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Abstract

With semiconductortechnologyadvancingtowarddeepsubmicron,leakageenergy is of increasingconcern,espe-

cially for large on-chiparraystructuressuchascachesandbranchpredictors. Recentwork hassuggestedthat even

largerbranchpredictorscanandshouldbeusedin orderto improve microprocessorperformance.A furtherconsidera-

tion is thatmoreaggressive branchpredictors,especiallymultiportedpredictorsfor multiple branchprediction,maybe

thermalhot spots,thusfurtherincreasingits leakage.Moreover, asthebranchpredictorholdsstatethat is transientand

predictive,elementscanbediscardedwithout adverseeffect. For thesereasons,it is naturalto considerapplyingdecay

techniques—alreadyshown to reduceleakageenergy for caches—tobranch-predictionstructures.

Dueto thestructuraldifferencebetweencachesandbranchpredictors,applyingdecaytechniquesto branchpredic-

torsis not straightforward. This paperexploresthestrategiesfor exploiting spatialandtemporallocality to make decay

effective for bimodal,gshare,andhybrid predictors,aswell as the branchtarget buffer. Furthermore,the predictive

behavior of branchpredictorssteersthemtowardsdecaybasednot on state-preserving,staticstoragecells, but rather

quasi-static,dynamicstoragecells. This paperwill examinethe resultsof implementingdecayingbranchpredictor

structureswith dynamic–appropriately, decaying–cellsratherthanthestandardstaticSRAM cell.

Overall, thispaperdemonstratesthatdecaytechniquescanapplyto morethanjustcaches,with thebranchpredictor

andBTB asan example. We show decaycan either be implementedat the architecturallevel, or with a wholesale

replacementof staticstoragecellswith quasi-staticstoragecellswhich naturallyimplementdecay. More importantly,

decaytechniquescanbeappliedandshouldbeappliedto othersuchtransientand/orpredictive structures.

I . INTRODUCTION

As microprocessorshave matured,power andenergy concerns,onceonly consideredin low-power embeddedand

mobiledevices,have becomea majorconcernin general-purposeandhigh-performanceprocessors.Dynamicpower

dissipationdue to switching activity hasreceived a greatdeal of attentionas circuit designersandarchitectshave

developedwaysto reduceswitchingactivity andcapacitive loads.In idealdevices,dynamicpower is theonly source

of dissipation,ascurrentonly flows duringswitching. Yet realdevicesalsodissipatestaticor leakage power dueto

currentsthatflow regardlessof activity, especiallysubthresholdleakagecurrents[25] thatflow evenwhenthetransistor

is nominallyoff.

For questionsor comments,pleasee-mailpjuang@princeton.edu
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As progressin fabricationprocesseshasled to steadyreductionsin supplyvoltages,thresholdvoltagesarebeing

loweredto thepoint whereleakagehasbecomeanimportantandgrowing fractionof total powerdissipationin high-

performanceCMOSCPUs. If it is not addressedthroughfabricationor circuit-level changes,someforecastspredict

asmuchasa five-fold increasein leakageenergy per technologygeneration[1]. At suchrates,the currentleakage

component,roughly5% of total chip powernow, would balloonto 50%or morein just a few generations.

In responseto thistrend,researchershaveproposedcircuit- andarchitecture-levelmechanismsfor managingleakage

energy [20], [24], [42]. In particular, prior work by Kaxiraset al. on cachedecaytechniques[24] showedthatturning

cachelines off if they have not beenusedin a long time can be effective in reducingleakageenergy with little

performanceimpact.

After caches,branchpredictorsareamongthelargestandmostpower-consumingarraystructuresin currentCPUs.

Currentpredictorsare4–8Kbytesin size,alreadythesizeof asmallcache.They dissipateabout10%of theprocessor’s

total dynamicpower dissipation[33]. Cycle-time,power-dissipation,andthermalconcernstendto keeppredictors

from growing larger.

However, Jiménezet al. [21] pointedout that two-level predictorscanavoid cycle-timeconstraintsandthat large

second-level predictorscangive substantialincreasesin predictionaccuracy, resultingin predictorsthat couldbe as

largeandhave the samesubstantialleakageasfirst-level caches.Futhermore,Skadronet al. [36] found that a very

aggressivebranchpredictorsmaybethermalhotspot,asit is typically accessedeverycycle. This indicatesthatbranch

predictorsmay expendmuchmoreleakageenergy thantheir sizeswould suggest,becauseleakagepower increases

exponentiallywith temperature.Furthermore,astheratioof staticto dynamicpowercontinuesto increase,regulating

leakagebecomesmoreimportantasa strategy to regulateoperatingtemperatures.

Applying decaytechniquesto cacheshasproven effective, so applyingdecaytechniquesto branchpredictorsis

an obviousnext step. Unfortunately, several factorscomplicatethis task,for it is muchlessobviouswhena branch

predictorentrymaybeconsidered“dead” andcanthereforebeturnedoff with little performanceimpact.First,many

branchesmaymapto thesamepredictorentry. Sincethis sharingis sometimesbeneficial,notionsof cacheconflicts

andeviction do not translatedirectly into thebranchpredictionworld. Second,a branchpredictorentryis not simply

valid or invalid, asin a cache.A branchpredictorentrymay have reachedthe “strongly not taken” statedueto the

effectsof several differentbranchesandmay be useful to the next branchthat accessesit, even if this branchhas

never beenexecutedbefore. Third, branchpredictorentriesare too small to deactivate individually, so one must

considersomelargercollection,suchasa row of predictorentriesin thesquarearrayin which thepredictoris likely

implemented.Thechallengehereis thatunlikethegroupingof datainto acacheline, thegroupingof branchpredictor

entriesin a row is not somethingfor which applicationprogrammersandsystemsbuildershave a senseof spatial

locality. This paperevaluatesdesignoptionsrelatedto thesequestions.

Furtherinterestingquestionsarisewhenmoving from simplebimodalbranchpredictors[37], which keeponetwo-

bit counterperpredictorentry, to multi-tablepredictorslike hybrid predictors[31], which operateseveralprediction

structuresin parallel.For example,hybrid predictorsmayencounterinstanceswhenoneof thepredictorcomponents

hasbeendeactivatedbut theotherhasnot. Thechoosermight bedesignedto pick thestill active componentin such

situations.For otherbranches,thechoosermayexhibit a strongbiasfor onepredictorcomponentover theother. In

this case,predictorentriesthatarenot beingselectedmight bedeactivated.

Traditionally, statepreservingstructureshavebeendesignedwith 6T SRAM cells;unlikeDRAM cells,SRAM cells
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retaintheir valuewhile charged. By doing so,cachesneednot have built in circuitry to refreshthe cells asseenin

mainmemory. With this in mind,decayandsimilar techniquesfocusonsomehow shuttingdown thesecells;onesuch

techniqueinvolvesgatingeitherthesourceor drainvoltagesto a signalthat is enabledwhenever thecell needsto be

turnedoff. By attachingdecaycountersto eachcell, onecandetectif thecell hasgonelong”enough”withoutactivity.

If this is thecase,thecell is assumedto beunusedandcanbedeactivated.

Traditionaltechniquesof deactivatingcells involvedattachinga gatetransistorto thesupplyvoltage �
	�	 ; whenthe

cell is to bedeactivated,thegatetransistordisconnectsthesupplyto therestof thecell andthusthecell is effectively

turnedoff [42]. Gated-��	�	 basedcachedecaytechniqueshaveafew problems,however. First is thearearequirement.

Attachinga gatetransistorto eachcacheline might have anadverseimpacton thepitch of thecacheline, increasing

theoverallsizeof thecache.Furthermore,thecountersthemselvesconsumedynamicandstaticpower, whichmustbe

taken into accountaswell. Moreover, therealitiesinvolving gatingthesourceor drainvoltagehave beenpreviously

implied but not fully understood.Onecannotassumethatpoweringup or poweringdown a transistorcomesfor free;

instead,thereis somedynamiccostto theprocessroughlyof thesameorderasa cacheline access.

An alternative to traditionaldecayis to usea quasi-static,4-transistormemorycell referredto asthe 4T cell. 4T

cellsareasfastas6T SRAM cells,but do not haveconnectionsto thesourcevoltage( � 	�	 ). Rather, the4T is charged

uponeachaccess,whetherreador write, andslowly leaksthechargeover time. Whenthechargein thecell hasbeen

depleted,the valuestoredis lost. Thus,they maybe referredto asquasi-static;like conventionalDRAM, they leak

their charge,but arenotsubjectto a full read-write-refreshcycle.

4T cellsoriginally havebeenbuilt into embeddedprocessors,wherelow-powerconsumptionis themostimportant

aspect.They have beenlargely overlookedin general-purposeprocessorsbecause,asmentionedabove, they arenot

truly static. Rather, they requireperiodic refresh. However, in decaytechniques,wherethe goal is to exploit the

transientnatureof shorttermstorageby turningthemon andoff dependingonusage,onecanactuallytakeadvantage

of 4T cells’ dynamicnature.Decayinga6T cell seemssomewhatlikesquashingits greatestadvantage– thatit retains

its value for however long it is poweredup. Implementingdecaywith 4T cells is thereforeobvious; as it decays

naturallyover time if not accessed,this distinctive behavior fits perfectlywith thetransientbehavior of elementsin a

cacheor branchpredictor.

Decaywith quasi-staticcellsis advantageousto conventionaldecayin severalrespects.First,by virtueof two fewer

transistorsandby eliminatingtheneedto runpowerrails lengthwisethroughoutthearray, a4T basedcacheis smaller

thana6T cache.Furthermore,as4T cellsdecayandrevivenaturallythroughtheread-writeprocess,someof thecosts

behindactivatingdecayedcellsareeliminated.

Contributions

Becausebranchpredictorshave behavior morenuancedthancaches,cachedecaymethodscannotbe directly ap-

plied. This papershows thateffectivedecaytechniquescanneverthelessbedevisedfor branchpredictors.Thepaper

thengoesonto exploretheinteractionof decaypolicieswith someof thewealthof branchpredictordesignparameters.

We show that:


 Decaycanreducenetleakageenergy in theconditionalbranchpredictorby 40–60%andthebranchtargetbuffer

(BTB) by 90%.

 In hybridpredictors,decaypoliciescanachieve50%higherreductionsin leakageenergy if thedecaypolicy takes

advantageof thehybridpredictororganizationto boostdecayopportunities.
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� Decayis mosteffective for intervalsof 64K cyclesor larger. If decayis appliedtoo aggressively, extra mispre-

dictionsresultwith significantcostsin bothperformanceanddynamicpower.

This paperfirst investigatesthe useof decayin several typesof branchpredictors.We presentthe resultsof im-

plementingdecayin simple branchpredictors,and we suggestand evaluatedifferent policies in complex branch

predictors.We thenintroducethe4T cell andexamineits usagein simplecachesandbranchpredictors.

I I . RELATED WORK

Much researchhasrecentlybeendonein thefield of staticleakage,bothat thearchitecturallevel andat thedevice

level. At the architecturallevel, prior work focusedon improving the static leakageperformanceby shuttingoff

(decaying)unusedportionsof large array-like structures,for example, in caches. Yang et al. [42] describedan

instructioncacheorganizationthatdisableswaysof a set-associativecacheto matchthecapacitycurrentlyneededby

theexecutingprogram.

Kaxiraset al. [24], Hu et al. [18], andZhouet al. [44] describetechniquesfor disablingindividual cachelinesby

inferringthatlineswhichhavenotbeenusedin a longtimehavedecayed: they probablycontaindatathatis not likely

to beusedagainbeforereplacement.Building on thecachedecaywork, Hu et al. [15] extendeddecaytechniquesto

thebranchpredictor. Most of theabovetechniquesassumetechnologiessuchasgated-����� to controlwhetheror nota

portionof thestructureis enabledor disabled.Morerecently, Hansonetal. presentedacomparisonof leakage-control

techniques[12], andconcludedthatgated-� ��� maynot bethebestapproachfor controllingstaticpower in largedata

arrays. Instead,they find that dual-��� techniques[34] save moreoverall energy for structuresthat shouldhave fast

lookuptimes(likefirst-level caches).

Takinga differentapproach,Juanget al. [22] lookedat eliminating �
��� altogetherin replacingthestandardSRAM

cell with a dynamic,quasi-staticfour transistorcell. Using the quasi-staticcell allows for an easilybuilt, naturally

decayingcache. In addition to caches,Hu et al. [16] describedways of saving leakagein branchpredictorsby

implementingthemwith quasi-staticcells. Furthermore,usingadaptive cachedecayasanexample,Velusamyet al.

[40] appliedformal feedbackcontrolmechanismsto improveleakagesavingsby implementinganadaptivecontroller

which varieddecayintervalsdynamically. Finally, Hu et al. [19] includedcachedecayasanexampleof improving

power dissipationandperformanceby looking at more than just simple time-independentbehavior, suchas event

ordering,andexploiting thegenerationalbehavior of structuressuchasthecacheandprefetchunit.

Alternately, Flautneret al. [9] presenteda techniquein which to improve leakagesavings not by fully decaying

cachelines,but ratherto put thein a low-power”drowsy” state,whichmaintainsthecachestateratherthandiscarding

it asin decaytechniques.Anotherleakagecontrol techniquesaving thecachestatewasdescribedby Heoet al. [13].

Combiningstate-preservingandstate-destroying techniques,Li etal. [27] demonstrateda techniquein which leakage

energy wasfurtherreducedby exploiting dataduplicationacrossthecachehierarchy. Lastly, focusinginsteadon the

compiler, Zhanget al. [43] presentedtechniquesusingthecompilerto improveinstructioncacheleakage.

I I I . EXPERIMENTAL SETUP

Thissectiondescribesoursimulationtechniqueandbenchmarks,andour methodfor evaluatingenergy savings.
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A. SimulationSetup

Simulationsin thispaperarebasedontheSimpleScalar3.0toolkit [3]. Ourmodelprocessorhasmicroarchitectural

parametersthat resemblein most respectsthe Intel PIII processor[5]. The main processorandmemoryhierarchy

parametersareshown in Table I. For performanceestimatesandbehavioral statistics,we useSimpleScalar’s sim-

outorder simulator. For energy estimates,we usetheWattchsimulator[2]. WattchusesSimpleScalar’s sim-outorder

cycle-accuratemodelandaddscycle-by-cycle trackingof power dissipationby estimatingunit capacitancesandac-

tivity factors. Becausemostprocessorstodayhave pipelineslongerthan5 stages,both our architecturalandpower

modelsextendthesim-outorderpipelineby addingthreeadditionalstagesbetweendecodeandissue.

ProcessorCore
InstructionWindow 40-RUU, 16-LSQ
Issuewidth 4 instructionspercycle
FunctionalUnits 4 IntALU,1 IntMult/Div,

4 FPALU,1 FPMult/Div,
2 MemPorts
MemoryHierarchy

L1 D-cacheSize 32KB, 1-way, 32Bblocks,3-cycle latency
L1 I-cacheSize 16KB, 4-way, 32Bblocks,3-cycle latency
L2 Unified,256KB,8-wayLRU,

32Bblocks,8-cycle latency, WB
Memory 100cycles
TLB Size 128-entry, 30-cyclemisspenalty

TABLE I
CONFIGURATION OF SIMULATED PROCESSOR.

B. TechnologyAssumptionsandCircuit Simulations

The resultsof this research,while broadlyapplicable,areevaluatedbasedon particulartechnologyassumptions.

We chosea featuresizeof ��������� , a �
��� of 1.5V, anda clock speedof 1 GHz. We use6T and4T cells from cell

libraries;nocustomdesignsareassumed.4T cellsexist in theselibrariesbecauseof theirpossibleuseasDRAM cells

embeddedontoa primarily-logicchip.

Processtechnologyprimarily determinesleakagecurrents. With eachsuccessive generation,leakageincreases

substantially. In particular, Figure1 illustratesthisprogressionby illustratingleakagecurrents(in nA) for four industry

processtechnologiescurrentlyin useat AgereSystems.At 2.5V and0.25um,COM1 is largelyout of date;wedo not

considerit further. COM2is areasonablycurrentCMOSprocess,with a1.5V supplyvoltageand0.16umfeaturesize.

COM3andCOM4areslightly moreforward-lookingCMOSprocesses.COM3is a1.0V, 0.12umprocess,andCOM4

is a 1.0V, 0.1umprocess.

Theleakagecurrentsin thisfigureareshown for roomtemperature(25� C).Althoughthisunderstatesthemagnitude

of the leakageseenin operatingchipswherethe temperatureis likely to bemuchhigher, our dataagreeswith other

predictions[1] thatleakageis growing exponentiallywith successive technologygenerations.

Our studiesarebasedon the currently-in-productionCOM2 process.We have accuratetransistormodelsfor this

process,andsomeof our resultsareobtainedvia detailedcircuit simulations.We useCelerity toolsfor very detailed

circuit simulationswith a 25 pico-secondresolution. Although leakagesavings with COM2 aresmall, COM2 is a

processfor whichwecangatherverifiablesimulationresults.As such,it is ausefulvehiclefor detailedcircuit studies



6

Transistor Leakage Current at 25C

0.1

3

10

100

0.01

0.1

1

10

100

COM1 COM2 COM3 COM4

Technology Node

T
ra

n
si

st
o

r 
L

e
a

ka
g

e
 C

u
rr

e
n

t 
(n

A
)

Fig. 1. Leakagecurrentpertransistorfor a rangeof technologiesin useatAgere.

of hold timesandtemperatureeffects.Leakagecurrentwill bea seriousproblemin subsequentgenerations,andthis

papershowssubstantialsavingsfor theCOM3 andCOM4 processes.

Fig. 2. Current-Voltagecurvesfor COM2transistorsatvaryingtemperatures.

An importantfactoraffecting leakageis temperature.Figure3 shows transistorleakagecurrentsastemperature

is variedfor 1.5V 0.16uCOM2 transistors.The further exponentialrelationof leakageto temperatureis evident in

thesefigure.Variationsin temperatureresultin largevariationsin leakage,andthesewill impactdesigntradeoffs. Our

designstargetanoperationaltemperatureof 85C (appropriatefor examplefor high-performanceor mobileprocessors)

but we also simulatedvery high temperature(125 C) operation(appropriatein hard to control environmentslike

automobiles).
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Fig. 3. Transistorleakagecurrent(nA) for varyingtemperaturesfor theCOM2process.

C. Benchmarks

We evaluateour resultsusingbenchmarksfrom theSPECCPU2000suite[39]. Thebenchmarksarecompiledand

staticallylinkedfor theAlpha instructionsetusingtheCompaqAlpha compilerwith SPECpeaksettingsandinclude

all linked libraries. For eachprogram,we skip the first 1 billion instructionsto avoid unrepresentative behavior at

thebeginningof theprogram’sexecution.We thensimulate200M (committed)instructionsusingthereferenceinput

set.Simulationis conductedusingSimpleScalar’sEIO tracesto ensurereproducibleresultsfor eachbenchmarkacross

multiplesimulations.TableII summarizesthebenchmarksusedandtheirpredictionaccuracieswith severalpredictors.

DynamicConditional PredictionRate PredictionRate PredictionRate
BranchFrequency w/ Bimod 4K w/ Gshare16K w/ Hybrid 21264-style

gzip 9.40% 87.58% 90.67% 92.40%
vpr 11.08% 90.00% 97.68% 97.03%
gcc 2.56% 99.61% 99.74% 99.75%
mcf 19.40% 98.42% 99.27% 98.94%
crafty 11.13% 91.76% 93.33% 94.38%
parser 15.60% 91.25% 94.31% 94.89%
eon 11.08% 81.03% 89.71% 91.76%
perlbmk 12.43% 95.15% 97.29% 97.60%
gap 6.62% 90.10% 96.50% 96.96%
vortex 16.00% 97.85% 97.61% 97.87%
bzip2 12.13% 94.06% 94.05% 94.12%
twolf 12.24% 86.44% 88.53% 88.48%
wupwise 10.50% 92.05% 97.54% 96.66%
swim 1.35% 99.36% 99.54% 99.55%
mgrid 0.33% 92.57% 97.77% 97.95%
applu 0.28% 93.07% 98.70% 98.21%
mesa 8.73% 94.09% 96.98% 96.31%
galgel 6.09% 99.13% 99.27% 99.29%
art 11.29% 92.99% 99.02% 96.40%
equake 17.13% 98.04% 99.39% 99.28%
facerec 3.49% 97.92% 99.04% 99.21%
ammp 21.67% 98.77% 99.27% 99.23%
lucas 8.67%% 90.84% 98.70% 98.84%
fma3d 18.09% 95.93% 98.39% 97.68%
sixtrack 8.08% 89.58% 99.72% 99.78%
apsi 3.51% 86.22% 96.52% 97.12%

TABLE II
BENCHMARK SUMMARY.
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Fig. 4. Gsharepredictorin theSunUltraSPARC-III (Left) and21264-stylehybridpredictor(Right).

D. EnergyEvaluation

An evaluationof thenetenergy savingsfrom branchpredictordecaymustaccountfor two oppositeeffectsresulting

from decay. Ontheonehand,turningoff �
 � in idle countersor rowscanpreventthemfrom leaking;ontheotherhand,

decayingthecounterscausesthemto losehistory informationstoredwith them,possiblydegradingtheperformance

of thebranchpredictorandhencepossiblyresultingin moreenergy spenton mis-speculationandlongerrun time.

We useWattch[2] to measurethe total processordynamicenergy with andwithout applyingdecay, andsubtract

themto obtainthedynamicenergy overhead.speedof 1 GHz. For leakagepower, Yangetal. [42] estimatethatwith a!"!�#%$
C operatingtemperature,a 1GHzoperatingfrequency, a supplyvoltageof 1.0V anda thresholdvoltageof 0.2V,

aSRAM cell consumesabout
!'&)(*#,+-!.#�/
0

nJleakageenergy percycle. This is roughlyin line with industrydatathat

Agerehasfoundwith theirCOM3andCOM4processgenerations[8].

Basedon theabovedata,we estimatethat the4K-entrybimodalpredictor, the16K-entrygsharepredictor, andthe

21264stylehybridpredictorconsumeabout0.014nJ,0.056nJ,and0.030nJleakageenergy eachcycle,respectively. In

general,theoverall leakageenergy for thebranchpredictorcanbecalculatedasleakageenergyperbit percycle* #bits

* #cycles. The leakageenergy of theextra statusbits canbecalculatedsimilarly. Sincethesestatusbits only switch

infrequently(at mostonceevery decayinterval, e.g. every 64K cycles),we ignoretheir dynamicenergy overheadin

ourcalculation.

E. Branch PredictorsStudied

Althoughawealthof dynamicbranchpredictorshavebeenproposed,wefocusontheeffectsof decayfor thegshare

andhybridpredictors,becausethey presentthemostinterestingtradeoffs.

Thegsharepredictor, shown in theleft-handportionof Figure4, triesto detectandpredictsequencesof correlated

branchesby trackinga global history (the global branchhistory registeror GBHR) of the outcomesof the 1 most

recentbranches.In gshare,theglobalbranchhistoryandthebranchaddressareXOR’d to reducealiasing.Thispaper

modelsa16K-entrygsharepredictorin which12bitsof historyareXOR’d with 14bitsof branchaddress.This is the

configurationthatappearsin theSunUltraSPARC-III [38].

Insteadof usingglobal history, a two-level predictorcantrack local branchhistory on a per-branchbasis. Local

history is effective at exposingpatternsin the behavior of individual branches.Becausemostprogramshave some
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branchesthat performbetterwith global history andothersthat performbetterwith local history, a hybrid predic-

tor [4], [31] combinesthetwo. It operatestwo independentbranchpredictorcomponentsin parallelandusesa third

predictor—theselectoror chooser—to learnfor eachbranchwhich of thecomponentsis moreaccurateandchooses

its prediction.Thispapermodelsahybridpredictorwith a4K-entryselectorthatonly uses12bitsof globalhistoryto

index its PHT; a global-historycomponentpredictorof thesameconfiguration;anda local historypredictorwith a 1

K-entry, 10-bitwideBHT anda1 K-entryPHT. Thisconfigurationappearsin theAlpha21264[10] andis depictedin

theright-handportionof Figure4.

Logically, branchpredictorsarearraysof countersthataretypically just two bitswide. Physically, however, branch

predictorsare, like caches,implementedas squareor nearly-squarearray structures. This helps to minimize the

complexity of therow andcolumndecodersandbalancewordlineandbitline lengthanddelay. Thepredictorarrayis

thussimilarto acachearray, exceptthatit needsnotags.For example,the16K-entrygsharepredictordiscussedabove

canbe laid out asa 2�3�46572�3"4 arrayof 2-bit counters.Alternatively, it canbedivided into 4 banks,eacha 8"965:8"9
counterarray. We referto thesetwo organizationsas“unbanked” and“banked” respectively.

IV. DECAY WITH BASIC BRANCH PREDICTORS

A. Overview of ProposedImplementations

Sincebranchcountersareonly 2 bitsin size,acost-effectivechoicefor turningoff thesecountersis atthegranularity

of rows in thearraystructureratherthanindividualentries.This requiresonly two bits of stateperrow (thereference

bit andthe active bit) andhencea total overheadof 3<;>= ?�@BADC�ED?'F bits. Our techniqueshave the following general

structure. At regular intervals, all rows of predictorentriesnot beenusedduring the interval areassumedto have

decayedandarethereforedeactivated. Theinterval, calledthedecayinterval, is measuredin processorcyclesandis a

critical parameterfor theseschemes.Theshortertheinterval, themoreopportunitiesfor rowsto bedeactivatedbut the

morelikely it is to deactivaterows prematurelyandinduceextra mispredictions.Intervals long enoughto minimize

extramispredictions,on theotherhand,resultin thedeactivationof fewerentries.

PHT index

two−bit counter

   row
decoder

 column
decoder

asserted
wordline

chosen
bitlines

b b/2

b/2

Fig. 5. A schematicof asquarifiedbranchpredictortableof two-bit counters(thePHT).

Figure5 showsapictureof a typical branchpredictorarrangedasa squarememoryarray. A groupof entries,then,

is a row of thesquarememoryarray. Onebit per row, the referencebit, indicateswhetherany predictorentry in that
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row hasbeenaccessedwithin the last decayinterval. All referencebits areclearedat the endof eachinterval. A

secondbit for eachrow, theactivebit, indicateswhetherthatrow is currentlyactive (i.e., not decayed).If a predictor

lookup tries to accessa decayedrow, the predictorsignalsthata predictioncannotbe made;the row is re-activated

andpossiblyinitialized to somedesiredstartingstate;in themeantime,a default predictionis made.Uponactivation,

our experimentsusea default of not takenandinitialize all thecountersto 01. Thus,subsequentbranchesusingthe

re-activatedline startin theweakly-not-takenstate.

The active ratio in a particularexperimentis the averagepercentageof predictorrows found to be active (not

decayed);it is aproxyfor theactualleakageenergy consumedby thepredictor. Of courseshorterdecayintervalsyield

smalleractive ratios(andlarger leakageenergy savings), but performancemay suffer, sinceusefulpredictorentries

aresometimesdeactivated.Exploringthis power-performancetradeoff is a key objectiveof this paper.

Logically, branchpredictorstructureshave many entriesbut eachentry is typically just two bits wide. Whenfirst

consideringapplyingdecaytechniquesto branchpredictors,it might betemptingto considerdeactivatingindividual

predictorentries.Thisis untenable,however, becauseourmethodsrequiretwo bitsof stateperindependently-activated

unit; suchoverheadwould beexcessive if appliedto individual two-bit predictorentries.

To evaluatethe net effectivenessof decayfor reducingleakageenergy, we combinethe reducedvalueof leakage

energy thatwasobservedwith decay, andtheoverheadenergy associatedwith thedecaytechnique.We thencompare

this to theoriginal valuefor leakageenergy. For eachof thepredictortypeswe study, we presentplotsof normalized

leakageenergy for differentdecayintervals,wherethebasisfor normalizationis theoriginalvaluefor leakageenergy.

This approachfor measuringthenetreductionin leakageenergy is similar to thetechniquesusedby Kaxiraset al. in

theirwork on cachedecay[24].

B. Spatial/Temporal Locality in Branch Predictors

Thefirst questionin exploringdecayfor branchpredictorsis to determinehow oftenanentirerow of branchpredic-

tor entriesis likely to lie idle long enoughfor decaytechniquesto beeffective. In today’smachines,branchpredictor

rows typically include32-256counterentries.Fortunately, programbranchesareclusteredratherthanrandom,and

acrossall the predictororganizationswe examine,our experimentsconsistentlyshow that somerows have heavy

activity while othersareidle andcanbedeactivated.

Clearly, programsexhibit spatiallocality in the instructioncache.Over a shortperiodof time, only oneor a few

smallcontiguousregionsof theprogramarelikely to beactive,sobranchinstructionsarelikely to beclosein termsof

their PC.This alsotranslatesinto spatiallocality in branch-predictoraccesses.For branchpredictors,spatiallocality

meansthatat any point in the program,active rows arelikely to have many countersactive andidle rows arelikely

to beentirely idle. This is mosttrue for thebimodalpredictor, which is indexedonly by PC.Indeed,theprobability

that two successive conditionalbranchesfall into thesamerow in a 4 K-entry bimodalpredictoris greaterthan40%

for all our benchmarks,andgreaterthan50%for all but five. If thebrancheswereuniformly distributed,we would

expectratescloseto 1/rows(about24 K-entry predictorarray).For gshareor hybrid predictors,spatiallocality is not

aspronouncedasfor bimodal,sincetheseotherpredictorsareindexedby the branchhistory. Nevertheless,in half

of thebenchmarkstheprobabilityof hitting thesamerow asthepreviousbranchis above 10%. This is muchhigher

thana randomdistribution (about1% for the large,16 K-entry gshare),so thesepredictorsalsoexhibit somespatial

locality.
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1K cycles 10Kc 100Kc 1Mc Overall
gzip 24 32 45 103 281
vpr 31 45 58 65 742
gcc 2 9 79 193 512
mcf 65 83 92 116 565
crafty 104 305 592 855 1701
parser 53 90 157 294 2265
eon 81 289 357 415 652
perlbmk 90 453 631 1112 1541
gap 62 281 325 576 745
vortex 124 502 1227 1642 1996
bzip2 22 33 45 56 460
twolf 48 210 300 334 351
wupwise 42 52 53 55 193
swim 3 6 11 15 687
mgrid 3 6 9 25 500
applu 1 2 4 7 579
mesa 83 114 139 267 697
galgel 2 6 8 10 508
art 2 2 5 18 109
equake 167 192 193 202 226
facerec 7 24 25 39 144
ammp 11 26 105 230 794
lucas 3 3 3 4 242
fma3d 80 450 452 465 499
sixtrack 39 49 55 99 734
apsi 14 85 117 125 342
geomean 20 46 70 109 529
max 167(equake) 502(vortex) 1227(vortex) 1642(vortex) 2265(parser)
min 1 (applu) 2 (applu) 3 (lucas) 4 (lucas) 109(art)

TABLE III
AVERAGE NUMBER OF STATIC BRANCHES TOUCHED EVERY SAMPLE INTERVAL FOR SPEC2000. THE RIGHTMOST COLUMN LABELED

‘ OVERALL’ GIVES THE STATIC BRANCH FOOTPRINT FOR THE WHOLE SIMULATION PERIOD.

Yet this is not usefulif theactive rowschangerapidly, sotemporallocality is alsonecessary. Oneimmediatefactor

that createstemporallocality is the fact that many benchmarkshave small staticbranchfootprints (the numberof

uniquebranchinstructionsitesthat are executed),asseenin Table III. Decaywill thereforeclearly help bimodal

predictors,becauseeachstaticbranchtouchesonly onepredictorentryandwe know from the datain TableIII that

they areclustered.

Otherpredictorstructures,however, maynot do aswell. With gshare,thebranchaddressis XOR’d with theglobal

branchhistory, so thatonebranchcantouchmany PHT entries.We evaluatedecayfor gsharepredictorsin section

IV-D. Hybrid predictorsuseglobal-andlocal-historypredictorsascomponents,which bringsmoredesignchoices.

We explorethedesignspacefor hybridpredictorsin sectionIV-E.

C. Decaywith BimodalPredictors

Figure 6 shows the active ratio anddirectionpredictionaccuracy for 4K-entry bimodal branchpredictorswith

differentdecayintervals. We seefrom theactive ratio graphthatdecayis very effective at shuttingoff idle counters

in bimodal predictors. The geometricmeanactive ratio, which is the percentageof predictorentriespoweredon

(so smallervaluesarebetter),is 37%,28%,22%and18%for decayintervalsof 4096K,512K, 64K and8K cycles

respectively. This meansthatdecaytechniqueshave thepotentialto reducebranchpredictorleakageby 2X or more.
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Sincebimodalpredictorsareindexedby PC,benchmarkswith largestaticbranchfootprintstendto havehigheractive

ratios,asshown in crafty, perlbmk,gapandvortex. Otherbenchmarkstypically leavemorethanhalf of their counters

deactivateddueto their smallfootprints.

Furthermore,the predictionrate graphshows that shuttingoff theseidle counterscomeswith minimal loss in

performanceexceptfor the apparentlytoo-aggressive decayinterval of 8K cycles. With a 64K cycle decayinterval,

theoverall lossin predictionaccuracy is about0.14%,with only onebenchmark(mgrid) over1%.

Interestingly, in somebenchmarks(wupwiseand facerec) we actuallyobserved tiny improvementsin prediction

accuracy. We attribute this to the effect of removing somedestructive interference.Interferenceoccurswhentwo

differentbranchesmapto thesamecounter. Theinterferenceis destructive whenthebranchesarebiasedin opposite

directions,for example,whenoneof the conflicting branchesis strongly taken andthe other is stronglynot taken.

Deactivation resetsthe counterto the neutral,weakly not taken value,which effectively isolatesthe two conflicting

branches.

Figure 7 comparesthe leakageenergy beforeandafter applying decay. Whendecayis enabled,we add to the

leakageenergy the extra leakageenergy from the decaystatusbits aswell asany dynamic-energy overheaddueto

extra mispredictionsor longerrun time. We show the geometricmeanreductionin leakageenergy for SPEC2000

benchmarks.The figure demonstratesthe trade-off betweensavings in leakageenergy and the overheadincurred.

With a small decayinterval suchas8K cyclesor less,branchpredictionratedegradesenoughso that the dynamic

energy overheaddominatesthesavings in leakageenergy. Whenthedecayinterval is longer, few mispredictionsare

induced,the extra dynamicenergy incurredbecomesminimal, andover 60% of the original leakageenergy canbe

saved.

D. DecayWith theGsharePredictor

To understandwhetherdecayis effectivefor agsharepredictor, it is helpful to measure,for variousinterval lengths,

how many rowsstayactivefor thedurationof theinterval. This is exactlymeasuredby theactiveratio. Smalleractive

ratiosarebetterfor decay. Figure8 shows the geometricmeanof the active ratiosacrossthe benchmarksfor both

bankedandunbanked16K-entrygsharepredictorsand,asa reference,the4K-entrybimodalpredictor. As expected,

theactiveratiosarequitesmall(i.e., goodfrom adecaypointof view) for thebimodalpredictor. For gsharepredictors,

theactive ratiosarelarger. Yet significantnumbersof rows remainuntouched.This indicatesthatevenfor predictor

structuresdesignedto smearbranchaddressesovermany entries,decay-basedtechniquesstill show significantpromise

for addressingleakageconcerns.

We includedatain Figure8 for a banked versionof gshare.Breakingthe predictorinto banksmakesthe active

ratiosmaller(betterfor decay)by reducingthegranularityoverwhichactivity is measured.Indeed,theactiveratio for

gshareis 15–35%smallerif it is brokeninto four banksof 4K entrieseach.Overall, theseactive ratiosyield leakage

energy savingsof 40%for unbankedgshareandabout50%for bankedgshare.Evengreatersavingscanbeachieved

for structuresdirectly indexedby PC:about65%for bimodalpredictorsand90%for theBTB. For moredetails,refer

to [17].

Figure9 furtherbreaksdown thedataonaper-benchmarkbasis.It showsactiveratioandbranchmispredictionrate

for anunbankedgsharepredictor. Thegeometricmeanactiveratio acrossthe26 benchmarksis 46%for a 64K-cycle

decayinterval, andthe averagedrop in predictoraccuracy is negligible. Tenbenchmarksstandout ashaving larger
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Fig. 6. Active ratio (Top)andpredictionsuccessrate(Bottom)for a4 K-entrybimodalpredictor

activeratioswith decay, but eventhesebenchmarkssufferonly negligible lossin predictionaccuracy, sodecaydoesnot

harmtheir performance.Becausegshareis designedto spreadbranchstateacrossthepredictorto minimizealiasing,

its decaybenefitsarenot aspronouncedas for a bimodalpredictor. Nevertheless,decaystill producessubstantial

reductionsin leakagepowerwith minimal performanceimpact.Figure10 shows thatthereductionin leakageenergy

is 41%for a64 K-cycledecayinterval.

Furtherenergy savingscanberealizedusinga bankedorganization,which givesa reductionin leakageenergy of

51%.Notethat,with thebankedpredictor, thereductionin leakageenergy will besomewhatlessthanthereductionin

active ratio for two reasons.First, becausethebankedorganizationhassmallerrowsandhencetheoverheadof more
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Fig. 8. Meanactive ratio for unbankedandbankedgsharepredictorsanda bimodalpredictorwith differentdecayintervals. Therightmostlabel

“orig” correspondsto non-decayingpredictors.

decaystatusbits. Second,becausethebankedorganizationis moreaggressive thanunbankedgsharein deactivating

rows for the samedecayinterval. This makesit morelikely that the bankedorganizationwill deactivatea row that

actuallyharmspredictionaccuracy. This extra dynamic-power overhead,however, decreaseswith increasingdecay

interval becausefor very long intervals,evena bankedrow that is idle is extremelylikely to have genuinelydecayed.

This is why thedifferencein energy savingsis largerfor 512K cyclesand4096Kcyclesthanfor 64K cycles.

E. Decaywith Hybrid Predictors

With two competingcomponents(theglobalcomponentandthelocal component),hybrid predictorsexhibit many

interestingdesignchoiceswhenimplementingdecay. In this sectionwe will explore thesedesignchoicesaswell as

their effectondecayin anAlpha 21264-stylehybridpredictor.

a) SelectionPolicy: The selectionpolicy refersto the policy for choosinga predictionfrom oneof the two

componentpredictors. In a non-decaying21264-stylehybrid predictor, the choosermakes this decisionusing the

globalhistory;seeFigure4. However, whendecayis enabled,it mayhappenthatonly oneof thetwo componentsis

active while theotheris decayed.In this case,sincethedecayedcomponenthaslost its information,it is intuitively

appealingto usethepredictionfrom theactive component,no matterwhatthechoosersuggests.This policy is called
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Fig. 9. Active ratio (Top)andmispredictionrate(Bottom)for unbankedgsharepredictor

“believe the active component”,and is implementedin all our experiments. It may alsohappenthat both the two

componentsaredecayed,in which caseall componentsarereactivatedandthe branchis predictedas“weakly not

taken”, asin bimodalandgsharepredictors.

b) WakeupPolicy: The wakeuppolicy refersto the decisionof whetherto reactivatea decayedrow whenit

is accessedby a branchinstruction. A naive policy would alwayswakeupany rows that areaccessed.In a hybrid

predictor, a moreelegantpolicy is possible:thedecayedcomponentwill be reactivatedonly if thechooserwantsto

selectit. We referto thispolicy as“believe thechooser”.

In the situationwhen the accessedrow in the chooseris decayed,we know that the global componentis also
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Fig. 10. Normalizedleakageenergy for gsharebranchpredictorfor bothunbankedandbankedpredictors.

decayedin the 21264-stylepredictor. This is becausethe chooserandglobal predictorare indexed, accessedand

thusdecayedin exactly thesameway; seeFigure4. In this case,thechooserhasno usefulinformation. If the local

componentis active, thenwe leave thechooserandtheglobalcomponentinactive andreturnthepredictionfrom the

local component.Otherwise(whenthe local componentis alsoinactive), we reactivateall componentsandreturna

predictionof “weakly not taken”.

c) Results: Figure11detailstheactiveratioandbranchmispredictionratefor naivedecay, whichalwayswakeup

any rows thatareaccessed,with a 21264-stylehybrid predictor. We seethateventhoughtheactive ratiosarehigher

thanfor bimodalor gsharepredictors,decayhasa negligible impacton the mispredictionratefor intervals of 64K

cyclesor larger. Notethat in orderto computeactive ratio sensiblyon a multi-tablestructure,we computeit over all

predictionandchooserbits in the structure.Overall, asFigure12 shows, naive decayrealizesstrongreductionsin

energy savings—40%for a 64K-cycle interval.

We canobtain even betterenergy savings by taking advantageof the “believe the chooser”wakeuppolicy. As

shown in Figure12, this moresophisticatedpolicy leadsto leakagepower reductionsabout50% betterthanfor the

naivepolicy.

F. Decaywith theBranch Target Buffer

In additionto thestructurefor predictingthedirectionof conditionalbranches,a branchtargetbuffer (BTB) [14],

[29] is commonlyusedto storethe targetsof taken branches.The BTB is typically organizedlike a cache,either

direct-mappedor setassociative, but taggedin orderto identify hits andmisses.Sinceit is solely indexedby PC, it

hassimilar locality characteristicsasinstructioncachesandbimodalpredictors.However, thegranularityin theBTB

is singlebranchinstructions,insteadof instructionblocksasin instructioncaches.This allows evenfiner control for

decay. Decayis thereforeespeciallyeffective for BTBs.

Weevaluateda2048-entry, 4-wayassociativeBTB, whichappearsin theIntel PIII processor[5]. Exceptfor vortex,

perlbmkandcrafty, mostbenchmarkshaveavery low activeratio,below 20%or evenbelow 10%.This is nosurprise,
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Fig. 11. Active ratio (Top)andmispredictionrate(Bottom)for 21264’s hybridpredictor
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Fig. 12. Normalizedleakageenergy of 21264-styleHybrid predictorwith naive and“believe thechooser”wakeuppolicies

consideringthat thestaticfootprintsof mostbenchmarksin TableIII arevery small comparedto our BTB capacity.

With decay, thesestatic footprintsare automaticallytracked andall other idle slotsare turnedoff to save leakage

energy. On theotherhand,BTB hit ratesobserveonly negligible degradationuntil decayinterval dropsto 8 Kcycles

or less.Overall,with decayintervalsof 64 Kcyclesor more,about90%of theBTB leakageenergy canbesaved.

G. BasicBranch PredictorDecay: Summary

In this section,we have exploredtheapplicationof decaytechniquesto reduceleakageenergy in branchpredictor

structures.Theparticularpoliciesthatwehavedeveloped(e.g., “believethechooser”)applyto all non-state-preserving
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Fig. 13. Active ratio (Top)andaccuracy (Bottom)for theBTB with differentdecayintervals.

leakage-controlmechanisms.Thekey contributionsaremoregeneral,giving usefulguidanceto any work on leakage

control. In particular, ourlocalityanalysisshowsthatall predictororganizationsweexaminedhavesignificantnumbers

of rows that are inactive for long periodsof time. This makes leakagecontrol in the branchpredictorand BTB

profitable,regardlessof mechanism.Additionally, prior work by Jiménezet al. [21], Parikh et al. [33], andSkadron

et al. [36] suggeststhat branchpredictorsshouldbe larger for both performanceandpower-saving considerations,

but that localized-heatingconcernsmaybeanobstacle.This makesleakagecontrol in thebranchpredictorandBTB

particularlyimportant.

Over all the configurationswe explored, the bestreductionsin leakagepower were achieved with the bimodal
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Fig. 14. Normalizedleakageenergy for theBTB with differentdecayintervals

predictor, but thepower savingsachievedwith the “believe the chooser”policy for hybrid predictionwerenearlyas

good. Sincehybrid predictionhassuperiorpredictionaccuracy andhenceperformanceandoverall energy, hybrid

predictionremainsthebestchoicefrom bothaperformanceandenergy standpoint[33].

Someof our interestingresultswerespecificallydueto thefactthattherearetwo independentcomponentpredictors

in a hybridpredictor. In the21264’shybridpredictor, for example,thechooserandglobalcomponentwereorganized

in thesameway. This let usdeduceusefulfactsaboutonebasedonstatein theother. Moregenerally, theinfluenceof

indexing on decaymaysuggestthatthechoiceof predictorindex is worth revisiting (yet again).In thepast,indexing

functionshave beenchosento minimizealiasing,usuallyby spreadingthestatefrom branchesin the sameworking

setaswidely aspossible.In contrast,decaycanbemoreeffectiveby clusteringsimilar statesinto rows,with thegoal

of makingasmany countersin a row aspossibleidle or active at any point in time. This observationthereforesets

up a tradeoff betweenreducingaliasingandincreasingdecayopportunities.Althoughbeyondthescopeof this paper,

seekingindex functionsthatcanbalancethetwo factorsis an interestingareafor futurework. It maybepossibleto

develop tractableindex functionsthat clustersimilar stateinto rows with minimal increasein aliasing. In addition,

largepredictorsn particularmaybeableto accommodateindex functionsthatboostrow clustering.

As for the actualdecayintervals, this paperappliesonly fixed decayintervals. Kaxiraset al. [24] show that for

caches,evenbetterdecayratescanbeachievedwith decayintervalsthatadaptto changingprogrambehavior. While

studyingadaptivebranchpredictordecaywasbeyondthescopeof this paper, it remainsworth investigatingsinceour

datashowed that somebenchmarkssufferedno performancelosseven with a short,8 K-cycle decayinterval (and

wouldgetevenmorebenefitfrom decay),while otherssuffer severelywith sucha shortinterval.

A furtherconsiderationis thatbankedandmulti-tableorganizationsprovidesubstantialbenefitsin reduceddynamic

energy, by reducingword- andbit-line lengths.Furthermore,whendecayis appliedto multi-tablepredictors,some

tablescanbe left inactive, asin the“believe thechooser”policy. Anotherexamplearisesin local-historyprediction,

wheretiming issuesmayrequirecachingthepredicteddirectionfor eachBHT entryin theBHT. As with “believe the

chooser”,decaymight permit the PHT updateandlookup in sucha local-historyorganizationto be omittedif that

PHTentryis inactiveandthecacheddirectionwascorrect.Suchapolicy mightbecalled“believetheBHT”. Not only

do these“believe” policiesreduceleakageenergy, they avoid thedynamicpowerassociatedwith accessingthattable.
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Our work heredid not modeltheseextra savings,but doingsowould only makedecaymorevaluable.

Anotherissuethatwarrantsstudyfurtheris interferencein branchpredictors.In someexperimentsweobservedmild

but interestingimprovementsin predictionratewith decay. This shows thatdecay(by settingthetwo-bit countersto

a weakstate)may have the effect of reducingdestructive interference,somethingwe plan to quantify in our future

work. Lastly, sincemany otherpredictionstructuressuchasvaluepredictors[28] andprefetchaddresspredictors[26]

areorganizedsimilarly to branchpredictors,aninterestingfutureeffort will beto applystrategiesfoundin this paper

to thesestructures.

V. DECAY WITH FOUR TRANSISTOR RAM CELLS : OVERVIEW

Thusfar we have exploredtheuseof traditionalSRAM cellsandtheir usein decay. Traditionaldecaytechniques

involvemanipulatingthepower supplyto createtheillusion of dynamicbehavior on top of a cell originally designed

andselectedfor its ability to hold its valueindefinitely. Viewed in this light, it seemsnaturalto usequasi-static4T

cellsto implementdecayingbranchpredictors.

A. TheQuasi-Static4T Cell

Basic four-transistor(4T) DRAM cells are well establishedand describedin introductoryVLSI textbooksand

variousarticles[30], [32], [41]. 4T cellsaresimilar to ordinary6T cellsbut lack two transistorsconnectedto G�H�H that

replenishthechargethatis lost via leakage(Figure15). Usingexactly thesametransistorsasanoptimized6T design

the 4T cell requiresapproximately2/3 of the area. Undera 0.18I process,an ordinary6T cell occupiesan areaof

5.51I mJ , whereasa 4T cell wouldoccupy anareaof 3.8I mJ , i.e.,69%of thearea[6].

Performance-wisethe4T cell is just asfastasa 6T cell; while our datademonstratesa slight speeddisadvantage,

the differenceis so small that coupledwith the smalleramountof parasiticinterconnect,the differenceessentially

disappears.More importantly, 4T DRAM cellsnaturallydecayover time (without theneedto switchthemoff); once

they losetheir chargethey leakvery little sincethereis no connectionto G
H�H . However, somesecondaryleakagevia

the accesstransistorsstill remainsdueto bit-line precharging which we do take into accountin our transistor-level

simulations.

B B

WW

VddB B

WW

Fig. 15. Circuit diagramsof the6T SRAM cell (left) andthe4T quasi-staticRAM cell (right).

In addition,4T cellsareautomaticallyrefreshedfrom theprechargedbit lineswhenever they areaccessed.Whena

4T cell is accessed,its internalhigh nodeis restoredto high potential,refreshingthe logical valuestoredin it; there

is no needfor a read-writecycle asin 1T DRAM. As the cell decaysandleakscharge, the voltagedifferenceof its
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internalnodesdropsto thepointwherethesenseampscannotdistinguishits logicalvalue.Conservatively, thisoccurs

whenthe nodevoltagedifferentialdropsbelow a thresholdof the orderof 100 mV (for 1.5V designs).Below this

thresholdwe have a decayedstate,wherereadinga 4T DRAM cell mayproducea randomvalue—not necessarilya

zero.Overa long time thecell reachesa steadystatewhereboththehigh nodeandthelow nodeof thecell “float” at

about30mV (for 1.5V designs).

4T cells possesstwo characteristicsfitting for decay: they arerefresheduponaccessanddecayover time if not

accessed.In the restof this sectionwe discussextensively the 4T decaydesign,including decayor dataretention

times,dynamicenergy andotherconsiderations.

B. Hold TimesIn 4T Cells

Thecritical parameterfor a 4T designis retentiontime. Whenimplementedin 4T cells,decaytechniqueshave the

cell’s retentiontime astheir naturaldecayinterval. We defineretentiontime to bethetime from thelastaccessto the

time whentheinternaldifferentialvoltageof thecell dropsbelow thedetectionthreshold.Hold time dependson the

leakagecurrentspresentin the4T cell which in turn dependon processtechnologyvariationsandtemperature.

To study retentiontimes for the 4T cachedecaywe choseAgere’s COM2 0.16uCMOS processfor which we

have accuratetransistormodels. We alsouseCOM2 for this studybecauseit is the mostmodernof the four COM

processesthat is availablein-house,in realsilicon, to validateour modelsagainstrealmeasurements.Althoughthis

particulartechnologydoesnot suffer excessively from leakage,our analysisscalesto futuregenerations.Subsequent

sectionswill discusshow to manipulateretentiontimesto matchapplicationneeds,soalthoughour initial retention

timenumbersarefor COM2,we feel they areaccessiblein COM3andCOM4aswell.

Variationsin the processtechnologysignificantly affect leakagecurrentsand thereforeretentiontimes. In our

studiesweusethreereferencepointsin theprocesstechnology:(i) Nominaltransistors(NOM) representtheexpected

behavior andconstitutethebulk of theproduction;(ii) WorstCaseFast(WCF) transistorsaretransistorsthataresix

standarddeviations(sigma)( K>KML%L�N L"L*O ) from theprocessmeanin termsof speed.They arevery fastbut very leaky

transistors;(iii) WorstCaseSlow (WCS)transistorsaretheopposite6-sigmapoint in theprocessdistribution,where

transistorsarequiteslow but leakfar less.

TheWCFandWCSareextremecasesthatby definitionrarelyappearin production;they areessentiallytheoretical

constructsusedasbounds.Modestvariationsin processtechnologyaroundNOM do occur, but usuallyamongdif-

ferentproductionlots; it is rareto seesignificantvariationon thesamewaferandevenmoresoon thesamedie. In

general,fastchipsarelikely to leakmoreandthushave shorterretentiontimes.However, fastchipsarealsoclocked

at higherspeedswhich meansthateven their shortretentiontimescorrespondto many cycles. It is the cycle count

that matters,not real time, sincedecayis an architecturalphenomenoncharacterizedby cycle countsand largely

independentof cycleduration.

As mentionedpreviously, variationsin temperaturealsoresult in large variationsin retentiontimes. Our designs

targetanoperationaltemperatureof 85C (appropriatefor examplefor mobileprocessors)but wealsodiscussmecha-

nismsto adjustin veryhigh temperature(125C).

Finally, selecting3.3V I/O transistors—readilyavailablein COM2 technology— to replacethe 1.5V transistors

while maintaining1.5V signalingin the4T cellssignificantlyextendsretentiontimesat theexpenseof increasedcell

area.Evenin this casethe4T cell, areais still lessthanthatof the6T cell. Building 4T cellsout of 3.3V transistors
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while operatingthemat 1.5V is feasiblebecauseof thenatureof the4T cell which actsasa placeholderfor charge.

Thesamecannotbedonefor anactive6T circuit (two cross-coupledinverters)whichrequiresits transistorsto befully

biasedto work correctly.

1.5V 3.3V
RETENTIONTIME RETENTIONTIMEP%Q"R

C S Q%R C T P"Q"R C
P"Q%R

C S Q"R C T P%Q"R C
NOM 18,000 1700 560 1,040,000 57,200 9400

TABLE IV
HOLD TIMES IN NANOSECONDS FOR 1.5V AND 3.3V VERSIONS OF 4T CELLS AT DIFFERENT OPERATING TEMPERATURES. FOR A 1GHZ

(1NS CYCLE TIME) PROCESSOR, ONE CAN ALSO CONSIDER THESE RETENTION TIMES AS CYCLE COUNTS.

Basedon theseassumptions,we determinedretentiontimes for our technologythroughdetailedtransistor-level

simulations.We simulatedanaccessto acell, followedby a longperiodin which thecell wasleft unread.During this

time, leakagecausesthecell’s internalnodesto losecharge. We definedthehold time to bethedurationbetweenan

accessandthepointatwhich thedifferentialvoltagesof the4T cellsinternalnodeslapsedto avaluelessthan100mV.

We used100mV asour criteria for the minimumvoltagewe would expectthesenseampsto distinguishthe logical

state.If the4T cell is readafterit hasdecayedbeyondthispoint, it still operatessafelyanddoesnot raisemetastability

or otherconcerns;it just doesnot have thedatait hadbefore.Readinga decayedcell produceanelectricallystable,

thoughlogically random,value. It is essentialthereforeto know well in advancewhendatahave decayedin a 4T

cache.This necessitatesdecaycountersnot to turn the branchpredictorrow on andoff as in previous work but to

just signalthedecayof a branchpredictorrow. TableIV givesthecell retentiontimesin nanosecondsfor theCOM2

technology. Theseretentiontimesarefor a 4T cell usingthesamehighly optimized6T cell transistors.

C. SenseAmplifierConsiderations

Oneimplication of the 4T cell is that it becomesprogressively moreexpensive to readas it decays.As the cell

decaysthesenseampmustwork harderto detectandamplify thedifferentialsignalon thebit lines.Besidesthesense

ampenergy thereis alsoenergy expendedto refreshthecell aswereadit. Wehavestudiedbothof theseeffectsfor all

thetypesof 4T cells(with 1.5V and3.3V devices)andfor variousstagesof decay. TableV givesthereadenergy for

the4T cell at variousinternalvoltages.

Internal 4T 6T
Internal ReadEnergy (fJ) ReadEnergy (fJ)
voltage 1.5V 3.3V 1.5V
1.5V na 149 156
1.0V 166 151 na
0.7V 171 153 na
0.5V 175 155 na
0.1V 219 199 na

TABLE V
READ ENERGIES IN FJ FOR NOMINAL 1.5V AND 3.3V 4T CELLS AT U�VXW C FOR DIFFERENT STATES OF DECAY (i.e., DIFFERENT INTERNAL

VOLTAGES). VALUES INCLUDE ENERGY DISSIPATED IN THE SENSE AMPLIFIER. THE 3.3V 4T CELLS ARE OPERATED AT 1.5V. AN

INTERNAL VOLTAGE OF 1.5V IS NOT AVAILABLE IN THE 1.5V 4T BECAUSE THE 4T CELL INTERNAL NODE VOLTAGES ARE CONSTRAINED

BY THE CUT-OFF REGION OF THE MOSFETSUSED AS ACCESS TRANSISTORS.
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D. LocalityConsiderations

Granularityis alsorelevantin the4T designbut hereit stemsfrom theway4T cellsarerefreshed.Branchpredictors

aretypically laid outasasquare,with eachrow having multipleneighboringpredictors.In apredictorasnearlysquare

aspossible(’squarified’,asin Figure5), readingarow refreshesall thecellsin a row becausethewordlineis asserted.

(Segmentedwordlineswould allow moreselective refreshbut thesedesignsareoutsidethescopeof thispaper.)

Retentiontimeselectionandlocality granularitygo togetherbecauselargerow granularitiesmaketheapparentrate

of refreshmuchhigher. Cellsthatwouldhavedecayedif left alonegetrefreshedcoincidentallyby nearbyactivecells.

Thus4T cellswith shortretentiontimesmaynot losedataasquickly if therow sizeis longenough.

In contrast,in a designwith very fine row granularity, onewould opt for 4T cellswith very long retentiontimes.

Finegranularityleadsto a very gooddecayratio but theimportantcellsmustremainalive on their own (without the

benefitof accidentalrefreshes)for considerabletime.

E. Resultsfor 4T-BasedBranch Predictors

To illustratetheeffectsof theincreasein themispredictionratedueto decay, we canlook at a processorbuilt with

4T structures.It is importantto first realizethatthetwo majorbranchpredictorcomponents– directionpredictorand

BTB – arebuilt somewhat differently. Direction predictorcounters,whensquarified,tendto have muchlower row

granularitythanBTB targetsandthusexhibit differentlocality characteristics.

For thispaper, wesimulatedundertheworstcasescenario,i.e. smallstaticleakageenergy in comparisonto dynamic

energy. This correlatescloselywith theCOM2 process,andwill show that in future technologies,our branchdecay

techniquewill only improve. Thus,we useslow-decaying3.3V 4T cells in our design,both in the BTB andin the

direction predictor. As for the overall configuration,we againusethe same16K-entry gshareconfigurationas in

TableI. We againtargetanoperationaltemperatureof 85 C; this leavesusa decayinterval of 57,200cyclesfor the

directionpredictorsanda decayinterval of 57,200cyclesfor theBTB. It is importantto notethatthesevaluescanbe

adjusted;for example,if 57,200cyclesis deemedtoo long,wecanextendtheretentiontimesof 1.5V 4T cellsto select

a moreaggressivedecayinterval.

Figure16 (left) shows the executiontime (in percentages)of variousbenchmarksusingstandard(non-decaying)

branchpredictorsand4T basedbranchpredictors.Fromthegraph,we seethatexecutiontime is virtually unchanged.

In fact,a few benchmarksactuallyimprove 2-3%dueto the randomeffectsof readingdecayedvalues.On average,

however, the effect, whetherbeneficialor detrimental,is negligible. Furthermore,predictionaccuracy (figure 16,

right) wasalsovirtually unchanged.Over all the benchmarks,the overall predictionaccuracy wasdown lessthan

0.5%.Figure17shows theactiveratioof thedirectioncountersundervariousSPECbenchmarks.Onaverage,wesee

a28.2%activeratio,whichdirectlytranslatesinto over70%savingsonleakagepoweroveratraditional,non-decaying

predictor.

Thesavings is not without cost,however; additionalreadenergy is requiredevery time a nearlydecayedor com-

pletelydecayedcounteris read.Underourcurrentprocess,this penaltyis anadditional27.5%of thereadenergy of a

non-decayedcounter.

Moreover, thispenaltyis appliedalsowhennearlydecayedcountersonthesamerow arerefreshedaccidentallydue

to a nearbyread;fully decayedcounterson the samerow, though,areleft decayedandthereforenot refreshed.We

implementthis by detectingthe voltagedifferentialon the bitlines; if this voltageswing is closeto zero,we cantie
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Fig. 16. Normalizedexecution time (Top) and mispredictionrate (Bottom) of standardand 4T predictors. 4T predictorsproduceminimal

performancelosses.

thesignalinto therefreshlinesandavoid refreshinganunusedcell. Thesumtotal is thatwe retaintheeffective long

decayinterval of low row granularitybut achievemuchhigheractive ratios.

Finally, thenormaldynamicenergyoverheadof additionalmispredictionsmustbeincludedin ourresults.Figure18

shows the4T basedbranchpredictorin comparisonwith theprevious6T designs.While the4T decayinterval is set

at 57.2k,at equivalentprocesses,the4T usuallyoutperformsthe6T. For instance,a 6T baseddecayingpredictoron a

COM3processwouldactuallyconsumemoreenergy thanastandard,non-decayingpredictor, whereasthe4T version

of thesamepredictor, with ashorterdecayinterval, doesbetter.

In addition,thedataalsoshowsthatit is possiblewith 4T cellsto useveryaggressivedecayintervalsin thedirection
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Fig. 17. Active ratioof a4T basedpredictor.
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Fig. 18. Normalizedleakageenergy for the4T branchpredictorat 57.2kand8k cycles.

countertables.UndertheCOM4 process,we seeleakagepowersavingsevenwhenthedecayinterval is 8000cycles.

As mentionedabove,we areseeingtheeffectsof thelower active ratiosat thesamerow granularitythat the4T cells

allow.

ExaminingtheBTB decayrevealssimilar observations.BecauseeachBTB target is muchlarger thanthe two-bit

counter, wecanafford to attachcountersto eachBTB targetandthusachievetheoptimumgranularity;thosecounters

that areusedarerefreshed,andthosethat decayarenot accidentallyrefreshed.As a result, the active ratiosof the

6T BTB are identical to the 4T BTB. Our savings in the BTB comemainly from lower leakage4T cells and the

eliminationof thedecaycounters.

We see,then,thatusingquasi-static4T cellsallows usto build naturallydecayingbranchpredictorswith minimal

impactonperformance.Furthermore,predictorsbuilt using4T cellsoffer additionalbenefitsoverthosealreadyshown

with predictorsconfiguredwith 6T cells.

F. 4TDecay: DiscussionandSummary

This sectionexpandson somekey additionalissuesregardingdecaybasedon 4T cells,andthensummarizesour

results.
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1) Controlling RetentionTimes: Thesuccessof a 4T decaydesigndependson matchingretentiontimesto access

(i.e.,“refresh”)intervals.Thus,theability tocontrolretentiontimescouldgiveusanew degreeof freedomin designing

4T decaystructures.

A wayto affect retentiontimesis to adddevicessuchasresistorsor capacitorsto thebasic4T cell [7]. Suchdevices

canbeusedto slowly replenishthe lost charge. If therateof replenishmentis lessthanthe leakagethecell will still

decayalbeitmuchmoreslowly, thusretentiontimecanbeextendedsignificantly.

2) Metastability: Anotherkey issueregarding4T structuresis thefactthatmetastabilityproblemsareapossibility

whenthecell’s internaldifferentialvoltageis too small. To avoid metastability, it is temptingto userefresh,but this

would obviate the savingsof our approach.Instead,onecandetectthe small differentialvoltagesandavoid relying

on arraydataat thesepoints. As an exampleof the latter, we proposethat onecould avoid metastabilityin a 4T

branchpredictorby addinga referencecolumnwhosesolepurposeis to detectlow differentialvoltageandto prevent

thesenseampoutputfrom propagatingfurther into thecircuit. In this column,insteadof a senseamplifierwe have

a voltagecomparator. Whenthe voltagedifferenceis too small, the comparatoroutput forcesthe referencecell to

readasa logical zero(otherwiseit readsasa logical one).Theoutputof thecomparatorqualifiestheresult.A small

differentialis thereforepreventedfrom inducingmetastabilityin thesubsequentcircuit.

Otherapproachesarepossible,suchastheuseof decaycounters[24], but theonewe have proposed—theuseof a

singlecomparatorin areferencecolumn—isappealingbecauseit preventsmetastabilitywhile requiringminimalextra

areaor power.

3) Reliability, Determinism,and Controlled Operation: Another key issueregarding4T structuresis the fact

that in somecasesit is necessaryfor 4T memorystructuresto appearstatic. As in any otherDRAM, this is done

by periodically refreshingthe dynamiccells. Refreshcan be accomplishedin a way that is largely transparentto

the normal operationof the memoryarray. Hanamuraet al. [11] describea refreshmechanismthat periodically

momentarilystrobesthe addresslines after the bit lines have beenprecharged. Senseampsare idle at this point,

resultingin low powerconsumption.Theshortstrobepulseallowschargeto flow from thebit linesto thecellsof the

selectedline andrestoretheir contents.Ordinaryreadsandwrites take precedenceover refreshresultingin minimal

performanceimpact.

Suchrefreshcircuitry (whosearea-costis negligible) is likely to be includedwith a 4T dataarray. In normal

operationthe refreshcircuit is inactive andthe 4T structureoperatesin decay(low-leakage)mode. However, under

specialcircumstancesrefreshprovidesindispensablefunctionality. Theseinclude: (i) chip testing,(ii) deterministic

operationfor real-timeapplications,(iii) possibleoperationbeyondrecommendedtemperaturerange.While thefirst

two shouldbeapparent,thethirdonearisesbecauseathightemperatures,leakagemaybesohighthatbranchpredictors

decaytoo quickly. In suchsituations,thesystemwill wantto re-enablerefreshthusrevert to non-decaymode.

4) Improvementsin ProcessTechnology: With the adventof new processtechnology, transistorleakagewill in-

creaseat a tremendousrate,making6T solutionssomewhat lessattractive dueto power dissipationconcerns.This

sametransistorleakagewill of courselower thedataretentionof 4T cells,however sinceaccesstimeswill alsoim-

provetherewouldappearto besomekind of balancebetweenthenumberof machinecyclesthatthe4T cell canhold

its dataandthenumberof machinescyclesthatthe4T cell is requiredto hold its datain cacheapplications.Therefore,

4T still wins.

As processtechnologyadvances:
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Y transistorleakageincreasesfor all devices,especiallyfor thosetypesof transistorsusedin 6T cells,but not so

rapidly for thoselongerchanneltransistorsusedin 4T cells
Y dataaccesstimedecreasesin all cases
Y dataretentiontimedecreasesin 4T cells
Y alphaparticleimmunity (andsofterrorsin general)will getworsefor bothtypesof cells.

Thelastpoint is akey pointbecause6T cellsin thiserahaveshown softerrorproblemsowing to their largersource-

drainarea.1T cells(previouslynotoriousfor theirsofterrorsensitivity) arenotgettingasbadasoncethoughtbecause

their source-drainareais so small that the offendingparticlehasa smallertarget to hit it, andwhenit hits thereis

lessof achargeimbalancebecausethecross-sectionalareaof thedepletionregion is sosmall.Onceagainthe4T cell

seemsto bea possiblemiddlegroundbetween6T and1T.

5) DecaybasedonQuasi-Static4TCells: ResultsSummary:Thissectionshowsthat4T RAM cellsareasmuchas

one-thirdsmallerin areaandthey arecomparablein termsof readenergywhenaccessedfrequently. Most importantly,

they reduceleakageenergy comparedto 6T cellsandarecomparablein termsof programperformance.

Thispaper’sproposalto use4T cellsfor predictorstructuresis drivenby thefollowing observations.

Y Branchpredictorentriesexhibit locality. Dataarraysareapproximatelysquare,anddecaytechniquesaremost

easilyappliedto rowsin thesearrays.Thishelps4T structures,becauseanaccessto anythingalongarow boosts

thevoltagesof all cellsin thatrow. Locality meansthatactivecoderegionshave their predictorsrefreshedwhile

inactive regionsdecay. Oncedecayed,they leak very little, essentiallycappingthe energy dissipatedby idle

entries.
Y Theretentiontime for 4T cells—theamountof time it takesfor a 4T cell to leakenoughchargethat thevalueit

storesis corrupted—islongenoughthat4T cells’ decayingbehavior is ideally suitedto exploiting decayin large

structures: it is rarethata valueleaksawaybeforeit is neededagain.
Y Retentiontimesvarywith designstyle,fabricationtechnology, andtemperature.Nonetheless,wehavediscussed

techniquesthatallow oneto modulatethe retentiontimessufficiently to guaranteegoodperformance.We have

alsoshown that thereexist several techniquesthatwill preventsmall voltagedifferentialsin decayedcells from

inducingmetastability.

Theseinsightssuggestthat4T cellsareinherentlyusefulfor managingleakagein predictivestructures.Thefactthat

4T cellsdecaynaturallyprovidesleakage-energy savingswithout eithertheoverheadof gated-Z�[�[ techniquesor the

overheadof maintainingdecaycounterbits. Finally, 4T designsaresmaller, saving die areaandpossiblypermitting

fasteraccesstimesfor a givennumberof bits.

VI . CONCLUSIONS

In this paper, we examineimplementationsof decay-basedleakagecontrolusingquasi-staticmemorycells. Cache

decay, first proposedin [23], [24], aimedto turn off unusedportionsof cacheswith long idle timesto reducecache

leakageenergy.

We startby evaluatingdecayimplementationsbasedon coarse-grainedcountersappendedto traditional6T SRAM

arrays. While previously consideredfor caches,this papershows that suchtechniquescanbe effective for branch

predictorsaswell. Inherentin this successis theobservationthatbranchpredictorsexhibit row-basedspatiallocality

thatallowssomeof therows to bedeactivateddueto long idle times,while otherrowsareheavily accessed.



28

Thus, we seethat, much like caches,exploiting this spatialand temporallocality allows us to save significant

amountsof leakageenergy, especiallyin simplerbranchpredictors.In morecomplex branchpredictorswe show that

anintelligentpoliciescansavesignificantamountsof leakageenergy overnaivedecay.

Prior implementationsof decaywerebasedon gated-\
]�] or gated-\�^_^ [42], wherepower andgroundaregatedby

a transistor. This implementation,however, not only leadsto about5% areaoverheadbut alsobringsaboutcomplex

designissuesespeciallyfor turningona decayedcacheline.

A closerexaminationof gated-\
]�] baseddecayrevealsan intrinsic conflict betweenthe standard6-transistorcell

designandgated-\�]�] . Specifically, while gated-\
]�] triesto shutoff cachelines,thetwo loadtransistorsin 6-transistor

cells aremerelywastingcharge. To resolve this conflict, we proposedusing4-transistorquasi-staticmemorycells

to implementcachedecay. By removing the two transistorsthat connectthe cell to \ ]�] , quasi-staticcells naturally

implementsthetwo key functionsfor decay:theirchargesloseovertimeandarereplenishedduringeachcacheaccess.

Comparedto gated-\ ]�] implementation,thismethodavoidstheareaoverheadandthedesignissuesrelatedto thegate

transistor.

Thus,we alsoexaminethe useof quasi-static4T cells for implementingbranchpredictordecay. Suchcells have

beenproposedto implementon-chip embeddedDRAM in a fairly-traditional style with refreshcircuitry. In our

work, weexamineusingthenaturaldecayof the4T cellsto implementdecayfor leakage-controlin branchpredictors.

Becausebranchpredictorsareperformancehints,notcorrectness-critical,lostentriesdonotcauseincorrectexecution.

Moreover, we show that4T cellscanbebuilt with sufficient naturalretentiontimesto implementusefuldecay-based

predictorswith negligible impacton predictionrate.

Usingacombinationof transistor-levelsimulationandinstruction-levelsimulationweshow thata4-transistordecay

implementationachievessignificantsavingsin leakagepower. While 4-transistordecaytypically offersgreatersavings

than6-transistorsolutions,therearemany placeswereit maynot befeasibleto implementa 4T branchpredictor. 6T

decayis moreflexible in theselectionof retentiontime, aswell asa finer granularityin selectingdynamicretention

times. Furthermore,it may not alwaysbe possible,eitherthroughdevice concernsor layout concernsto wholesale

replacea 6T solutionwith a4T solution.

Thus,by presentingbothtraditional(6T) andquasi-static(4T) solutions,we show thatdecaycanbeeasilyapplied

eitherarchitecturallyon top of a givendesign,or bean integral partof thedesignfrom thebeginning. While branch

predictorleakageis perhaps10%of total CPUleakage,we areableto reduceit by a significantfraction,sometimes

90% or more. This reducesoverall chip leakageby 5-7%. Furthermorewe canreduceleakagewith essentiallyno

performancecostandin general,anareaimprovement.Mostbroadly, thepaperpromptsa rethinkingof how transient

datacanbestbeexploitedin designingpower-efficientprocessors.
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