becauseof the hugecomputationalchallenge. Nevertheless,thereis a clear

separationbetweenthemispredictionratesof themulti-componentandperceptron

predictors,andbetweentheperceptronandall otherpredictorswe have examined

at lowerhardwarebudgets;thus,we arecon�dent thatour claim canbeveri�ed by

independentresearchers.

5.4.4 DelaySensitivePerceptron Predictor

As we have seen,the perceptronpredictorhasa substantialdelayassociatedwith

it. Here,we presentthe resultsof usingonetechniqueto mitigatethis delay. We

simulateanoverridingperceptronpredictor, andcompareour resultsto theoverrid-

ing hybrid branchpredictorusedby theAlpha 21264.Currently, thefastestAlpha

processorin 180nmtechnologyis clockedata rateof 833MHz. At thisclock rate,

boththeperceptronpredictorandAlphahybridpredictordeliverapredictionin two

clockcycles.
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Moderate Clock RateSimulations

Using SimpleScalar/Alpha,we simulatea two-level overriding predictorat 833

MHz. The�rst level is a256-entrySmithpredictor[56], i.e.,a simpleone-level ta-

bleof two-bit saturatingcountersindexedbybranchaddress.Thispredictorroughly

simulatestheline predictorof theoverridingAlpha predictor. Our Smithpredictor

achievesa harmonicmeanaccuracy of 85.2%,which is thesameaccuracy quoted

for theAlpha line predictor[35]. For thesecondlevel predictor, we simulateboth

theperceptronpredictorandtheAlpha hybrid predictor. Theperceptronpredictor

consistsof 133perceptrons,eachwith 24weights.Althoughthe25 weightpercep-

tronpredictorwasthebestchoiceat thishardwarebudgetin oursimulations,the24

weight versionhasmuchthesameaccuracy but is 10% faster. We have observed

thattheidealratio of per-branchhistorybits to total historybits is roughly20%,so

weuse19bitsof globalhistoryand4 bitsof per-branchhistoryfrom atableof 1024

histories.Thetotalstaterequiredfor thispredictoris 3704bytes,approximatelythe

sameasthe Alpha hybrid predictor, which uses3712bytes. Both the Alpha hy-

brid predictorandtheperceptronpredictorincur a single-cycle penaltywhenthey

overridetheSmithpredictor. We alsosimulatea 2048-entrynon-overridinggshare

predictorfor reference.This gshare useslessstatesinceit operatesin a singlecy-

cle;notethatthis is theamountof stateallocatedto thebranchpredictorin theHP-

PA/RISC 8500[39], which usesa clock ratesimilar to thatof theAlpha. We again

simulatethe12 SPECint 2000benchmarks,this time allowing eachbenchmarkto

execute2 billion instructions.Wesimulatethe7-cyclemispredictionpenaltyof the

Alpha21264.

Whenabranchis encountered,therearefourpossibilitieswith theoverriding

predictor:
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� The�rst andsecondlevel predictionsagreeandarecorrect.In thiscase,there

is no penalty.

� The�rst andsecondlevel predictionsdisagree,andthesecondoneis correct.

In this case,thesecondpredictoroverridesthe�rst, with asmallpenalty.

� The�rst andsecondlevel predictionsdisagree,andthesecondoneis incor-

rect. In this case,thereis a penaltyequalto theoverridingpenaltyfrom the

previouscaseaswell asthepenaltyof a full misprediction.Fortunately, the

secondpredictoris moreaccuratethatthe�rst, sothis caseis lessfrequent.

� The�rst andsecondlevel predictoragreeandarebothincorrect.In thiscase,

thereis no overriding, but the predictionis wrong, so a full misprediction

penaltyis incurred.

Figure5.6shows theinstructionspercycle (IPC) for eachof thepredictors.

The�gure showstheIPCsyieldedby gshare, anAlpha-likehybrid,andglobal/local

perceptronpredictorgivena7-cyclemispredictionpenalty. Thehybridandpercep-

tron predictorshave a 2-cycle latency, andareusedasoverridingpredictorswith a

small Smith predictor. Even thoughthereis a penaltywhentheoverridingAlpha

andperceptronpredictorsoverridethe Smith predictor, their increasedaccuracies

more than compensatefor this effect, achieving higher IPCs than a single-cycle

gshare. The perceptronpredictoryields a harmonicmeanIPC of 1.65, which is

higher thanthe overriding predictorat 1.59,which itself is higherthangshare at

1.53.

Higher Clock Rates

The currenttrendin microarchitectureis to deeplypipelinemicroprocessors,sac-

ri�cing someIPC for theability to usemuchhigherclock rates.For instance,the
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Intel Pentium4 usesa 20-stageintegerpipelineat a clock rateof 1.76GHz, asof

this writing. In this situation,onemight expect the perceptronpredictorto yield

poor performance,sinceit requiresso muchtime to make a predictionrelative to

theshortclockperiod.Nevertheless,wewill show thattheperceptronpredictorcan

improveperformanceevenmorethanin thepreviouscase.

At a 1.76GHz clock rate,the perceptronpredictordescribedabove would

take four clock cycles: oneto readthetableof perceptronsandthreeto propagate

signalsto computetheperceptronoutput. Pipeliningtheperceptronpredictorwill

allow usto getonepredictioneachcycle,sothatbranchesthatcomeclosetogether

do not have to wait until the predictoris �nished predictingthe previous branch.

TheWallace-treefor this perceptronhas7 levels. With a smallcostin latchdelay,

we canpipelinethe Wallace-treein four stages:oneto readthe perceptronfrom

the table,anotherfor the �rst threelevelsof the tree,anotherfor thesecondthree

levels,anda fourth for the �nal level andthecarry-lookaheadadderat theroot of

thetree.Thenew perceptronpredictoroperatesasfollows:

1. Whenabranchis encountered,it is immediatelypredictedwith asmallSmith

predictor. Executioncontinuesalongthepredictedpath.

2. Simultaneously, the local history table and perceptrontablesare accessed

usingthebranchaddressasanindex.

3. Thecircuit thatcomputestheperceptronoutputtakesits inputfrom theglobal

andlocalhistoryregistersandtheperceptronweights.

4. Fourcyclesaftertheinitial prediction,theperceptronpredictionis available.

If it differsfrom theinitial prediction,instructionsexecutedsincethatpredic-

tion aresquashedandexecutioncontinuesalongtheotherpath.
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5. Whenthe branchexecutes,the correspondingperceptronis quickly trained

andstoredbackto thetableof perceptrons.

Figure5.7 shows the resultof simulatingpredictorsin a microarchitecture

with characteristicsof thePentium4. Themispredictionpenaltyis 20, to simulate

the long pipelineof thePentium4. TheAlpha overridinghybrid predictoris con-

servatively scaledto take 3 clock cycles,while theoverridingperceptronpredictor

takes4 clock cycles.The2048-entrygshare predictoris unmodi�ed. Eventhough

theperceptronpredictortakeslongerto makeaprediction,it still yieldsthehighest

IPC in all benchmarksbecauseof its superioraccuracy. The perceptronpredictor

yieldsanIPCof 1.48,whichis 5.7%higherthanthatof thehybridpredictorat1.40,

and15.8%higherthanthebaselineIPCof 1.28yieldedby gshare.

5.4.5 Training Times

To comparethetrainingspeedsof theperceptronpredictorwith PHT methods,we

examinethe �rst 100 timeseachbranchin eachof theSPEC2000benchmarksis

executed(for thosebranchesexecutingat least100 times). Figure5.8 shows the

averageaccuracy of eachof the100predictionsfor eachof thestaticbranches.The

 axisis thenumberof timesabranchhasbeenexecuted.The ! -axisis theaverage,

overall branchesin theprogram,of 1 if thebranchwasmispredicted,0 otherwise.

Theaverageis weightedby therelative frequenciesof eachbranch.Over time, this

statistictrackshow quickly eachpredictorlearns.Theperceptronpredictorachieves

greateraccuracy earlierthantheothertwo methods.

Theperceptronmethodlearnsmorequickly thegshare or bi-mode. For the

perceptronpredictor, trainingtime is independentof historylength.For techniques

suchasgshare that index a tableof counters,trainingtime dependson theamount
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of history considered;a longerhistory may lead to a larger working setof two-

bit countersthatmustbeinitialized whenthepredictoris �rst learningthebranch.

This effect hasa negative impacton predictionrates,andat a certainpoint, longer

historiesbegin to hurt performancefor theseschemes[42]. As we will seein the

next section,the perceptronpredictiondoesnot have this weakness,as it always

doesbetterwith a longerhistorylength.

5.4.6 Why Doesit Do Well?

We hypothesizethatthemainadvantageof theperceptronpredictoris its ability to

makeuseof longerhistorylengths.Schemeslikegsharethatusethehistoryregister

asan index into a tablerequirespaceexponentialin the history length,while the

perceptronpredictorrequiresspacelinearin thehistorylength.

To provideexperimentalsupportfor ourhypothesis,wesimulategshareand

theperceptronpredictorat a 64K hardwarebudget,wheretheperceptronpredictor

normallyoutperformsgshare. However, by only allowing theperceptronpredictor

to useasmany historybits asgshare (18bits),we �nd thatgshareperformsbetter,

with a mispredictionrateof 1.86%comparedwith 1.96%for the perceptronpre-

dictor. The inferior performanceof this crippledpredictorhastwo likely causes:

thereis moredestructivealiasingwith perceptronsbecausethey arelarger, andthus

fewer, thangshare's two-bit counters,andperceptronsarecapableof learningonly

linearly separablefunctionsof their input, while gshare canpotentially learnany

Booleanfunction.

Figure5.9shows theresultof simulatinggshare andtheperceptronpredic-

tor with varyinghistorylengthsontheSPEC2000benchmarks.Here,weusea4M

bytehardwarebudgetto allow gshare to considerlongerhistorylengthsthanusual.

As we allow eachpredictorto considerlongerhistories,eachbecomesmoreaccu-
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rateuntil gshare becomesworseandthenrunsout of bits at a history lengthof 23

(sincegshare requiresresourcesexponentialin the numberof history bits), while

theperceptronpredictorcontinuesto improve. With this unrealisticallyhugehard-

warebudget,gshare performsbestwith a history lengthof 23, whereit achievesa

mispredictionrateof 1.55%.Theperceptronpredictoris bestat a historylengthof

66,whereit achievesamispredictionrateof 1.09%.

5.4.7 When DoesIt Do Well?

Theperceptronpredictordoeswell whenthepredictedbranchexhibits linearly sep-

arable behavior. To de�ne this term, let ¢m1 be the most recent H bits of global

branchhistory. For a staticbranchª , thereexistsa Booleanfunction 6�«{?4¢51
F that

bestpredicts ª 's behavior. It is this function, 6�« , thatall branchpredictorsstrive

to learn. If 6¬« is not linearly separablethengshare maypredict ª betterthanthe

perceptronpredictor, andwe saythat suchbranchesarelinearly inseparable. We

compute6•«­?.¢
�›�

F for eachstaticbranch ª for eachbenchmarkandtestfor linear

separabilityof thefunction.

Figure5.10 shows the mispredictionratesfor eachbenchmarkfor a 4KB

budget,aswell asthepercentageof dynamicallyexecutedbranchesthat is linearly

inseparable.For eachbenchmark,thebarontheleft showsthemispredictionrateof

gshare, while thebaron theright shows themispredictionrateof a globalpercep-

tron predictor. Eachbar alsoshows, usingshading,the portion of mispredictions

dueto linearly inseparablebranchesandlinearly separablebranches.We observe

two interestingfeaturesof this chart. First, most mispredictedbranchesare lin-

early inseparable,thuslinear inseparabilitycorrelateshighly with unpredictability

in general. Second,the perceptronpredictoroutperformsgshare in all casesex-

ceptfor thatof 186.crafty , thebenchmarkwith the lowestfractionof linearly
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separablebranches.

Somebranchesrequirelongerhistoriesthanothersfor accurateprediction,

andtheperceptronpredictoroftenhasanadvantagefor thesebranches.Figure5.11

showstherelationshipbetweenthisadvantageandtherequiredhistorylength,with

onecurve for linearly separablebranchesandonefor inseparablebranches.The

! axisrepresentstheadvantageof our predictor, computedby subtractingthemis-

predictionrateof theperceptronpredictorfrom thatof gshare. We sortedall static

branchesaccordingto their“best” historylength,whichis representedonthe  axis.

Eachdatapoint representstheaveragemispredictionrateof staticbranches(with-

out regardto executionfrequency) that have a given besthistory length. We use

theperceptronpredictorin our methodologyfor �nding thesebestlengths:Using

a perceptrontrainedfor eachbranch,we �nd themostdistantof thethreeweights

with thegreatestmagnitude.This methodologyis motivatedby thework of Evers

et al., who show thatmostbranchescanbepredictedby looking at threeprevious

branches[21]. As the besthistory lengthincreases,the advantageof the percep-

tron predictorgenerallyincreasesaswell. We alsoseethat our predictoris more

accuratefor linearly separablebranches.For linearly inseparablebranches,our

predictorperformsgenerallybetterwhenthebranchesrequirelonghistories,while

gsharesometimesperformsbetterwhenbranchesrequireshorthistories.

Linearly inseparablebranchesrequiringlongerhistories,aswell asall lin-

earlyseparablebranches,arealwayspredictedbetterwith theperceptronpredictor.

Linearly inseparablebranchesrequiringfewer bits of history arepredictedbetter

by gshare.Thus,the longerthehistoryrequired,thebettertheperformanceof the

perceptronpredictor, evenon thelinearly inseparablebranches.

Wefoundthishistorylengthby �nding themostdistantof thethreeweights

with thegreatestmagnitudein a perceptrontrainedfor eachbranch,anapplication
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of theperceptronpredictorfor analyzingbranchbehavior.

5.4.8 Additional Advantagesof the Perceptron Predictor

This subsectiondescribestwo additionalbene�ts of usingperceptronsto perform

branchprediction.

Branchpredictionwith perceptronshasotheradvantagesoverpreviousmeth-

ods.A perceptronoutputcangiveacon�dencein theprediction.Theweightvector

canbe usedto �nd correlationsbetweenbranches,so this methodcanbe usedin

simulationto analyzethebehavior of aprogram.

Assigningcon�dence to decisions. Ourpredictorcanprovideacon�dence-level

in its predictionsthatcanbeusefulin guidinghardwarespeculation.Theoutput, ! ,

of theperceptronpredictoris not a Booleanvalue,but a numberthatwe interpret

astakenif !¯®:$ . Thevalueof ! providesimportantinformationaboutthebranch

sincethedistanceof ! from 0 is proportionalto thecertaintythatthebranchwill be

taken [30]. Thiscon�dencecanbeused,for example,to allow amicroarchitecture

to speculatively executebothbranchpathswhencon�denceis low, andto execute

only thepredictedpathwhencon�denceis high. Somebranchpredictionschemes

explicitly computea con�dencein their predictions[29], but in our predictorthis

informationcomesfor free. We have observedexperimentallythat theprobability

thata branchwill be takencanbe accuratelyestimatedasa linear functionof the

outputof theperceptronpredictor. Figure5.12showsanempricalmeasurementof

thesampleprobabilitythata branchis takenasa functionof theperceptronoutput

for theSPECint 2000benchmarks.
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Analyzing branch behavior with perceptrons. Perceptronscanbeusedto ana-

lyze correlationsamongbranches.Theperceptronpredictorassignseachbit in the

branchhistory a weight. Whena particularbit is stronglycorrelatedwith a par-

ticular branchoutcome,the magnitudeof the weight is higherthanwhenthereis

lessor no correlation. Thus,the perceptronpredictorlearnsto recognizethe bits

in thehistoryof a particularbranchthatareimportantfor prediction,andit learns

to ignore the unimportantbits. This propertyof the perceptronpredictorcanbe

usedwith pro�ling to provide feedbackfor otherbranchpredictionschemes.For

example,ourmethodologyin Section5.4.7couldbeusedwith apro�ler to provide

pathlengthinformationto thevariablelengthpathpredictor[58].

5.5 Summary

In thischapterwehaveintroducedanew branchpredictorthatusesneuralnetworks—

the perceptronin particular—asthe basicpredictionmechanism.Perceptronsare

attractive becausethey canuselong history lengthswithout requiringexponential

resources.A potentialweaknessof perceptronsis their increasedcomputational

complexity whencomparedwith two-bit counters,but we have shown how a per-

ceptronpredictorcanbe implementedef�ciently by usingdelay-hidinghierarchi-

cal organizations.Anotherweaknessof perceptronsis their inability to learnlin-

early inseparablefunctions.Nevertheless,theperceptronpredictorperformswell,

achieving a lower mispredictionrate, at all hardware budgets,than well-known

globalpredictorson theSPEC2000integerbenchmarks.Branchesexhibiting lin-

earlyinseparabilityarehardto predictin general,not justhardfor perceptrons.

In theIntroduction,thereadermayhavemomentarilyworriedthattheeraof

proposalsfor increasinglycomplex branchpredictorsis over. The readercanrest
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assuredthat,with hierarchicalorganizations,researchersarefree to exploremore

expensiveandexotic solutionsto theproblemof increasingbranchpredictoraccu-

racy. Nevertheless,we mustaskourselveswhetherthis approachcanbesustained

inde�nitely, andwhethertherearesimplerideasthataddressbranchpredictordelay

andaccuracy without increasingthecomplexity thatthemicroarchitecthasto deal

with. In the next two chapters,we explorealternative ideasthataddressdelayby

reducingcomplexity, ratherthanincreasingit.
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Chapter 6

Cooperative Prediction with Branch
Path Re-Aliasing

Wehaveseenhow to mitigatetheproblemof branchpredictordelayby usingmore

complex hardware.However, it seemsintuitive thatwe would ratheruselesshard-

ware,becausebranchpredictordelayis duein largepartto thepropagationdelayof

signalsthroughcomplex circuitry andlongwires.In thischapterandthenext chap-

ter, we exploretheideaof shifting someof thework of makinga predictionto the

compiler, sothat thecompilerandprocessorcooperateto make theprediction.By

reducingthecomplexity of thehardware,thesecooperativepredictorshavereduced

accessdelay.

Traditionalpredictorssuchasgshare [41], bi-mode[38], YAGS [18], and

hybrid predictors[20] reducedestructive aliasingin thePHT by introducingmore

levelsof logic ontothecritical pathfor makinga prediction;with aggressiveclock

rates,thesebranchpredictorswill becomelessfeasible.

In this chapter, we proposebranch path re-aliasing, a branchprediction

techniquewhich enliststhe compiler's help in moving importantfunctionalityoff

of the critical pathto makinga prediction,providing a quick predictionin a sin-

gle cycle while moving otherpredictionwork to the lesscritical predictorupdate
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stage.In particular, ourschemegivesthecompilerthetaskof decreasingdestructive

aliasingandincreasingconstructivealiasing,sothatthebranchpredictorhardware

canbesimpli�ed. While otherapproacheshave usedthecompilerto provide hints

which decreasealiasing,this schemeis uniquein that thehint bits arekeptoff the

critical pathfor prediction. Branchpathre-aliasingis limited in scopeto branch

predictorsthatuseGAg, i.e., a simplePHT indexedonly by theglobalhistory, as

thepredictionmechanism.

In ourscheme,thecompilerusespathpro�ling informationto providehints

to branchinstructionssothatpathswith differentoutcomeswill have historiesthat

mapto differentlocationsin thebranchpredictor's tables.For ourpurposes,apath

throughtheprogramis a sequenceof conditionalbranchexecutionsup to a certain

length;pathpro�ling is a techniquethatkeepsa countof thenumberof timeseach

paththroughthe programis executed.A small, simplepredictoris usedto make

a branchprediction,after which the branchhistory is updatedso that destructive

aliasingis decreased.Our schemeplacesa branch inversion bit in eachbranch

instructionto indicatewhetherthe branchoutcomeshouldbe invertedbeforeit is

recordedin theglobalhistory register. Even in CPUswith multi-cycle instruction

caches,our schemecandeliver a predictionin parallelwith the instructioncache

access,andonly needsto readthehint bit to updatethebranchpredictor.

Oursimulationsshow thata2048-entryGAgpredictorenhancedwith branch

pathre-aliasinghasamispredictionrateof 6.5%,21%lowerthanthemisprediction

rateof 8.2%for thesamesized,but morecomplicated,gsharepredictor, andequiv-

alentto the mispredictionrateof a gshare predictorwith twice the size. We also

show thatourpredictorcanimproveaccuracy for otherPHT-basedpredictors.

In this chapterwe introducethe conceptof branchpath re-aliasing. We

discussthe motivationbehindthis idea,discussthe problemof aliasingin branch
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predictors,describeour optimizationandalgorithm,andprovide resultsshowing

how ourschemeimprovesaccuracy.

6.1 Branch Path Re-Aliasing

In this section,we describethe problemof history aliasing,which is commonto

many two-level branchpredictors. We then describea techniquethat increases

accuracy by decreasingaliasing.

6.1.1 Path and OutcomeHistories

Branchpathre-aliasinggivesthecompilerexplicit controlover how pathsthrough

the programaremappedto PHT entries. Branchoutcomesarehighly correlated

bothwith pathandpatternhistories[43, 65,58]. Patternhistoriesareeasierto use

thanpathhistoriessincethey requirerecordingonly a singlebit for eachbranch.

However, patternhistoriesarehighly susceptibleto aliasing,both betweendiffer-

ent static branchesand within the samebranch. That is, several different paths

correlatedwith differentbranchbehaviors mayall inducethesamepatternhistory,

leadingto destructivealiasing.Our optimizationre-aliasespatternhistoriesto bet-

ter re�ect pathhistories,improving accuracy by decreasingdestructivealiasing.

6.1.2 History Aliasing in a Global Predictor

Several typesof aliasinghave beenidenti�ed in branchpredictors[42]. Our focus

is on con�ict aliasing. ConsideraGAg predictor, whichconsistsof aPHT indexed

by a globalhistoryregister. Two differentpathsin theprogrammaycoincidentally

leadto thesameglobalhistory, eventhoughthecodebeingexecutedis unrelated.

In this case,thesamePHT entrywill beusedfor bothbranches,but theprediction
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maynotcorrelatehighly with theoutcomeof either. Thus,thebranchpredictorwill

havepooraccuracy for thesebranches.

6.1.3 Our Solution: Branch Path Re-Aliasing

Ourapproachto solvingthehistoryaliasingproblemis to insertahint bit into each

instructionthat tells thebranchhistoryupdatemechanismwhetheror not to invert

thebranchoutcomebeforerecordingit in thehistory register. We choosethehint

bits,whichwecall inversionbits, suchthatpathsleadingto brancheswith opposite

outcomeswill havedifferenthistories.Essentially, by changingthewaypathsalias

oneanotherin thePHT, we reducedestructivealiasing.

We introduceour ideaby modifying thesimplestpossibletwo-level branch

predictor: the GAg. A global history register is usedto index a PHT of two-bit

saturatingcounters,from which thepredictionis directly read.Oncetheprediction

is readandmadeavailableto thefetchengine,thecritical timeto makeaprediction

is over, so thepredictoris no slower thana normalGAg. Thebranchpredictionis

thenusedto speculatively updatetheglobalhistoryregister, whichis backedupand

correctedaftera misprediction.With branchpathre-aliasing,thedifferencecomes

in how thehistoryregisteris updated.Eachbranchinstructionencodesaninversion

bit. If this bit is set, thenthe branchoutcomeis invertedbeforeit is recordedin

theglobalhistoryregister. In short,thevaluerecordedin thehistoryregisteris the

exclusive-ORof theinversionbit andthebranchoutcome.

At �rst glance,it might seemthat this techniquecouldbe implementedby

simply changingbranchsensesandreorderingcode;however, this transformation

would beat oddswith techniquessuchasbranchalignment[13] thatseekto mini-

mizethenumberof takenbranchesto increasefetchbandwidth.Branchalignment

canincreaseperformance,even thoughit may decreasepredictionaccuracy [47].
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Our techniquecannicelycomplementbranchalignmentby decreasingthedestruc-

tivealiasingintroducedby alignment.

Path Pro�les

Path pro�ling collects information on the the executionpathsof a program[7].

Branchpathre-aliasingusespathpro�les to determinewhichbranchesshouldhave

their inversionbitsset.For ahistorylengthof • , i.e.,aGAg with an • -bit history,

eachpathpro�le storesthefollowing informationfor apathD :

1. Theaddressesof thelast • branchesencountered.

2. Theoutcomes(takenor not taken) of thelast • branchesencountered.

3. freq?tD&F , thefrequency with which thispathwasexecuted.

4. ntaken?kD�F , thenumberof timesthispathled to a takenbranch.

Algorithm

Oncethe pathpro�les have beencollected,we usea two-phasealgorithmto set

inversionbits. In the�rst phase,thealgorithmtriesto mappathsto PHT entriesby

settingtheinversionbitsof certainbranches,causingconstructivealiasingbetween

pathsthat agreeon branchoutcomeandchoosingdifferentPHT entriesfor paths

with differentoutcomes.Eachpathis examinedin decreasingorderof execution

frequency. For eachpath,wechoosea setof inversionbits thateithermapthepath

to PHTto whichsimilarly-biasedpathsaremapped,or to anunusedPHTentry. As

inversionbitsareset,they become�x edfor pathsthatareexaminedlater;thus,this

greedylocal algorithmis augmentedwith a secondphasethatconsiderstheglobal

situation. In the secondphase,a hill-climbing heuristicsetsthe inversionbits of
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eachbranchsenseoneat a time, keepingthe setof inversionbits that maximizes

a �tness function basedon the estimatedamountof constructive anddestructive

interference.Thedetailsthetwo phasesareasfollows:

1. The�rst phaseof thealgorithmmapspathsto PHTentriesby invertingor not

invertingbranchesalongthepath.Thealgorithmconsiderseachpathpro�le

in descendingorderof frequency. For eachpro�le D , thealgorithmlooksfor

anentry Š in thePHTto whichsimilarly biasedpathsaremapped,or to which

no pathsaremappedat all. If oneis found, thenpath D is mappedto PHT

entry Š ; otherwise,theinversionbitsof thepathD areleft thesame.

2. Thesecondphaseconsiderseachstaticbranch,choosingtheinversionhint bit

for thatbranchthatmaximizesa �tness functionoverall branches.Let ’2U be

thesetof pathsall mappedto PHT entry Š , andlet H bethehistorylength,so

that thereare M

1 countersin thePHT. Let a BooleantakenU betheaggregate

bias(i.e. truefor takenor falsefor not taken) of all thepathsmappedto PHT

entry Š , i.e., takenU is trueif andonly if:

r

°²±�³w´

ntaken?kD�F­®

S

M

r

°w±j³w´

freq?kD&F

In otherwords,takenU is trueif andonly if all thepathsmappedto PHTentry

Š lead to taken branchesat leasthalf the time. For a path D , let a Boolean

bias° betrueif andonly if ntaken?tD&F(® freq?tD&F,µ�M , i.e.,bias° is thebiasof an

individualpath.Thenthevalueof the�tness functionis:

r

^p¶

U

¶

��·

r

°w±j³w´

¸
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°

• freq?tD&F otherwise
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Eachpathis mappedtoaparticularPHTentry. Intuitively, the�tness function

is thesum,overall paths,of thefrequenciesof pathsmappedto PHT entries

with the samebias,minusthe frequenciesof pathsmappedto PHT entries

with differentbias.Thehigherthe�tness function,themoreconstructiveand

lessdestructive interferencethereis.

6.1.4 Implementing InversionBits

An importantconsiderationfor branchpathre-aliasingis therepresentationof the

inversionbits. Eachbranchinstructionencodesan inversionbit, which is reason-

ablesinceseveral existing ISAs alreadydedicateoneor two bits in eachbranch

instructionto managingbranchprediction. For example,the HP/PA-RISC archi-

tectureallows eachbranchto encodea biasbit [39], which is usedeitherfor static

or agreebranchprediction. The Pentium4 microprocessorextendsthe IA-32 in-

structionsetto includebranchhints [28]. The IA-64 architectureencodesseveral

hint bits in branchinstructions[25]. Theseextrabits in theISA couldbere-usedto

representinversionbits. Old binarieswouldstill runwith reducedperformance,and

neweronescouldbeoptimizedto usetheinversionbits for branchpathre-aliasing.

6.2 Resultsand Analysis

In this section,we give theresultsof branchpathre-aliasingon theSPEC2000in-

tegerbenchmarks,measuringthedecreasein mispredictionrateson severalbranch

predictors.We show thatour optimizationalsohelpsmorecomplex agreeandhy-

brid predictors. Finally, we measurethe decreasein aliasingresponsiblefor the

improvedaccuracy.
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6.2.1 Predictor Simulation Methodology

Weusethetrain inputsfor collectingthepathpro�les, andweusetheref inputs

to evaluatetheaccuracy of thepredictors.Weusetracesto gatherourpathpro�les.

This methodis costly, but thereare techniquesin the literaturethat would make

this taskmuchmoreef�cient, for example,the ef�cient algorithmof Young[66],

which gathersbounded-lengthpathswith bothforwardandbackwardedges,or the

forward-pathpro�ling of Ball andLarus[7]. Weconsiderpathpro�les with history

lengthsof 8 to 15.

We usebranchpathre-aliasingto decreasethemispredictionratesof three

dynamicbranchpredictors:GAg, an agreepredictor, anda hybrid predictor. We

compareour improvedpredictorswith severalotherpredictors.We �rst tuneeach

predictorfor optimalhistory lengthusingthe tracescollectedwith the train in-

puts.

6.2.2 Algorithm Implementation

We measuremispredictionratesusinga trace-drivensimulationprogram.For our

simulations,we usea 733MHz PentiumIII that readscompressedtracesfrom an

NFS server. On this machine,the branchpathre-aliasingalgorithmtakesfrom 5

to 30 minutes,dependingon the history length,numberof pathsin the program,

and compressionratios of the traces. We did not pay particularattentionto the

ef�ciency of theprogram,usingC++ andSTL for rapiddevelopment.If pro�ling

performancebecomesaproblemin aproductionversionof branchpathre-aliasing,

Young's morecomplex pathpro�ling algorithmcould be usedto provide greater

ef�ciency.
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6.2.3 How not to do Branch Path Re-Aliasing

Beforewego on to ourmainresults,we will exploretwo obviousbut unwiseideas

that maycometo mind whenimplementingbranchpathre-aliasing.We describe

themhere,andexplainwhy, althoughthey mayseemlikegoodideasat �rst glance,

they arenot.
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Figure6.1: Mispredictionratesfor alternateimplementationsof branchpathre-aliasing,
alongwith GAs.

RandomInversionBits

Oneideais to setthe inversionbits randomly. Branchhistoriescomefrom a very

non-uniformdistribution. Thegsharepredictorusesthebranchaddressasaway to

morerandomlydistributeaccessesamongthePHT. Perhapswe coulduserandom

inversionbits to achieve the sameeffect. If this works, thenmaybethe inversion

bits would not beneededin theISA at all, but couldbederivedfrom, say, thebits

in thebranchaddress.Figure6.1showstheresultsof simulatingGAg with pseudo-

randominversionbits over a rangeof hardwarebudget,alongwith GAs andGAg
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with branchpathre-aliasing. At almostevery hardwarebudget,but especiallyat

thesmalloneswith whichwearemostconcerned,this techniqueyieldsthepoorest

mispredictionrates.Without usingsomeintelligencein settingthe inversionbits,

this techniquefails.

Simulating InversionBits with Branch Senses

Anotherwayto implementbranchpathre-aliasingwithout inversionbits in theISA

is to usebranchsensesto simulateinversionbits. For instance,if we would nor-

mally settheinversionbit for a “branchif zero” branch,we would insteadchange

thebranchto a“branchif notzero”branchandre-orderthebasicblocksin thecode

to maintainthecorrectprogramsemantics.Thus,it would seemthatour optimiza-

tion couldbeusedwith anunmodi�ed GAg predictorin existinghardware,suchas

theGAg componentof theAlpha 21264.

Figure6.1showsthemispredictionratesresultingfrom simulatingthis idea.

Wemodi�ed thebranchpathre-aliasingalgorithmto take into accountthefactthat

the actualpredictionswerechanging,not just the contentsof the history register,

so that the �tness functionwould provide meaningfulinversionhints for changing

branchsenses.Again, this techniqueperformsmorepoorly thanGAs. Our reg-

ular branchpathre-aliasingtechniqueonly changesthe distribution of the bits in

the global history register, to distribute accessesto the PHT suchthat aliasingis

avoided.Changingbranchsensesalsochangesthedistributionof thevaluesin the

PHT itself, introducingmany moredegreesof freedomto theproblemandfunda-

mentallyincreasingthecomplexity of �nding anoptimalsolution.

Thereis a muchmorecompellingreasonnot to do branchpathre-aliasing

by changingbranchsenses.On many microarchitectures,taken branchesincur

a penalty, sinceinstructionfetch usually cannotbe accomplishedacrossa taken
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branch,andinstructioncachemissesaremorelikely whentherearenon-sequential

accesses.Changingbranchsensesto increasepredictoraccuracy is at oddswith

code-reorderingoptimizationssuchasbranchalignment[13] that try to minimize

thenumberof takenbranches.Eventhoughcode-reorderingsometimesresultsin

slightly reducedpredictoraccuracy [47], performanceincreasesoverall because

thereare fewer taken branches.Indeed,our hardwareversionof branchpathre-

aliasingmighthelpregainsomeof thelostaccuracy andcomplementcode-reordering

transformations.

Ourconclusionfrom thissubsectionis thatthebestapproachto implement-

ing branchpathre-aliasingis to useinversionbitsandextrahardwarein themicro-

processor, andextra intelligencein thecompiler.

6.2.4 SimpleTwo-Level Predictors
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Figure6.2: Branchmispredictionrateson theSPEC2000integerbenchmarks.

Figure6.2 comparesour basicscheme,GAg with branchpathre-aliasing,

againstthreesimpletwo-level predictors:GAg,GAs,andgshare. Thegraphshows
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mispredictionratesfor hardwarebudgetsrangingfrom 256to 8K bytes.At all hard-

warebudgets,our basicschemeachievesthe lowestmispredictionrate. Thegraph

doesnotshow, of course,thatourschemeallowsfasterclockingby removing work

from thecritical path. For a branchpredictorwith 2K-entries,thesamehardware

budgetusedin theAMD Athlon, branchpathre-aliasingreducesthemisprediction

of GAg by 32%,from 9.5%down to 6.5%.Themispredictionratesfor a 2K-entry

GAs andgshareare7.5%and8.2%,respectively; for 2K-entries,our basicpredic-

tor seesmispredictionratesthatarelower thanGAs andgshare by 13%and21%,

respectively.

To seehow thesenumbersmightbeusedto designfuturepredictors,suppose

themicroarchitectsof aCPUcorethatusesa4K-entryGAspredictordecidedit was

necessaryto shrinkthebranchpredictorto 2K entriesto allow for moreaggressive

clocking.Oursimulationsshow thatthemispredictionratewould increaseby 12%,

from 6.7%to 7.5%. Instead,the microarchitectscould replacethe 4K-entry GAs

with a 2K-entry GAg and provide inversionbits. Branchpath re-aliasingcould

achieveamispredictionrateof 6.5%,decreasingthemispredictionrateof thelarger

predictorby 3%.

6.2.5 Mor eComplexPredictors

We have arguedthathigh-latency, complex predictorswill becomelessfeasibleas

clock ratesincreaseandpipelinesgetlonger. Nevertheless,someCPUdesignswill

continueto keepshorterpipelinesandlessaggressive clock rates.Evenwith more

complex predictors,branchpathre-aliasingoffershigheraccuracy.
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AgreePredictors

Theagreepredictorachievesincreasedaccuracy by turningthedestructivealiasing

of a normalPHT predictorinto constructive aliasing. Ratherthanpredictingthe

outcomeof a branch,the PHT is usedto predictwhetherthe outcomewill agree

with a biasbit. Still, thereis a differentkind of destructivealiasingto which agree

predictorsaresusceptible.Insteadof pathsthatleadto takenandnottakenbranches

colliding in thePHT, we mayhave pathsthat leadto agreementanddisagreement

with the biasbit aliasingeachother. We modify thebranchpathre-aliasingalgo-

rithm to reducealiasingin a GAg-basedagreepredictorthat usesbiasbits set in

eachbranchinstruction. Insteadof keepingtrack of the taken/nottaken biasof a

particularpath,thenew algorithmkeepstrackof theagree/disagreebiasof a path.

Thatis, for eachPHTentry, thealgorithmdetermineswhethereachpathleadingto

thatentryusuallyagreesor disagreeswith thecorrespondingbiasbit.

Figure6.3 shows harmonicmeansof mispredictionratesfor several hard-

warebudgets,aswell asthemispredictionrateson eachSPECintegerbenchmark

meansfor 2K-entryGAs,gshare, andGAg predictorswith branchpathre-aliasing,

eachusingthe agreemechanism.Thesepredictorsusethe samesizetableasthe

agreepredictorof recentHP-PA/RISC coressuchas the 8700 [39, 59]. Branch

path re-aliasingachieves the lowest harmonicmeanmispredictionrate of 4.4%,

comparedwith 4.8%for GAs with agreeand4.5%for gsharewith agree.

Although readingthe biasbit is still on the critical pathfor makinga pre-

diction with branchpathre-aliasing,readingaddressbits andpropagatingvalues

throughexclusive-ORgatesis not.
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Figure6.3: Branchmispredictionrateson eachSPEC2000integerbenchmarksfor agree
predictors.
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Hybrid Predictors

Oneof thecomponentsof theAlpha 21264hybrid branchpredictoris a 4K-entry

GAg predictor. The choicepredictor, which predictswhetherthe global or per-

branchcomponentwill bemoreaccurate,is alsoa 4K-entrytableof 2-bit counters

indexedby theglobalbranchhistory. We modi�ed thebranchpathre-aliasingpro-

gramto measurethe biasof a particularbranchto bepredictedbetterby a global

or per-branchpredictorby trackingthemispredictionratesof bothpredictioncom-

ponents.Wemodi�ed the�tness functionto take into accountbothtaken/nottaken

andglobal/per-branchbiases.This way, aliasingis reducedbothin theglobalPHT

aswell asin thechoicetable.

We simulatetheunmodi�ed Alpha21264hybridpredictor, aswell asaver-

sionof theAlpha predictoraugmentedwith branchpathre-aliasing.We allow the

globalandchooserPHTsto rangein sizefrom 256to 32K entries,scalingtheper-

branchtableof historiesandPHTwith 1/4 theentriesastheglobalPHT, yieldinga

sequenceof Alpha-likepredictorsat increasinghardwarebudgets.Figure6.4shows

aplot of theharmonicmeansof mispredictionratesasa functionof hardwarebud-

get for thehybrid predictorsaswell astwo agreepredictors,onewith branchpath

re-aliasing.Figure6.4alsoshowsabargraphfor the4K-entryglobalPHTversions

of thehybridpredictors,usingthesamecon�gurationastheAlpha21264predictor.

Thebargraphshowsa16K-entryagreepredictorusingbranchpathre-aliasing.This

agreepredictorusesaboutthesamehardwarebudget(4096bytes)availableto the

Alpha 21264(3712bytes).Usingbranchpathre-aliasingwith thehybridpredictor

reducestheharmonicmeanof themispredictionrateby 10%,from 3.1%to 2.8%.

UsingGAg with branchpathre-aliasingandtheagreemechanism,themispredic-

tion rateis 3.0%,slightly betterthantheoriginalhybridpredictorandwith reduced
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complexity.

6.2.6 Aliasing Rates

Thepurposeof branchpathre-aliasingis to reducedestructivealiasingin thePHT

for a GAg predictor. In our experiments,we modela “de-aliased”predictor, i.e.,

a predictorwheredifferentpathscannotaliasthe samePHT entries. We usethis

predictorto measurethreekindsof aliasing[42]:

� Destructive aliasingoccurswhenPHT aliasingleadsto a mispredictionin

GAg wherethede-aliasedpredictorhasno misprediction.

� ConstructivealiasingoccurswhenPHT aliasingleadsto a correctprediction

wherethede-aliasedpredictormispredicts.

� Harmlessaliasingoccurswhenaliasingin thePHT hasno effect on whether

or notapredictionis correct.

Note that thesecasesaremutuallyexclusive andaccountfor all aliasingin

thePHT. Figure6.5showsthesedifferenttypesof aliasingratesin a2K-entryGAg

predictorfor theSPEC2000integerbenchmarks,beforeandafterapplyingbranch

pathre-aliasing.Theharmonicmeanof thedestructive aliasingrateis reducedby

21%,from 6.1%beforere-aliasingto 4.8%afterre-aliasing.Constructive aliasing

is alsoreducedslightly, from 0.41%to 0.31%. Total aliasingis reducedby 48%,

from 18.3%to 9.5%.

On 181.mcf , re-aliasingreducesdestructivealiasingby 30%,from 16.6%

down to 11.5%,explainingthe64%decreasein themispredictionrate,from 7.9%

for GAg down to 2.8%for GAg with branchpathre-aliasing.

98



164.gzip
175.vpr

176.gcc
181.mcf

186.crafty
197.parser

252.eon
253.perlbmk

254.gap
255.vortex

256.bzip2
300.twolf

Harmonic
           Mean

Benchmark

0

10

20

30

P
er

ce
nt

 A
lia

se
d

Harmless Aliasing
Destructive Aliasing
Constructive Aliasing

Figure6.5: Branchaliasingrateson theSPEC2000integerbenchmarks.

6.3 Limitations of Branch Path Re-Aliasing

In its currentform, branchpathre-aliasingworksonly for GAg predictorsandpre-

dictors that useGAg asa component. It may have limited applicability to GAs

predictors,but it cannotbe usedfor per-branchpredictors(e.g. PAg andPAs) or

otherkinds of global predictorslike the perceptronpredictor. It is alsounableto

improvetheaccuracy of certainpredictorslikegsharethatuseadynamictechnique

to reducedestructivealiasing.Branchpathre-aliasingis limited to GAg becauseit

reducesaliasingby explicitly controllinghow differentpathsmapto PHT entries.

OtherpredictorschoosePHT entries(or perceptrons,asthecasemaybe)basedon

somecombinationof branchaddressandglobalhistory. Branchpathre-aliasingis

frustratedin thesecases,sincethealgorithmhasnoknowledgeof branchaddresses.

In thecaseof theperceptronpredictor, themajority of destructive aliasingthatoc-

cursis betweenunrelatedstaticbranches.Sincetheperceptronpredictorusesonly

thebranchaddressandnot theglobalhistoryto selectperceptrons,thereis no way
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thatbranchpathre-aliasingcouldreducethiskind of destructivealiasing.

6.4 Summary

We have seenhow, by moving complexity off thecritical pathto makinga predic-

tion andinto thecompiler, we canreducethesizeof a GAs predictorandreplace

it with anenhancedGAg predictorwith muchthesameaccuracy. Branchpathre-

aliasingworks by enlistingthe help of the compiler, throughpro�ling, to control

aliasingexplicitly. Wehavealsoseenthatbranchpathre-aliasingcanbeappliedto

otherpredictorsthatuseGAg asa component,suchasagreepredictorsor hybrid

predictors.Nevertheless,branchpathre-aliasingonly buys us sometime. As we

have seenwith the exampleof the AMD K6 andAthlon, branchpathre-aliasing

will allow usto moveto thenext generationof processorsandretainmuchthesame

accuracy. But we will still have thesamefundamentalproblemfor futuregenera-

tions: tablesareslow. In thenext chapter, we proposea moreradicalsolutionthat

will work in any CMOStechnologygeneration.
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Chapter 7

Cooperative Prediction with Boolean
Formulas

Up until this point in the dissertation,we have not eliminatedthe fundamental

sourceof theproblem:theslow accesstime to tables.Rather, we have shiftedthe

burdenin variousways. In this chapter, we proposea longer-term solutionto the

problem: eliminatethe tablesaltogether, andreplacethemwith somethingmuch

faster. Due to its uniqueimplementation,the delayof this predictorremainslow

relativeto themostaggressiveclockratesandsmallestfutureprocesstechnologies.

ExistingarchitecturessuchasIA-64 allow hint bits in abranchinstructionto

specifywhetherto usethedynamicbranchpredictoror a staticprediction,thus�l-

teringtheaccessesto thedynamicpredictorandreducingaliasing(i.e., contention

for branchpredictionresources).If the staticpredictionsarechosenwell, we can

obtainbetterbranchpredictionaccuracy, evenwith a smallerdynamicbranchpre-

dictor.

We extend this idea to considerhistory-basedpredictorsencodedin the

branchinstruction. In our scheme,a branchinstructionencodesa Booleanfunc-

tion, learnedthroughpro�ling, whoseinput is thebranchhistoryandwhoseoutput

is a prediction[31]. The key to our solution is a conciseencodingof Boolean

101



functions—basedon monotoneread-onceBooleanformulas—that is well-suited

for branchprediction. Whereasan arbitraryBooleanfunction in • variablesre-

quires ™E?4M•ÀÁF bits to encode,monotoneread-onceBooleanformulasonly require

• bits. Figure7.1showssucha formulaasa logic diagram.Becauseof ourunique

encodingandimplementation,our Booleanformulapredictorcandeliver a branch

predictionin a singlecycle evenat aggressiveclock ratesfor which accuratePHT-

basedpredictorsareinfeasible.The primarycontribution of this chapteris a new

branchpredictionschemethat encodesinto branchinstructionsa predictorin the

form of a Booleanformula. Our methodis particularlyattractive in light of trends

in technologyscalingandwire delays.Secondarycontributionsincludethefollow-

ing: (1) Wedescribethehardwareimplementationof ourpredictorandanalyzeit in

termsof delayandpower; (2) wedescribeapro�ling algorithmfor trainingourpre-

dictor; (3) wedescribehybridversionsof ourpredictorthatcombineour technique

with dynamicpredictors;and(4) weevaluatetheaccuracy of ourmethodusingthe

SPEC2000integerbenchmarks.

7.1 Branch Prediction with BooleanFormulas

In thissection,wedescribethemainideasbehindpredictingbrancheswith Boolean

formulas.

7.1.1 BooleanFormulas asBranch Predictors

History-basedbranchprediction can be viewed as the problem of learning the

Booleanfunction of the branchhistory that givesthe bestprediction. Let Â be a

Boolean • -vectorcontainingthe outcomesof the last • branchesexecuted.For

now, wecanthink of thisbranchhistoryasbeingeitherglobalor per-branch.For a
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staticbranchª , thereexistsaBooleanfunction 6�«(?BÂ{F thatbestpredictswhetherª

will betakengiventhehistory Â . Thegoalof dynamicbranchpredictorsis to learn

this functionasquickly aspossibleto provideaccurateprediction.

Oneapproachto branchpredictionis to learn 6�«­?›Â2F for eachbranchin a

pro�ling run, thensomehow encodeeach6�«­?›Â2F in thebranchinstructionandhave

thehardwareusethedynamichistoryto computethefunctionandprovideabranch

prediction.Staticallychosenbiasbits,suchasthoseavailableon HP-PA/RISC and

IA-64, encodeconstantBooleanfunctions,which requirenohistoryinformation.

If thebehavior of branchesis stableacrossdifferentprograminputs,thenwe

would expectbranchpredictionusingthesefunctionsto performvery well, even

betterthandynamicbranchpredictors,whichhave thedisadvantagesof destructive

aliasing. In practice,input-dependentbehavior, suchasloop trip countsthat vary

from run to run, limits theaccuracy of aBooleanformulapredictor. But aswewill

see,thesefunctionsstill providehighly accuratepredictions.

Oneproblemwith this approachis thatof representinga Booleanfunction

within a branchinstruction. For instance,with a moderatehistory lengthof 10,

thereare M

�pÃkÄ differentBooleanfunctions.Branchinstructionswould needto have

over1000bits to allow all of thesefunctionsto beencoded.Therefore,weconsider

anextremelycompact,but suf�ciently expressive,encodingof Booleanformulas.

7.1.2 Read-OnceMonotoneBooleanFormulas

We now describea subsetof Booleanformulasthatcanbecompactlyrepresented.

Thebasicideais to restricttheBooleanformulassuchthateachvariableappearsin

theformulaonly once,andtheonly operationsallowedareAND andOR.

Let Å
hpÆ

J~Ç¬$
h

S•È

À , i.e., Å and
Æ

are • -bit vectorsof Booleanvalues.Wesay

that ÅÊÉ
Æ

if, for all Š , Å”U(É
Æ

U . Considera Booleanfunction 6�Ç¬$
h

S�È

ÀÌË Í Ç¬$
h

S�È

,
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i.e., a function 6 mappinga vector of • bits to a single bit. We say that 6 is

monotoneif ÅÎÉ Æ implies 6Ï?BÅÐF>ÉÑ6Ð? Æ F [37]. A monotoneBooleanformula is a

Booleanformulathatusesonly AND ( Ò ) andOR( Ó ), withoutNOT, asconnectives.

Thefunctionsinducedby theseformulasaremonotone[37], hencethename.

x x x x x x x x
1 2 3 4 5 6 7 8

Figure7.1: Treerepresentationof theformula �������

Ž�
���w
Ô���
�m�Ž�������w�Ô�����
�‹
Ž�
���w�Ô�����V


�

�

��� .

In a read-onceformula eachvariableappearsexactly oncein the formula.

Read-onceformulasarealsoknown as Õ -formulasor Booleantrees[3]. Read-once

monotoneBooleanformulashave a concisedescriptionas a tree whoseinternal

nodesareANDs andORsandwhoseleavesaretheBooleanvariables.As anex-

ample,Figure7.1 shows thetreerepresentationof theformula ?0?› 
�

ÓÖ 
�

FŸÓ–?› 
�

Ò

 
�

FpF&Òƒ?p?B 
�

Ó× 
�

F&Òƒ?› 
�

Ó× 

�

FpF asa logic diagram.

7.1.3 UsingMonotoneRead-OnceFormulas for Branch Predic-
tion

A read-oncemonotoneBooleanformulaof • variablescanbeencodedasabit vec-

tor of size •Ø•

S

, eachbit representingaconnective in theBooleantree,with 0 for

AND and1 for OR. Thus,eachbranchinstructionencodesa read-oncemonotone
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Booleanformulausing •Ù•

S

bits. Wealsostoreanotherbit that,if setto 1, causes

thevalueof the function to be inverted,so thatwe canalsorepresentthecomple-

mentsof monotoneread-onceformulas.No two differentbit patternsrepresentthe

sameBooleanfunction,so this encodingis quiteef�cient. For a history lengthof

• , theformulaencodingin thebranchinstructiontakes • bits. MonotoneBoolean

formulasareincapableof representingBooleanconstants,soweallow theformula

whoseconnectivesareall ANDs to compute0 (i.e., false). By choosingto invert

theoutput,this formulacanalsoproduce1 (i.e., true). Thesetwo valuesarenec-

essary, sincethey allow usto represent“alwayspredicttaken” and“alwayspredict

not taken,” whicharethemostcommonBooleanfunctionsfor branchprediction.

For branchprediction,wekeepabranchhistoryshift registerinto which the

Booleanoutcomes(i.e.,1 for takenand0 for not taken) of branchesareshifted.We

keepa globalhistory, usingthesameshift registerfor all branches.Whena branch

instructionis fetched,the Booleanformula is sent,alongwith the contentsof the

historyregister, to acircuit thatdecodestheformulaandcomputestheprediction.

Weuseapro�ling phaseto decidewhich formulasto encodein eachbranch

instruction.Thepro�ling algorithmusesstatisticsaboutthebehavior of eachstatic

branchto choosethebestmonotoneread-onceformulafor thatbranch.

Thefollowing formulais anexampleof amonotoneread-onceBooleanfor-

mulausedfor branchpredictionwith ahistorylengthof 8:

?B 

^

ÓÚ 
�

F&Ò× 
�

ÒÚ 
�

Ò˜?› 
�

ÓL 
�

Ó× 
�

ÓÚ 
�

F
h

This formula correspondsto a branchpredictionpolicy of “predict taken

if eitherof the last two branchesweretaken and the third andfourth mostrecent

brancheswerebothtaken,andany of theotherbranchesin thehistoryweretaken.”
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7.1.4 Pro�ling Algorithm

We now describeour algorithmfor determiningwhich formulasbestpredicteach

staticbranch. Using a traceof eachbranchaddressandoutcome,the algorithm

simulatesthedynamiccontentsof thehistory register. For eachstaticbranch,the

algorithmkeepsa list of the differenthistoriesthat leadup to that branch,along

with thenumberof timeseachhistoryleadsto thebranchbeingtakenor not taken.

After thealgorithmhasexaminedeverydynamicbranch,it checksthelist for each

static branch ª and exhaustively testsevery monotoneBooleanformula and its

complementto seewhich onewould have yieldedthefewestmispredictionsgiven

all thehistoriesthatled up to ª . This bestformulais thenencodedinto thebranch

instruction.

For branchesthatareexecutedfewer than500timesin thepro�led program,

wesimplyusetheconstantformula(0or1) thatbestpredictsthatbranch,ratherthan

consideringall M•À formulas.We areinvestigatingwaysto speedup thealgorithm

with a moreintelligent search.Section7.2.5givestiming resultsfor the pro�ling

algorithmandarguesthatthecostis reasonablefor historylengthsup to 16.

We have foundthatwe can�nd formulaswith a valuefor • of up to 18 in

a reasonableamountof time, i.e.,up to a few hoursperbenchmark.With •ÛÉ

S

$ ,

wecan�nd theformulasin a few minutes,duringwhicha largeportionof thetime

is devotedsimply to readingthepro�led tracesfrom disk.

7.1.5 Hardware Implementation

A hardwareimplementationof aBooleanformulabranchpredictoris simple.Each

Booleanconnective (i.e., AND or OR) in the formula is representedby a circuit

with threeinputs:two datainputs,correspondingto thevariablesor outputsof other
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gates,andonecontrol input that speci�eswhethertheBooleanconnective should

computeAND or OR. Coincidentally, this function is equivalentto the carry-out

computedby a full adder. Figure7.2 shows a logic diagramfor this four-NAND

circuit. With a history lengthof • , our predictoris built from •Ü•

S

connectives

anda singleXOR gateat the output that actsasan inverterwhen its input is 1.

Figure7.3 shows a circuit implementationof thepredictorfor •Û9ÞÝ . For clarity,

theextra logic to produce0 whenall theconnectivesareANDs is notshown, since

this logic requiresrelatively few gatesandis noton thecritical timing path.

We simulatea straightforwardstaticCMOSimplementationof theBoolean

formulapredictorwith theHSPICEcircuit simulator. First,we createa sub-circuit

composedof fourNAND gatesasshown in Figure7.2.Then,weinstantiateM*š•œ�ž

�

•

of thesesubcircuitsandaddan XOR, which is a sub-circuitconsistingof two in-

vertersandtwo NAND gates.Theconnectionsbetweenthesubcircuitsareshown

in Figure7.3. Finally, we addcapacitancebetweenthegatesto modellocal inter-

connect.

Notethatalthoughtheconceptof a read-oncemonotoneBooleanformulais

somewhatsimilar to theactualimplementationasa circuit, to avoid confusion,the

two shouldbethoughtof separatelyasfunctionvs. implementation.In particular,

thecircuit is optimizedfor staticCMOStechnologywith NAND gatesandis not a

read-oncecircuit.

7.1.6 Delay

Thedepthof theformulaevaluationcircuit with • inputsis M*š•œ�ž

�

• plusthe�nal

XOR gate. For instance,for • 9

S

# , thecritical delaypathpassesthrougheight

NAND gatesandoneXOR gate.In contrast,thegshare predictorlooksup values

from a tableby readingfrom an SRAM array. We usethe methodologygiven in
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Figure7.3: Booleanformulabranchpredictorcircuit for ahistorylengthof 8.
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Chapter3 for obtainingtheaccesstimesfor thepatternhistorytables.

Weestimatetheaccesstimeof theBooleanformulapredictorby simulating

thecombinationalcircuit andmeasuringthedelayfrom thebranchinstructionand

history register inputs to the output of the XOR gate. The delay measurements

arethetime from themidpointof theinput signalswitchingto themidpointof the

outputsignalswitching.Wecalculatedthelookuptimefor agsharepredictorusing

our modi�ed CACTI tool. Table7.1shows theaccesstimesfor a 4K-entrygshare

predictorandtwo sizesof theBooleanformulapredictor, •ß9@Ý and •à9

S

# , for a

rangeof fabricationtechnologies.We chosethe4K-entrypredictorbecause,aswe

will seein Section7.2, the • 9‘Ý versionof the Booleanformulapredictoronly

slightly exceedsthe accuracy of a 4K-entrygshare. Thus,our delaycomparisons

show thatwecanachievehigheraccuracy with lower latency.

As fabricationtechnologyimproves, transistorscan be madesmallerand

faster, resultingin higherclock frequenciesandfastercombinationalcircuits. As

Table7.1 shows, accesstimesfor eachstructureimprove astheminimumfeature

sizedecreases.

TheBooleanformulapredictoris consistentlyfasterthanthe4K-entrygshare

predictor, allowing moretime for communicationandcomputationwithin a clock

cycle. At the projectedclock rateof 7 Ghz for 50 nm technology, the clock pe-

riod wouldbe144picoseconds.A traditionaltable-lookuppredictorsuchasgshare

wouldrequiremorethanasinglecycle—167picosecondsin thiscase—forthepre-

diction. In the sametechnology, the Booleanformula predictorwould provide a

predictionin 59 picoseconds,leaving over half of thecycle to preparefor andact

upontheprediction.

Oneconcernwith our predictoris that the contentsof the branchopcode

areon thecritical pathto makinga prediction;theBooleanformulamustbe read
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Minimum AccessTime(picoseconds)
Feature 4K-entry Formula, Formula,

Size(nm) gshare •ß9áÝ •à9

S

#

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

Table7.1: Accesstimesfor a 4K-entrygshare predictorvs. two versionsof theBoolean
formulapredictor.

beforeit canbeevaluated.However, this delayis commonto any branchpredictor

thatusesbiasbitsor any othertypeof informationfrom thebranchinstruction,such

astheagreepredictorusedon theHP-PA/RISC or thestatic/dynamicandbiasbits

provided by IA-64. Onesolution is to provide pre-decodebits in the instruction

cachethatprovide theopcodeinformationquickly.

7.1.7 Power

Power consumptionhasrecentlybecomea primaryconcernin microprocessorde-

sign. In this section,we contrastthepower consumptionof traditionalbranchpre-

dictorswith thatof theBooleanformulapredictor.

TheBooleanformulapredictoris a combinationalcircuit thatuseslessdy-

namicpower thananSRAM-basedpredictor. Thissmallpredictorhassmallergate

andinterconnectcapacitancethananSRAM structure,whichhasdecodinglogic, a

memoryarray, sensinglogic, andoutputlogic.

Table7.2shows theBooleanformulapredictor's dynamicpower consump-

tion for •â9ãÝ and • 9

S

# , asmeasuredwith theHSPICEsimulator. This table

alsoshows thepower of a 4K-entrygshare predictor, measureusingthemodi�ed
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Minimum Power (milliw atts)
Feature 4K-entry Formula, Formula,

Size(nm) gshare •ß9áÝ •à9

S

#

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

Table7.2: Dynamicpowerconsumptionfor two versionsof theBooleanformulapredictor
anda4K-entrygshare.

CACTI 2.0. The •Ü9NÝ resultsshow thattheBooleanformulapredictorconsumes

between0.4%to2.9%of thepowerof agsharepredictorwith comparableaccuracy.

With lower transistorthresholdvoltagesin emerging technologies,static

power—dueto leakagecurrentthroughtransistors—isbecomingasizablepercent-

ageof the total power consumed[61]. With fewer transistorsin thecircuit to leak

current,theBooleanpredictorcircuit will alsohavelessstaticpowerthananSRAM

structure.Furthermore,the Booleancircuit implementationis amenableto a low

staticpowerdesigntechniquethattakesadvantageof thestackedtransistorswithin

gatesto biastransistorsinto a low-leakagemode[61].

7.1.8 Impact of Encoding

SinceeachbranchinstructionencodesaBooleanformula,wemust�nd anef�cient

way to encodethe formula in the instructionwithout having a negative impacton

performance.Someinstructionssetsalreadyprovide extra bits for communicating

hints to themicroarchitecture.For instance,theAlpha AXP ISA provides14 bits

in eachindirectbranchinstructionfor pro�ling information[55]. In their work on

variablelengthpathbranchprediction,Starket al. [58] useextrabits suchasthese
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to communicateto themicroarchitectureinformationonhashfunctionsfor abranch

predictor.

WeproposechangingtheISA sothatbranchinstructionsencodetheformu-

las. For example,eachbranchinstructionon the Alpha is 32 bits long: six bits

indicatethe op codeof the instruction,� ve morebits indicatethe registerto test,

and21bitsarefor thebranchoffset.For aBoolean-formulabasedbranchpredictor

requiring • bits in a branchinstruction,we proposeto reallocate• of the offset

bits to theformula.Somelongbrancheswill needto besplit into abranchfollowed

by a jumpto thetarget,increasingthenumberof instructionsexecuted.

Figure7.4 shows the harmonicmeanover the SPEC2000 integer bench-

marksof the percentageof extra instructionsexecutedon the Alpha whenoffset

bits arereallocatedto Booleanformula predictors. We obtainedthese�gures by

assumingthatevery branchwith anoffset largerthanwould �t giventherestricted

numberof offset bits would incur an additionaljump instruction,andaddingthe

numberof suchdynamicallyexecutedbranchesto thetotal numberof instructions

executed.

Wemeasuretheharmonicmeanover theSPEC2000integerbenchmarksof

thepercentageof extra instructionsexecutedon theAlpha whenoffsetbits arere-

allocatedto Booleanformulapredictors.With formulasof up to 9 bits, thenumber

of extra instructionsis negligible. With 12-bit formulas,only 0.2%moreinstruc-

tionsareexecuted.With 14-bit formulas,1.0%moreinstructionsareexecuted.As

history lengthincreasesbeyond16 bits, this encodingtechniquebecomeslessfea-

sible. For longerhistories,we have developeda moresophisticatedtechniquethat

exploits thefact thatmostof the functionsareconstant.With this technique,only

thosebranchesfor which theBooleanformula is moreaccuratethanbiasbits use

Booleanformulas. The restusesimple bias bits, keepingthe restof the branch
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instructionopcodefor storingthebranchoffset.
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Figure7.4: Impactof FormulaEncodingonPerformance.

7.2 Resultsand Analysis

In this section,we give theresultsof simulatingour branchpredictoron theSPEC

2000integerbenchmarks,andwe compareour resultsagainstbothstatic(i.e.,bias

bits) anddynamicbranchprediction.We alsogive resultsfor a predictorthatcom-

binesBooleanformulaswith dynamicprediction,andwe comparethis to similar

work thatcombinesstaticanddynamicprediction.
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7.2.1 Methodology

Weusethe12SPEC2000integerbenchmarksrunningunderSimpleScalar/Alpha[10]

to collect traces.For eachbenchmark,we gathertracesgiving thebranchaddress

andoutcomefor up to 300 million branches.We usethe train inputs for the

pro�ling runs,andwe usethe ref inputsto evaluatethe accuracy of the various

predictors.To bettercapturethesteady-stateperformanceof thebranchpredictors,

ourevaluationrunsskip the�rst 50 million branches,asseveralof thebenchmarks

haveaninitializationperiod(lastingfewer than50million branches),duringwhich

branchpredictionaccuracy is unusuallyhigh. Eachbenchmarkexecutesat least

300million branchesandover onebillion instructionson the test inputsbefore

thesimulationends.

7.2.2 PredictorsSimulated

We simulatemonotoneread-onceBooleanformula predictorsfor MÊÉä• É

S

Ý .

We useonly globalhistory information,i.e., we do not usepathor per-branchin-

formation. We alsosimulatethe gshare [41], bi-mode[38] andagree[57] branch

predictors,threewell-known globaldynamicbranchpredictorsfrom theliterature.

The gshare and bi-modepredictorsuseonly dynamichistory information. The

agreepredictorcombinesstaticanddynamicinformationby predictingwhethera

branchwill agreewith abiasbit.

History lengthhasbeenobserved to have a signi�cant impacton predictor

accuracy [41], so for eachpredictorandeachhardwarebudget,we try all possible

history lengthson the train inputs and keepthe one with the lowest average

mispredictionaccuracy.

To givealower-boundonmispredictionratesfor any Boolean-formulabased
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predictor, wealsomeasuretheresultsof usingarbitrary Booleanformulas.Thatis,

wemeasuretheresultsof usingthebestpossiblestaticBooleanfunctionfor agiven

branch,over a trainingset,regardlessof thecostof implementingthefunction. To

�nd the bestarbitraryBooleanformula for a particularstaticbranch,we measure

thenumberof takenversusnot-takenbranchesfor eachhistory leadingup to that

branchin the training set, thenassignto eachhistory the predictionyielding the

mostcorrectlypredicteddynamicbranches.Outof all thepossiblehistoriesleading

to a branch,only a small fractionwill actuallybeobserved; all otherhistoriesare

assignedthebiasbit for thatbranch.Thearbitrarypredictoris representedby the

pro�ling algorithmasasetof rowsin atruth tablewheretheinputsarethehistories

andtheoutputis theprediction.Notethatthisarbitraryformulapredictoris actually

implementablefor history lengthsof up to four, sincethetruth tablefor a Boolean

functionin four variablescanbeencodedin only 16bits.
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Figure7.5: Accuracy of dynamicbranchpredictorsvs. staticpredictionandtheBoolean
formulapredictor.
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7.2.3 Mispr ediction Rates

Figure7.5showsmispredictionratesfor themonotoneread-onceBooleanformula

predictorat history lengthsof 4, 8 and16, comparedwith gshare, agreeandbi-

modepredictorsat hardwarebudgetsfrom 512to 256K entries.Labelsabove the

512 and1K-entry hardwarebudgetsshow the processtechnologiesfor which the

correspondingbudgetis reachablein onecycle at an aggressive clock rate. Also

shown is themispredictionratefor theglobalperceptronpredictorfrom Chapter5

in thesamerangeof hardwarebudgets,to provide a comparisonof theaccuracies

of theperceptronandformulapredictors.Notethattheperceptronpredictorcannot

work in a singlecycle at any hardwarebudgetwithout delay-hidingtechniques,so

thelabelsabove the  -axisapplyonly to thePHT-basedpredictors.

At today's 180 nm and130 nm technologies,for which branchpredictors

with only about1K to 2K tableentriesstateareavailableat moreaggressiveclock

speeds,a4-bit Booleanformulapredictorwith amispredictionrateof 6.6%roughly

matchesthe accuracy of the bi-modepredictor. With a history lengthof 16, the

Booleanformulapredictorhasa mispredictionrateof 5.02%,an improvementof

24%over the1.5K-entrybi-modepredictor, androughlymatchingthemispredic-

tion rateof theperceptronpredictorat theequivalentof a1K-entrybudget.

To put these�gures anotherway, a4-bit Booleanformulapredictorachieves

roughlythesamepredictivepowerasa4K-entrygsharepredictor. A 16-bitBoolean

formulapredictoris aboutasaccurateasan8K-entrygsharepredictor, a 3K-entry

bi-modepredictor, or a2K-entryagreepredictor.

Figure7.6 shows, for history lengthsrangingfrom 2 to 18, misprediction

ratesfor themonotoneread-onceBooleanformulapredictor, aswell asfor thepre-

dictor that usesarbitraryformulas. For reference,it alsoshows the misprediction
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rateswith history lengthsfrom 0 to 18 for purestaticpredictionwith biasbits, as

well asfor dynamicpredictionwith a 1K entrygshare, a 1K entryagreepredictor,

anda1.5Kentrybi-modepredictor;thesetablesizesrepresentthepredictorsacces-

siblein asinglecycle in 50through130nmtechnologywith aggressiveclockrates.

As historylengthincreases,themispredictionrateof theBooleanformulapredictor

decreasesandremainscloseto theperformanceof thearbitraryformulapredictor.

As a lower boundon dynamicbranchpredictormispredictionrate,Figure7.6 also

shows the mispredictionrateof a perceptronpredictorwith arbitrarily many per-

ceptronsandanincreasinghistorylength,i.e.,a predictorwith no con�ict aliasing.

Clearly, this idealperceptronpredictoris moreaccuratethanevenarbitraryBoolean

formulas,so the ideaof encodingany staticfunction in thebranchinstructionhas

its own limitations.

Figure 7.7 shows mispredictionrateson eachbenchmarkwith the same

limited-budgettwo-level predictorsaswell asBooleanformulapredictorswith his-

tory lengthsof 8 and16. TheBooleanformulapredictorusuallyhasa mispredic-

tion ratelower thanthatof thedynamicpredictors.However, in a few cases,such

as256.bzip2 , theformulapredictor'smispredictionrateis high,mostlikely due

to input-dependentprogrambehavior thatcannotbelearnedby pro�ling.

Figure7.8showsthemispredictionratesof predictorsusingtheagreemech-

anismcombinedwith our formulapredictor. An agreepredictorpredictswhethera

branchoutcomewill agreewith abiasbit, turningdestructivealiasinginto construc-

tivealiasing.Ourcombinedagree/formulapredictorsuseaPHTto predictwhether

thebranchoutcomewill agreewith theoutputof a Booleanformula,ratherthana

biasbit. With a1K-entryPHT, theagreepredictorwith biasbitsyieldsamispredic-

tion rateof 5.3%. The 8-bit versionof our agree/formulapredictordecreasesthis

rate to 4.4%,an improvementof 17%. The 16-bit versionof our predictorhasa
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Figure7.6: Mispredictionratefor theBooleanformulapredictorasa functionof history
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mispredictionrateof 3.9%,animprovementof 25%.

For reference,wecompareourpredictorwith theAlpha21264hybridbranch

predictor, which is themostaccurateexisting predictorfor which implementation

detailsare readily available [35]. This predictorusesa 4K-entry global history

predictoranda 1K-entry per-branchhistory predictorcombinedwith a 4K-entry

chooser, consumingroughly 4KB of state.TheAlpha 21264predictorachievesa

mispredictionrateof 2.93%on thetraceswe gathered.At thesamehardwarebud-

get,theagreepredictor, whenenhancedwith the16-bit versionof ourBooleanfor-

mulapredictor, achievesa mispredictionrateof 2.55%.Evenat half thehardware

budgetof theAlpha 21264predictor, an8K-entryversionof ouragree/formulahy-

brid achievesamispredictionrateof 2.86%,narrowly betterthantheAlphahybrid.

Using our aggressive clock modeling,the largesthybrid agree/formulapredictor

availablein asinglecyclewill achieveamispredictionrateof 3.97%,which is 35%

higherthanthatof theAlphapredictor. However, animportantpointof ourresearch

is thatcomplex predictorssuchastheAlpha's areinfeasibleat higherclock rates.

Eventoday's Alpha mustemploy anoverridingmechanism[35], in which branch

predictionsthatdo not agreewith the lesssophisticatedcacheline predictorintro-

ducea single-cycle bubbleinto the pipeline,reducingthe performanceadvantage

of themoreaccuratehybridpredictor.

7.2.4 Distrib ution of Formulas

An analysisof the distribution of Booleanformulaschosenby the pro�ling algo-

rithm shows thatmostof theBooleanformulaschosenarethe two constantfunc-

tions,0 and1. This dependenceon constantformulasdecreasesashistory length

increases.For instance,with a history lengthof 4, 78% of staticbranchesin the

SPEC2000integerbenchmarksarebestpredictedwith a constantformula,asop-
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Figure7.8: Accuraciesof Booleanformulapredictorsusingtheagreemechanism.Mis-
predictionratesareharmonicmeansoverSPEC2000.

posedto only 49% for a history length of 16. As history length increases,the

predictivepowerof theBooleanformulapredictorincreases,andtheconstantfunc-

tionsrepresenting“predict takenalways” and“predict not takenalways” give way

to moreintelligentchoices.Figure7.9shows, for historylengthsfrom 2 to 18, the

percentageof dynamicandstaticbranchesfor whichconstantformulasarechosen.

Table7.3 shows the dynamicfrequenciesfor eachformula with a history

length of four, along with the mispredictionrate for eachformula using a 4-bit

Booleanformulapredictorandfor biasbits. For brevity, we omit similar tablesfor

theotherhistorylengths.

7.2.5 Pro�ling Cost

Thecostof determiningthebestBooleanformula for eachbranchis an important

componentof thecostof ourbranchpredictor. Here,wequantifythiscost.

Themajorityof thetimeof thepro�ling algorithmisspentevaluatingBoolean

formulasfor thesetof historiesleadingup to a branch.Thetime to evaluatea for-
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Figure7.9: Percentageof branchesusingconstantformulasatvarioushistorylengths.
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Table7.3: Distribution of Booleanformulasfor ahistorylengthof 4.
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mulafor agiveninput (i.e. history)is roughlyconstant.With ahistorylengthof up

to 12, we have found thatgeneratinga lookup tableto hold the functionvaluesis

mostef�cient; for thesehistorylengths,thecostof evaluatinga formulais thecost

of a singlememoryaccess.Beyonda history lengthof 12, we usea C++ function

call to evaluateformulas. With ef�cient codingandformula representation,using

a history lengthof 16, a singleformulaevaluationtakesanaverageof 270nson a

733MHzPentiumIII.

Figure7.10shows the amountof time taken for pro�ling, asa function of

history length. Thegraphshows thearithmeticmeanof the time, in seconds,that

our algorithmspentfor eachbenchmark.Thesetimeswerecollectedby running

ourprogramon ournetwork of 733MHzPentiumIII computers.

Our current implementationtakes time exponentialin the history length.

However, for the small history lengthsthat we considerin this study, the time is

not unreasonable.For instance,with a history lengthof 16, thepro�ling algorithm

takesabout12 minuteson a 733MHzPentiumIII. For a history lengthof 10, the

programtakesabout2 minutes. For history lengthslessthanabout12, the time

for the programis dominatedby activities unrelatedto �nding the bestBoolean

function. For instance,muchtime is spentsimply readingthelarge trace�le from

thediskandperformingothertasksthatany typical feedback-directedoptimization

would require.Our algorithmis alsoeasyto parallelize.Thetime-consumingpart

of thealgorithm—duringwhich thebestBooleanformulais decidedfor eachstatic

branch—isembarrassinglyparallel,asthevariousstaticbranchescanbepartitioned

amongmany processors.Thus,we feel thatour pro�ling algorithmwould be ap-

propriatein a framework in which otheroptimizationsarealsobeingexploredby

simulation.
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7.3 Summary

We have introducedandevaluateda new branchpredictionschemethat borrows

from complexity theory the conceptof a read-oncemonotoneBooleanformula.

TheseBooleanformulasprovidea compactencodingof a classof functionsthat is

expressiveenoughto performbranchpredictionyet conciseenoughto beencoded

in branchinstructions. By off-loading most of the predictionwork to the com-

piler, ourBooleanformulapredictoris small,fastandconsumeslittle power. While

our schemeprovidesa competitive alternative to existing dynamicbranchpredic-

tors,therealbene�t of our schemelies in thefuture,asour schemeis signi�cantly

lesssensitive to theimpendingtechnologyscalingissuescausedby increasedwire

delays. Our predictorcanalsoform a valuablecomponentof an agreeor hybrid

predictor, decreasingmispredictionratesby providing betterestimatesof branch

outcomesthanbiasbits.
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Chapter 8

RelatedWork

Our work builds on thecontributionsof many otherresearchersandengineers.To

placeour work in thecontext of otherresearch,we now review someof therecent

relatedwork.

8.1 Hint Bits in Branch Predictors

OurBooleanformulapredictorandbranchpathre-aliasingschemearetwo of many

predictionideasthatprovide hints throughthe ISA to thebranchinstruction.One

highly successfultechniqueis branch classi�cation[14], in whichabranchinstruc-

tion speci�eswhich predictoris bestfor thatbranch.Many branchesarepredicted

well with a staticprediction;thesebranchescanbe“�ltered” out of thestreamof

branchesthat are allowed to updatethe PHT, thus reducingaliasing. A version

of the agreepredictorpredictswhethera branchoutcomewill agreewith a bias

bit set in the branchinstruction[57]. Augustet al. proposeplacinghint bits in

eachbranchinstructionthattell a dynamicpredictorwhatkind of stateto examine

to make a prediction[5]. The variablelengthpathbranchpredictor[58] encodes

pro�ling informationin branchinstructions;this informationguidesadynamicpre-
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dictor, telling it what history lengthto useandwhathashfunction of pastbranch

addressesto useto form anindex into a tableof counters.

Unfortunately, for mostof thesetechniquesto work, thebranchinstruction

hastohavebeenatleastpartiallydecodedbeforethebranchpredictioncanbemade.

Thesetechniqueswill not be feasiblein aggressively clocked CPUswith multi-

cycle instructioncachelatencies,sincethepredictoris in serieswith theinstruction

cache.Our Booleanformula predictorsuffers from the sameproblem. However,

our branchpath re-aliasingpredictoris different; it usesa hint bit in the branch

instruction,but thehint is notneededuntil thebranchpredictoris updated.

8.2 Combining Static and Dynamic Branch Predic-
tion

Branchpredictionaccuracy can be increasedby combiningstatic with dynamic

branchprediction. Someof the branchescanbe predictedwith a staticbiasbit,

while otherswith lessbiasedbehavior canusethe dynamicpredictor. Sincethe

easilypredictablebranchesare�ltered out, aliasingin thedynamicpredictoris al-

leviatedandaccuracy is improved. This technique,alongwith a methodologyfor

choosingthebiasbits,wasintroducedby Changetal. asbranchclassi�cation.Patil

andEmerstudythetechnique,measuringits utility in reducingdestructivealiasing

andre�ning theheuristicsusedto decidewhichbranchesshouldbepredictedstati-

cally [46].

8.3 Branch Prediction and Machine Learning

Ourperceptronpredictorborrowsfrom neurallearningtechniques,whichareasub-

setof the�eld of machinelearning.Our Booleanformulapredictoris alsosimilar
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in somerespectsto otherbranchpredictorsbasedon decisiontrees.In this section,

we review otherwork relatedto branchpredictionandmachinelearning.

8.3.1 Neural Networks

Neuralnetworkshave beenusedfor doingbranchpredictionbefore,but in a quite

differentcontext. Neuralnetworkshavebeenusedto performstaticbranchpredic-

tion [11]. Thelikely branchdirectionof astaticbranchis predictedatcompile-time

by supplyingprogramfeatures,suchascontrol-�ow andopcodeinformation,asin-

put to a trainedneuralnetwork. This approachachievesan80%correctprediction

rate,comparedto 75% for staticheuristics[6, 11]. Our work proposesputting a

neuralstructureinsidethe microprocessoritself, so that it canlearnon-line from

thebranchhistory.

8.3.2 GeneticAlgorithms

Machinelearningalsoincludesgeneticalgorithms.EmerandGloy usegenetical-

gorithmsto “evolve” branchpredictors[19], but it is importanttonotethedifference

betweentheir work andours. Their work usesevolution to designmoreaccurate

predictors,but theendresultis somethingsimilar to a highly tunedtraditionalpre-

dictor. Weperformextrawork in themicroarchitecture,sothebranchpredictorcan

learnandadapton-line.

8.3.3 DecisionTrees

Decisiontreesarepredictorslearnedthroughtraining,muchlike neuralnetworks.

Thework of Calderet al. in staticbranchpredictionwith neuralnetworksalsoex-

plorestheuseof decisiontrees[11]. Lindsayexplorestheuseof decisiontreesto

encodestatically-learnedBooleanfunctions[40]. Thedecisiontreesarelearnedby
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pro�ling andareencodedin programmablelogic arrays(PLAs). By contrast,our

Booleanformulapredictorencodingis representedonly in thebranchinstruction,

requiring little hardware in the CPU itself. Although Lindsay's thesisaddresses

latency issues,PLAs representingthebehavior of largesetsof branchinstructions

will have thesametechnologyscalingissuesin futuretechnologiesaslargebanks

of SRAM. Similarly, Fernetal. [24] studytheuseof decisiontrees,grown dynam-

ically, for branchprediction.Thetreesarekeptin a largestructurein theCPUand

would have thesameproblemswith delayasotherpredictors.Thus,our technique

is distinctlywell-suitedto theissuesof technologyscaling.

8.4 Latency-SensitiveBranch Prediction

Althoughtheproblemof delayin branchpredictorshasnot beenstudiedin detail,

therearequitea few studiesin which relatedissueshaveappeared.

Lookaheadbranchprediction, including predictingmultiple branchesper

cycle,hasbeensuggestedasameansfor predictingbranchesthathavenotyetbeen

presentedto the predictor. Oneof the �rst lookaheadbranchpredictorswaspro-

posedby Yehet al. [64] astheMultiple BranchTwo-Level Adaptive BranchPre-

dictor. This predictorusestheresultof the �rst branchpredictionto speculatively

updatethehistoryregisterfor asecondbranchprediction.No branchaddressesare

requiredsinceonly theglobalhistory registeris usedto accessthepatternhistory

tables. Seznecet al. improve on this ideaby enhancingthe branchtarget buffer

(BTB) to enablethe predictorto usethe addressof the currentinstructionblock

to performpredictionfor thenext instructionblock [54]. This schemeenablesthe

fetchesto multiple blocksto bepipelined.Onder, Xu andGuptaproposea similar

schemein whichpredictionsfor anentirebranchsequencearemadeall atonce,and
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instructionfetchcancontinueunimpededthroughthelastbranch[44].

DriesenandHölze proposea “cascaded”predictorthat dynamically�lters

easilypredictedbranches,relievingaliasingeffectsin thepatternhistorytable(PHT)[17].

Our work borrows the ideaof cascading,but usesit to alleviate delay. Similarly,

Eversdescribesthe useof two PHTswith differenthistory lengthsanddifferent

accesstimes,wheretheslower onecanoverridetheother[22]. TheAlpha 21264

branchpredictorusesthe ideaof overriding: thebranchpredictorcanoverridethe

lessaccurateinstructioncacheline predictor, with a penaltyof a singlecycle, as

opposedto theseven-cyclebranchmispredictionpenalty[35].

Someof our work builds on thefact that thereis oftenmorethanonecycle

betweenbranches,evenonawide-issueprocessor, andthatusefulbranchprediction

work canbedonein betweenbranches.Thisfactwasalsonoticedin work by Onder

etal. in theirpaperon predictingbranch

sequences[44].

Of course,the real goal in thesestrategies is to improve instructionfetch

bandwidthandpreferablytake branchpredictionoff the critical path. Recentre-

searchhasfocusedon tracecachesasa mechanismto capturea long streamof se-

quentialinstructionsthatcanbeeasilyfetchedat peakbandwidth[51, 45]. Branch

predictionguidesthe traceselectionin the instructionfetch engine,at timespre-

dicting multiple branchesper cycle. A moreradicalapproachis the FetchTarget

Buffer (FTB) proposedby Reinman,et al. [48]. The FTB storesthe addressesof

predictedblocksof instructionsandis designedasa two-level cachefor fastaccess

andaccurateblock prediction.Like our study, Reinmanet al. considertechnology

constraintsin thedesignof theFTB. Frameworkslike theFTB canbene�t by using

our delay-sensitive branchpredictionstategiesas their branchpredictioncompo-

nents.
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Chapter 9

Conclusions

In thischapter, wereview thecontributionsof thisdissertationanddiscusstherela-

tionshipsbetweenthevariousproposedtechniques.

9.1 Contrib utions

Recallthethesisstatementfrom theintroduction:

Despitetheeffectsof aggressiveclockscaling,wire delay, andcomplex

organizations,futurebranchdirectionpredictorscanhaveimprovedac-

curacy while still providing a predictionin asinglecycle.

Until now, branchpredictiondesignhasfocusedon accuracy while ignor-

ing delay. We have shown that as wire delaysand clock ratesincrease,branch

predictordesignsthatoptimizefor accuracy canhave a negative impacton overall

IPC (seeFigures4.7 and4.6). Thus,future branchpredictoref�cacy dependson

bothaccuracyanddelay, andresearchersshouldaccountfor bothwhenreporting

branchpredictionresults.Accordingtoourscalablemodelsfor branchpredictorac-

cesstime, today's predictorswill not beaccessiblein a singlecycle in sub-100nm

technologieswith aggressive clocking. In deepsub-microntechnologiesthat are
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latency ratherthancapacity-dominated,a branchpredictor's areawill becomeless

importantthanits latency in thecritical path.

In thissection,weshow how thevarioustechniquesdescribedprovidecom-

pellingevidencefor our thesis.

9.1.1 Hierar chical Organizations

In this dissertationwe have examineda numberof alternative branchpredictorar-

chitecturesandevaluatedthemin thecontext of futureprocesstechnologies.These

hierarchicalorganizationsarecapableof extendingtraditionalpredictorssuchas

gshare into futuretechnologies,aswell asenablingmorecomplex predictorssuch

as the perceptronpredictor. A cascadinglookaheadpredictorthat usesthe time

in betweenbranchesto make predictionsperformswell. An overriding predictor

that allows a slow predictorto cancelthe predictionof a faster, but lessaccurate

predictorperformsthebest.

We have introduceda new branchpredictorthatusesneuralnetworks—the

perceptronin particular—asthe basicpredictionmechanism.Perceptronsareat-

tractive becausethey can uselong history lengthswithout requiring exponential

resources.A potentialweaknessof perceptronsis their increasedcomputational

complexity whencomparedwith two-bit counters,but we have shown how a per-

ceptronpredictorcanbeimplementedef�ciently with respectto bothareaanddelay

usinghierarchicalorganizations.Theperceptronpredictorperformswell atall hard-

warebudgets,achieving a lowermispredictionratethanseveralwell-known global

predictorsontheSPEC2000integerbenchmarks;indeed,sincetheperceptronpre-

dictoroutperformsEvers' multi-componentpredictor, weclaim thattheperceptron

predictoris the mostaccuratefully dynamicbranchpredictorknown. Despiteits

higherlatency, theperceptronpredictoryieldshigherIPCsthantheotherpredictors
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becauseof ouruseof hierarchicalorganizations.

In our simulations,we have taken into accountboth clock rate and wire

delay in future technologies,andshown that hierarchicalorganizations,both for

traditionalpredictorsandfor theperceptronpredictor, allow branchpredictionin a

singlecycle while makinguseof slowerstructuresto improvepredictionaccuracy.

Thesetechniquesandexperimentsprovidestrongevidencefor our thesis.

9.1.2 CooperativePredictors

Cooperative branchpredictorsbreakthe tradeoff betweendelayandaccuracy by

off-loadinga signi�cant amountof thepredictionwork to compile-time.We have

evaluatedtwo cooperativebranchpredictionschemes.

Branchpathre-aliasingis a new branchpredictiontechniquethat improves

accuracy for GAg predictors.By usingpathpro�les to mappathsleadingto dif-

ferentoutcomesto differentPHT locationsandpathswith similar outcomesto the

samePHT locations,re-aliasingdecreasesdestructive aliasing. An advantageof

branchpathre-aliasingis its simplicity andlow delay. Thetime to accessthepre-

dictor is limited only by thetime to accessthePHT; thereis no otherlogic on the

critical path.Moreover, variationsof our techniqueimprovesaccuracy in complex

predictororganizationssuchasagreeandhybridpredictors.

TheBooleanformulapredictoreliminatestablesandtheirassociateddelays

altogether, usinga compactencodingof Booleanfunctionsto performbranchpre-

diction. This predictoris feasibleevenwith themostaggressive futureclock rates

andsmallestprocesstechnologies.

A disadvantageof both the Booleanformulapredictorandbranchpathre-

aliasingis that they requirepro�ling, whereastheperceptronandhierarchicalpre-

dictorsarenotburdenedby this constraint.
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Our cooperative branchpredictionapproach�ts in with the generaltrend

towardsmoving morework out of theprocessorandinto thecompiler. By making

predictionsimplerwithout reducingaccuracy, we can enjoy the bene�ts both of

high IPC andhigh clock ratesenabledby thesesingle-cycle predictors.This work

addressespartof thethesisstatementrelatingto improvedaccuracy athigherclock

rates,andprovidesanalternative to thehierarchicaltechniques.

9.2 Comparisonof the Techniques

We have proposedseveral different techniquesthat addressthe problemof delay

in branchpredictors.In this section,we comparethetechniqueswith oneanother,

providing informationusefulto amicroarchitecttrying to decidewhichoneto use.

To illustrate the comparison,Figure 9.1 shows the mispredictionratesof

many of thepredictorsintroducedin this dissertation,aswell asthemisprediction

ratesof gshare, agreeandhybridpredictors.
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9.2.1 Advantagesof Hierar chical Organizations

Themainadvantageof hierarchicalorganizationsis thatcompilerandISA support

is notneeded;predictorswith hierarchicalorganizationsarestrictlyamicroarchitec-

tural technique,with no directly observableconsequenceson theISA or compiler.

Conversely, cooperative predictorsrequirechangesto the ISA (althoughbranch

pathre-aliasingmayre-useexisting ISA bits),andpro�ling. Figure9.1showsthat,

athardwarebudgetsoveronekilobyte,theglobal/localperceptronpredictorhasthe

lowestmispredictionrateof any of thepredictorsexaminedin thisdissertation.We

recommendthis predictorfor situationswhereunmodi�ed legacy programsmust

berun asquickly aspossible,with designcomplexity beingonly a secondarycon-

cern.Unfortunately, theperceptronpredictorintroducescomplexity into thedesign

of the processor, particularly in the layout of the irregularly-shapedWallace-tree

circuit. A lessambitiousdesigncould still usehierarchicalorganizationswith a

moretraditionalgshare or hybrid predictor, takingadvantageof theaccuracy of a

largestructureaswell asthespeedof asmallstructure.

9.2.2 Advantagesof CooperativePredictors

Recenttrendsin computerarchitecturepoint to a greaterwillingnessto modify the

ISA and rely on pro�ling or even dynamiccompilation to achieve performance

improvements[28, 4]. Our cooperative predictorsarein line with this trend. Both

of our cooperative predictorsgreatlysimplify the hardwareaspectsof the branch

predictorat theexpenseof pro�ling. TheBooleanformulapredictorusesabout1%

of the areaandpower, and33% of the delayof a gshare predictorwith the same

predictive power. Branchpathre-aliasingallows us to usea smaller, fastertable

while maintainingthesameaccuracy previouslyachieveswith a largertable.
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Figure 9.1 shows that the best predictor at small hardware budgetsis a

Booleanformulapredictorcombinedwith a smallagreepredictor. This organiza-

tionenablesquickpredictionandalow mispredictionrate,with low implementation

costs. At a costof 1024two-bit counters,this predictorachievesa misprediction

rateof 2.59%,which is slightly betterthanamuchlargergsharewith 16,384coun-

tersat2.76%.

9.2.3 Recommendations

Wemakethefollowing recommendationsfor delay-sensitivebranchpredictors,ac-

cordingto theparticulargoalsof amicroarchitectandtheprogressin processtech-

nology:

HierarchicalOrganizations.We recommendthe hierarchicalorganizationsas a

cheapwayfor amicroarchitectto continueusingtraditionalbranchpredictors

with largebudgetsin a situationwherehigh clock ratespreventsingle-cycle

access.Hierarchicalorganizationsaresensiblein thenearfuture,whenbinary

compatibilitywith previousgenerationsof microprocessorspreventsinvasive

changesto theISA.

HierarchicalPerceptronPredictor. Werecommendaglobal/localhierarchicalper-

ceptronpredictorwhenthemicroarchitectis unconstrainedby chip areaand

power, andis simplyconcernedwith themostaccuratebranchpredictorpos-

sible. The perceptronpredictorwill make sensein the next several years,

whenincreasinglydeeppipelinesfor high-performancemicroprocessorswill

causebranchpredictionaccuracy to becomea bottleneckfor performance.

BranchPath Re-Aliasing. We recommendbranchpathre-aliasingin two cases.

First, for processorswith smallbranchpredictiontablesandbranchbiasbits

134



in the ISA, thebiasbits canbereusedto implementbranchpathre-aliasing

for a performanceboost. Second,in future technologieswhen instruction

cachelatenciescausetechniquessuchasbiasbits andthe Booleanformula

predictorto becomeinfeasiblebecausethey areonthecritical pathto making

a prediction,branchpathre-aliasingwill still be feasibleandallow fastand

accuratepredictions.

BooleanFormulaPredictor. We recommendtheBooleanformulapredictorwhen

performanceaswell aspower andchip areaarea concern,but ISA changes

arenot a problem. For instance,this predictorcanbe usedin embeddedor

DSPsystems,suchashand-helddevices,thatrequirehigh performancewith

minimum resources.For generalpurposecomputing,the Booleanformula

predictorwill make moresensein aboutthe next 10 years,whenchip mul-

tiprocessorsmaybecomethedominantcomputingsubstrate.Sincethearea

occupiedby thebranchpredictorcanbeessentiallyeliminatedby theBoolean

formulapredictor, theareasavingscanbedevotedto otherresourcessuchas

cachesor morecores.

9.3 Final Thoughts

Branchpredictordelay is a importantbarrier that future microarchitecturesmust

overcometo achievehigherperformance.Microarchitectscannotsimply ignorethe

problemby settlingfor smaller, lessaccuratepredictorsor naively implementing

multi-cycle predictors. We have shown that branchpredictordelaycanbe over-

comewith a variety of techniquesto enableprocessorsof the future to maintain

andeven improve IPCsin the faceof technologyconstraints.This work provides

a point from which microarchitectsof futureprocessorscanbegin designingfaster
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andmoreaccuratebranchpredictors. Although thereareother technologicalis-

suesthatwill complicatefuturemicroarchitecturedesigns,wearecon�dent that,if

future microarchitectswill usethe ideaspresentedin this dissertation,the branch

predictorwill not bea performancebottleneck.Rather, branchpredictionresearch

cancontinueto provide improvedaccuracy andgreaterinstructionfetchbandwidth

neededfor thechallengesfacinghigh-performancecomputing.
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