Copyright
by
DanielAngel Jiménez

2002



The DissertationrCommitteefor Daniel Angel Jiménez
Certi es thatthisis theapproredversionof thefollowing dissertation:

Delay-Sensitve Branch Predictors

for Futur e Technologies

Committee:

CalvinLin, Supervisor

DouglasC. Burger

StepherW. Keckler

HughB. Maynard

KathrynS. McKinley

YaleN. Patt



Delay-Sensitve Branch Predictors
for Futur e Technologies

by

Daniel Angel Jiménez,B.S,M.S.

Dissertation
Presentedo the Faculty of the GraduateSchoolof
The Universityof Texasat Austin
in Partial Ful llment
of the Requirements

for the Degreeof

Doctor of Philosophy

The University of Texasat Austin

May 2002



To my wife, StellaL. Jiménez



Acknowledgments

In my research| have recevedassistancérom mary people.

Calvin Lin, anassistanprofessoiin ComputerSciencesis my supervising
professor He hasbeendeeplyinvolvedin guiding my researctandis a co-author
on all of my recentpublications. Many of the ideaspresentedn this dissertation
wereformedin discussionsvith Calvin,andmary of thesuccessfuldeasl cameup
with onmy own wereideasl almostgave uponwhenCalvinsaid“let’' stake another
look at this” Calvin hasmadeit his responsibilityto make surethat |, aswell as
all of his otherstudentshave hadthe nancial supportwe needto accomplishour
goals;heis a staunchadwcatefor eachof us,andalthoughhe leadsa busy life, it
seemghealwayshastime to meetwith usanddiscusswvhateseris on our minds;we
areall thankfulfor him.

The membersf my dissertatiorcommitteeare: Doug Burger, Steve Keck-
ler, CalvinLin, HughMaynard,KathrynMcKinley andYale Patt. Eachof themhas
madeinvaluablecontributionsto this dissertatiorthroughdiscussionsfeedbaclkon
my writings, andthe proposabprocess.

Stere Keckler anassistanprofessoiin ComputerScienceshascontributed
severaldistinctive insightsto my researchhroughmary fruitful discussionsiswell

asactualwork on my ideas. It washis ideato studyhow technologyscalingwill



affect branchpredictors,providing the foundationuponwhich this dissertations
built. Steve is a co-authoron our paperon hierarchicalbranchpredictors[32]. It
washis suggestionio usea Wallace-trego implementthe perceptrorpredictor

HeatherHansona graduatestudentin Electrical& ComputerEngineering,
has helpedme understandhe tools usedfor studying CMOS circuits. Sheis a
co-authoron our paperon the Booleanformula predictor Shehelpeddesignthe
circuit for that predictorand shesetup the scriptsusedto measurets power and
delay Shehelpedmeunderstandhe HSPICEtool sothatl coulduseit for studying
the perceptrorpredictor

Vikas Agarwal, a graduatestudentin Electrical& ComputerEngineering,
modi ed the CACTI 2.0 cachesimulatorfor technologyscalingfor his research.
He provided me with his enhancedersionsof CACTI and,througha detaileddis-
cussionhelpedCalvinandmeunderstandhe resultshis predictoryields.

RajagopalarDesikan,a graduatestudentin Electrical & ComputerEngi-
neeringhashelpedme understandariousaspect®f the Alpha 21264microarchi-
tecture includingthe operationof the branchpredictor

SamuelZ. Guyer a doctoralcandidatean ComputerSciencesandlbrahim
Hur, a doctoralcandidaten Electrical& ComputerEngineeringprovided useful
suggestionandfeedbaclon draftsof papers.

Many otherfellow studentshave contritutedto my researchoy providing
usefulfeedbackat practicetalks. They are: Kartik K. Agaram, Vikas Agarwal,
Emery D. Bemger, Mary D. Brown, BrendonD. Cahoon,Rich J. Cardone,Ra-
jagopalanDesikan,SamuelZ. Guyer HeatherL. Hanson,lbrahim Hur, Maria E.
Jump,RamgopaR. Mettu, HrishikeshS MurukkathampoondiRamadasdlagara-
jan, Erik H. ReeberJuanC. Rubio, Karthikeyan SankaralingamAlison N. Smith,
TeckBok Tok, FrancisTsengandPhoebek. Weidmann.

Vi



During the courseof my research| have submittedseveral papergso peer
reviewed conferencesThe anorymousreviewershave provided valuableinsights,
pointersto literature, andcriticismsthat| have usedto make my researctstronger

Last,but notleast,my wife, StellaL. Jiménez hasenduredheseveralyears
of my graduatecareemwith morecheerthanl could have expected.Sheis my best
friend andthe sourceof my strength.Shehassupportecur householdnancially

throughmy yearsof voluntarily reducedearnings.

DANIEL ANGEL JIMENEZ

The Universityof Texasat Austin
May 2002

Vii



Delay-Sensitve Branch Predictors

for Futur e Technologies

PublicationNo.

DanielAngel Jiménez Ph.D.

TheUniversity of Texasat Austin, 2002

SupervisorCalvinLin

Accuratebranchpredictionis an essentiacomponenof a modern,deeply
pipelined microprocessors.Becausethe branchpredictoris on the critical path
for fetchinginstructions,it mustdeliver a predictionin a single cycle. However,
asfeaturesizesshrink andclock ratesincreaseaccesslelaywill signi cantly de-
creasehe sizeandaccurayg of branchpredictorsthat canbe accessedh a single
cycle. Thus,thereis a tradeof betweenbranchpredictionaccurag andlateng.
Deeperpipelinesimprove overall performancey allowing moreaggressie clock
rates but someperformances lostdueto increasedranchmispredictiorpenalties.
Ironically, with shorterclock periods,the branchpredictorhaslesstime to make
a predictionand might have to be scaledbackto make it faster which decreases

accurayg andreducegheadwantageof higherclock rates.
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We proposesereralmethoddor breakingthetradeof betweeraccurag and
lateng in branchpredictors.Our methoddall into two broadcateyories:hierarchi-
cal predictorsusing purely hardware implementationsand cooperatie predictors
that off-load somepredictionwork to the compiletr We describehierarchicalor-
ganizationghat extendtraditional predictors. We thendescribea highly accurate
branchpredictorbasedon a neurallearningtechnique.Using a hierarchicalorga-
nization, this complex multi-cycle predictorcanbe usedasa componenbf a fast
delay-sensitie predictor We introducea novel cooperatre branchpredictorthat
off-loads most of the predictionwork to the compilerwith pro ling. The com-
piler communicatepro led informationto the microprocessousingextensionsgo
theinstructionset. This Booleanformula predictor hasa smallandfasthardware
implementationandwill work in lessthanonecycle in eventhesmallestechnolo-
gieswith the mostaggressie projectedclock rates. Finally, we presentanother
cooperatre technique branch path re-aliasing that moves compleity off of the
critical pathfor makinga predictionandinto the compiler;this techniquancreases

accuray by reducingdestructve aliasingduringthelesscritical updatestage.
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Chapter 1

Intr oduction

Modernmicroprocessorachieve goodperformancdy executingmary instructions
in parallel. This instruction-level parallelism (ILP) canbe limited by variousbot-
tlenecks,so microprocessorsften performspeculatre 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 determinedanduntil then, it is not
clearwhich pathshouldbe followed. A branchpredictorusesstatisticalinforma-
tion to predictwhich directionthe branchwill take andto andspeculatrely fetch
andexecuteinstructionsalongthe predictedpath. This techniqueyields a tremen-
dousincreasean performancedy keepingthe pipelinefull evenin the presencef
controlhazardsSinceaboutonein sevenexecutednstructionss a branch branch
predictionis essentiafor modernpipelinesthat may have tensor even hundreds
of instructionssimultaneouslyin ight. If a predictionis incorrect,i.e. thereis
a misprediction a considerablenumberof cyclesis wastedexecutingthe wrong
instructionsandrestoringthe processostatesuchthatthe correctpathcanbe exe-

cuted.Thus,branchpredictorsmustbe highly accurateo avoid mispredictions.

1



Currenttechniqgueganachieve correctbranchpredictionratesof 95%[41],
i.e., mispedictionratesof 5%, but the high cost of recorering from mispredic-
tions [12] remainsone of the largestimpedimentgo performanceon currentand
future processors.Becauseof the large penaltyof a branchmisprediction,small
improvementdan accurag canhave a large impacton performance.As pipelines
becomedeepetto supporthigherclock rates the penaltyfor a mispredicteranch
will increase.For instancethe Pentium4 microprocessohasa 20-stagepipeline,
with a branchmispredictionpenaltyof approximately20 cycles[26]. For a simu-
lated processomwith a 20-stagepipeline,increasingthe branchmispredictionrate
from 4% to 7% decreaseperformanceby 11% in termsof instructionsexecuted
percycle (IPC). Thus,we aremotivatedto nd moreaccuratédranchpredictorsfor

futuretechnologies.

1.1 The Problem: Delayin Branch Predictors

It takeswork to accuratelypredictbranches.The amountof time availableto do
this work hasa large impacton the accurag of the branchpredictor Branchpre-
dictor accesslelayis a crucial componenin determiningthe performanceof the
processarsinceit hasanimpactonbothclock rateandinstructionthroughput.This
delayis affectedby trendsin technology In this section,we explain the sourceof
branchpredictordelayandthe consequences ignoringdelay
Modernbranchpredictorsare basedon the two-level adaptve branchpre-
diction techniqueintroducedby Yeh and Patt [62]. This schemeusesa table of
countergo nd correlationsbetweenprevious branchoutcomedo make a predic-
tion. For the branchpredictorto be accuratethis table shouldhave hundredsor

thousandsf entries,causingt to resemblea smallcachememory



In the pastthree decadesperformancamprovementsin microprocessors
have beendrivenin large partby improvementsn procesgecnolagy, i.e., thepro-
cesswith which microprocessorare fabricatedon wafersof silicon. As process
technologyimproves, the sizesand delaysof the transistorsand wires on a mi-
croprocessodecreaseallowing computerarchitect€o squeezanorefunctionality
ontothe chip, andrun the chip at a higherclock frequeng. Recentstudies,how-
ever, have shavn that asfeaturesizeshave beenshrinkingin currentand future
procesgechnologyincreasinglyaggressie clock ratesandlargerwire delayswill
leadto multi-cycle accesgo large on-chipstructuregl] suchascachesandbranch
predictors.

Until now, the hugebody of branchpredictionresearcthasfocusedon only
two dimensionsof the problem—areaand accurag—and hasfound that larger
hardware budgetsyield higheraccurag for two reasons:They allow the use of
longerhistorylengths,andthey reducealiasing, which occurswhentwo unrelated
brancheslestructvely sharethe samehardware branchpredictionresources.In-
deed,muchof the recentwork hasfocusedon methodsfor reducingaliasing[52,
41,38,57,18]. With growing chip capacitiesthefocusof theresearcltommunity
on areaandaccurag hasled to large elaboratepredictors,someof which require
16K to 64K bytestructureg20], andto comple predictionschemeshataddlevels
of logic to combatdestructve aliasing[18, 38].

Sincedynamicbranchpredictorsuselarge tablesto nd correlationsand
malke predictionsfuture branchpredictorswill needto considerathird dimension:
delay Figurel.lillustratestheproblemof ignoringdelay Usinganidealizeddelay
of onecycleto accesshepatternhistorytable(PHT),thegshae predictorf41] sees
improvedinstructionsper cycle (IPC)—dueto improved predictionaccurag—as

the sizeof the PHT is increased By contrastwith anaggressie clock frequeng



(1.9 GHz) anda realisticdelay modelfor today's 180 nanometetechnology the
curve dropsoff at512byteswherethe PHT requireswo cyclesto accessanddrops
againat64KB wheredelaybecomeshreecycles. This problemwill beexacerbated
by the smallerprocesdechnologie®f the future,asshavn by the curve for 50nm
technologyand a projected6.9 GHz clock rate. In this technology wire delay

causeshetableaccesgsimesto slip above onecycle evenearlier

NN
> --u - —B—E- K -0

Ce-m

] —e— Single-Cycle Access
1 - a-- Access Time in 180nm
] --+-- Access Time in 50nm

Instructions per Cycle

0 : I I I I I I I I I I I I | ]
4 8 16 32 64 128256512 1K 2K 4K 8K 16K 32K 64K
Table Capacity (Bytes)

Figurel.1: InstructionThroughputversusCapacityfor the gshae predictor

As anexampleof areal-world instanceof this problem,the branchpredictor
for the AMD Athlon microprocessorepresenta stepbackwardwhencomparedo
its predecessotheK6. While theK6 hasahighly accuraté8K-entryGAs predictor
the Athlon usesa lessaccurate2K-entry GAs predictor[16]. This changereduces
thedelayandreal estatecostsof the branchpredictorandcouldbe onereasonwhy
the Athlon is ableto achiere an aggressie clock rate of 1.4 GHz. Nevertheless,
the Athlon hasdecreaseg@erformancen termsof IPC because®f thelessaccurate

branchpredictor



Higherclock ratesalsoincreasehe needfor higherbranchpredictionaccu-
ragy. As pipelinesbecomedeeperto createlesswork per cycle, the penaltyof a
mispredictionincreasesFor example,the Pentium4 hasa 20 stagemisprediction
pipeline[26]. Tablel.1shavstheclock ratesandpipelinedepthsof severalcurrent
MIiCroprocessors.

In a nutshell,the problemis this: Using smallerbranchpredictiontables
resultsin lowerIPCbecausef loweraccurayg. Naively usinglargertablesin future
technologiesesultsin evenlower IPC becausef aggressie clock scalingtrends
andincreasedelative wire delay The questionthatthis dissertatioraddressess:

how canwe getbothhighaccurag andlow lateng?

1.2 Dimensionsof the Problem

As microarchitectur@lesignsevolve andprocesgechnologyimproves,several di-
mensionof the branchpredictordelay problemareemenging. In this section,we
explorethesedimensionsandaskimportantquestiondor the future of branchpre-

dictors.

1.2.1 Extending Traditional Predictorsin the Near Future

In the nearfuture, i.e., the next few years,we would like to be ableto continue
usingthe traditionalbranchpredictorsthat have provided suchgood performance
in the past. Table-basedranchpredictorshave beenresearchetieavily. Industrial
andacademiaesearcherbave very goodideasabouthow to extracta greatdeal
of accurag usingvariationsof two-level adaptve predictors;we suney several of

theseefforts in Chapter2. However, the impressve performanceof thesepredic-



tors comesat the costof high accesdelay As pipelinesdeeperto supportmore
andmoreaggressie clockratesin the nearfuture,theviability of theseschemess
threatenedy the delaythey impose. We cant simply throw away theseschemes
without having somethingo replacethemwith. Thus,we arehighly motivatedto
nd waysaroundthe delayproblem,sothatwe canextendthe utility of thesepre-
dictorsinto thefutureandcontinuebuilding traditionalcoreswith deepepipelines

andhigherclock rates.

1.2.2 IncreasingAccuracy in the Faceof Delay

Simply sustainingtraditional branchpredictorsis not sufcient, especiallysince
mispredictionsarebecomingmorecostly. How canwe make the branchpredictor
more accuratef it haslesstime? As we have noted,a large amountof research
hasbeendoneto improve the accurag of table-basedhranchpredictors.However,
by no meansdo we believe that this researcheffort is nished. We believe that
thereare mary moreideasyet to be discovered. Indeed,we introduceone such
techniqueof our own in Chapters. How canhighly accuratgoredictorswith high
accesglelaysbe usedin processorsvith very shortclock periods? Similarly, are
therewaysto usetable-basegbredictorsthat resultin high accurag but aremore

economicalvith theirtime?

1.2.3 AddressingTechnologyScaling

As the limits of CMOS processtechnologyscaling are approachedn the next
decadewire delayandpower will becomedominantforcesshapingprocessode-
sign. Becauseof wire delay the time it takesto access reasonablyarge branch

predictormaybea signi cant fraction of thetime it takesaninstructionto traverse



| Microprocessol IntegerPipelineDepth | Clock Frequeng (MHZ) |

PonverPC7400 4 733
HP PA-8700 7 800
Alpha 21264 7 833
AMD Athlon 9 1400
Intel Pentium4 20 1760

Tablel.1: Pipelinedepthvs. clock ratefor variousprocessors.

thepipeline.Thus,traditionaltable-basethranchpredictoranaybecomenfeasible
or even uselessn this new setting,andwe will be forcedto look for something
new. Are therewaysto accuratelypredictbrancheswithout tablesor otherexpen-

sive components?

1.3 Our Solutions

Our solutionto the problemof delayin branchpredictorss to divide the prediction
workinto partswith differentdelays.Duringonepartof theprediction,afastbranch
predictoroperatesn asinglecycle. Duringanothepartof theprediction eitheroff-
line throughpro ling, or on-linethroughhardware,moretime is spentworking on
makingthe branchpredictormore accurate.We explore two main techniquedor

dividing thework:

Hierar chical Predictors We proposehierarchicalorganizationgor branchpre-
dictors. We describethreebranchpredictororganizationsgachwith the common
goal of combininga fast predictorwith a slower but more accuratepredictorto

achieve accurategoredictionin asinglecycle. We applythesedeasin two contexts:

We demonstrat@ow thesetechniquesanbe appliedto corventionalpredic-

7



torswhosedelay comesfrom tableaccesgime. Thus,we shov how tradi-
tional predictorscanbe extendednto the next severalyearsof clock scaling

andtechnologyimprovements.

We explore the spaceof more complex predictorsthat would otherwisebe
infeasiblebecausef delay: we describea novel branchpredictorbasedon
aneurallearningtechnique.This perception predictorhasuniqueproperties
thatallow it to yield high accurag. Using the techniquesiescribedabove,
this complicatedmulti-cycle predictorcanbe usedasa componenof a fast
delay-sensitie predictor Thus,we shav that ever more complex andaccu-
ratepredictorsarestill feasible gvenin thefaceof thebranchpredictordelay

problem.

Cooperative Predictors Anotherway to toleratedelayis to off-load someof the

predictionwork to the compiler with pro ling. In thisway, the compilerandhard-

warecooperateo producetheprediction.Predictionwork takesplacein two stages:

First, anoff-line pro ling algorithmanalyzeghe programs behaior on atraining

input. The compilercommunicatepro led informationto the microprocessous-

ing extensiongo the instructionsetarchitecturgISA), indicatinghow to perform

the branchpredictionwith high accurag. Second,the instructionsetcommuni-

catesthe hintsto the branchpredictorin the runningprogramsuchthat prediction

is quick. We describewo novel techniques:

Brand pathre-aliasing atechniqueghatmovescompleity off of thecritical
pathfor makinga predictionandinto the compiler Thistechniquencreases
accuray by reducingdestructve aliasingduringthelesscritical updatestage.

This techniqueallows us to reducebranchpredictordelay by shrinking a



branchpredictorfrom onegeneratiorio thenext withoutsacri cing accurag.

Thistechniquds speci ¢ to oneparticularfamily of branchpredictors.

A branchpredictorin whichapro ling phasends afunctionusedo perform
branchpredictionfor eachbranch. Eachfunction is encodedasa compact
Booleanformulain the branchinstruction. The PHT is eliminated,soit is
no longer a sourceof delay This Booleanformula predictor hasa small
andfasthardwareimplementatiorandwill work in lessthanonecycle even
in the smalltechnologiesand aggressie clock ratesfor which corventional

table-basegredictorsareinfeasible.

1.3.1 Scopeand Limitations of the Reseach

In this dissertationwe focus mainly on the effects of technologyscalingon the

branchdirection predictor Thus, we mainly studythe branchdirection predictor
in isolation,assumingdor the sale of simplicity thatothermicroarchitecturastruc-
turesarenot affectedby technologyscaling.We only brie y considermtherrelated
aspectof microarchitecturesuchasbranchtarget buffer delay instructioncache
delay andbranchpredictorpower, andwe do not proposecompletesolutionsto

theseproblems.This methodologyallows usto make strongerstatementaboutthe
futureof branchpredictorghemseleswithoutrelying on predictionsof othercom-
ponents;however, without taking into accounttheseothercomponentsit is more
dif cult tointerpretour simulatedperformancaewumberslt is importantto notethat
otherproblemsmay form moreimportantbottleneckssuchasthe increasingdis-

parity betweerDRAM andCPUspeedsandthatour IPC resultsmaybeoptimistic

by assuminghattheseproblemswill notgetany worse.



1.4 ThesisStatement

The centralthesisof this dissertations this:

Despitetheeffectsof aggressie clock scaling,wire delay andcomplec
organizationsfuturebranchdirectionpredictorscanhaveimprovedac-

curag while still providing a predictionin asinglecycle.

1.5 Contributions

This dissertatiormakesthefollowing contributions:

1. We show thatdelayin the predictorsigni cantly erodesperformanceso fu-
ture branchpredictionwork mustconsiderdelayin their designs.We shaw
thatincreasingdelayto improve accurag is never agoodtradeof. We shaw
thatstructureswith multi-cycle accesgimescanbe exploitedby hierarchical

organizationdor branchpredictors.

2. Weintroducethe perceptrorpredictor the rst dynamicpredictorto success-
fully useneuralnetworks,andwe shaw thatit is moreaccurateghanexisting
dynamicglobalbranchpredictors.For example,for a4K byte hardwarebud-
get, our global predictorachiezes a mispredictionrateson the SPEC2000
integer benchmark®of 1.94%,comparedwith 4.13%for a gshae predictor
of the samesize and2.66%for the McFarling-stylehybrid predictorof the
Alpha21264.A versionof our predictorthatuseshothglobalandperbranch
informationimproves the mispredictionrate to 1.71%, an improvementof
36% over the hybrid predictor By comparingour predictoragainsta multi-
componenhybrid predictor we provide evidencethatthe perceptrorpredic-

tor is the mostaccurateully dynamicbranchpredictorknown. We suggest
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how, usinghierarchicalbrganizationsthe perceptrorpredictorcanbeimple-
mentedandusedin modernCPUs.We shaw thattheperceptrorpredictorcan

improve IPC by 15.8%over gshae and5.7%over a hybrid predictor

. We presentbranchpath re-aliasing,a techniquein which the compilerre-
ducesdestructve aliasingby settinga hint bit in the ISA, therebyallowing
somedynamicpredictorsto usesmallertablesmoreeffectively. We describe
analgorithmfor usingpathpro les to setthesehint bits. We preseniexper
imentalevidencethat branchpathre-aliasingallows small branchpredictors
to achieve greateraccurag thanother slower predictors. Our simulations
shav thata 2048-entryGAg predictorenhancedvith branchpathre-aliasing
hasa mispredictionrate of 6.5%, 21% lower thanthe mispredictionrate of
8.2%for the samesized,but morecomplicatedgshae predictor andequi-
alentto the mispredictionrate of a gshae predictorwith twice the size. We
alsoshow thatourtechniquemprovesaccurayg evenfor the agreepredictor
which was designedto corvert destructve aliasinginto constructve alias-
ing, andwe show that our techniquecanimprove the accurag of comple

predictors suchasthehybrid predictorof the Alpha21264.

. We presenta new methodfor branchpredictionbasedon Booleanformulas
that breaksthe trade-of betweendelayandaccurag. For instance,n one
cycle, our predictorcandeliver a predictionwith the accurag of a 8K-entry
gshae predictorin atechnologywhereonly a512-entrygshae predictorcan
be accessedh onecycle. We describethe hardwareimplementatiorof our
predictor showving thatit hasonethird of the delayandconsumed % of the
power of a corventionalbranchpredictor We describea pro ling algorithm

for trainingour predictor
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Chapter 2

Background

To familiarizethe readerwith the ideasof branchprediction,aswell ashelp place
ourwork in its propercontect, we now provide somebackgroundnto branchpre-
diction. We review the history of branchprediction,explain the basicmechanism,
describecharacteristicef branchpredictorsandreview someimplementedranch
predictors. We also provide backgroundinto the technologyscalingissuesad-

dressedy ourwork.

2.1 History of Branch Prediction

Branchpredictionhasa long history in high performancecomputing.In rst sur

vey of branchpredictionstratgies,Smithdescribesnechanismsalreadyin placein

mainframecomputersat the endof the 1970's [56]. Most of thesemechanismare
simple,andarebasedon staticcharacteristicef the program.For example,some
IBM System360/370modelspredictwhethera branchwill be takenbasedon the
branchinstructionopcode sincecertainopcodesareusedfor loop backedgesand
otherareusedfor IF/THEN/ELSE statement$56]. Anothersimplestaticmecha-

nismis to predictthata backwardbranchwill betaken,while aforwardbranchwill
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not, observingthatbackwardsloop backedgesarefrequentlytraversedmorethan
once. Smith alsoproposesimpledynamicbranchpredictors.The basicideais to
usea hashof the branchaddressasanindex into atableof counterghatareincre-
mentedwhenthe branchis taken,decrementedtherwise Whenbranchprediction
is required,the high bit of the correspondingcounteris usedas the prediction;
1 meanspredict taken, and 0 meanspredict not taken Thesehistorical predic-
tion mechanismsvere moderatelyaccurateput asbranchmispredictionpenalties
startedto increasemoreaccuratgechniquevecamenecessary

An importantbreakthrouglcamein 1991whenYeh andPatt obsenedthat
theoutcomeof agivenbranchis oftenhighly correlatedwith the outcomesf other
recentbrancheg62]. This history of branchoutcomedorms a patternthatcanbe
usedto provide a dynamiccontext for prediction. Most modernbranchpredictors
arebasednthis patternhistory. In theschemeof YehandPatt,everytimeabranch
outcomebecomeknown, asinglebit (0 for nottaken, 1 for taken) is shiftedinto a
patternhistoryregister A patternhistorytable(PHT) of two-bit saturatingcounters
is indexed by a combinationof branchaddressand history register The high bit
of the counteris taken asthe prediction. Oncethe branchoutcomeis known, the
counteris decrementedf the branchis not taken, or incrementedtherwise,and
the patternhistoryis updated.Recentbranchpredictionwork focuseson re ning
this schemeof Yeh andPatt. Several predictorshave beenproposedo dealwith
the problem of destructve aliasing, which occurswhen two unrelatedbranches
contendfor the samePHT resourcestesultingin decreasedccurag [38, 57, 18].
Hybrid predictorsthat combinetwo branchpredictorsto improve accurag have
beenproposed41, 20] andimplemented[35]. The 1990's produceda greatdeal
of researchn improving branchpredictoraccurag andstudyingcharacteristicef

branchprediction,andwe expectthis researcho continue.
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2.2 Characteristics of Branch Prediction

Severalfactorsin uence thedesignof branchpredictors:

Branchesare biased. Brancheswhich canonly have two outcomestaken and
not taken, arehighly biased.For instance a branchthat transferscontrol from the
endof aloopbackto thebeginningwill usuallybetaken, sinceloopsusuallyiterate
mary timesbefore nishing. Figure2.1 showvs thebiasof dynamicbranchesn the
SPEC2000integerbenchmarlsuite. The axisgivesthebiasof abranchj.e.,the
percentag®f time abranchis taken andthe axisshavsthe numberof branches
with a givenbiasin the SPEC2000integerbenchmarksOf all branches53%are
takenatleast98%or at most2% of thetime. Thegraphontheright excludesthese
branchesagainshawing clearbiasesanda numberof branchegaken exactly half

thetime.

Only frequentbranchesmatter. For a conditionalbranchto have a signi cant
impact on the performanceof a program,it mustbe executedmary millions of
times. It doesnt matterif alow-frequeng branchis incorrectlypredicted because
its overallimpacton the programs speeds low. Most branchesreexecutedvery
few times,soit makessenseto concentrateur effort on thosefew brancheghat

areexecutedrequently

Branch predictors must be fast. Branch predictorsmust meetstrict physical
constraints.They mustoperatein one CPU cycle andbe smallenoughto t ona
chip. Most of the hardwaredevotedto branchpredictorss memoryfor largetables,
sothehardware budget of a predictor i.e., the costof the predictorasa component

of thechip, is appropriatelyneasuredh kilobytes.A typical predictoroccupieAK
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bytesof SRAM [35]. However, aswe will seetheamountof areareachablen one

cyclewill decreasén futuretechnologies.

Aliasing is a problem. One problemwith dynamicbranchpredictionschemes
is aliasing, wherethe limited resourcesausetwo unrelatedbranchego usethe
samepredictionresourcesresultingin poor performance.Many techniqueshave
beenproposedo reducetheimpactof aliasing[41, 38, 57, 18]. As the amountof

resourceseachablen onecycle decreaseshis problemwill becomemoredif cult

to solve.
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Figure2.1: Biasin branches.

2.3 Branch Prediction Mechanisms

This sectionprovidesbackgroundn severalbranchpredictionmechanismspaying
particularattentionto branchpredictorghatdirectly relateto theresearclpresented

in this dissertation.
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2.3.1 GAg and GAs Predictors

Our work on branchpath re-aliasingfocuseson improving the accurag of GAg
branchpredictors Althoughmoreaccurateredictorsexist, GAg andits closerela-
tive, GAs, arebothusedascomponent®f implementedranchpredictorsn mod-
ernmachinesaswe will seein Section2.3.6. Yeh andPatt taxonomizetwo-level
branchpredictorausingathree-lettenamingschemg63]. The rst letterrepresents
how the rst level branchhistoryis kept. G meansasingleglobalhistoryregisteris
used.Thesecondetterdenoteghe predictionmechanismA meanghata two-bit
saturatingcounteris used.Thethird letterindicateshow thesecondevel tableis in-
dexed;g meansasinglecolumnof counterds usedfor all addressewhile smeans
thatbits extractedfrom the branchaddressareusedto selecta setof countersand
the setis indexed by the history register Thus, a GAs predictorselectsa set of
counterdrom a patternhistorytable(PHT) usingbits from the branchaddressand
chooses particularcounterfrom thatsetusingbits from theglobalhistory A GAg

predictorusesonly theglobalhistoryto index the PHT.

2.3.2 gsharepredictor

Onepopularvariantof the GAs predictoris gshae [41]. A gshae predictorcom-
binesthebranchhistoryandbranchaddressy exclusive-ORingthemtogether The
exclusive-ORoperationhasthe effect of evenly distributing accesseso the PHT,
which would otherwisebe unequallydistributeddueto the non-uniformnatureof
branchhistories.In thisway, gshae increasesccurayg by reducingthe probability

thattwo differentbrancheswill interferewith eachotherin the PHT.
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2.3.3 Agreepredictors

A branchdirection predictor can be enhancedusing the agree mechanism57].

Ratherthancorrelatingwith branchoutcomethe PHT entriesin anagreepredictor
keeptrack of whethera branchoutcomewill agreewith abiasbit setin the branch
instruction. The agree mechanisnturnsdestructve interferencanto constructve
interferencejncreasingaccurag. However, sincethe branchinstructionopcode
mustbe readand combinedwith the PHT prediction,the instructioncacheis on

the critical pathfor branchprediction. Note that branchbiasescanbe learnedand

storedin the branchtargetbuffer ratherthanbranchinstruction.

2.3.4 Bi-Mode predictor

Severalotherbranchpredictororganization$ave beenproposedo reducedestruc-
tive aliasingin the PHT. We choosehe Bi-Mode predictor[38] asarepresentatie
of thesepredictors.TheBi-Mode predictoruseshreehistorytables:two PHTsand
achoicetablethatis usedto indicatewhich PHT to usefor a particularcombination
of branchaddressndhistory. Detailsof this predictorallow it to reducealiasingby
separatingnto differenttableshistoriesthatwould destructvely aliasoneanothey

atthecostof increasedompleity in the organization.

2.3.5 Static Branch Prediction

A purely staticbranchpredictoralways predictsthe sameoutcomefor a particular
staticbranch.The predictioncanbe derivedfrom the structureof the branchitself,

e.g.,the“backwardstaken/fornardsnottaken” approactof the Alpha AXP-21064,
or encodednto the branchinstructionitself asa biasbit, asin thelA-64 instruction

set. Thecompiler throughpro ling or staticheuristicg6, 11], canprovide hintsto
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the microarchitectur@boutthelik ely directionof the branch.Givenenoughstate,
dynamicbranchpredictorsare more accuratethan static branchpredictors,since

dynamicpredictorgake into accountchangingconditionsat run-time.

2.3.6 Branch Predictorsin Current CPUs

Currentmicroprocessorasetwo-level branchpredictors. The following arethree

notableexamples:

The AMD K6 andK7 (Athlon) processorsiseGAs predictorg16].
TheHP-FA 8700usesa 2048-entryGAs with theagreemechanisnj39, 59].

The Alpha 21264 core usesa hybrid predictorcomposedf two two-level
predictors[35]: a 4K-entry GAg is indexed by a 12-bit global branchhis-
tory while a 1K-entry PHT of 3-bit saturatingcounterss indexed by one of
1024local 10-bit branchhistories. The nal branchpredictionis choserby
indexing athird predictorthatkeepdrackof therelatve accuraciesf thetwo
predictorsfor a particularglobal history. The Alpha predictoris very accu-
rate;indeed,t is themostaccurateof implementedranchpredictorghatwe
have obsered. However, its implementatiorcompleity comeswith a cost.
The Alpha branchpredictoroverridesa lessaccuratenstructioncacheline
predictor introducinga single-g/cle bubble into the pipeline wheneer the

two disagred35].

2.4 TechnologyScaling

BranchpredictorsJik e othermicroarchitecturstructuresareaffectedby two tech-

nology scalingtrends.Microprocessodesignergontinueto aggressiely increase
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the clock rates,outstrippingthe speedimprovementsachieved by transistorghat
have smallergatelengthsin eachsuccessietechnology{1]. Furthermoreatsmaller
featuresizes,wire delaygrows in signi cancerelative to transistorspeedsandcan
affectthe lateng of the fetchengineandthe branchpredictor Fasterclocksexac-
erbatethe tradeof betweencapacityanddelayin microprocessocomponentsAs
thesetrendscontinue the chip areareachablen a singlecycle will decreaseThis
meanghatlarge banksof SRAM, suchascachesandbranchpredictiontableswill
have to eitherdecreasen sizeor increasen delay Branchpredictiontablesare
particularlyhardhit by clock scalingbecausehey requiremoreaddresdinesthan
similarly sizedcachedecauseachesave widelines,while branchpredictorshave
narrav two-bit entries.Theseextra addresdines causesigni cant decodedelay
To accountfor acceleratingclock rates,we usea technologyindependent
metric, the fanout-of-four(FO4) delay metric, to measureclock period[27]. One
FO4delayis thetime for aninverterto drive 4 copiesof itself. Reasonablenodels
shav that undertypical conditions,the FO4 delay measuredn picosecondsis
equalto , Where is the minimum gatelengthfor a technology
measuredn microns. The numberof FO4 delaysin a clock periodis anindicator
of the numberof levels of logic in a pipelinestage.An exampleof anaggressie
clockrateis , which corresponds$o a clock periodof 8 FO4 delays.The current
trendsin pipelinedepthsandclock ratessuggesthata clock ratenear may be

usedin realmicroprocessors the nearfuture.
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Chapter 3

Methodology

In this chaptey we explain the generalmethodologywe useto obtainour experi-
mentalresults.Latersectionswill gointo moredetailwhereappropriateThereare
threemaintypesof resultsthatwe gather:branchmispredictionrates,instructions
per cycle (IPC), andcircuit timings. We gatherthesestatisticsin the contet of a

out-of-ordercoresimulatorbasedon the SimpleScalar/Alphaimulator[10].

3.1 Simulated Micr oprocessor

We usethe SimpleScalar/Alphaut-of-ordersimulator con gured with microar
chitecturalparametersimilar to thoseof the Alpha 21264[35]. We choosethis
microarchitecturdecausét is recognizedasaleading-edgénigh performancemi-
croprocessor Sincewe are focusingsolely on the branchpredictor we keepthe
otherstructuresizesconstantt valuesshovn in Table3.1. This meanghat,aswe
scalefeaturesizesandclock rates,we assumehatthe numberof cyclesto access
otherstructuresvill notchange Althoughthisis anoptimisticassumptionit allows
usto isolatethe effect 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
Reordetbuffer 8K 64 128 8
Issuewindow | 800/320 20 56 8
Integer RF 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: Parametersisedfor the simulations similar to the Alpha 21264.

multiple pipelinedepthssimulatedby changinghemispredictiorpenalty Notethat
anissuewidth of four is conserative; asissuewidth increasesbranchprediction
become®venmoreimportantsincemorework is wastedon a misprediction.

By changingthe numberof cyclesfor the branchmispredictionpenaltyand
for accessinghe branchpredictor we simulatethe effect of increasingthe clock

rateandthe depthof the pipeline.

3.2 Benchmarks

We simulatethe 12 programsn the SPECCPU 2000suiteof integerbenchmarks.
The programsare compiledon an Alpha 21264 workstationusingthe CompaqC
compiler V6.3-025and g++ compiler version 2.9-gnupro-99rIThe optimization
levelsarechoserfrom thepeak settingsfor the SPEC-suppliedon guration les.

Table3.2 shavs the nameof eachbenchmarkalongwith a shortdescription.

21



Benchmark Description
164.9zip LZ77 compression
175.vpr Placeandroutefor FPGAs
176.gcc C compilerfor Motorola88100
181.mcf Minimum costnetwork o w solver
186.crafty Chesslayingprogram
197.parser Naturallanguageprocessing
252.eon Ray-tracingorogram
253.perlbmk Perl
254.gap Computationagrouptheory
255.vortex Database
256.bzip2 Block-sortingcompression
300.twolf Placeandroute

Table3.2: SPEC2000integerbenchmarisuite.

3.3 Branch Mispr ediction Rates

We usethefollowing methodologywhenreportingbranchmispredictiorrates.

3.3.1 Simulated Branch Predictors

Most of the branchpredictorsstudiedare simulatedin a C++ framework thatis
patchedinto the SimpleScalar/Alphadranchpredictionsystem. The framewvork
canalsofunctionin a stand-alongrace-drvensimulator Theframework currently

supportghefollowing branchpredictors:

1. Two-level adaptve branchprediction[62]. This cateyoryincludespredictors
suchasgshae andotherpredictorsthatindex a patternhistory table (PHT)
usinga combinationof branchaddressaindglobal (e.g. asin gshake) or per
branchhistory information. The parameterso a two-level predictorare his-

tory length,sizeof the PHT, numberof perbranchhistoriesto keep,number
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of bits per counter andwhetheror not to exclusve-ORthe branchaddress

with the branchhistory(asin gshae).

. Hybrid branchprediction[20]. Any two simulatedbranchpredictorscan
be combinedinto a hybrid predictor A table of two-bit saturatingcounters
indexedby globalhistoryand/orbranchaddresss usedo keeptrackof which
predictorperformsbestfor which branch,andthe predictionfrom the better
predictoris returned. The hybrid predictorof the Alpha 21264is simulated
usingthis mechanism.The parametersirethe size of the choosertableand

the sortof informationthatshouldbe usedto index it.

. The bi-modepredictor[38]. The parameterarethe sizeof eachpatternhis-

tory tableandthe globalhistorylength.

. The Agreepredictor[57]. A methodcall allows the userto reada table of
biasbits into any branchpredictor The tableis thenusedto implementthe

agreemechanismn thatpredictor

. Perceptrorprediction[33]. The parametersrethe numberof perceptrons,
the numberof perbranchhistory bits, the numberof global history bits, the

numberof perbranchhistoriesto keep,andthethresholdvalue .

We usedthis framework to write mary trace-drven simulators,testing different

areasof our research.The BooleanFormulapredictoris simulatedalongsidethis

framework, usingseparatelatastructures.

3.3.2 Tuning Branch Predictors

It hasbeenobseredthatbranchpredictoraccuray is sensitveto historylength[41].

We tuneeachpredictorfor historylengthusingtracesgatheredrom theeachof the
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12 benchmark&indthetrain  inputs. Thetracesrecordthe addressandoutcome
(i.e., taken or not taken) of up to 300 million branchedor eachbenchmark.We
exhaustvely test every possiblehistory length at eachhardware budgetfor each
predictor keepingthe history lengththatyieldsthe lowestharmonicmeanmispre-
diction rate. For the agree mechanismyve setbiasbits in the branchinstructions

usingbranchbiasedearnedirom thetrain  inputs.

3.3.3 TestingBranch Predictors

For eachbenchmarkwe gathertracesgiving the branchaddressand outcomefor
300 million branchedor bothtrain  andref inputs. Eachbenchmarkexecutes
overonebillion instructionsheforethe simulationends.In our simulationswe skip
the rst 50million branche®eforebeginningto recordbranchpredictionaccurag;
we have obsenedthatthe benchmarksxhibit highly predictablenitialization be-

havior beforethis time, andthensettleinto a steady-state.

3.4 Instructions per Cycle

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

thesim-outorder  simulatorfrom SimpleScalar/Alph#&atusesour branchpre-
diction framewnork. We simulateeachbenchmarkmeasuringhe numberof cycles
andinstructionsexecutedandaddin a numberof cyclesequialentto the various
delaysor penaltiesassociatedvith the particularexperiments.We thendivide the
numberof retiredinstructionsy thenumberof cyclesused.Notethatthis method-
ology fails to capturesomeof the wrong-patheffects suchascachepollution that
would actuallybe obseredin a real lateng/-sensitve branchpredictor; however,

theseeffectsaresmall. For experimentsthat requirefewer than 1000 executions
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of the performancesimulator we run eachbenchmarkor onebillion instructions.
For experimentsthat requiremorethan 1000 executions,we run eachbenchmark
for 500 million instructions.For instance tuning a predictorto searcha large de-
signspacemay requiremary thousand®f executions but gettingresultsusingan
alreadytunedsetof con gurationsmayrequireonly dozensor hundredsof execu-

tions.

3.5 Circuit Timings

Several of our experimentgequireanalysisto determinethe delayof circuit com-
ponentssuchas patternhistory tablesand computationaklementsrelatedto the

perceptrorandBooleanformulabranchpredictors.

3.5.1 HSPICE

We simulatecombinationalogic circuitsusingtheHSPICEsimulator TheHSPICE
simulationsusetransistormodelstailoredto fabricationprocesseso simulatethe
circuit behaior for severaltechnologygenerationsfrom currentgenerationsvith
minimum feature(transistorandwires) sizesof 180nmdown to future generations

thatwill have minimumfeaturesizesof 35nm.

3.5.2 CACTI

To estimatepatternhistory tableaccessimesfor arangeof currentandfuturein-
tegratedcircuit generationsye usecircuit simulationsanda modi ed version[2]
of the CACTI 2.0tool for simulatingcachedelay Thismodi ed versionof CACTI
is moreaccuratghanthe original in severalways. First, while the original version

of CACTI 2.0[49] usesa simplisticlinearscalingfor delayestimatesthemodi ed
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simulatorusesseparatevire modelsto accountfor the physicallayoutof wire in-
terconnectsthin localinterconnecttaller andwider wiresfor longerdistancesand
thewidestandtallestmetaltracesfor globalinterconnect.Secondwire resistance
is basedon copperratherthan aluminummaterial properties. Third, all capaci-
tancevaluesare derived from three-dimensionaglectric eld equations.Fourth,
bit-lines are placedin the middle layer metal, whereresistancas lower. Finally,
bit-addressings allowedinsteadof byte-addressingOur versionsof HSPICEand
CACTI bothusethe sameparametersor technologyscaling.

3.6 Computing Facilities

We run our simulationson a network of approximately200 Pentiumlll computers

usingthe Condorsystemfor coordinatingthe executionof mary jobs|[8].
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Chapter 4

Hierar chical Organizations

In this chapteywe examinethreeorganizationabpproachetor dealingwith delay
in future processtechnologies:(1) a two level cachingscheme,(2) an overrid-
ing schemehatallows a rst predictionto be overturnedby a moreaccuratesec-
ondprediction,and(3) acascadingookaheadschemehatexploits cyclesbetween
branchedo do predictionwork. We shawv thatdelayin the predictorsigni cantly
erodegperformanceso future branchpredictionwork mustconsiderdelayin their
designs We shaw thatincreasingdelayto improve accurag is never a goodtrade-
off. We shaw thatthereare approaches$o branchpredictionthat can effectively
uselarge structureswith multi-cycle accesgimes, and give experimentalresults

shaving thatIPC canbe sustainedisingthesetechniques.

4.1 Motivation

Larger branchpredictionstructuredeadto larger accesslelays. Aggressvely in-
creasingclock rates(asthe marketplacedemands)ncreaseghe structureaccess
time asmeasuredn clock cycles.

Our studiesshaw thatit is never worth increasinghedelayof a branchpre-
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Figure4.1: Interbranchlatencies

dictor for the sale of improvedaccurag [32]. For example,Figurel.1shaws that
aswe increasdhe capacityof thetablesin gshae, we increasedelayanddecrease
IPC. This effect canbe explainedwith the following equationwhich roughly ap-

proximateghecost of executinga branchinstruction:

where isthedelayof branchpredictor isthemispredictiorrate,and isthemis-
predictionpenalty While thedelay may notalwaysbe onthecritical pathof the
pipeline,increasing will reducethe instructionfetch bandwidthto the execution
cores.Becauseamispredictionratestendto be belov 10%,changesn delayhave a
largerimpactthansmallchangesn for practicalvaluesof (i.e., for forseeable

pipelinedepths).
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4.2 Branch Frequency

A programs controlbehaior is basechotonly onthe predictabilityof its branches,
but alsoon the branchfrequeng. If branchpredictionis requiredon every clock
cycle, ary delayin branchpredictionwill substantiallyslow the instructionfetch
rate. However, if branchesarewidely spacedthenbranchpredictionlateng will
have lessimpacton performanceWhile the commonwisdomis thatbranchesc-
curonaverageeveryfourthor fth instructionwe nd that,in ourframework (i.e.,
areal-world optimizingcompileronthe Alpha), branchesctuallyoccuroneevery
nineinstructionspnaverage.Theactualdynamicdistribution of inter-branchlaten-
ciesis moreinstructve. We useSimpleScalar/Alph4d10] to measurghe average
branchfrequeng the twelve SPEC2000 integer benchmark®on a 4-way out-of-
order machinecon guration. Figure 4.1 is a histogramof averageinter-branch
latenciesmeasuredn cyclesbetweenpredictionrequestsfor the SPEC2000in-
tegerbenchmarksOver 67% of the predictionrequest®ccurmorethanonecycle
after the previous request. The unusedcycles provide additionaltime to predict
future branches For wider issuemachinesthereis lessadditionaltime to make a

prediction.

4.3 Hierarchical Organizationsfor Latency Sensitive
Branch Predictors

In this section,we describethreewaysto con gure branchpredictorsto increase
accurag in thefaceof increasindateng. Thesetechniquesreappropriatevhen
standardechniquedor branchpredictionmight exceedone cycle, andtheseare
generatechniqueshatcanbeappliedto mostpredictionalgorithms.

To achieve high predictionaccurag, thebranchpredictormayrequirelarger
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tables. The goal of the microarchitects to achieve accurag approachinghat of
a large table, with the lateny of a small table. We examinethree methodsfor

achiezing this goal.

4.3.1 Caching Prediction Tables

The rst stratgy to combatthe long lateng of large branchpredictiontablesis
to build a small cacheof branchpredictiontable entries. This stratgy allows us
to realizethe bene ts of reducedaliasingandincreasedistory lengthwithout the
addedlateng of the large table, sincethe cachewill hare an accesdime of one
cycle. For instance,a 128K-entry PHT accessiblen two cycles can be cached
usinga 1K-entryPHT accessiblén onecycle. Figure4.2 shavstheorganizationof
thegshae predictoraugmentedby a cache.The branchhistoryandbranchaddress
arehashedisingthe XOR gate,andtheresultingaddresss sentto boththe pattern
historytablecache(PHTC)andthe patternhistorytable(PHT). The PHT consists
of 2-bit saturatingcounterswith the numberof countersequalto the numberof
combinationsof addresseproducedby the hashfunction. The PHTC cachesa

subsetf thosecountersan a smallertablethatcanbe accessednorequickly than
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the PHT. If the correctcounteris foundin the PHTC, thenthe predictioncanbe
madeimmediately If amissin the PHTC occursthenthe PHT mustbe consulted
to nd thecorrectsaturatingcounter Lik e traditionalcachesanentryin the PHTC
is replacedwith the correctcounterfrom the PHT. Whenthe branchdirectionis
determinedduring a later stageof the executionpipeline,the countersn the PHT
andPHTCareupdatedo re ect thecorrector incorrectpredictionof thatbranch.

If a PHTC missoccurs,the wait for the correctpredictionfrom the PHT
will delayinstructionfetchandwill degradeoverall performanceTwo alternatves
canbe usedto preventthis additionaldelay First, the predictionproducedby the
PHTC,albeitfor thewrongbranch canbeused.Alternatively, we suggesbuilding
a smallauxiliary branchpredictor(ABP) that canbe accessedt the sametime as
the PHTC.If the PHTCmissesthentheresultfrom the ABP is used.

4.3.2 CascadingLookaheadBranch Prediction

Lookaheadranchpredictionhasbeenproposedcasa mechanisnto increasdetch
bandwidthby generatingaddressefor future brancheg64, 54] (seeChapter8 for

morerelatedwork). The sametechniquecanbe appliedto reducethe impact of
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longerlateny branchpredictors. If the branchpredictoris not neededon every
cycle, thennaturalspacingbetweenbranchesanbe usedto performa prediction
for the next branchthatis likely to arrive. Thus,if branchesare spacedso that
the predictoris accessednly every othercycle, the predictorcanhave atwo cycle
lateng withoutintroducingadditionaldelay Figure4.1shavs usthatthepredictor
is usuallyneededat mostonceevery othercycle.

Thegshae predictorcanbeadaptedo look onebranchahead While gshae
usesthe branchhistoryregisterandbranchaddresso computethe PHT addressa
lookaheadredictorusesthe predictedhistoryandthe addres®f the mostrecently
fetchedbranch.Sincethe predictioncancompletebeforethe next brancharrivesat
the predictor predictionis instantaneous-However, if the predictionrequiresmul-
tiple cycles(dueto alarge table)andthe next brancharrivesbeforethe prediction
is completetheinstructionfetchenginestalls.

Cascadindookaheadranchpredictionimplementsa seriesof tablesof as-
cendingsizeandlateng. Figure4.3 shavs atwo-level cascadingredictor Like a
lookaheadoredictor the next predictionis basedon the last predictionandthelast
branchaddress.Predictionbegins simultaneouslyon both levels of the cascading
predictor If thelateng to the next branchto be predicteds large,thenthe predic-
tion from the secondevel tableis selected.If the next brancharrivesbeforethe
secondevel tablecancompleteits accessthenthe predictionfrom the rst level
tableis used.

Thus, the combinationof a small rst level tableanda larger secondevel
table canprovide betteraggrgateaccurag with the minimum lateng. However,
theutility of thelargertabledepend®nits accessime andtheinter-branchateng.
If branchesoccur extremely frequently the secondlevel of the cascadewill not

be used. The cascadinglesigncanbe trivially extendedto morethantwo levels.
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Furthermore hybrid predictorsof varying latenciescan be incorporatednto the
cascadingstratay. In our descriptionabove, the logic thatselectghe predictionto
useis basednly onthearrival time of thenext branch.More complicatedselectors
couldtradeoff lateng versusaccurag by predictingwhich of mary predictionss

bestfor the subsequentranch.

4.3.3 Overriding Branch Predictor

An overriding branchpredictor (Figure 4.4) provides two predictions. The rst
predictioncomesfrom afastPHT (PHT1),andthe secondpredictioncomesfrom
a slower, but moreaccuratePHT (PHT2). When branchpredictionis requested,
the rst predictionis usedandacteduponwhile the secondpredictionis still being
made. If the secondpredictiondiffersfrom the rst prediction,the actionstaken
basedon the rst predictionare squashednd instructionsare fetchedusing the
secondprediction;thus, the secondpredictoroverridesthe rst predictor For the
overriding schemewe assumehatthe penaltyof restartingan overriddenfetchis
equalto the delay of PHT2. A similar techniqueis usedin the Alpha 21264,in

which the branchpredictor whoseresultsbecomeknown only in the secondstage
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Gate | 8FO4CIk
(nm) (GHz)
180 1.9
130 2.7
100 35
70 5.0
50 7.0
35 10.0

Table4.1: Projectectlock ratesusing8 FO4 Clock scaling.

of the pipeline,canoverridethe lessaccuratanstructioncacheline predictor[35]
with a single-g/cle penalty We assumethe predictoris pipelinedsuchthat no

branchneedgo wait for the completionof a PHT2lookupfor a previousbranch.

4.4 TechnologyScaling

Table4.1liststhetechnologieshatwe considerandthe clock ratesthatresultfrom
aggressie () scaling.We baseour estimate®f branchpredictordelayontheac-
cesgime of thememory-orientedtructuresuchasthepatternhistorytable(PHT).
To model PHT delay we usethe methodologydescribedby Agarwal, et al. [1],
whichaugmentshe CACTI cachedelaymodelingtool [49] with scaledechnology
parametersWe corverttheaccesgime producedy theaugmentedACTI model
into cycles,accordingothe clockscalingstrategy. As shovnin Figure4.5,only
smalltablesof 1024 entriescanbe accessedh a singlecycle, andat 35nm, only
512 entriescanbe accesseth onecycle. Acceptinga 2 or 3 cycle delayincreases

the capacityto 16K and64K entries respectrely.
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4.5 Resultsand Analysis

In thissectiorwe evaluatethethreelateng sensitve branchpredictorsandcompare
themto gshae acrossa spectrunof procesgechnologiesin addition,we evaluate
afourth predictorthatcombineghe cascading@ndoverridingpredictors.This pre-
dictor usesacascadingpredictorthatcontinuegpredictingafterthe branchhasbeen
encounteredyverridingthe rst predictionif the secondoredictionis different.
We usedthe methodologyoutlinedin Chapter3 to evaluatethe different
predictionstrateyiesdescribedabore usingdelay estimatesat seven processech-
nologiesrangingfrom 180 nm to 35 nm, representingechnologiedrom todayto
the predictedsmallestfeaturesizesfor which corventionalCMOSwill befeasible.
Eachsim-outorder simulationrunsfor 500million instructions.In thesimula-
tions,theglobalpatternhistoryregisteris updatedgspeculatrely andbacledupona
mispredictwhile updatedo the PHTsaredonewhentheupdatingoranchcommits.

We reporttwo typesof results. First, we give resultsusing an aggressie
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eightFO4 ( ) clock rate,anaggressie clock ratefor futuretechnologieg1] that
emphasizeshe scalingdif culties of branchpredictorstructures. Next, we give
resultsfor a x ed procesgechnologywith a clock ratevaryingfrom 5 FO4to 16
FO4,to shav theeffectof aggressie clock ratesndependendf processechnology
scaling.Thissetof clockratesallowsusto exploreawide rangeof processodesign
philosophies from sophisticatedvide-issuelow clock rate processordo deeply

pipelined,high clock rateprocessors.

4.5.1 ProcesslechnologyScaling

For eachprocesstechnology we con gure the simulatorwith the largestbranch
predictionstructureqpredictortables,cache,etc.) reachableat the given number
of cyclesallocatedto branchprediction. The structuresizesare obtainedusing
the modi ed versionof CACTI describedn Chapter3. For eachbenchmarkwe
measureéPC,aggrgatebranchpredictoraccurayg, andotherstatisticgelatedto the
branchpredictionschemesAggregatebranchpredictionperformances computed
asthearithmeticmeanoverthebenchmarksNotethatthe capacityof eachstructure
is sethy its accesgime, ratherthanary chip arealimitation. With smallerfeature
sizesthisassumptions reasonableastheamountof effective chip areais farlarger

thanis reachablen the numberof cycleswe consider

Predictor Con guration  For eachpredictor we considerseveralcon gurations
of structurecapacityandlateng in searchof the bestcon guration at eachtech-
nology generation.In the cachingpredictor the two structuresarethe PHTC and
the PHT, while in the overridingandcascadingredictorthe two structuresarethe
PHT1andPHT2. As the secondarystructureaccesgimesincreasethe resulting

IPC s slightly worsefor the overridingpredictorandslightly betterfor the cascad-
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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 thecascadingndoverriding
predictors.

ing predictor The sizeof the secondanstructurefor the cachingpredictormakes
little differencein performance.Therestof our resultsarereportedusingthe best
con gurationsfoundfor eachpredictiontechnique.

In thecachingpredictor we variedthelateng of thePHT from 2to 4 cycles,
keepingthePHTCata 1-cycle accessime. Notethatincreasinghelatengy of each
tablealsoincrease#s capacity

For the cascadingandoverriding predictors we keepaccesdo the primary
PHT at one cycle while varying accesgo the secondaryPHT from from 2 to 4
cycles. Increasingthe secondlevel (PHT2) lateny reduceslPC slightly for the
overridingpredictor but increase$PC slightly for the cascadingpredictor

Initially, while tuningthe cachingpredictor we noticedthatthe PHTC has
anunusuallysmallnumberof entriescomparedwvith the otherstructuresUnlike a
normalcachethathaslarge cachelines, our cachingpredictorrequiresmary times
moretag bits than databits. The extra wire lengthinvolvedin accessinghe tag
bits severelyrestrictsthe numberof cacheentries Jimiting the effectivenessf this
schemeOtherpredictioncomponentin whichthesizeof the basicpredictionele-

mentis largewith respecto thenumberof tagbits, suchasthe perceptrompredictor
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may be moreamenabldo a cachingscheme For this study we chosea 2-way set-
associatie cachewith aline sizeequalto the squareroot of the numberof cached
predictiontableentries. Thus,we tradetagbits for locality. We canaccess larger
structureput, dueto theabsencef spatiallocality in branchpredictiontableaccess
patternsywe mustsettlefor high missratesin the cache.

The bestcon gurationsfor the cascadingpredictoratthe  clock rateare
shavn in Table4.2. The bestcon gurationsfor the overriding predictorareiden-
tical to thoseof the cascadingoredictor sincethe two predictorshave muchthe
samearchitectureanddiffer only in their policy of whenandwhetherto usethe
second-lgel PHT. Indeed the streamof updatedo the PHT1andPHT2 structures
shouldbe the samein both overriding and cascadingpredictors;the only differ-
enceis that the overriding predictoralways usesthe PHT2 prediction,while the

cascadingredictoronly usesthe PHT2 predictionwhenit hasenoughtime.

Accuracy and Performance: Figure 4.6 shows the accuracief the bestcon-
gurations of the variouspredictorsatthe  clock rates. As shavn in the graph,
accuray tendsto decreasavith featuresizes,becausehe predictiontable capaci-
tiesdecreaseTheaccurag of the overridingpredictorincreaseslightly from 100
to 70nm,sincethebestcon gurationfor 70nmtechnologyallowsthe PHT2to take
threecycles, while the bestcon gurationin 100nmallows only two cycles. The
combinationof the cascadingndoverriding predictorsachiezesthe highestaccu-
ragy becausdt alwaysusesalargersecond-lgel predictor eitherbecausét agrees
with or overridesthe rst-level predictor The cascadingoredictorby itself per
formsworsebecausét sometimesisesthelessaccuraterst-le vel predictorwhen
therearenot enoughcyclesto usethe second-lgel predictor Thusthis predictor

facesthe challengeof branchmispredictionaswell asbranchtargetmisprediction.
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Finally, cachingperformslesswell, not even exceedingthe accurag of a single
level gshae predictordueto thefactthatpatternhistorytableaccesseexhibit very
little locality.

Of courseaccuray is notnecessarilyndicative of performanceparticularly
whenpredictiontimeis avariable.Figure4.7show theinstructionthroughpu{IPC)
for eachof thecon gurationdescribedibove. The predictordollow paralleltrajec-
torieswith performancee ecting theoverallaccurag of thepredictor Clearly, the
combinationof cascadin@ndoverridingpredictorswith it higheraccurag, is best

for every procesdechnologyattheaggressie clockrate.

4.5.2 Clock Rate Scaling

We have seenhow wire delay will affect branchpredictordelay at the x ed
clock ratein futuretechnologiesNow, we illustratethe problemalonga different
dimension.We look ata x edtechnology130nm featuresize,andvary the clock
ratefrom 1.3 GHz to 3.6 GHz. This technologyis especiallyrelevantsinceit is in
the procesof beingadoptedby manuficturersaswe write this dissertation.This
rangeof clockratesis equivalentto clock periodsfrom  downto . Astheclock
rateincreasesthe sizeof thelargestPHT accessiblén asinglecycle decreases.
Figure 4.8 shavs the mispredictionratesof the various predictorsas the
clock rateis increased.The mispredictionrate for gshae increasesiramatically
astheclockrateis increasedAt 1.3GHz (), the mispredictionrate of a 32KB
gshaeis 1.76%.Therateincreaseso 2.3%atfor a4KB gshaeat1.8GHz,aclock
rateequvalentto . At 3.5GHz or , the mispredictionrateis a distressing
8.26% ,becausenly avery small4-bytegshae canbebuilt atthisaggressie clock
rate. It'simportantto notethatat this point, the CACTI modelsof circuit behaior

areunrealistic,sincewe would not usea cache-like structureto addres82 bits of
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SRAM.

The mispredictionrateof the overriding predictorremainsthe lowestof all
the techniques. At 1.3 GHz, the mispredictionrateis 1.83%. At 3.6 GHz, the
mispredictiorrateis still low at2.52%,animprovementof 70% over gshae.

Figure4.9 shawvs the IPCsyieldedby the predictorsasthe clock rateis in-
creasedAs expectedall of thelPCsgodown asclock rateincreasesNevertheless,
usinghierarchicalorganizationsywe canreducethe percentagdy which IPCsde-
crease.Usinggshae, goingfrom 16 FO4sto 5 FO4sresultsin a reductionin IPC
dueto increasebranchmispredictionof 16%, from 1.90to 1.61. By combining

overridingandcascadinglPC is reducedy only 2.6%,down to 1.85%.
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4.6 Summary

In this chaptemwe have examineda numberof hierarchicalbranchpredictororga-
nizationsand evaluatedthemin the context of aggressie clock ratesand future
procesgechnologies.The predictorthat cachesa patternhistory table (PHT) for
gshae performsno betterthangshae by itself. The tagsneededo implementa
cachingschemeequiresmorebits thanthe cacheitself, andlimits both cacheca-
pacity andutility. The cascadindookaheadredictorthatusesthetime in between
branchedo malke predictionsperformsreasonablywell at aggressie clock rates.
An overriding predictorthat allows a slow predictorto cancelthe predictionof a
fasterbut lessaccurateredictorperformsevenbetterthanthecascadingpproach.
We achiere the bestperformanceby combiningthe cascadingand overriding ap-
proaches.

To continuesupplyinga sufcient numberof instructionsto the execution
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corewhile continuingto uselargetable-basetranchpredictorsfuturemicroarchi-
tecturesmustmove branchpredictionlateng off of the critical path. Theschemes
we presentparticularlythecombinatiorof cascadingindoverridingpredictorscan
be augmentedy using somethingotherthangshae asthe primary or secondary
predictor We believe that the secondarypredictoris the ideal placefor a more
comple< andlongerlateng predictor asit canbe keptoff of the critical path. We

explorehierarchicabrganizationgor onesuchpredictorin the next chapter
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Chapter 5

Perceptron Predictor

We have seenthathierarchicapredictororganizationsallow usto toleratesomela-
teng in the branchpredictor andstill deliver a predictionin asinglecycle. Rather
thansimply extend existing predictorsto uselargertablesfor increasedaccurag,
we explore the useof computationallycomplex branchpredictorsthat have previ-
ouslybeeninfeasiblebecaus®f delay We proposea new predictor the perception
predictor, basedon neurallearning. This predictorprovidesa casestudyfor hi-
erarchicaldelay-sensitie predictors,sincethe neuralmethodusedtakes multiple
cyclesto provide a prediction.Our work builds on the obsenationthatall existing
two-level techniquesisetablesof saturatingcounters Neuralnetworksareanother
predictionmechanisntapableof providing good predictions. It is interestingto
askwhetherwe canimprove accurag by replacingthesecounterswith neuralnet-
works. Sincemostneuralnetworkswould be prohibitively expensve to implement
asbranchpredictorswe explorethe useof perceptronspneof the simplestpossi-
ble neuralnetworks. Perceptrongareeasyto understandsimpleto implement,and
have severalattractve propertieghatdifferentiatethemfrom morecomple neural
networks,suchasaspace-etient representatioandarelatively quick methodfor

computingthe prediction.
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We proposea two-level schemedhatusesfastperceptronsnsteadof two-bit
counterd33]. Ideally, eachstaticbranchis allocatedits own perceptrorto predict
its outcome. Traditional two-level adaptve schemesuse a patternhistory table
(PHT) of two-bit saturatingcountersjndexed by a global history shift registerthat
storesthe outcomesof previous branches.This structurelimits the length of the
history registerto the logarithmof the numberof counters.Our schemenot only
usesa more sophisticategredictionmechanismput it canconsidemrmuchlonger
historiesthansaturatingcounters.

We give resultsshaving that our predictoroutperformsother predictorsat
moderateand large hardware budget,providing evidencethat the perceptrorpre-
dictoris themostaccuratdully dynamicbranchpredictorknown. We explain why
andwhenour predictorperformswell. We show thatthe neuralnetwork we have
chosenworkswell a classof linearly sepaablebranches atermwe introduce We
alsoshow that programstendto have mary linearly separabldranchesandthat
linearly inseparabldranchesarepredictedust aswell by the perceptrompredictor
asby otherpredictors.

This chapterdescribe®urtechniquefor doingbranchpredictionusingneu-
ral learning. We motivatethe idea,describeneuralmethodsor branchprediction,
discussmplementatiorof the predictor andgive resultsshaving how a hierarchi-

calorganizatiorcanenableour complex predictorto provide apredictionin asingle

cycle.

5.1 Neural Methodsfor Dynamic Branch Prediction

Arti cial neuralnetworks learnto computea function using exampleinputsand

outputs. Neural networks have beenusedfor a variety of applications,including
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patternrecognition,classi cation[23], andimageunderstanding36, 30]. In this
section,we explain how neuralmethodsmight be appliedto dynamicbranchpre-
diction. We discusghe generaidea,thenexplain why we chosethe perceptronn

particularfor branchprediction.

5.1.1 Prediction with Neural Methods

Suppose set is partitionedinto  classesandwe arefacedwith the problem
of determining,for an arbitrary element , Whatclass isin. Theelements
of have certainfeatureswhich correlatewith their classi cations. An arti cial
neuralnetwork canlearncorrelationsetweerthesefeaturesandthe classi cation.
An arti cial neuralnetwork is a collectionof neuronssomeof which receve input
and someof which produceoutput, that are connecteduy links. Eachlink hasa
weightassociatedvith it thatdetermineghe strengthof the connection23]. For
aclassi cationproblemsuchasdecidingto whichof classesaninput belongs,
thereare outputneurons.In the specialcasewherethereareonly two classes,
thereis only one outputneuron. Eachneuroncomputests outputfrom the sum
of its input usingan activationfunction During a training phasethe weightsare
adjustedusingatrainingalgorithm. Thealgorithmusesa setof trainingdata,which
areorderedpairsof inputsandcorrespondingutputs. The neuralnetwork learns
correlationsbetweenthe inputs and outputs,and generalizethis learningto other
inputs. To predictwhich classanew input isin, we supply to theinputunitsof
thetrainedneuralnetwork, propagatehevaluesthroughthe network, andexamine
the outputneurons. We classify accordingto the neuronwith the strongest
output.In thespeciakcasevhere , thereis only oneoutputneuronjn thiscase,
we classify accordingto whetherthe outputvalue exceedsa certainthreshold,

typically O or -.
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5.1.2 Neural Learning for Dynamic Branch Prediction

For dynamicbranchprediction theinputsto aneurallearningmethodarethebinary
outcomef recentlyexecutedoranchesandthe outputis a predictionof whether
or notabranchwill betaken. Eachtime a branchis executedandthetrue outcome
becomeknown, the historythatled to this outcomecanbe usedto train the neural

methodon-lineto producea moreaccurateesultin thefuture.

5.1.3 Choosinga Neural Method

Therearemary typesof neuralnetworks. Mostof themareinappropriatéor branch
predictionbecausehey requiremuchlongerthanseseral machinecyclesto oper
ate. Thus,for our discussionwe limit oursehesto neuralnetwork architectures
that could feasiblybe madeto operateat the high speedsequiredfor branchpre-
diction. We considerfour methodsmulti-layerperceptronsvith back-propagation,
the ADALINE neuron60], Hebblearning[23], andtheBlock perceptron9]. In pre-
liminary work, we measuredhe mispredictiorratesyieldedby eachmethodon the
SPEC9%enchmarksHebblearning,ADALINE neuronsandBlock perceptronsire
simpleneurallearningmethodsjn which a single neuronis usedfor computation
andis trainedwith a simplealgorithm.Hebblearningyieldspoorbranchprediction
accurag. While ADALINE andthe perceptronyield similar predictionaccurag,
the ADALINE neuronrequirestwice as much spaceto representhe weightswith
sufcient accurag. Back-propagatioris infeasiblebecausef its implementation
compleity, sincethereis noway to implementback-propagatiom hardwaresuch
thata predictioncanbe producedn justafew cycles.Moreover, in our preliminary
experimentsve nd thatthe perceptroriearnsfasterandyieldsmoreaccuratere-

diction thanback-propagationFor instance on the SPEC95%enchmarkl26.gc¢
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perceptronsachiare a 2.44% mispredictionrate, comparedwith 3.33%for back-
propagatiorj34].

Onebene t of perceptronss thatby examiningtheir weights i.e., the cor
relationsthatthey learn, it is easyto understandhe decisionghatthey make. By
contrast,a criticism of mary neuralnetworksis thatit is dif cult or impossibleto
determineaxactly how the neuralnetwork is makingits decision.Techniquehave
beenproposedo extract rulesfrom neuralnetworks [53], but theserulesare not
alwaysaccurate Perceptronslo not suffer from this opaquenesghe perceptrors
decision-makingprocesss easyto understan@stheresultof a simplemathemati-

cal formula.

5.2 Branch Prediction with Perceptrons

This sectionprovidesthe backgrouncheededo understanaur predictor We de-
scribeperceptronsexplain how they canbe usedin branchprediction,anddiscuss
their strengthsand weaknessesOur methodis essentiallya two-level predictor

replacingthe patternhistorytablewith atableof perceptrons.

Figure5.1: PerceptroModel.
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5.2.1 How PerceptronsWork

The perceptrorwasintroducedin 1962[50] asa way to studybrainfunction. We
considerthe simplestof mary typesof perceptrong9], a single-layerperception
consistingof onearti cial neulonconnectingseveralinputunitsby weightededges
to oneoutputunit. A perceptroriearnsa target Booleanfunction of
inputs. In our casethe arethe bits of a globalbranchhistory shift register and
the target function predictswhethera particularbranchwill be taken. Intuitively,
a perceptrorkeepstrack of positive andnegative correlationsbetweerbranchout-
comesn theglobalhistoryandthe branchbeingpredicted.
Figure5.1shavs a graphicalmodelof a perceptron A perceptroris repre-
sentedby a vectorwhoseelementsarethe weights. For our purposesthe weights
aresignedintegers. The outputis the dot productof the weightsvector , and
theinputvector ( isalwayssetto 1, providing a“bias” input). Theoutput

of aperceptrons computedas

Theinputsto our perceptrongrebipolar, i.e.,each is either-1, meaning
nottakenor 1, meaningaken. A negative outputis interpretecaspredictnottaken.

A non-n@ative outputis interpretedaspredicttaken.

5.2.2 Training Perceptrons

Oncethe perceptroroutput hasbeencomputedthe following algorithmis used
to trainthe perceptronLet be-1if thebranchwasnottaken,or 1 if it wastaken,
andlet bethethreshold aparameteto thetrainingalgorithmusedto decidewhen

enoughtraininghasbeendone.
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if sign or then
for :=0to do

end for
end if

Since and arealwayseither-1 or 1, this algorithmincrementghe ™
weightwhenthe branchoutcomeagreeswith , anddecrementshe weightwhen
it disagreesintuitively, whenthereis mostly agreementi.e., positive correlation,
theweightbecomedarge. Whenthereis mostly disagreement,e., negative corre-
lation, theweightbecomesegative with large magnitudeln bothcasestheweight
hasalargein uence onthe prediction.Whenthereis weakcorrelation the weight

remainscloseto 0 andcontributeslittle to the outputof the perceptron.

5.2.3 Linear Separability

A limitation of perceptronss thatthey areonly capableof learninglinearly sep-
arable functions[23]. Imaginethe setof all possibleinputsto a perceptromasan

-dimensionakpace Thesolutionto theequation

is a hyperplange.g. aline, if ) dividing the spaceinto the setof inputsfor
which the perceptrorwill respondfalseandthe setfor which the perceptronwill

respondtrue [23]. A Booleanfunction over variables is linearly sepaable
if andonly if thereexist valuesfor suchthatall of the true instancesanbe
separatedrom all of the falseinstancesdy thathyperplane.Sincethe outputof a
perceptrons decidedby the above equationonly linearly separabléunctionscan

belearnedperfectlyby perceptronskor instancea perceptrorcanlearnthelogical
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AND of two inputs, but not the exclusive-OR, sincethereis no line separating
true instancef the exclusive-ORfunctionfrom falseoneson the Booleanplane.
Figure 5.2 graphsthe bipolar AND and XOR functions. A solid line separates
thetrue instanceof AND from the falseinstancesbut the dottedline is unableto
separatedfue instanceof XOR from thefalseinstances.

As we will shav later, mary of the functionsdescribingthe behaior of
branchesn programsarelinearly separable Also, sincewe allow the perceptron
to learnover time, it canadaptto the non-linearityintroducedby phaseransitions
in programbehaior. A perceptrorcanstill give goodpredictionswhenlearninga
linearly inseparabldunction, but it will notachieve 100%accurag. By contrast,
two-level PHT schemesik e gshae canlearnarny Booleanfunctionif givenenough

trainingtime.

5.2.4 Branch Prediction with Perceptrons

We canusea perceptrorto learncorrelationsbetweerparticularbranchoutcomes
in theglobal historyandthe behaior of the currentbranch.Thesecorrelationsare
representedly theweights.Thelargerthe weight,the strongerthe correlation,and
themorethatparticularbranchin the globalhistory contributesto the predictionof
the currentbranch.Theinput to the biasweightis always1, soinsteadof learning
a correlationwith a previous branchoutcome the biasweight, , learnsthe bias
of thebranch,independenof the history.

The processokeepsatableof  perceptronsn fastSRAM, similar to the
table of two-bit countersin otherbranchpredictionschemes.The numberof per
ceptrons, , isdictatedby thehardwarebudgetandnumberof weightswhichitself
is determinedy theamountof branchhistorywe keep.Specialcircuitry computes

thevalueof andperformsthetraining. We discusghis circuitry in Section5.3.
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Whenthe processoencounters branchin the fetch stage the following stepsare

conceptuallytaken:

6.

. Thebranchaddresss hashedo produceanindex into thetable

of perceptrons.

. The ™ perceptronis fetchedfrom the tableinto a vectorregister, , Of

weights.

. Thevalueof is computedasthe dot productof andthe global history

register

. Thebranchis predictednottakenwhen is negative, or takenotherwise.

. Oncethe actualoutcomeof the branchbecomesknown, the training algo-

rithm useshis outcomeandtheoutput to updatethe weightsin

is written backto the ™ entryin thetable.

It mayappeathatpredictionis slow becausenary computationeandSRAM

transactiongake placein stepsl through5. However, Section5.3 shaws thata

numberof arithmeticand microarchitecturatricks enablea predictionin a single

cycle. It is importantto notethattrainingoccurscontinously on-line.

5.3

Implementation

This sectiondescribedetailsof the implementationof the perceptronpredictor

We explore the designspacefor perceptronpredictorsand discussdetailsof the

circuit-level implementation.
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5.3.1 DesignSpace

Givena x edhardwarebudget threeparameteraeedo betunedto achiezethebest
performancethe history length,the numberof bits usedto representhe weights,
andthethreshold.

History length. Longhistorylengthscanyield moreaccurateredictiond21] but
alsoreducethe numberof tableentries,therebyincreasingaliasing. In our exper
iments,the besthistory lengthsrangedfrom 4 to 50, dependingon the hardware
budget. The perceptromredictorcanusemorethanonekind of history. We have
usedboth purely global history aswell asa combinationof globalandperbranch

history.

Representationof weights. Theweightsfor the perceptrompredictoraresigned
integers. Although mary neuralnetworks have oating-point weights,we found
thatintegersaresufcient for our perceptronsandthey simplify thedesign.We nd

thatusing8 bit weightsprovidesthe besttrade-of betweeraccurag andhardware

budget.

Threshold. Thethresholds aparameteto the perceptrortrainingalgorithmthat
determinesvhetherthe predictorneedsmoretraining. If the magnitudeof the out-
put of the perceptrons below the threshold,or if the predictionis incorrect,then
thetraining algorithmadjuststhe perceptronwveights;otherwise the perceptrons

judgedto have beentrainedenough.
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5.3.2 Circuit-Level Implementation

Here,we discussgeneraltechniqueghatwill allow usto implementa quick per

ceptronpredictor thengive moredetailedresultsof a transistorlevel simulation.

Computing the Perceptron Output. Computingthe outputof the perceptrons
onthecritical pathfor makinga branchprediction. Thus,the circuit thatevaluates
theperceptrorshouldbeasfastaspossible Severalpropertieof the problemallow
usto make afastprediction.Since-1 and1 aretheonly possibleinputvaluesto the
perceptronmultiplicationis not neededo computethe dot product. Instead,we
simply addwhentheinputbit is 1 andsubtract(addthe two's-complementjvhen
theinput bit is -1. In practice,we have found that addingthe one's-complement,
whichis a goodestimatefor the two's-complementworksjust aswell andletsus
avoid the delay of a small carry-propagateadderin favor of a setof invertersto
performthe negation. This computations similar to thatperformedby multiplica-
tion circuits, which must nd the sumof partial productsthat are eacha function
of anintegeranda singlebit. Furthermorepnly the signbit of the resultis needed
to make a prediction,sothe otherbits of the outputcanbe computedmoreslowly
without having to wait for a prediction. In this chapteywe reportonly resultsthat

simulatethis complementatioidea.

Training. Thetrainingalgorithmof Section5.2.2canbeimplementecef ciently

in hardware. Sincethereareno dependencesetweerioop iterations all iterations
canexecutein parallel.Sincein ourcaseboth and canonly be-1 or 1, theloop
bodycanberestatedas“increment by 1 if , anddecremenbtherwise, a

quick arithmeticoperatiorsincethe  are8-bit numbers:

for each bit in parallel
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if then
else

end if

Circuit-Level Simulation. Usingacustomlogic designprogramandtheHSPICE
andCACTI 2.0 simulatorswe designedandsimulateda hardwareimplementation
of theelement®f thecritical pathfor theperceptrorpredictorfor severaltablesizes
andhistorylengths.We usedCACT]I, acacheanodelingtool, to estimateheamount
of time takento readthetableof perceptronsandwe usedHSPICEto measurghe
lateng of our perceptroroutputcircuit.

The perceptroroutputcircuit acceptsanput signalsfrom the weightsarray
andfrom the historyregister As weightsareread,they arebitwiseexclusive-ORed
with thecorrespondindits of thehistoryregister If the ™ historybit is set,thenthis
operatiorhastheeffect of takingtheone's-complemenof the ™ weight;otherwise,
theweightis passedinchangedAfter theweightsareprocessedheir sumis found
usinga Wallace-treeof 3-to-2 carry-sae adderg15], which reduceghe problem
of nding thesumof numbergo the problemof nding thesumof numbers.
The nal two numbersare summedwith a carry-lookaheagdder The Wallace-
treehasdepth , andthe carry-lookahea@ddderhasdepth , Sothe
computationis relatively quick. The sign of the sumis invertedandtaken asthe
prediction.

Table5.1 shows the delay of the perceptrompredictorfor severalhardware
budgetsandhistorylengths simulatedvith HSPICEandCACTI for 180nmprocess
technology We obtainthesedelayestimatedy selectinginputsdesignedo elicit

theworst-casayatedelay We measuraghetime it takesfor oneof theinputsignals
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to crosshalf of until thetime the perceptrorpredictoryields a steadyusable
signal. For a 4KB hardware budgetandhistory length of 24, the total time taken
for aperceptrorpredictionis 2.4nanosecondsl his delayworksoutto slightly less
than2 clock cyclesfor a CPUwith a clock rateof 833 MHz, the clock rateof the
fastestLl80nm Alpha 21264processorsof thiswriting. The Alpha21264branch
predictoritself takes2 clock cyclesto deliveraprediction,soour predictoris within

the boundsof existing technology Note thata perceptrorpredictorwith a history
of 23 insteadof 24 takesonly 2.2 nanosecondst is about10% fasterbecausea
predictorwith 24 weights(23 for history plus 1 for bias) canbe organizedmore
efciently thanpredictorwith 25 weights,sincedecreasinghe numberof weights

to 24 decreasethe depthof the Wallace-tredoy 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: PerceptrorPredictorDelay

5.4 Resultsand Analysis

We use simulationsof the SPEC2000 integer benchmarkdo comparethe per
ceptronpredictoragainsttwo well-known techniquedrom the literature. We give

resultsshaving how anoverridingversionof the perceptrorpredictoroutperforms
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a hybrid predictor Finally, we presentanalysisto explain why the perceptromre-

dictor performswell.

5.4.1 Methodology

Herewe describeour experimentalmethodology We discussthe otherpredictors

simulatedthe benchmarksised thetuning of the predictors andotherissues.

Predictors simulated. We compareour new predictoragainstgshae [41], and
bi-mode[38], anda McFarling-stylecombinationgshae andPAg hybrid predictor
similar to thatof the Alpha 21264 ,with all tablesscaledexponentiallyfor increas-
ing hardware budgets. For the perceptronpredictor we simulateboth a purely
globalpredictor aswell asa predictorthatusesbothglobalandlocal history. This
global/localpredictortakes someinput to the perceptronfrom the global history
register andotherinput from a setof perbranchhistories;all otherdetailsof the
perceptronmplementatiorremainthe same. For the global/localperceptromre-
dictor, theextrastateusedby thetableof local historiesvasconstrainedo bewithin
35%of the hardwarebudgetfor therestof the predictor re ecting thedesignof the
Alpha 21264hybrid predictor For gshae andthe perceptrorpredictors,we also
simulatethe agreemechanisni57], which predictswhethera branchoutcomewill
agreewith a biasbit setin the branchinstruction. The agreemechanisnurnsde-
structive aliasinginto constructve aliasing,increasingaccurag at smallhardware
budgets.

Our methodologydiffersfrom our previous work on the perceptrorpredic-
tor [33] in which usedtracesrom x86 executable®f SPEC200@ndonly explored
globalversionsof theperceptrompredictor Usingthe Alphainstructionset,we nd

that the improvementyielded by the perceptrorpredictorover other predictorsis
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higherthanwith the x86 instructionset. We believe that this is becausehe Al-
phas RISCinstructionsetrequiresmoredynamicbrancheso accomplisithesame
work, thuslongerhistorieswill berequired.Theperceptrorpredictorcanmake use

of longerhistoriesthanotherpredictors.

Tuning the predictors. We tune eachpredictorfor history length using traces
gatheredrom the eachof the 12 benchmarksandthetrain  inputs. We exhaus-
tively testevery possiblehistorylengthat eachhardwarebudgetfor eachpredictor
keepingthe history lengthyielding the lowestharmonicmeanmispredictionrate.
For the global/localperceptrompredictor we exhaustiely testeachpair of history
lengthssuchthatthe sumof globalandlocal history lengthis at most50. For the
agree mechanismwe setbiasbits in the branchinstructionsusing branchbiases
learnedirom thetrain  inputs.

For theglobalperceptrorpredictor we nd, for eachhistorylength,thebest
valueof thethresholdby usinganintelligentsearchof the spaceof values pruning
areasof the spacethat give poor performance We re-usethe samethresholdgor
theglobal/localandagreeperceptrorpredictors.

Table 5.2 shaws the resultsof the history lengthtuning. We nd aninter-
estingrelationshipbetweerhistory lengthandthreshold:the bestthreshold for a
givenhistorylength is alwaysexactly . Thisis becausadding
anotherweightto a perceptronincreasests averageoutputby someconstant,so
the thresholdmustbe increasedby a constant,yielding a linear relationshipbe-
tweenhistory length andthreshold. Throughexperimentationwe determinethat

using8 bits for the perceptrorweightsyieldsthebestresults.
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Estimating areacosts. Ourhardwarebudgetsdo notincludethe costof thelogic
requiredto do the computation.By examiningdie photosof hardwaremultipliers,
we estimatethatat the longesthistory lengths this costis approximatelythe same
asthatof 1K of SRAM. Using the parametersunedfor the 4K hardware budget,
we estimatehattheextrahardwarewill consumeboutthesamdogic as256bytes
of SRAM. Thus,the costfor the computationhardwareis small comparedo the

sizeof thetable.

5.4.2 Impact of History Length on Accuracy

Oneof thestrength®f theperceptrorpredictoris its ability to considemuchlonger
historylengthsthantraditionaltwo-level schemeswhich helpsbecausdighly cor
relatedbranchescan occur at a large distancefrom eachother[21]. Any global
branchpredictiontechniquethat usesa x ed amountof history information will

have an optimal history lengthfor a givensetof benchmarksAs we canseefrom
Table5.2,the perceptromredictorworks bestwith muchlongerhistoriesthanthe
othertwo predictors.For example,with a 4K byte hardwarebudget,gshae works
bestwith a history lengthof 14, the maximumpossiblelengthfor gshae. At the
samehardware budget,the global perceptrorpredictorworks bestwith a history

lengthof 24.

5.4.3 Misprediction Rates

Figure5.3 shows the harmonicmeanof mispredictionratesachievedwith increas-
ing hardwarebudgetson the SPEC2000benchmarksAt a 4K byte hardwarebud-
get,theglobalperceptrorpredictorhasa mispredictiorrateof 1.94%,animprove-
ment of 53% over gshae at 4.13%and 31% over a 6K byte bi-modeat 2.82%.

Whenboth global andlocal history informationis used,the perceptrorpredictor
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hardware gshae 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: BestHistory Lengthsfor gshae andPerceptron.

still hassuperioraccurag. A global/localhybrid predictorwith the samecon g-

urationasthe Alpha 21264 predictorusing3712byteshasa mispredictionrate of

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

diction rateof 1.71%,representinga 36% decreasén mispredictionrate over the

Alpha hybrid. The agree mechanismmprovesaccurayg, especiallyat small hard-

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

predictorachiezesa mispredictionrateof 2.89%,which is lessthanthe mispredic-

tion rateof agshae predictorwith 11 timesthe hardwarebudget,andlessthanthe

mispredictionrate of a gshae/agree predictorwith a 2K byte budget. Figure 5.4

shav the mispredictionratesof two PHT-basedmethodsandtwo perceptrorpre-

dictorson the SPEC2000benchmark$or hardwarebudgetsof 4K and16K bytes.

LargeHardware Budgets

As Moore'sLaw continuego provide moreandmoretransistorsn thesameareaijt

makessensdo exploremuchlargerhardwarebudgetsor branchpredictors Evers'
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thesis[22] exploresthe designspacefor multi-componentybrid predictorsusing
large hardware budgets,from 18 KB to 368 KB. To our knowledge, the multi-
componenpredictorpresentedh Evers'thesisarethemostaccuratdully dynamic
branchpredictorsknown in previouswork. This predictorusesa McFarling-style
chooserto choosebetweentwo otherMcFarling-stylehybrid predictors.The rst

hybridcomponenjoinsagshae with ashorthistoryto agshae with alonghistory.
The other hybrid componentonsistsof a PAs hybridizedwith a loop predictor,
which is capableof recognizingregularlooping behaior evenfor loopswith long
trip counts.

We simulateEvers' multi-componenpredictorsusingthe samecon gura-
tion parametergiivenin his thesis. At the samesetof hardwarebudgets,we sim-
ulate a global/localversionof the perceptrornpredictor The tuning of this large
perceptrorpredictoris not asexhaustve asfor the smallerhardware budgets,due
to the hugedesignspace.We tunefor the bestglobal history lengthon the SPEC
train  inputs,andthenfor thebestfractionof globalversudocalhistoryatasingle
hardware budget,extrapolatingthis fractionto the entire setof hardwarebudgets.
As with our previous global/localperceptrorexperimentswe allocate35% of the
hardware budgetsto storingthe table of local histories. The con guration of the
perceptrorpredictoris givenin Table5.3.

Figure 5.5 shawvs the harmonicmeanmispredictionratesof Evers' multi-
componenpredictorandthe global/localperceptrorpredictoron the SPEC2000
integer benchmarks.The perceptronpredictoroutperformsthe multi-component
predictorat every hardware budget,with the mispredictionratesgetting closerto
one anotherasthe hardware budgetis increased.Both predictorsare capableof
reachingamazinglylow mispredictionratesat the 368 KB hardware budget,with

the perceptrorat 0.85%andthe multi-componenpredictorat 0.93%.
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Size | Global | Local | Numberof Numberof
(KB) | History | History | Perceptrons Local Histories
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 Large BudgetPerceptrorPredictors.

We claim that our resultsare evidencethat the perceptrorpredictoris the
mostaccuratefully dynamicbranchpredictorknown. We mustpoint out thatwe
have not exhaustvely tunedeitherthe multi-componenbr the perceptrorpredic-
tors becausef the hugecomputationakhallenge. Neverthelessthereis a clear
separatiorbetweerthe mispredictionratesof the multi-componenandperceptron
predictorsandbetweerthe perceptrorandall otherpredictorswe have examined
atlower hardwarebudgetsithus,we arecon dent thatour claim canbeveri ed by

independentesearchers.

5.4.4 Delay Sensitve Perceptron Predictor

As we have seen the perceptrompredictorhasa substantiabelay associatedvith
it. Here,we presenthe resultsof usingonetechniqueto mitigatethis delay We
simulateanoverridingperceptrorpredictor andcompareour resultsto the overrid-
ing hybrid branchpredictorusedby the Alpha 21264. Currently the fastestAlpha
processom 180nmtechnologyis clockedatarateof 833MHz. At thisclockrate,
boththeperceptrompredictorandAlphahybrid predictordelivera predictionin two

clockcycles.
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Moderate Clock Rate Simulations

Using SimpleScalar/Alphawe simulatea two-level overriding predictorat 833
MHz. The rst level is a 256-entrySmith predictor[56], i.e.,asimpleone-level ta-
ble of two-bit saturatingcountersndexedby branchaddressThis predictorroughly
simulategheline predictorof the overriding Alpha predictor Our Smith predictor
achievesa harmonicmeanaccurag of 85.2%,whichis the sameaccurag quoted
for the Alphaline predictor[35]. For the secondevel predictor we simulateboth
the perceptromredictorandthe Alpha hybrid predictor The perceptrorpredictor
consistof 133 perceptronsgachwith 24 weights.Althoughthe 25 weightpercep-
tron predictorwasthebestchoiceat this hardwarebudgetin our simulationsthe24
weightversionhasmuchthe sameaccurag but is 10% faster We have obsered
thattheidealratio of perbranchhistorybits to total historybits is roughly 20%, so
we usel9bits of globalhistoryand4 bits of perbranchhistoryfrom atableof 1024
histories.Thetotal staterequiredfor this predictoris 3704bytes,approximatelythe
sameasthe Alpha hybrid predictor which uses3712bytes. Both the Alpha hy-
brid predictorandthe perceptrorpredictorincur a single-gcle penaltywhenthey
overridethe Smithpredictor We alsosimulatea 2048-entrynon-overridinggshae
predictorfor reference.This gshae usesessstatesinceit operatesn a singlecy-
cle; notethatthisis theamountof stateallocatedto the branchpredictorin the HP-
PA/RISC 8500([39], which usesa clock ratesimilar to thatof the Alpha. We again
simulatethe 12 SPECint 2000benchmarksthis time allowing eachbenchmarko
execute? billion instructions We simulatethe 7-cycle mispredictionpenaltyof the
Alpha21264.

Whenabranchis encounteredherearefour possibilitieswith theoverriding

predictor:
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The rst andsecondevel predictionsagreeandarecorrect.In thiscasethere

is no penalty

The rst andsecondevel predictionsdisagreeandthe seconcbneis correct.

In this casethe secondoredictoroverridesthe rst, with asmallpenalty

The rst andsecondevel predictionsdisagreeandthe secondoneis incor-
rect. In this case thereis a penaltyequalto the overriding penaltyfrom the
previous caseaswell asthe penaltyof a full misprediction.Fortunatelythe

secondpredictoris moreaccuratehatthe rst, sothiscases lessfrequent.

The rst andsecondevel predictoragreeandarebothincorrect.In this case,
thereis no overriding, but the predictionis wrong, so a full misprediction

penaltyis incurred.

Figure5.6 shavs theinstructionspercycle (IPC) for eachof the predictors.
The gure shavsthelPCsyieldedby gshae, anAlpha-like hybrid,andglobal/local
perceptrorpredictorgivena 7-cycle mispredictiornpenalty The hybrid andpercep-
tron predictorshave a 2-cycle lateng, andareusedasoverriding predictorswith a
small Smith predictor Eventhoughthereis a penaltywhenthe overriding Alpha
and perceptrorpredictorsoverridethe Smith predictor their increasedaccuracies
more than compensatdor this effect, achiezing higher IPCsthan a single-gcle
gshae. The perceptrorpredictoryields a harmonicmeanIPC of 1.65, which is
higherthanthe overriding predictorat 1.59, which itself is higherthangshae at
1.53.

Higher Clock Rates

The currenttrendin microarchitectures to deeplypipelinemicroprocessorssac-

ri cing somelPC for the ability to usemuchhigherclock rates. For instancethe
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Intel Pentium4 usesa 20-staganteger pipelineat a clock rateof 1.76 GHz, asof
this writing. In this situation,one might expectthe perceptrorpredictorto yield
poor performancesinceit requiresso muchtime to make a predictionrelative to
theshortclock period.Neverthelesswewill shav thatthe perceptrorpredictorcan
improve performancevenmorethanin the previouscase.

At a 1.76 GHz clock rate, the perceptrorpredictordescribedabove would
take four clock cycles: oneto readthe table of perceptronandthreeto propagate
signalsto computethe perceptroroutput. Pipeliningthe perceptrompredictorwill
allow usto getonepredictioneachcycle, sothatbrancheshatcomeclosetogether
do not have to wait until the predictoris nished predictingthe previous branch.
The Wallace-tredor this perceptrorhas? levels. With a small costin latch delay
we can pipelinethe Wallace-treein four stages:oneto readthe perceptrorfrom
thetable,anotherfor the rst threelevelsof the tree,anotherfor the seconcthree
levels,anda fourth for the nal level andthe carry-lookaheacdderat the root of

thetree. Thenew perceptrorpredictoroperatesasfollows:

1. Whenabranchis encounteredt isimmediatelypredictedwvith asmallSmith

predictor Executioncontinuesalongthe predictedpath.

2. Simultaneouslythe local history table and perceptrontablesare accessed

usingthebranchaddressasanindex.

3. Thecircuitthatcomputegheperceptroroutputtakesits inputfrom theglobal

andlocal historyregistersandthe perceptrorweights.

4. Fourcyclesaftertheinitial prediction,the perceptrorpredictionis available.
If it differsfrom theinitial prediction,instructionsexecutedsincethatpredic-

tion aresquashe@ndexecutioncontinuesalongthe otherpath.
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5. Whenthe branchexecutesthe correspondingerceptroris quickly trained

andstoredbackto thetableof perceptrons.

Figure5.7 shaws the resultof simulatingpredictorsin a microarchitecture
with characteristic®f the Pentium4. The mispredictionpenaltyis 20, to simulate
thelong pipeline of the Pentium4. The Alpha overriding hybrid predictoris con-
senatively scaledto take 3 clock cycles,while the overriding perceptrorpredictor
takes4 clock cycles. The 2048-entrygshae predictoris unmodi ed. Eventhough
theperceptrorpredictortakeslongerto make a prediction,it still yieldsthe highest
IPC in all benchmark$ecausef its superioraccurag. The perceptrorpredictor
yieldsanIPC of 1.48,whichis 5.7%higherthanthatof thehybrid predictorat1.40,
and15.8%higherthanthebaselindPC of 1.28yieldedby gshae.

5.4.5 Training Times

To comparehetraining speed®f the perceptrorpredictorwith PHT methodswe
examinethe rst 100timeseachbranchin eachof the SPEC2000benchmarkss
executed(for thosebranchesexecutingat least100times). Figure 5.8 shaws the
averageaccurag of eachof the 100predictiondor eachof the staticbranchesThe
axisis thenumberof timesabranchhasbeenexecuted.The -axisistheaverage,
overall branchesn the program,of 1 if the branchwasmispredicted otherwise.
Theaverages weightedby therelative frequencie®f eachbranch.Overtime, this
statistictrackshow quickly eachpredictorlearns.Theperceptrorpredictorachieves
greateraccuray earlierthanthe othertwo methods.
The perceptrormethodlearnsmorequickly the gshae or bi-mode For the
perceptrorpredictor trainingtime is independenof historylength.For techniques

suchasgshae thatindex a tableof counterstrainingtime dependsn the amount
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of history considered;a longer history may leadto a larger working setof two-
bit counterghatmustbeinitialized whenthe predictoris rst learningthe branch.
This effect hasa negative impacton predictionrates,andat a certainpoint, longer
historiesbegin to hurt performancdor theseschemeg$42]. As we will seein the
next section,the perceptrornpredictiondoesnot have this weaknessasit always

doesbetterwith alongerhistorylength.

5.4.6 Why Doesit Do Well?

We hypothesizahatthe main advantageof the perceptrorpredictoris its ability to
make useof longerhistorylengths.Schemesik e gshae thatusethehistoryregister
asanindex into a tablerequirespaceexponentialin the history length, while the
perceptrorpredictorrequiresspacdinearin the historylength.

To provide experimentakupportfor our hypothesiswe simulategshae and
the perceptrorpredictorat a 64K hardwarebudget,wherethe perceptrorpredictor
normally outperformsgshae. However, by only allowing the perceptrorpredictor
to useasmary historybits asgshae (18 bits), we nd thatgshae performsbetter
with a mispredictionrate of 1.86% comparedwith 1.96%for the perceptrorpre-
dictor. Theinferior performanceof this crippled predictorhastwo likely causes:
thereis moredestructve aliasingwith perceptrondecausehey arelarger, andthus
fewer, thangshag's two-bit countersandperceptronsirecapableof learningonly
linearly separabldunctionsof their input, while gshae canpotentiallylearnary
Booleanfunction.

Figure5.9 shows theresultof simulatinggshae andthe perceptrorpredic-
tor with varyinghistorylengthsonthe SPEC2000benchmarksHere,we usea 4M
bytehardwarebudgetto allow gshae to considedongerhistorylengthsthanusual.

As we allow eachpredictorto considedongerhistories,eachbecomesnoreaccu-
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rateuntil gshae becomesvorseandthenrunsout of bits at a history lengthof 23
(sincegshae requiresresourcegxponentialin the numberof history bits), while
the perceptrorpredictorcontinuego improve. With this unrealisticallyhugehard-
warebudget,gshae performsbestwith a historylengthof 23, whereit achievesa
mispredictionrateof 1.55%. The perceptrorpredictoris bestat a historylengthof

66, whereit achiezesa mispredictiorrateof 1.09%.

5.4.7 When Doeslt Do Well?

Theperceptrorpredictordoeswell whenthe predictedbranchexhibitslinearly sep-
arable behavior To de ne thisterm,let  be the mostrecent bits of global
branchhistory. For astaticbranch , thereexistsa Booleanfunction that
bestpredicts 'sbehaior. It is this function, , thatall branchpredictorsstrive
to learn. If is not linearly separabléhengshae may predict betterthanthe
perceptrorpredictor andwe saythatsuchbranchesarelinearly insepaable We
compute for eachstaticbranch for eachbenchmarkandtestfor linear
separabilityof thefunction.

Figure 5.10 shaws the mispredictionratesfor eachbenchmarkior a 4KB
budget,aswell asthe percentagef dynamicallyexecutedbrancheghatis linearly
inseparablefFor eachbenchmarkthebarontheleft shavsthemispredictiorrateof
gshae, while the baron theright shavs the mispredictionrateof a global percep-
tron predictor Eachbaralsoshaows, usingshading,the portion of mispredictions
dueto linearly inseparabldranchesandlinearly separabldranches.We obsenre
two interestingfeaturesof this chart. First, most mispredictedbranchesare lin-
earlyinseparablethuslinear inseparabilitycorrelateshighly with unpredictability
in general. Second the perceptrorpredictoroutperformsgshae in all casesex-

ceptfor thatof 186.crafty , the benchmarkwith the lowestfraction of linearly
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separablédranches.

Somebranchegequirelonger historiesthanothersfor accurateprediction,
andtheperceptrorpredictoroftenhasanadvantageor thesebranchesFigure5.11
shavstherelationshipbetweerthis advantageandtherequiredhistorylength,with
onecurwve for linearly separabldoranchesand one for inseparablédranches.The

axisrepresentshe adwvantageof our predictor computedoy subtractinghe mis-
predictionrateof the perceptrorpredictorfrom thatof gshae. We sortedall static
branchesccordingo their“best” historylength,whichis representednthe axis.
Eachdatapoint representshe averagemispredictionrate of staticbranchegwith-
out regardto executionfrequeng) that have a given besthistory length. We use
the perceptromredictorin our methodologyfor nding thesebestlengths: Using
a perceptrortrainedfor eachbranch,we nd the mostdistantof the threeweights
with the greatestmagnitude.This methodologyis motivatedby the work of Evers
etal., who shav that mostbranchesanbe predictedby looking at threeprevious
branched21]. As the besthistory lengthincreasesthe advantageof the percep-
tron predictorgenerallyincreasesswell. We alsoseethat our predictoris more
accuratefor linearly separabldoranches. For linearly inseparabléoranchespur
predictorperformsgenerallybetterwhenthe branchesequirelong histories while
gshae sometimeperformsbetterwhenbranchesequireshorthistories.

Linearly inseparabldéranchesequiringlongerhistories,aswell asall lin-
earlyseparablédranchesarealwayspredictedoetterwith the perceptrorpredictor
Linearly inseparabléoranchegequiring fewer bits of history are predictedbetter
by gshare.Thus,thelongerthe history required the betterthe performanceof the
perceptrorpredictor evenonthelinearly inseparabléranches.

We foundthis historylengthby nding the mostdistantof thethreeweights

with the greatestnagnituden a perceptrortrainedfor eachbranch,anapplication
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of the perceptrorpredictorfor analyzingbranchbehaior.

5.4.8 Additional Advantagesof the Perceptron Predictor

This subsectiordescribeswo additionalbene ts of usingperceptrongo perform
branchprediction.

Branchpredictionwith perceptrontasotheradvantagesverpreviousmeth-
ods.A perceptroroutputcangive acon dencein theprediction. Theweightvector
canbeusedto nd correlationsbetweenbranchesso this methodcanbe usedin

simulationto analyzethe behaior of a program.

Assigningcon denceto decisions. Our predictorcanprovide acon dence-level
in its predictionghatcanbe usefulin guidinghardwarespeculationTheoutput, |,
of the perceptrorpredictoris not a Booleanvalue,but a numberthatwe interpret
astakenif . Thevalueof providesimportantinformationaboutthe branch
sincethedistanceof from 0 is proportionalto the certaintythatthebranchwill be
taken [30]. Thiscon dencecanbeused for example,to allow amicroarchitecture
to speculatrely executeboth branchpathswhencon denceis low, andto execute
only the predictedpathwhencon denceis high. Somebranchpredictionschemes
explicitly computea con dencein their predictions[29], but in our predictorthis
informationcomesfor free. We have obsened experimentallythatthe probability
thata branchwill betakencanbe accuratelyestimatedasa linear function of the
outputof the perceptrorpredictor Figure5.12shons anempricalmeasuremeruf
the sampleprobabilitythata branchis taken asa function of the perceptroroutput
for the SPECint 2000benchmarks.
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Analyzing branch behavior with perceptrons. Perceptronsanbe usedto ana-
lyze correlationsamongbranchesThe perceptrorpredictorassignseachbit in the
branchhistory a weight. Whena particularbit is strongly correlatedwith a par

ticular branchoutcome the magnitudeof the weightis higherthanwhenthereis

lessor no correlation. Thus, the perceptrorpredictorlearnsto recognizethe bits
in the history of a particularbranchthatareimportantfor prediction,andit learns
to ignore the unimportantbits. This propertyof the perceptrorpredictorcanbe
usedwith pro ling to provide feedbackfor otherbranchpredictionschemes For
example,our methodologyin Section5.4.7couldbeusedwith apro ler to provide

pathlengthinformationto the variablelengthpathpredictor[58].

5.5 Summary

In thischaptemwe haveintroducedanew branchpredictorthatuseseuralnetworks—
the perceptronin particula—asthe basicpredictionmechanism.Perceptrongre
attractve becausehey canuselong history lengthswithout requiringexponential
resources.A potentialweaknesf perceptronss their increaseccomputational
compleity whencomparedvith two-bit counters put we have shovn how a per
ceptronpredictorcanbe implementecef ciently by usingdelay-hidinghierarchi-
cal organizations.Anotherweaknes®f perceptronss their inability to learnlin-
earlyinseparabldunctions. Neverthelessthe perceptrompredictorperformswell,
achiezing a lower mispredictionrate, at all hardware budgets,than well-known
global predictorson the SPEC2000integer benchmarksBranchesexhibiting lin-
earlyinseparabilityarehardto predictin generalpotjust hardfor perceptrons.

In theIntroduction thereademayhave momentarilyworriedthatthe eraof

proposaldor increasinglycomplex branchpredictorsis over. The readercanrest

72



assuredhat, with hierarchicalorganizationsyesearcherarefreeto explore more
expensve andexotic solutionsto the problemof increasingoranchpredictoraccu-
ragy. Neverthelessywe mustaskourseheswhetherthis approactcanbe sustained
inde nitely, andwhethertherearesimplerideasthataddressranchpredictordelay
andaccurag withoutincreasinghe compleity thatthe microarchitechasto deal
with. In the next two chapterswe explore alternatve ideasthat addresglelayby

reducingcompleity, ratherthanincreasingt.
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Chapter 6

Cooperative Prediction with Branch
Path Re-Aliasing

We have seerhow to mitigatethe problemof branchpredictordelayby usingmore
complex hardware. However, it seemsntuitive thatwe would ratheruselesshard-
ware,becauséranchpredictordelayis duein large partto thepropagatiordelayof
signalsthroughcomple circuitry andlong wires. In this chapterandthe next chap-
ter, we explore the ideaof shifting someof thework of makinga predictionto the
compiler sothatthe compilerandprocessocooperatdéo make the prediction. By
reducingthecompleity of thehardware,thesecooperatre predictorshave reduced
accesslelay

Traditional predictorssuchasgshae [41], bi-mode[38], YAGS[18], and
hybrid predictors[20] reducedestructve aliasingin the PHT by introducingmore
levelsof logic ontothe critical pathfor makinga prediction;with aggressie clock
rates thesebranchpredictorswill becomdessfeasible.

In this chaptey we proposebrand path re-aliasing a branchprediction
techniquewhich enliststhe compiler's helpin moving importantfunctionality off
of the critical pathto making a prediction,providing a quick predictionin a sin-

gle cycle while moving otherpredictionwork to the lesscritical predictorupdate
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stage.In particular ourschemeaivesthecompilerthetaskof decreasinglestructve
aliasingandincreasingconstructve aliasing,sothatthe branchpredictorhardware
canbesimpli ed. While otherapproachebave usedthe compilerto provide hints
which decreasaliasing,this schemes uniquein thatthe hint bits arekeptoff the
critical pathfor prediction. Branchpathre-aliasingis limited in scopeto branch
predictorsthatuseGAg, i.e., asimple PHT indexed only by the global history, as
the predictionmechanism.

In our schemethe compilerusespathpro ling informationto provide hints
to branchinstructionssothatpathswith differentoutcomeswill have historiesthat
mapto differentlocationsin the branchpredictors tables.For our purposesa path
throughthe programis a sequencef conditionalbranchexecutionsup to a certain
length;pathpro ling is atechniquethatkeepsa countof the numberof timeseach
paththroughthe programis executed. A small, simple predictoris usedto make
a branchprediction,after which the branchhistory is updatedso that destructve
aliasingis decreased.Our schemeplacesa brand inversion bit in eachbranch
instructionto indicatewhetherthe branchoutcomeshouldbe invertedbeforeit is
recordedn the global history register Evenin CPUswith multi-cycle instruction
cachespur schemecandeliver a predictionin parallelwith the instructioncache
accessandonly needgo readthe hint bit to updatethe branchpredictor

Oursimulationsshav thata2048-entryGAg predictorenhancedavith branch
pathre-aliasinghasa mispredictiorrateof 6.5%,21%lowerthanthemisprediction
rateof 8.2%for thesamesized,but morecomplicatedgshae predictor andequv-
alentto the mispredictionrate of a gshae predictorwith twice the size. We also
shaw thatour predictorcanimprove accurayg for otherPHT-basedredictors.

In this chapterwe introducethe conceptof branchpath re-aliasing. We

discussthe motivation behindthis idea, discussthe problemof aliasingin branch
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predictors,describeour optimizationand algorithm, and provide resultsshaving

how our schemamprovesaccurag.

6.1 Branch Path Re-Aliasing

In this section,we describethe problemof history aliasing,which is commonto
mary two-level branchpredictors. We then describea techniquethat increases

accurayg by decreasingliasing.

6.1.1 Path and OutcomeHistories

Branchpathre-aliasinggivesthe compilerexplicit controlover how pathsthrough
the programare mappedto PHT entries. Branchoutcomesare highly correlated
bothwith pathandpatternhistories[43, 65,58]. Patternhistoriesareeasierto use
than path historiessincethey requirerecordingonly a single bit for eachbranch.
However, patternhistoriesare highly susceptibldo aliasing,both betweendiffer-

ent static branchesand within the samebranch. Thatis, several different paths
correlatedwith differentbranchbehaiors mayall inducethe samepatternhistory,

leadingto destructve aliasing.Our optimizationre-aliaseatternhistoriesto bet-

terre ect pathhistories,improving accurag by decreasinglestructve aliasing.

6.1.2 History Aliasing in a Global Predictor

Severaltypesof aliasinghave beenidenti ed in branchpredictorg42]. Ourfocus
isoncon ict aliasing Considera GAg predictor which consistf a PHT indexed
by a globalhistoryregister Two differentpathsin the programmay coincidentally
leadto the sameglobal history, eventhoughthe codebeingexecutedis unrelated.

In this case the samePHT entrywill beusedfor bothbranchesbut the prediction
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maynotcorrelatehighly with theoutcomeof either Thus,thebranchpredictorwill

have pooraccuray for thesebranches.

6.1.3 Our Solution: Branch Path Re-Aliasing

Ourapproacho solvingthe historyaliasingproblemis to inserta hint bit into each
instructionthattells the branchhistory updatemechanisnwhetheror not to invert
the branchoutcomebeforerecordingit in the history register We choosethe hint
bits, whichwe call inversionbits, suchthatpathsleadingto branchesvith opposite
outcomewill have differenthistories.Essentiallyby changingheway pathsalias
oneanothetin the PHT, we reducedestructve aliasing.

We introduceour ideaby modifying the simplestpossibletwo-level branch
predictor: the GAg. A global history registeris usedto index a PHT of two-bit
saturatingcountersfrom which the predictionis directly read.Oncethe prediction
is readandmadeavailableto thefetchengine thecritical time to make a prediction
is over, sothe predictoris no slower thana normalGAg. The branchpredictionis
thenusedto speculatiely updatetheglobalhistoryregister whichis bacledupand
correctedaftera misprediction.With branchpathre-aliasingthe differencecomes
in how thehistoryregisteris updated Eachbranchinstructionencodesninversion
bit. If this bit is set,thenthe branchoutcomeis invertedbeforeit is recordedin
theglobalhistoryregister In short,thevaluerecordedn the historyregisteris the
exclusive-ORof theinversionbit andthe branchoutcome.

At rst glance,it might seemthatthis techniquecould be implementecdby
simply changingbranchsensesandreorderingcode; however, this transformation
would be at oddswith techniqguesuchasbranchalignment[13] thatseekto mini-
mize the numberof takenbranchego increasdetch bandwidth.Branchalignment

canincreaseperformancegven thoughit may decreaseredictionaccuray [47].
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Ourtechniquecannicely complemenbranchalignmentby decreasinghe destruc-

tive aliasingintroducedoy alignment.

Path Pro les

Path pro ling collectsinformation on the the executionpathsof a program[7].
Branchpathre-aliasingusespathpro les to determinewvhich brancheshouldhave
theirinversionbits set.For a historylengthof ,i.e.,aGAgwith an -bit history

eachpathpro le storeshefollowing informationfor apath :

1. Theaddressesf thelast branchegncountered.

2. Theoutcomegtakenor nottaken) of thelast brancheencountered.
3. freq , thefrequeng with whichthis pathwasexecuted.

4. ntaken , thenumberof timesthis pathled to atakenbranch.

Algorithm

Oncethe path pro les have beencollected,we usea two-phasealgorithmto set
inversionbits. In the rst phasethealgorithmtriesto mappathsto PHT entriesby
settingtheinversionbits of certainbranchesgausingconstructve aliasingbetween
pathsthat agreeon branchoutcomeand choosingdifferentPHT entriesfor paths
with differentoutcomes.Eachpathis examinedin decreasingrderof execution
frequeng. For eachpath,we choosea setof inversionbits thateithermapthe path
to PHT to which similarly-biasedrathsaremappedpr to anunusedPHT entry. As
inversionbits areset,they becomex edfor pathsthatareexaminedater;thus,this
greedylocal algorithmis augmentedvith a secondohasethatconsiderghe global

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 constructve and destructve

interferenceThedetailsthetwo phasesareasfollows:

1. The rst phaseof thealgorithmmapspathsto PHT entriesby invertingor not
inverting brancheslongthe path. The algorithmconsidersachpathpro le
in descendingrderof frequeng. For eachpro le , thealgorithmlooksfor
anentry inthePHTto whichsimilarly biasedpathsaremappedgpr to which
no pathsaremappedat all. If oneis found, thenpath is mappedio PHT

entry ; otherwisetheinversionbits of thepath areleft thesame.

2. Theseconghaseconsidergachstaticbranch choosingheinversionhint bit
for thatbranchthatmaximizesa tness functionoverall branchesLet  be
thesetof pathsall mappedo PHT entry , andlet bethehistorylength,so
thatthereare counterdn the PHT. Let a Booleantaken betheaggreate
bias(i.e. truefor takenor falsefor nottaken) of all thepathsmappedo PHT

entry , i.e.,taken is trueif andonly if:

ntaken - freq

In otherwords,taken is trueif andonly if all thepathsmappedo PHT entry
leadto taken branchesat leasthalf the time. For a path , let a Boolean
bias betrueif andonly if ntaken freq , 1.e.,bias isthebiasof an

individual path. Thenthevalueof the tnessfunctionis:

freq if

freq otherwise
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Eachpathis mappedo aparticularPHT entry. Intuitively, the tnessfunction
is thesum,over all paths,of thefrequencie®f pathsmappedo PHT entries
with the samebias, minusthe frequenciesof pathsmappedio PHT entries
with differentbias. The higherthe tness function,themoreconstructve and

lessdestructve interferencehereis.

6.1.4 Implementing Inversion Bits

An importantconsideratiorfor branchpathre-aliasingis the representationf the
inversionbits. Eachbranchinstructionencodesan inversionbit, which is reason-
able sinceseveral existing ISAs alreadydedicateone or two bits in eachbranch
instructionto managingbranchprediction. For example,the HP/FA-RISC archi-
tectureallows eachbranchto encodea biasbit [39], whichis usedeitherfor static
or agree branchprediction. The Pentium4 microprocessoextendsthe I1A-32 in-

structionsetto include branchhints [28]. The IA-64 architectureencodeseveral
hint bitsin branchinstructiong25]. Theseextrabitsin theISA couldbere-usedo

represeninversionbits. Old binarieswould still runwith reducederformanceand

newer onescouldbeoptimizedto usetheinversionbits for branchpathre-aliasing.

6.2 Resultsand Analysis

In this section,we give theresultsof branchpathre-aliasingon the SPEC2000in-
tegerbenchmarksmmeasuringhe decreasén mispredictionrateson severalbranch
predictors.We show thatour optimizationalsohelpsmorecomplex agreeandhy-
brid predictors. Finally, we measurethe decreasen aliasingresponsiblefor the

improvedaccurag.
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6.2.1 Predictor Simulation Methodology

Weusethetrain  inputsfor collectingthe pathpro les, andwe usetheref inputs
to evaluatetheaccurayg of the predictors.We usetracesto gatherour pathpro les.
This methodis costly, but thereare techniquesn the literaturethat would make
this taskmuchmoreef cient, for example,the ef cient algorithmof Young[66],
which gatherdbounded-lengtipathswith bothforward andbackwardedgespr the
forward-pathpro ling of Ball andLarus[7]. We considepathpro les with history
lengthsof 8 to 15.

We usebranchpathre-aliasingto decrease¢he mispredictionratesof three
dynamicbranchpredictors: GAg, an agree predictor anda hybrid predictor We
compareour improved predictorswith severalotherpredictors.We rst tuneeach
predictorfor optimal history lengthusingthe tracescollectedwith thetrain  in-

puts.

6.2.2 Algorithm Implementation

We measuranispredictionratesusinga trace-drven simulationprogram. For our
simulations,we usea 733MHz Pentiumlll thatreadscompressedracesfrom an
NFS sener. On this machine the branchpathre-aliasingalgorithmtakesfrom 5

to 30 minutes,dependingon the history length, numberof pathsin the program,
and compressiorratios of the traces. We did not pay particularattentionto the
efciency of the program,usingC++ andSTL for rapid development.If pro ling

performancdéecomes problemin aproductionversionof branchpathre-aliasing,
Young's more comple pathpro ling algorithmcould be usedto provide greater

efciency.
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6.2.3 How notto do Branch Path Re-Aliasing

Beforewe go onto our mainresultswe will exploretwo obviousbut unwiseideas
thatmay cometo mind whenimplementingbranchpathre-aliasing. We describe
themhere,andexplain why, althoughthey mayseemlik e goodideasat rst glance,

they arenot.

--»—-GAg + random inversion hints
—-=- GAg + compiler simulated BPR
--+-- GAs

—— GAg + BPR

Percent Mispredicted

256 512 1K 2K 4K 8K
Hardware Budget (Bytes)

Figure6.1: Mispredictionratesfor alternateéimplementation®f branchpathre-aliasing,
alongwith GAs.

Random Inversion Bits

Oneideais to settheinversionbits randomly Branchhistoriescomefrom avery
non-uniformdistribution. Thegshae predictoruseshe branchaddressasawayto
morerandomlydistribute accesseamongthe PHT. Perhapsve could userandom
inversionbits to achieve the sameeffect. If this works, thenmaybethe inversion
bits would not be neededn theISA atall, but could be derived from, say the bits
in thebranchaddressFigure6.1shavstheresultsof simulatingGAg with pseudo-

randominversionbits over a rangeof hardwarebudget,alongwith GAs andGAg
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with branchpathre-aliasing. At almostevery hardware budget,but especiallyat
thesmalloneswith which we aremostconcernedthis techniqueyieldsthe poorest
mispredictionrates. Without using someintelligencein settingthe inversionbits,

thistechniquéails.

Simulating Inversion Bits with Branch Senses

Anotherwayto implementbranchpathre-aliasingwithoutinversionbitsin the ISA
is to usebranchsensedo simulateinversionbits. For instancejf we would nor-
mally setthe inversionbit for a “branchif zero” branch,we would insteadchange
thebranchto a“branchif notzero” branchandre-orderthebasicblocksin thecode
to maintainthe correctprogramsemanticsThus,it would seemthatour optimiza-
tion couldbe usedwith anunmodi ed GAg predictorin existing hardware,suchas
the GAg componenbf the Alpha 21264.

Figure6.1shovsthemispredictiorratesresultingfrom simulatingthisidea.
We modi ed thebranchpathre-aliasingalgorithmto take into accounthefactthat
the actualpredictionswere changing,not just the contentsof the history register,
sothatthe tness functionwould provide meaningfulinversionhintsfor changing
branchsenses.Again, this techniqueperformsmore poorly than GAs. Our reg-
ular branchpathre-aliasingtechniqueonly changeghe distribution of the bits in
the global history register, to distribute accesseto the PHT suchthat aliasingis
avoided. Changingbranchsenseslsochangeghe distribution of the valuesin the
PHT itself, introducingmary moredegreesof freedomto the problemandfunda-
mentallyincreasinghe compleity of nding anoptimalsolution.

Thereis a muchmorecompellingreasomot to do branchpathre-aliasing
by changingbranchsenses. On mary microarchitecturestaken branchesncur

a penalty sinceinstructionfetch usually cannotbe accomplishedacrossa taken
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branchandinstructioncachemissesaremorelik ely whentherearenon-sequential
accessesChangingbranchsensedo increasepredictoraccuray is at oddswith
code-reorderingptimizationssuchasbranchalignment[13] thattry to minimize
the numberof taken branches Eventhoughcode-reorderingometimegesultsin
slightly reducedpredictoraccurayg [47], performancencreasesverall because
thereare fewer taken branches.Indeed,our hardware versionof branchpathre-
aliasingmighthelpregainsomeof thelostaccurag andcomplementode-reordering
transformations.

Our conclusionfrom this subsections thatthe bestapproactio implement-
ing branchpathre-aliasings to useinversionbits andextra hardwarein the micro-

processqgrandextraintelligencein the compiler

6.2.4 Simple Two-Level Predictors

104~ e e GAg
R - - GAs
' . —-»- gshare
~al T~ c —— GAg + BPR

Percent Mispredicted

256 512 1K 2K 4K 8K
Hardware Budget (Bytes)

Figure6.2: Branchmispredictionrateson the SPEC2000integerbenchmarks.

Figure 6.2 comparesour basicscheme GAg with branchpathre-aliasing,

againsthreesimpletwo-level predictors:GAg, GAs,andgshae. Thegraphshaws
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mispredictiorratesfor hardwarebudgetsangingfrom 256to 8K bytes.At all hard-
warebudgetsour basicschemeachiezesthe lowestmispredictionrate. The graph
doesnot shaw, of coursethatour schemeallows fasterclockingby removing work
from the critical path. For a branchpredictorwith 2K-entries,the samehardware
budgetusedin the AMD Athlon, branchpathre-aliasingreduceghe misprediction
of GAg by 32%,from 9.5%down to 6.5%. The mispredictiornratesfor a 2K-entry
GAs andgshae are7.5%and8.2%,respectiely; for 2K-entries,our basicpredic-
tor seegmispredictionratesthatarelower thanGAs andgshake by 13% and21%,
respectrely.

To seehow thesenumbersnightbeusedo designfuturepredictorssuppose
themicroarchitect®f a CPUcorethatusesa4K-entryGAs predictordecidedt was
necessaryo shrinkthe branchpredictorto 2K entriesto allow for moreaggressie
clocking. Our simulationsshaw thatthemispredictiorratewould increaseédy 12%,
from 6.7%to 7.5%. Instead,the microarchitectcould replacethe 4K-entry GAs
with a 2K-entry GAg and provide inversionbits. Branch path re-aliasingcould
achieve amispredictiorrateof 6.5%,decreasinghe mispredictiorrateof thelarger

predictorby 3%.

6.2.5 More ComplexPredictors

We have amguedthathigh-lateny, complec predictorswill becomédessfeasibleas
clockratesincreaseandpipelinesgetlonger NeverthelesssomeCPUdesignswill
continueto keepshorterpipelinesandlessaggressie clock rates.Evenwith more

comple predictors pranchpathre-aliasingoffershigheraccurag.
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AgreePredictors

Theagreepredictorachievesincreasedccurayg by turningthe destructve aliasing
of a normal PHT predictorinto constructve aliasing. Ratherthan predictingthe
outcomeof a branch,the PHT is usedto predictwhetherthe outcomewill agree
with a biasbit. Still, thereis a differentkind of destructve aliasingto which agree
predictorsaresusceptiblelnsteadof pathsthatleadto takenandnottakenbranches
colliding in the PHT, we may have pathsthatleadto agreemenanddisagreement
with the biasbit aliasingeachother We modify the branchpathre-aliasingalgo-
rithm to reducealiasingin a GAg-basedagree predictorthat usesbiasbits setin
eachbranchinstruction. Insteadof keepingtrack of the taken/nottaken biasof a
particularpath,the new algorithmkeepstrack of the agree/disagrekiasof a path.
Thatis, for eachPHT entry, the algorithmdeterminesvhethereachpathleadingto
thatentryusuallyagreesor disagreesvith the correspondingpiasbit.

Figure 6.3 shavs harmonicmeansof mispredictionratesfor several hard-
warebudgets aswell asthe mispredictionrateson eachSPECintegerbenchmark
meangdor 2K-entry GAs, gshae, andGAg predictorswith branchpathre-aliasing,
eachusingthe agree mechanism.Thesepredictorsusethe samesizetable asthe
agree predictorof recentHP-RA/RISC coressuchasthe 8700[39, 59. Branch
path re-aliasingachieres the lowest harmonicmeanmispredictionrate of 4.4%,
comparedvith 4.8%for GAs with agreeand4.5%for gshae with agree

Although readingthe biasbit is still on the critical pathfor makinga pre-
diction with branchpathre-aliasing,readingaddressits and propagatingvalues

throughexclusive-ORgatess not.
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Hybrid Predictors

Oneof the component®f the Alpha 21264hybrid branchpredictoris a 4K-entry
GAg predictor The choicepredictor which predictswhetherthe global or per
branchcomponentvill be moreaccuratejs alsoa 4K-entrytableof 2-bit counters
indexedby the global branchhistory. We modi ed the branchpathre-aliasingpro-
gramto measurehe biasof a particularbranchto be predictedbetterby a global
or perbranchpredictorby trackingthe mispredictiornratesof both predictioncom-
ponents We modi ed the tness functionto take into accountbothtaken/nottaken
andglobal/perbranchbiases.This way, aliasingis reducedoothin theglobalPHT
aswell asin thechoicetable.

We simulatetheunmodi ed Alpha 21264hybrid predictor aswell asaver
sion of the Alpha predictoraugmentedvith branchpathre-aliasing.We allow the
globalandchooselPHTsto rangein sizefrom 256to 32K entries,scalingthe per
branchtableof historiesandPHT with 1/4 the entriesastheglobal PHT, yieldinga
sequencef Alpha-like predictorsatincreasinghardwarebudgets Figure6.4shows
aplot of theharmonicmeansof mispredictiorratesasa functionof hardwarebud-
getfor the hybrid predictorsaswell astwo agree predictors,onewith branchpath
re-aliasing Figure6.4 alsoshovs abargraphfor the4K-entryglobal PHT versions
of thehybrid predictorsusingthesamecon gurationasthe Alpha21264predictor
Thebagraphshovsa1l6K-entryagreepredictorusingbranchpathre-aliasing.This
agreepredictorusesaboutthe samehardwarebudget(4096 bytes)availableto the
Alpha 21264(3712bytes).Using branchpathre-aliasingwith the hybrid predictor
reduceghe harmonicmeanof the mispredictionrateby 10%, from 3.1%to 2.8%.
Using GAg with branchpathre-aliasingandthe agreemechanismthe mispredic-

tion rateis 3.0%,slightly betterthanthe original hybrid predictorandwith reduced
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complity.

6.2.6 Aliasing Rates

The purposeof branchpathre-aliasings to reducedestructve aliasingin the PHT
for a GAg predictor In our experimentswe modela “de-aliased’predictor i.e.,
a predictorwheredifferentpathscannotaliasthe samePHT entries. We usethis

predictorto measurghreekinds of aliasing[42]:

Destructve aliasingoccurswhen PHT aliasingleadsto a mispredictionin

GAg wherethede-aliasegredictorhasno misprediction.

Constructve aliasingoccurswhenPHT aliasingleadsto a correctprediction

wherethe de-aliasegredictormispredicts.

Harmlessliasingoccurswhenaliasingin the PHT hasno effect on whether

or nota predictionis correct.

Note thatthesecasesare mutually exclusive andaccountfor all aliasingin
the PHT. Figure6.5shavsthesedifferenttypesof aliasingratesin a 2K-entryGAg
predictorfor the SPEC2000integer benchmarksheforeandafterapplyingbranch
pathre-aliasing. The harmonicmeanof the destructve aliasingrateis reducedoy
21%,from 6.1%beforere-aliasingto 4.8% afterre-aliasing.Constructve aliasing
is alsoreducedslightly, from 0.41%to 0.31%. Total aliasingis reducedoy 48%,
from 18.3%t0 9.5%.

On181.mcf , re-aliasingeduceglestructve aliasingby 30%,from 16.6%
down to 11.5%,explainingthe 64% decreasén the mispredictionrate,from 7.9%

for GAg down to 2.8%for GAg with branchpathre-aliasing.
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6.3 Limitations of Branch Path Re-Aliasing

In its currentform, branchpathre-aliasingworksonly for GAg predictorsandpre-
dictorsthat use GAg asa component. It may have limited applicability to GAs
predictors,but it cannotbe usedfor perbranchpredictors(e.g. PAg and PAs) or
otherkinds of global predictorslik e the perceptrorpredictor It is alsounableto
improvetheaccuray of certainpredictordik e gshae thatusea dynamictechnique
to reducedestructve aliasing.Branchpathre-aliasings limited to GAg becausét
reducesaliasingby explicitly controlling how differentpathsmapto PHT entries.
OtherpredictorschoosePHT entries(or perceptronsasthe casemaybe) basedn
somecombinationof branchaddressandglobal history. Branchpathre-aliasingis
frustratedn thesecasessincethealgorithmhasnoknowledgeof branchaddresses.
In the caseof the perceptrorpredictor the majority of destructve aliasingthatoc-
cursis betweerunrelatedstaticbranchesSincethe perceptrorpredictorusesonly

thebranchaddressandnotthe global historyto selectperceptronsthereis no way
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thatbranchpathre-aliasingcouldreducethis kind of destructve aliasing.

6.4 Summary

We have seenhow, by moving compleity off the critical pathto makinga predic-
tion andinto the compiler we canreducethe size of a GAs predictorandreplace
it with anenhancedAg predictorwith muchthe sameaccurag. Branchpathre-
aliasingworks by enlistingthe help of the compiler throughpro ling, to control
aliasingexplicitly. We have alsoseenthatbranchpathre-aliasingcanbe appliedto
otherpredictorsthatuseGAg asa componentsuchasagree predictorsor hybrid
predictors. Neverthelessbranchpathre-aliasingonly buys us sometime. As we
have seenwith the exampleof the AMD K6 andAthlon, branchpathre-aliasing
will allow usto moveto thenext generatiorof processorandretainmuchthesame
accurag. But we will still have the samefundamentaproblemfor future genera-
tions: tablesareslow. In the next chapterwe 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 the problem:the slow accesgime to tables.Rather we have shiftedthe
burdenin variousways. In this chapter we proposea longerterm solutionto the
problem: eliminatethe tablesaltogether and replacethemwith somethingmuch
faster Dueto its uniqueimplementationthe delay of this predictorremainslow
relative to themostaggressie clock ratesandsmallestfuture procesgechnologies.

ExistingarchitecturesuchaslA-64 allow hint bitsin abranchinstructionto
specifywhetherto usethe dynamicbranchpredictoror a staticprediction,thus I-
teringthe accesseto the dynamicpredictorandreducingaliasing(i.e., contention
for branchpredictionresources)lf the staticpredictionsarechosenwell, we can
obtainbetterbranchpredictionaccurag, evenwith a smallerdynamicbranchpre-
dictor.

We extend this ideato considerhistory-basedoredictorsencodedin the
branchinstruction. In our schemea branchinstructionencodesa Booleanfunc-
tion, learnecthroughpro ling, whoseinputis the branchhistoryandwhoseoutput

is a prediction[31]. The key to our solutionis a conciseencodingof Boolean
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functions—base@n monotoneread-onceBooleanformulas—that is well-suited
for branchprediction. Whereasan arbitrary Booleanfunctionin  variablesre-
quires bits to encode monotoneread-onceBooleanformulasonly require
bits. Figure7.1shavs suchaformulaasalogic diagram.Becausef our unique
encodingandimplementationpur Booleanformula predictorcandeliver a branch
predictionin a singlecycle evenat aggressie clock ratesfor which accuratePHT-
basedpredictorsareinfeasible. The primary contribution of this chapteris a nev
branchpredictionschemehat encodesnto branchinstructionsa predictorin the
form of a Booleanformula. Our methodis particularlyattractve in light of trends
in technologyscalingandwire delays.Secondargontributionsincludethefollow-
ing: (1) We describehehardwareimplementatiorof our predictorandanalyzet in
termsof delayandpower; (2) we describeapro ling algorithmfor trainingour pre-
dictor; (3) we describehybrid versionsof our predictorthatcombineour technique
with dynamicpredictorsiand(4) we evaluatetheaccurag of our methodusingthe

SPEC2000integerbenchmarks.

7.1 Branch Prediction with BooleanFormulas

In this sectionwe describeahemainideasbehindpredictingbranchesvith Boolean

formulas.

7.1.1 BooleanFormulas asBranch Predictors

History-basedbranch prediction can be viewed as the problem of learning the
Booleanfunction of the branchhistory that givesthe bestprediction. Let bea
Boolean -vectorcontainingthe outcomesof thelast  branchesxecuted. For

now, we canthink of this branchhistoryasbeingeitherglobal or perbranch.For a
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staticbranch , thereexistsaBooleanfunction thatbestpredictswhether
will betakengiventhehistory . Thegoalof dynamicbranchpredictorss to learn
this functionasquickly aspossibleto provide accurateprediction.

One approachto branchpredictionis to learn for eachbranchin a
pro ling run,thensomehav encodesach in the branchinstructionandhave
thehardwareusethe dynamichistoryto computethefunctionandprovide abranch
prediction. Staticallychoserbiasbits, suchasthoseavailableon HP-FA/RISC and
IA-64, encodeconstanBooleanfunctions,which requireno historyinformation.

If thebehaior of branchess stableacrosdifferentprograminputs,thenwe
would expectbranchpredictionusing thesefunctionsto performvery well, even
betterthandynamicbranchpredictorswhich have the disadwantage®f destructve
aliasing. In practice,input-dependenbehaior, suchasloop trip countsthatvary
from runto run, limits theaccurag of a Booleanformulapredictor But aswe will
seethesefunctionsstill provide highly accurateredictions.

One problemwith this approachs thatof representing Booleanfunction
within a branchinstruction. For instance,with a moderatehistory length of 10,
thereare differentBooleanfunctions. Branchinstructionswould needto have
over 1000bitsto allow all of thesefunctionsto beencodedThereforewe consider

anextremelycompactput sufciently expressve,encodingof Booleanformulas.

7.1.2 Read-OnceMonotone BooleanFormulas

We now describea subsebf Booleanformulasthatcanbe compactlyrepresented.
Thebasicideais to restrictthe Booleanformulassuchthateachvariableappearsn
theformulaonly once,andthe only operationsallovedareAND andOR.

Let ,i.e., and are -bitvectorsof Booleanvalues.Wesay

that if, for all . Considera Booleanfunction ,
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i.e., afunction mappinga vectorof  bits to a single bit. We saythat is
monotonef implies [37]. A monotoneBooleanformulais a
Booleanformulathatusesonly AND ( ) andOR( ), withoutNQOT, asconnectves.

Thefunctionsinducedby theseformulasaremonotong37], hencethename.

KK X X X XX

Figure7.1: Treerepresentationf theformula

In aread-oncgormula eachvariableappearsexactly oncein the formula.
Read-oncdormulasarealsoknown as -formulasor Booleantreeg[3]. Read-once
monotoneBooleanformulashave a concisedescriptionas a tree whoseinternal
nodesare ANDs and ORsandwhoseleavesarethe Booleanvariables.As an ex-
ample,Figure7.1shows the treerepresentationf the formula

asalogic diagram.

7.1.3 Using Monotone Read-OnceFormulas for Branch Predic-
tion

A read-onceanonotoneBooleanformulaof variablescanbeencodedsabit vec-
tor of size , eachbit representing connectve in the Booleantree,with O for

AND and1 for OR. Thus,eachbranchinstructionencodes read-oncenonotone
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Booleanformulausing bits. We alsostoreanothelbit that,if setto 1, causes
the valueof the functionto beinverted,sothatwe canalsorepresenthe comple-
mentsof monotoneread-oncdormulas.No two differentbit patterngepresenthe
sameBooleanfunction, so this encodingis quite ef cient. For a history length of
, theformulaencodingn thebranchinstructiontakes  bits. MonotoneBoolean
formulasareincapableof representingdooleanconstantssowe allow theformula
whoseconnectvesareall ANDs to computeO (i.e., false. By choosingto invert
the output, this formulacanalsoproducel (i.e., true). Thesetwo valuesarenec-
essarysincethey allow usto representalwayspredicttaken” and“alwayspredict
nottaken; which arethe mostcommonBooleanfunctionsfor branchprediction.
For branchprediction,we keepa branchhistory shift registerinto which the
Booleanoutcomegi.e., 1 for takenandO for nottaken) of branchesreshifted. We
keepa globalhistory, usingthe sameshift registerfor all branchesWhena branch
instructionis fetched,the Booleanformulais sent,alongwith the contentsof the
historyregister, to a circuit thatdecodeshe formulaandcomputeghe prediction.
We useapro ling phaseo decidewhich formulasto encoden eachbranch
instruction.Thepro ling algorithmusesstatisticsaboutthe behaior of eachstatic
branchto choosehe bestmonotoneead-oncdormulafor thatbranch.
Thefollowing formulais anexampleof amonotoneread-oncdBooleanfor-

mulausedfor branchpredictionwith a historylengthof 8:

This formula corresponddo a branchpredictionpolicy of “predict taken
if eitherof the lasttwo branchesveretaken and the third andfourth mostrecent

branchesverebothtaken,andary of the otherbranchesn the historyweretaken’
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7.1.4 Proling Algorithm

We now describeour algorithmfor determiningwhich formulasbestpredicteach
static branch. Using a trace of eachbranchaddressand outcome,the algorithm
simulateshe dynamiccontentsof the history register For eachstaticbranch,the
algorithmkeepsa list of the differenthistoriesthat lead up to that branch,along
with the numberof timeseachhistoryleadsto the branchbeingtakenor nottaken.
After thealgorithmhasexaminedevery dynamicbranch,it checksthelist for each
staticbranch  and exhaustvely testsevery monotoneBooleanformula and its
complemento seewhich onewould have yieldedthe fewestmispredictiongyiven
all the historiesthatledupto . Thisbestformulais thenencodednto the branch
instruction.

For brancheshatareexecutediewerthan500timesin thepro led program,
we simplyusetheconstanformula(0 or 1) thatbestpredictshatbranchyatherthan
consideringall ~ formulas. We areinvestigatingwaysto speedup the algorithm
with a moreintelligent search.Section7.2.5givestiming resultsfor the pro ling
algorithmandarguesthatthe costis reasonabléor historylengthsupto 16.

We have foundthatwe can nd formulaswith avaluefor of upto 18in
areasonablamountof time, i.e., up to afew hoursperbenchmarkWith ,
we can nd theformulasin afew minutes,duringwhich alarge portionof thetime

is devotedsimply to readingthe pro led tracesrom disk.

7.1.5 Hardware Implementation

A hardwareimplementatiorof a Booleanformulabranchpredictoris simple.Each
Booleanconnectve (i.e., AND or OR) in the formulais representedby a circuit

with threeinputs:two datainputs,correspondingo thevariablesor outputsof other
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gates,andonecontrol input that speci eswhetherthe Booleanconnectve should
computeAND or OR. Coincidentally this functionis equivalentto the carry-out
computedby a full adder Figure 7.2 shavs a logic diagramfor this four-NAND

circuit. With a historylengthof , our predictoris built from connectves
anda single XOR gateat the outputthat actsas an inverterwhenits input is 1.

Figure7.3 shavs a circuit implementatiorof the predictorfor . For clarity,

theextralogic to produced whenall the connectvesare ANDSs is not shawvn, since
thislogic requiregrelatively few gatesandis noton thecritical timing path.

We simulatea straightforvard staticCMOS implementatiorof the Boolean
formulapredictorwith the HSPICEcircuit simulator First, we createa sub-circuit
composeaf four NAND gatesasshavnin Figure7.2. Then,weinstantiate
of thesesubcircuitsandaddan XOR, which is a sub-circuitconsistingof two in-
vertersandtwo NAND gates.The connection$etweenthe subcircuitsareshovn
in Figure7.3. Finally, we addcapacitancdetweernthe gatesto modellocal inter-
connect.

Notethatalthoughthe concepbf aread-oncenonotoneBooleanformulais
somevhatsimilar to the actualimplementatiorasa circuit, to avoid confusion the
two shouldbe thoughtof separatelyasfunctionvs. implementation.n particulay
thecircuit is optimizedfor staticCMOStechnologywith NAND gatesandis nota

read-onceircuit.

7.1.6 Delay
The depthof the formulaevaluationcircuit with  inputsis plusthe nal
XOR gate. For instancefor , the critical delay pathpasseshrougheight

NAND gatesandone XOR gate. In contrastthe gshake predictorlooksup values

from atable by readingfrom an SRAM array We usethe methodologygivenin
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Chapter3 for obtainingthe accesgimesfor the patternhistorytables.

We estimatethe accesgime of the Booleanformulapredictorby simulating
the combinationakircuit andmeasuringhe delayfrom the branchinstructionand
history registerinputsto the outputof the XOR gate. The delay measurements
arethetime from the midpointof the input signalswitchingto the midpointof the
outputsignalswitching.We calculatedhelookuptime for agshae predictorusing
our modi ed CACTI tool. Table7.1 showvs the accesgimesfor a 4K-entry gshae
predictorandtwo sizesof the Booleanformulapredictor and ,fora
rangeof fabricationtechnologiesWe chosethe 4K-entry predictorbecauseaswe
will seein Section7.2,the versionof the Booleanformula predictoronly
slightly exceedsthe accurag of a 4K-entry gshae. Thus,our delaycomparisons
shav thatwe canachieve higheraccurag with lower lateng.

As fabricationtechnologyimproves, transistorscan be madesmallerand
faster resultingin higherclock frequenciesandfastercombinationakircuits. As
Table 7.1 shaws, accesgimesfor eachstructureimprove asthe minimum feature
sizedecreases.

TheBooleanformulapredictoris consistenthfastethanthe4K-entrygshae
predictor allowing moretime for communicatiorand computationwithin a clock
cycle. At the projectedclock rate of 7 Ghz for 50 nm technology the clock pe-
riod would be 144 picosecondsA traditionaltable-lookuppredictorsuchasgshae
would requiremorethanasinglecycle—167picosecondf this case—forthepre-
diction. In the sametechnology the Booleanformula predictorwould provide a
predictionin 59 picosecondsleaving over half of the cycle to preparefor andact
uponthe prediction.

One concernwith our predictoris that the contentsof the branchopcode

areon the critical pathto makinga prediction;the Booleanformulamustbe read
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Minimum AccessTime (picoseconds)
Feature | 4K-entry | Formula,| Formula,
Size(nm) | gshae
180 551 211 260
130 402 168 208
100 321 112 138
70 228 85 103
50 167 50 59

Table7.1: Accesstimesfor a 4K-entry gshae predictorvs. two versionsof the Boolean
formulapredictor

beforeit canbe evaluated.However, this delayis commonto ary branchpredictor
thatusesbiasbits or ary othertypeof informationfrom thebranchinstruction,such
asthe agreepredictorusedon the HP-RA/RISC or the static/dynamiandbiasbits
provided by IA-64. Onesolutionis to provide pre-decodebits in the instruction

cachethatprovide the opcodeinformationquickly.

7.1.7 Power

Pawver consumptiorhasrecentlybecomea primary concernin microprocessode-
sign. In this section,we contrastthe power consumptiorof traditionalbranchpre-
dictorswith thatof the Booleanformulapredictor

The Booleanformulapredictoris a combinationakircuit thatuseslessdy-
namicpower thanan SRAM-basedredictor This smallpredictorhassmallergate
andinterconnectapacitancéhanan SRAM structurewhich hasdecodingogic, a
memoryarray sensingogic, andoutputlogic.

Table7.2 shavs the Booleanformula predictors dynamicpower consump-
, asmeasuredvith the HSPICEsimulator This table

tion for and

alsoshaws the power of a 4K-entry gshae predictor measureusingthe modi ed
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Minimum Power (milliw atts)

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

Table7.2: Dynamicpower consumptiorfor two versionsof the Booleanformulapredictor
anda4K-entrygshae.

CACTI 2.0.The resultsshav thatthe Booleanformulapredictorconsumes
betweerD.4%to 2.9%of the powerof agshake predictorwith comparabl@ccurag.
With lower transistorthresholdvoltagesin emeging technologies static
power—dueto leakagecurrentthroughtransistors—isecominga sizablepercent-
ageof thetotal power consumed61]. With fewer transistorsn the circuit to leak
currenttheBooleanpredictorcircuit will alsohavelessstaticpoverthananSRAM
structure. Furthermorethe Booleancircuit implementatioris amenabldo a low
staticpower designtechniquethattakesadvantageof the stacledtransistorswithin

gatedo biastransistorsnto alow-leakagemode[61].

7.1.8 Impact of Encoding

Sinceeachbranchinstructionencodes Booleanformula,we must nd anef cient
way to encodethe formulain the instructionwithout having a negative impacton
performance Someinstructionssetsalreadyprovide extra bits for communicating
hints to the microarchitecture For instancethe Alpha AXP ISA provides 14 bits
in eachindirectbranchinstructionfor pro ling information[55]. In their work on

variablelengthpathbranchprediction,Starketal. [58] useextra bits suchasthese
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to communicatéo themicroarchitecturenformationon hashfunctionsfor abranch
predictor

We proposechanginghe ISA sothatbranchinstructionsencodeheformu-
las. For example,eachbranchinstructionon the Alpha is 32 bits long: six bits
indicatethe op codeof the instruction, ve more bits indicatethe registerto test,
and21 bits arefor the branchoffset. For aBoolean-formuldasedoranchpredictor
requiring  bits in a branchinstruction,we proposeto reallocate of the offset
bitsto theformula. Somelong branchewill needto besplitinto abranchfollowed
by ajumpto thetamet,increasinghe numberof instructionsexecuted.

Figure 7.4 showns the harmonicmeanover the SPEC2000 integer bench-
marksof the percentagef extra instructionsexecutedon the Alpha when offset
bits arereallocatedo Booleanformula predictors. We obtainedthese gures by
assuminghatevery branchwith anoffsetlargerthanwould t giventherestricted
numberof offset bits would incur an additionaljump instruction,and addingthe
numberof suchdynamicallyexecutedoranchego the total numberof instructions
executed.

We measurghe harmonicmeanover the SPEC2000integerbenchmark®f
the percentag®f extra instructionsexecutedon the Alpha whenoffsetbits arere-
allocatedto Booleanformula predictors.With formulasof up to 9 bits, the number
of extra instructionsis negligible. With 12-bit formulas,only 0.2% moreinstruc-
tionsareexecuted.With 14-bitformulas,1.0% moreinstructionsareexecuted.As
historylengthincreasedeyond 16 bits, this encodingtechniquebecomedessfea-
sible. For longerhistories,we have developeda moresophisticatedechniquethat
exploits the fact thatmostof the functionsare constant.With this technique only
thosebranchedgor which the Booleanformulais moreaccuratehanbiasbits use

Booleanformulas. The restusesimple bias bits, keepingthe restof the branch
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instructionopcodefor storingthe branchoffset.
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Figure7.4: Impactof FormulaEncodingon Performance.

7.2 Resultsand Analysis

In this sectionwe give the resultsof simulatingour branchpredictoron the SPEC
2000integerbenchmarksandwe compareour resultsagainstothstatic(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

We usethe12 SPEC2000integerbenchmarksunningunderSimpleScalar/Alph§l0]
to collecttraces.For eachbenchmarkwe gathertracesgiving the branchaddress
and outcomefor up to 300 million branches.We usethetrain  inputsfor the
pro ling runs,andwe usetheref inputsto evaluatethe accurag of the various
predictors.To bettercapturethe steady-statperformancef the branchpredictors,
our evaluationrunsskip the rst 50 million branchesassereralof thebenchmarks
have aninitialization period(lastingfewer than50 million branches)duringwhich
branchpredictionaccurag is unusuallyhigh. Eachbenchmarkexecutesat least
300 million branchesandover onebillion instructionson thetest inputsbefore

the simulationends.

7.2.2 Predictors Simulated

We simulatemonotoneread-onceBooleanformula predictorsfor

We useonly global history information,i.e., we do not usepathor perbranchin-

formation. We alsosimulatethe gshae [41], bi-mode[38] andagree[57] branch
predictorsthreewell-known global dynamicbranchpredictorsfrom theliterature.
The gshae and bi-modepredictorsuse only dynamichistory information. The
agreepredictorcombinesstaticand dynamicinformationby predictingwhethera
branchwill agreewith abiasbit.

History lengthhasbeenobseredto have a signi cant impacton predictor
accuray [41], sofor eachpredictorandeachhardwarebudget,we try all possible
history lengthson the train  inputs and keep the one with the lowest average
mispredictionaccurag.

To givealower-boundonmispredictiorratesfor any Boolean-formuldased
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predictor we alsomeasureéheresultsof usingarbitrary Booleanformulas.Thatis,
we measureheresultsof usingthebestpossiblestaticBooleanfunctionfor agiven
branch,over atraining set,regardlesf the costof implementingthe function. To
nd the bestarbitrary Booleanformulafor a particularstaticbranch,we measure
the numberof taken versusnot-taken branchedor eachhistoryleadingup to that
branchin the training set, then assignto eachhistory the predictionyielding the
mostcorrectlypredicteddynamicbranchesOutof all the possiblehistorieseading
to a branch,only a smallfractionwill actuallybe obsered; all otherhistoriesare
assignedhe biasbit for thatbranch. The arbitrary predictoris representetby the
pro ling algorithmasasetof rowsin atruthtablewheretheinputsarethehistories
andtheoutputis theprediction.Notethatthis arbitraryformulapredictoris actually
implementabldor historylengthsof up to four, sincethetruth tablefor a Boolean

functionin four variablescanbeencodedn only 16 bits.
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154 —-+- Agree
= 1 —-a- Perceptron
Q :\ —— Static Prediction (bias bits)
2 N\ --- Formula 4
e 104 AR --—- Formula 8
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Number of Table Entries

Figure7.5: Accuray of dynamicbranchpredictorsvs. staticpredictionandthe Boolean
formulapredictor

115



7.2.3 Misprediction Rates

Figure7.5showvs mispredictionratesfor the monotoneread-oncdBooleanformula
predictorat history lengthsof 4, 8 and 16, comparedwith gshae, agreeand bi-
modepredictorsat hardware budgetsfrom 512to 256K entries. Labelsabove the
512 and 1K-entry hardware budgetsshav the procesgechnologiedor which the
correspondindoudgetis reachablen onecycle at an aggressie clock rate. Also
shown is the mispredictionratefor the global perceptrompredictorfrom Chapters
in the samerangeof hardwarebudgetsto provide a comparisorof the accuracies
of the perceptrorandformulapredictors Notethatthe perceptrorpredictorcannot
work in asinglecycle at arny hardwarebudgetwithout delay-hidingtechniquesso
thelabelsaborethe -axisapplyonly to the PHT-basedredictors.

At today's 180 nm and 130 nm technologiesfor which branchpredictors
with only aboutlK to 2K tableentriesstateareavailableat moreaggressie clock
speedsa4-bit Booleanformulapredictorwith amispredictiorrateof 6.6%roughly
matchesthe accurag of the bi-modepredictor With a history length of 16, the
Booleanformula predictorhasa mispredictionrate of 5.02%,an improvementof
24% over the 1.5K-entrybi-modepredictor androughly matchingthe mispredic-
tion rateof the perceptrorpredictorat the equivalentof a 1K-entrybudget.

To putthesegures anothemway, a 4-bit Booleanformulapredictorachieses
roughlythesamepredictve powerasa4K-entrygshae predictor A 16-bitBoolean
formulapredictoris aboutasaccurateasan 8K-entry gsharepredictor a 3K-entry
bi-modepredictor or a 2K-entryagreepredictor

Figure 7.6 shaws, for history lengthsrangingfrom 2 to 18, misprediction
ratesfor the monotoneaead-oncdBooleanformulapredictor aswell asfor the pre-

dictor that usesarbitraryformulas. For referencejt alsoshows the misprediction
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rateswith history lengthsfrom O to 18 for purestaticpredictionwith biasbits, as
well asfor dynamicpredictionwith a 1K entrygshae, a 1K entryagreepredictor

anda 1.5K entrybi-modepredictor;theseablesizesrepresenthe predictorsacces-
siblein asinglecyclein 50through130nmtechnologywith aggressie clockrates.
As historylengthincreaseshe mispredictiorrateof the Booleanformulapredictor
decreaseandremainscloseto the performanceof the arbitraryformula predictor

As alower boundon dynamicbranchpredictormispredictionrate, Figure7.6 also
shaws the mispredictionrate of a perceptrorpredictorwith arbitrarily mary per

ceptronsandanincreasinghistorylength,i.e., a predictorwith nocon ict aliasing.
Clearly, thisidealperceptrorpredictoris moreaccurateéhanevenarbitraryBoolean
formulas,sotheideaof encodingary staticfunctionin the branchinstructionhas
its own limitations.

Figure 7.7 shavs mispredictionrateson eachbenchmarkwith the same
limited-budgettwo-level predictorsaswell asBooleanformulapredictorswith his-
tory lengthsof 8 and16. The Booleanformula predictorusuallyhasa mispredic-
tion ratelower thanthat of the dynamicpredictors.However, in a few casessuch
as256.bzip2 |, theformulapredictors mispredictiorrateis high, mostlikely due
to input-dependemrogrambehaior thatcannotbelearnedoy pro ling.

Figure7.8shavsthemispredictiorratesof predictorausingtheagreemech-
anismcombinedwith our formulapredictor An agreepredictorpredictswhethera
branchoutcomewill agreewith abiasbit, turningdestructvealiasinginto construc-
tive aliasing.Our combinedagree/formulgredictorsusea PHT to predictwhether
the branchoutcomewill agreewith the outputof a Booleanformula, ratherthana
biasbit. With a1K-entryPHT, theagreepredictorwith biasbitsyieldsamispredic-
tion rateof 5.3%. The 8-bit versionof our agree/formulgredictordecreasethis

rateto 4.4%, an improvementof 17%. The 16-bit versionof our predictorhasa
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mispredictionrateof 3.9%,animprovementof 25%.

For referenceywe compareour predictorwith theAlpha21264hybridbranch
predictor which is the mostaccuratesxisting predictorfor which implementation
detailsare readily available [35]. This predictorusesa 4K-entry global history
predictorand a 1K-entry perbranchhistory predictorcombinedwith a 4K-entry
chooserconsumingroughly 4KB of state. The Alpha 21264predictorachievesa
mispredictionrateof 2.93%on the traceswe gathered At the samehardwarebud-
get,theagreepredictor whenenhanceavith the 16-bit versionof our Booleanfor-
mulapredictor achiezesa mispredictionrateof 2.55%. Even at half the hardware
budgetof the Alpha 21264predictor an8K-entryversionof our agree/formuldy-
brid achiezesamispredictiorrateof 2.86%,narravly betterthanthe Alpha hybrid.
Using our aggressie clock modeling, the largesthybrid agree/formulgpredictor
availablein asinglecyclewill achieve a mispredictiorrateof 3.97%,whichis 35%
higherthanthatof the Alphapredictor However, animportantpointof ourresearch
is thatcomple predictorssuchasthe Alpha'’s areinfeasibleat higherclock rates.
Eventoday's Alpha mustemploy anoverriding mechanisni35], in which branch
predictionsthatdo not agreewith the lesssophisticateatacheline predictorintro-
ducea single-g/cle bubbleinto the pipeline, reducingthe performanceadvantage

of themoreaccuratenybrid predictor

7.2.4 Distrib ution of Formulas

An analysisof the distribution of Booleanformulaschosenby the pro ling algo-
rithm shavs that mostof the Booleanformulaschosenarethe two constanfunc-
tions,0 and1. This dependencen constanformulasdecreaseashistory length
increases.For instancewith a history lengthof 4, 78% of staticbranchesn the

SPEC2000integerbenchmarksrebestpredictedwith a constanformula, asop-

119



Percent Mispredicted

15+

10

—e— Gshare

--a-- Bi-mode

—-+-- Agree with Bias Bits
—-&-- Perceptron

—x— Agree with Formula 2
---+-- Agree with Formula 8
—-o--- Agree with Formula 18

512 1K 2K 4K 8K 16K 32K 64K 128K256K
Number of Table Entries

Figure 7.8: Accuraciesof Booleanformula predictorsusingthe agreemechanism Mis-
predictionratesareharmonicmeansover SPEC2000.

posedto only 49% for a history length of 16. As history length increasesthe
predictve power of theBooleanformulapredictorincreasesandtheconstanfunc-
tionsrepresentingpredict taken always” and“predict not taken always” give way
to moreintelligentchoices.Figure7.9 shaws, for historylengthsfrom 2 to 18, the
percentagef dynamicandstaticbranchegor which constanformulasarechosen.
Table 7.3 shaws the dynamicfrequenciedor 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 Proling Cost

The costof determiningthe bestBooleanformulafor eachbranchis animportant
componenbdf the costof our branchpredictor Here,we quantifythis cost.
Themajority of thetime of thepro ling algorithmis spentevaluatingBoolean

formulasfor the setof historiesleadingup to a branch.Thetime to evaluatea for-
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Formula % Dyn. | % Mispredicted
Freq. | Formula| Bias
40.84 9.4 9.4

37.14 10.0 | 10.0
3.15 21.8 | 36.3
2.36 246 | 36.6
2.06 215 | 29.3
1.73 14.4 24.5
1.64 20.1 | 26.8
1.60 15.8 | 22.0
1.54 16.3 | 23.7
1.49 14.1 | 18.6
1.30 26.4 | 34.9
1.23 20.3 | 38.7
1.16 35.6 42.1
1.09 26.2 | 36.1
0.99 21.6 | 185
0.66 5.3 10.3

Table7.3: Distribution of Booleanformulasfor a historylengthof 4.
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mulafor agiveninput (i.e. history)is roughlyconstantWith a historylengthof up
to 12, we have found that generatinga lookup tableto hold the function valuesis
mostef cient; for thesehistorylengthsthe costof evaluatinga formulais the cost
of a singlememoryaccessBeyonda historylengthof 12, we usea C++ function
call to evaluateformulas. With ef cient codingandformularepresentationysing
a historylengthof 16, a singleformula evaluationtakesan averageof 270nson a
733MHzPentiumlll.

Figure 7.10 shows the amountof time taken for pro ling, asa function of
history length. The graphshaows the arithmeticmeanof the time, in secondsthat
our algorithmspentfor eachbenchmark.Thesetimeswere collectedby running
our programon our network of 733MHzPentiumlll computers.

Our currentimplementationtakes time exponentialin the history length.
However, for the small history lengthsthat we considerin this study the time is
not unreasonabld-or instancewith a historylengthof 16, the pro ling algorithm
takesabout12 minuteson a 733MHz Pentiumlll. For a historylengthof 10, the
programtakes about2 minutes. For history lengthslessthanabout12, the time
for the programis dominatedby actvities unrelatedto nding the bestBoolean
function. For instancemuchtime is spentsimply readingthe large trace le from
thedisk andperformingothertasksthatary typical feedback-directedptimization
would require. Our algorithmis alsoeasyto parallelize. Thetime-consumingpart
of thealgorithm—duringwhich the bestBooleanformulais decidedfor eachstatic
branch—isembarrassinglparallel,asthevariousstaticorancheganbepartitioned
amongmary processorsThus,we feel thatour pro ling algorithmwould be ap-
propriatein a framewvork in which otheroptimizationsare alsobeingexploredby

simulation.
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Figure 7.10: Average,over all benchmarkspf the amountof time spentpro ling asa
functionof historylength.

7.3 Summary

We have introducedand evaluateda new branchpredictionschemethat borrowvs
from compleity theorythe conceptof a read-oncemonotoneBooleanformula.
TheseBooleanformulasprovide a compactencodingof a classof functionsthatis
expressve enoughto performbranchpredictionyet conciseenoughto be encoded
in branchinstructions. By off-loading most of the predictionwork to the com-
piler, our Booleanformulapredictoris small,fastandconsumedttle power. While
our schemeprovidesa competitve alternatve to existing dynamicbranchpredic-
tors,therealbene t of our schemdies in the future,asour schemas signi cantly
lesssensitve to theimpendingtechnologyscalingissuescausedyy increasedvire
delays. Our predictorcanalsoform a valuablecomponenbf an agreeor hybrid
predictor decreasingnispredictionratesby providing betterestimatesof branch

outcomeghanbiasbits.
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Chapter 8
RelatedWork

Our work builds on the contritutionsof mary otherresearcherandengineersTo
placeour work in the contet of otherresearchye now review someof therecent
relatedwork.

8.1 Hint Bits in Branch Predictors

OurBooleanformulapredictorandbranchpathre-aliasingschemeretwo of mary
predictionideasthat provide hintsthroughthe ISA to the branchinstruction. One
highly successfulechniques brand classi cation[14], in whichabranchinstruc-
tion speci eswhich predictoris bestfor thatbranch.Many branchesrepredicted
well with a staticprediction;thesebranchesanbe “ Itered” out of the streamof
brancheghat are allowed to updatethe PHT, thusreducingaliasing. A version
of the agree predictor predictswhethera branchoutcomewill agreewith a bias
bit setin the branchinstruction[57]. Augustet al. proposeplacing hint bits in
eachbranchinstructionthattell a dynamicpredictorwhatkind of stateto examine
to make a prediction[5]. The variablelength pathbranchpredictor[58] encodes

pro ling informationin branchinstructionsthisinformationguidesadynamicpre-
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dictor, telling it what history lengthto useandwhat hashfunction of pastbranch
addresse useto form anindex into a tableof counters.

Unfortunately for mostof thesetechniquego work, the branchinstruction
hasto have beematleastpartially decodedeforethebranchpredictioncanbemade.
Thesetechniqueswill not be feasiblein aggressiely clocked CPUswith multi-
cycleinstructioncachdatenciessincethe predictoris in serieswith theinstruction
cache. Our Booleanformula predictorsuffers from the sameproblem. However,
our branchpathre-aliasingpredictoris different; it usesa hint bit in the branch

instruction,but the hint is not neededuntil the branchpredictoris updated.

8.2 Combining Static and Dynamic Branch Predic-
tion

Branch predictionaccurag can be increasedby combining static with dynamic
branchprediction. Someof the branchescan be predictedwith a static bias bit,
while otherswith lessbhiasedbehaior canusethe dynamicpredictor Sincethe
easilypredictablebranchesare Itered out, aliasingin the dynamicpredictoris al-
leviatedandaccurag is improved. This technique alongwith a methodologyfor
choosinghebiasbits, wasintroducedoy Changetal. asbranchclassi cation. Patil
andEmerstudythetechniqguemeasuringts utility in reducingdestructve aliasing
andre ning the heuristicsusedto decidewhich brancheshouldbe predictedstati-

cally [46].

8.3 Branch Prediction and Machine Learning

Our perceptrompredictorborravs from neurallearningtechniqueswhich areasub-

setof the eld of machinelearning. Our Booleanformula predictoris alsosimilar
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in somerespectso otherbranchpredictorshasedn decisiontrees.In this section,

we review otherwork relatedto branchpredictionandmachindearning.

8.3.1 Neural Networks

Neuralnetworks have beenusedfor doing branchpredictionbefore,but in a quite
differentcontext. Neuralnetworks have beenusedto performstaticbranchpredic-
tion[11]. Thelikely branchdirectionof astaticbranchis predictedatcompile-time
by supplyingprogramfeaturessuchascontrol- ow andopcodenformation,asin-

putto atrainedneuralnetwork. This approachachiezesan 80% correctprediction
rate,comparedo 75% for staticheuristics[6, 11]. Our work proposegutting a
neuralstructureinside the microprocessoitself, sothatit canlearnon-line from

the branchhistory,

8.3.2 GeneticAlgorithms

Machinelearningalsoincludesgeneticalgorithms.EmerandGloy usegenetical-
gorithmsto “evolve” branchpredictord19], butit isimportantto notethedifference
betweentheir work andours. Their work usesevolution to designmore accurate
predictors put the endresultis somethingsimilar to a highly tunedtraditionalpre-
dictor. We performextrawork in themicroarchitecturesothe branchpredictorcan

learnandadapton-line.

8.3.3 DecisionTrees

Decisiontreesare predictorslearnedthroughtraining, muchlik e neuralnetworks.
Thework of Calderetal. in staticbranchpredictionwith neuralnetworksalsoex-
ploresthe useof decisiontrees[11]. Lindsayexploresthe useof decisiontreesto

encodestatically-learnedBooleanfunctions[40]. Thedecisiontreesarelearnedby
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pro ling andareencodedn programmabldogic arrays(PLAS). By contrast,our
Booleanformula predictorencodingis representednly in the branchinstruction,
requiring little hardwarein the CPU itself. Although Lindsay's thesisaddresses
lateng issuesPLAs representinghe behaior of large setsof branchinstructions
will have the sametechnologyscalingissuesn futuretechnologiesslarge banks
of SRAM. Similarly, Fernetal. [24] studythe useof decisiontrees grown dynam-
ically, for branchprediction. Thetreesarekeptin alarge structurein the CPUand
would have the sameproblemswith delayasotherpredictors.Thus,ourtechnique

is distinctly well-suitedto the issuesf technologyscaling.

8.4 Latency-Sensitve Branch Prediction

Althoughthe problemof delayin branchpredictorshasnot beenstudiedin detalil,
therearequiteafew studiesn whichrelatedissueshave appeared.
Lookaheadbranchprediction, including predicting multiple branchesper
cycle,hasbeensuggestedsa meandor predictingbrancheshathave notyetbeen
presentedo the predictor Oneof the rst lookaheadoranchpredictorswas pro-
posedby Yehetal. [64] asthe Multiple BranchTwo-Level Adaptive BranchPre-
dictor. This predictorusesthe resultof the rst branchpredictionto speculatiely
updatethe historyregisterfor a secondbranchprediction.No branchaddresseare
requiredsinceonly the global history registeris usedto accesghe patternhistory
tables. Seznecet al. improve on this ideaby enhancinghe branchtamget buffer
(BTB) to enablethe predictorto usethe addresf the currentinstructionblock
to performpredictionfor the next instructionblock [54]. This schemeenableghe
fetchesto multiple blocksto be pipelined.Onder Xu andGuptaproposea similar

schemen which predictiondor anentirebranchsequencaremadeall atonce,and
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instructionfetch cancontinueunimpededhroughthelastbranch[44].

Driesenand Holze proposea “cascaded’predictorthat dynamically Iters
easilypredictedoranchesielieving aliasingeffectsin thepatterrhistorytable(PHT)[17].
Our work borrows the ideaof cascadingput usesit to alleviate delay Similarly,
Eversdescribeghe useof two PHTswith differenthistory lengthsand different
accesgimes,wherethe slower one canoverridethe other[22]. The Alpha 21264
branchpredictorusesthe ideaof overriding: the branchpredictorcanoverridethe
lessaccuratanstructioncacheline predictor with a penaltyof a single cycle, as
opposedo the seren-g/cle branchmispredictionpenalty[35].

Someof our work builds on thefactthatthereis often morethanonecycle
betweerbranchesevenonawide-issugrocessqrandthatusefulbranchprediction
work canbedonein betweerbranchesThisfactwasalsonoticedin work by Onder
etal. in their paperon predictingbranch

sequencepgi4].

Of course,the real goal in thesestratgiesis to improve instructionfetch
bandwidthand preferablytake branchpredictionoff the critical path. Recentre-
searchhasfocusedon tracecachesasa mechanismo capturea long streamof se-
guentialinstructionsthatcanbe easilyfetchedat peakbandwidth[51, 45]. Branch
predictionguidesthe traceselectionin the instructionfetch engine,at times pre-
dicting multiple brancheger cycle. A moreradicalapproachs the FetchTarget
Buffer (FTB) proposedoy Reinman.et al. [48]. The FTB storesthe addressesf
predictedblocksof instructionsandis designedsa two-level cachefor fastaccess
andaccurateblock prediction.Lik e our study Reinmanret al. considertechnology
constraintsn thedesignof the FTB. Framavorkslik ethe FTB canbene t by using
our delay-sensitie branchpredictionstatgjies as their branchpredictioncompo-

nents.
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Chapter 9

Conclusions

In this chapterwe review the contritutionsof this dissertatioranddiscusgherela-

tionshipsbetweernthevariousproposedechniques.

9.1 Contributions

Recallthethesisstatemenfrom theintroduction:

Despitetheeffectsof aggressie clock scaling,wire delay andcomplex
organizationsfuturebranchdirectionpredictorscanhave improvedac-

curag while still providing a predictionin a singlecycle.

Until now, branchpredictiondesignhasfocusedon accurag while ignor-
ing delay We have shavn that aswire delaysand clock ratesincrease branch
predictordesignghatoptimizefor accurag canhave a negative impacton overall
IPC (seeFigures4.7 and4.6). Thus,future branchpredictoref cacy dependson
both accuracy anddelay, andresearchershouldaccountfor both whenreporting
branchpredictionresults.Accordingto our scalablenodelsfor branchpredictorac-
cesstime, today's predictorswill notbe accessiblén a singlecycle in sub-100nm

technologieswvith aggressie clocking. In deepsub-microntechnologieghat are
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lateng ratherthancapacity-dominated branchpredictors areawill becomeess
importantthanits lateng in thecritical path.
In this sectionwe shav how the varioustechniqueslescribedrovide com-

pelling evidencefor ourthesis.

9.1.1 Hierar chical Organizations

In this dissertatiorwe have examineda numberof alternatve branchpredictorar-
chitectureandevaluatedhemin the context of future procesgechnologiesThese
hierarchicalorganizationsare capableof extendingtraditional predictorssuchas
gshae into futuretechnologiesaswell asenablingmorecomple predictorssuch
asthe perceptronpredictor A cascadingookaheadpredictorthat usesthe time
in betweenbranchedo make predictionsperformswell. An overriding predictor
that allows a slow predictorto cancelthe predictionof a faster but lessaccurate
predictorperformsthe best.

We have introduceda new branchpredictorthat usesneuralnetworks—the
perceptronin particular—asthe basicpredictionmechanism.Perceptronsre at-
tractve becausdhey canuselong history lengthswithout requiring exponential
resources.A potentialweaknesf perceptronss their increasedcomputational
compleity whencomparedvith two-bit counters put we have shovn how a per
ceptronpredictorcanbeimplementecef ciently with respecto bothareaanddelay
usinghierarchicabrganizationsTheperceptrorpredictorperformswell atall hard-
warebudgetsachieszing alower mispredictionratethanseveralwell-known global
predictorsonthe SPEC2000integerbenchmarksindeed sincetheperceptrorpre-
dictor outperformsEvers' multi-componenpredictor we claim thatthe perceptron
predictoris the mostaccurateully dynamicbranchpredictorknown. Despiteits

higherlateng, the perceptrorpredictoryieldshigherlPCsthantheotherpredictors
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becaus®f our useof hierarchicalbrganizations.

In our simulations,we have taken into accountboth clock rate and wire
delayin future technologiesand shovn that hierarchicalorganizations poth for
traditionalpredictorsandfor the perceptrorpredictor allow branchpredictionin a
singlecycle while makinguseof slower structurego improve predictionaccurag.

Thesetechniguesindexperimentgprovide strongevidencefor our thesis.

9.1.2 Cooperative Predictors

Cooperatre branchpredictorsbreakthe tradeof betweendelay and accurag by
off-loading a signi cant amountof the predictionwork to compile-time.We have
evaluatedwo cooperatire branchpredictionschemes.

Branchpathre-aliasingis a new branchpredictiontechniquethatimproves
accuray for GAg predictors. By usingpathpro les to map pathsleadingto dif-
ferentoutcomedo differentPHT locationsandpathswith similar outcomego the
samePHT locations,re-aliasingdecreasesestructve aliasing. An adwantageof
branchpathre-aliasingis its simplicity andlow delay Thetime to accesghe pre-
dictoris limited only by thetime to accesghe PHT; thereis no otherlogic on the
critical path. Moreover, variationsof our techniquemprovesaccurag in comple
predictororganizationsuchasagreeandhybrid predictors.

The Booleanformulapredictoreliminatesablesandtheir associatedelays
altogetherusinga compactencodingof Booleanfunctionsto performbranchpre-
diction. This predictoris feasibleevenwith the mostaggressie future clock rates
andsmallesiprocesgechnologies.

A disadwantageof both the Booleanformula predictorandbranchpathre-
aliasingis thatthey requirepro ling, whereaghe perceptrorandhierarchicalpre-

dictorsarenot burdenedoy this constraint.
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Our cooperatre branchpredictionapproachts in with the generaltrend
towardsmoving morework out of the processoandinto the compiler By making
predictionsimplerwithout reducingaccurag, we canenjoy the bene ts both of
high IPC andhigh clock ratesenabledoy thesesingle-g/cle predictors.This work
addressepartof thethesisstatementelatingto improvedaccurag at higherclock

rates,andprovidesanalternatve to the hierarchicakechniques.

9.2 Comparison of the Techniques

We have proposedseveral differenttechniqueghat addresghe problemof delay
in branchpredictors.In this section,we comparethe techniquesvith oneanothey
providing informationusefulto a microarchitectrying to decidewhich oneto use.
To illustrate the comparison Figure 9.1 shavs the mispredictionratesof
mary of the predictorsintroducedin this dissertationaswell asthe misprediction

ratesof gshae, agreeandhybrid predictors.
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Figure9.1: MispredictionRatesof Our Predictors
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9.2.1 Advantagesof Hierar chical Organizations

Themainadwantageof hierarchicalorganizationgs thatcompilerandISA support
is notneededpredictorswith hierarchicabrganizationsrestrictly amicroarchitec-
tural techniquewith no directly obsenableconsequencesn the ISA or compilet
Corversely cooperatie predictorsrequire changego the ISA (althoughbranch
pathre-aliasingnayre-useexisting ISA bits),andpro ling. Figure9.1shavsthat,
athardwarebudgetsoveronekilobyte, theglobal/localperceptrorpredictorhasthe
lowestmispredictiorrateof any of the predictorsexaminedin this dissertation\We
recommendhis predictorfor situationswhereunmodi ed legag/ programsmust
berun asquickly aspossible with designcompleity beingonly a secondarycon-
cern.Unfortunatelythe perceptrorpredictorintroducescompleity into thedesign
of the processarpatrticularlyin the layout of the irregularly-shapedVallace-tree
circuit. A lessambitiousdesigncould still usehierarchicalorganizationswith a
moretraditionalgshae or hybrid predictor taking advantageof the accurag of a

large structureaswell asthe speedf asmallstructure.

9.2.2 Advantagesof Cooperative Predictors

Recentrendsin computerarchitecturepointto a greatemwillingnessto modify the
ISA andrely on pro ling or even dynamiccompilationto achieze performance
improvementg28, 4]. Our cooperatie predictorsarein line with this trend. Both
of our cooperatre predictorsgreatly simplify the hardware aspectsf the branch
predictorattheexpenseof pro ling. TheBooleanformulapredictorusesabout1%
of the areaand power, and 33% of the delayof a gshae predictorwith the same
predictve power. Branchpathre-aliasingallows usto usea smaller fastertable

while maintainingthe sameaccurag previously achieveswith alargertable.
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Figure 9.1 shaws that the best predictor at small hardware budgetsis a
Booleanformula predictorcombinedwith a small agree predictor This organiza-
tion enableguick predictionandalow mispredictiorrate,with low implementation
costs. At a costof 1024two-bit countersthis predictorachievzesa misprediction
rateof 2.59%,whichis slightly betterthana muchlargergshae with 16,384coun-
tersat2.76%.

9.2.3 Recommendations

We malke thefollowing recommendationfor delay-sensitie branchpredictorsac-
cordingto the particulargoalsof a microarchiteceandthe progressn procesgech-

nology:

HierarchicalOrganizations. We recommendhe hierarchicalorganizationsas a
cheapway for amicroarchitecto continueusingtraditionalbranchpredictors
with large budgetsin a situationwherehigh clock ratespreventsingle-gcle
accessHierarchicalorganizationgresensiblan thenearfuture,whenbinary
compatibilitywith previousgeneration®f microprocessorgreventsinvasve

changedo thelSA.

HierarchicalPerceptrorPredictor We recommena global/localhierarchicaber
ceptronpredictorwhenthe microarchitecis unconstrainedby chip areaand
power, andis simply concernedvith the mostaccuratéranchpredictorpos-
sible. The perceptronpredictorwill make sensein the next several years,
whenincreasinglydeeppipelinesfor high-performancenicroprocessorwill

causebranchpredictionaccurayg to becomea bottleneckfor performance.

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

First, for processorsvith smallbranchpredictiontablesandbranchbiasbits
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in the ISA, the biasbits canbe reusedo implementbranchpathre-aliasing
for a performanceboost. Second,in future technologiesvhen instruction
cachelatenciescausetechniquesuchasbiasbits andthe Booleanformula
predictorto becomenfeasiblebecaus¢hey areonthecritical pathto making
a prediction,branchpathre-aliasingwill still be feasibleandallow fastand

accuratepredictions.

BooleanFormulaPredictor We recommendhe Booleanformula predictorwhen
performanceaswell aspower andchip areaarea concernput ISA changes
arenot a problem. For instance this predictorcanbe usedin embeddedr
DSPsystemssuchashand-helddevices,thatrequirehigh performancevith
minimum resources.For generalpurposecomputing,the Booleanformula
predictorwill make moresensean aboutthe next 10 years,whenchip mul-
tiprocessorsnay becomethe dominantcomputingsubstrate Sincethe area
occupiedby thebranchpredictorcanbeessentiallyeliminatedoy theBoolean
formulapredictor the areasavings canbe devotedto otherresourcesuchas

cachesr morecores.

9.3 Final Thoughts

Branchpredictordelayis a importantbarrier that future microarchitecturesnust
overcometo achieve higherperformanceMicroarchitectannotsimply ignorethe
problemby settlingfor smaller lessaccuratepredictorsor nawvely implementing
multi-cycle predictors. We have shovn that branchpredictordelay can be over-

comewith a variety of techniquedo enableprocessor®f the future to maintain
andevenimprove IPCsin the faceof technologyconstraints.This work provides

a point from which microarchitect®f future processorgsanbegin designingfaster
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and more accuratebranchpredictors. Although there are other technologicalis-
suesthatwill complicatefuture microarchitecturelesignswe arecon dentthat, if
future microarchitectswill usethe ideaspresentedn this dissertationthe branch
predictorwill not be a performancéottleneck.Rather branchpredictionresearch
cancontinueto provide improvedaccurag andgreaterinstructionfetchbandwidth

neededor the challengegacinghigh-performanceomputing.
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