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Abstract

Register valuepredictionhasbeenproposedas a tech-
nique to exploit register value reuse, a form of locality
where the resultproducedby an instructionis thesameas
the valuethat is alreadyin a destinationregister or other
registers in the register �le . Register valuepredictional-
lowsincreasedperformancebybreakingtruedependencies
betweenan instructionthat exhibitsthis locality andits de-
pendents.

Thispaperpresentsa studyinto usingperceptron-based
predictors to guide one form of register value prediction.
For a givenstorage budget, we �nd that on the average a
perceptron predictor performsbetter than previously pro-
posedregister valuepredictors. Secondly, wedemonstrate
the impact of perceptron history length on register value
prediction. Lastly, we analyzepredictor structures which
improve upon previous predictors targeting register value
reuse. With a 4KB hybrid perceptron predictorweshowan
average speedupof 7.5%for thebenchmarksstudied.

1. Intr oduction

Value predictionhasbeenproposedas a techniqueto
breaktruedependenciesbetweeninstructions.By predict-
ing the input and/oroutputvaluesof instructions,instruc-
tionsthatwereoncerequiredto executeseriallycanbeex-
ecutedin parallel. Whena high numberof dependencies
canbe correctlypredicted,this parallelexecutioncanlead
to higheroverall performance.

Implementingvaluepredictionin a processoroften re-
quirestheuseof astoragestructureto holdthevalueswhich
will be usedin the prediction. Thesevalue�les may need
to be large in order to obtaingoodperformance.In order
to reducethe needfor large value �les, TullsenandSeng
proposea techniquecalled register value prediction [11].
Registervaluepredictionexploits a type of locality called
registervaluereuse. Registervaluereuseoccurswhenan
instructionproducesa value that is the sameas the value
that is alreadyin the destinationregisterof the instruction
or in anotherregisterin the register�le. TullsenandSeng
demonstratedpredictiontechniquesthatallow registervalue
reuseto beexploitedvia predictorstructures,giving higher
performance.

Onerecentinnovation in predictordesignhasbeenthe
proposeduseof perceptronsin orderto implementbranch
prediction[5, 6]. A perceptronis asimplemodelof anarti-
�cial neuronwhich canpredictbooleaneventsafterhaving
beentrainedon pastevents. Recentresearchhasdemon-
stratedhow perceptronswork well whenbeingtrainedon
theglobalhistoryof branchoutcomesduringprogramexe-
cution.

In this paper, we presenttechniquesusing perceptron-
basedpredictorsto performa limited form of registervalue
prediction,only the casewherethe valuewritten to a reg-
ister will be the sameas the value that is currently in the
register. We will referto instructionsthatproducethesame
valueasthatalreadyin thedestinationasredundantinstruc-
tions. If a dynamicinstanceof an instructionis redundant
andis correctlypredictedearlyin aprocessorpipeline,then
instructionsdependentuponthat instructionneednot wait
for theexecutionof thepredictedinstruction.

This paperis organizedas follows: Section2 provides
backgroundinformation on perceptrons. Section3 dis-
cussesrelatedstudies. Section4 describesthe simulation
methodologyandtools. Section5 discussesour resultson
perceptron-basedprediction.Section7 concludes.

2. Perceptron-BasedPrediction

A perceptron[9] is a simple,easy-to-implementmodel
of anarti�cial neuronfrom arti�cial intelligence.SeeFig-
ure 1 for an exampleof a typical perceptron.The percep-
tron typically takesa �x ednumberof inputsandproduces
a singlenumericoutput.Theperceptronis speci�edby the
numberof inputsN , andtheweightsconnectingtheinputs
to the outputnode. The weightsarethe parameterswhich
mustbe eithersetby handor learnedby a learningalgo-
rithm. Learningtheweightsonlineallows theperceptronto
adaptto time-varyingbehavior anddoesnot requireexpert
intervention. A perceptroncanbeconsidereda simplesin-
gleneuronin largerneuralnetworks,whicharemuchmore
complex andwhichwedonotconsiderhere.

Theinput to ourperceptronis avectorof values(1 or -1)
correspondingto theglobalhistoryof mostrecentcommit-
ted instructions.A valueof 1 indicatesthat the instruction
was redundantand a -1 indicatesotherwise. The history
length is the numberof inputs to the perceptron. In our



predictor, we have chosennot to usethetypical biasinput,
insteadallowing onemoreinstructionin theglobalhistory.

Perceptronstypically producea numericoutput,which
wecomparewith apreselectedthresholdvalue� to produce
a binaryvalue. Our perceptronoutputsone(predictredun-
dant)if

P
i j wj � � , andzero(noprediction)otherwise.

Weuseatableof perceptronsfor makingpredictions.To
selecttheperceptronusedfor a given instruction,the table
is indexedby thelowerbitsof theinstructionaddress.Each
perceptrontrains and makes predictionsindependentlyof
all otherperceptronsin thetable.

We train the perceptronin a mannersimilar to that de-
scribedby JiménezandLin [5]. Eachtime an instruction
is executed,a perceptronmaymake a predictionof redun-
dantor not redundant.Thatpredictionis comparedwith the
actualoutcome(whentheinstructioncommits),andtheper-
ceptroncanreceive positive or negative feedback,depend-
ing on whetheror not its predictionwascorrect.This feed-
backis usedto furthertrain theperceptron.Eachweight is
updatedindividually, andtheupdaterule is bestdepictedin
a table:

wasghri redundant?
is this instr. redundant? yes no

yes incrementwi decrementwi

no decrementwi incrementwi

This updaterule is usedfor trainingon eachcommitted
instructionwhentheabsolutevalueof theoutputis lessthan
the threshold� or if the predictionwas incorrect. In the
casethat thepredictionis correctandtheabsolutevalueof
theperceptronoutputis greaterthan� , we do not train the
perceptron.Theperceptronusessaturatingweights.

Thetwo keysto usingaperceptronfor redundantinstruc-
tion predictionare�nding anappropriatehistorylengthand
settingthe weightswell. The history length is limited by
thememoryavailable,asis therangeof valuestheweights
canuse. We try varioushistory lengths(aswe show later)
andusesignedintegerweightswith therangeof 6 or 7 bits.

3. RelatedWork

Register value prediction[11] hasbeenproposedas a
methodfor value predictionwithout the needfor a large
valuetable. The outputvaluesfor instructionsarechosen
from thevaluesin thearchitecturalregister�le. Thatwork
demonstratesthat goodperformanceimprovementscanbe
obtainedfrom registervalueprediction.In additionto same
registerprediction(which is studiedin this paper),the au-
thorsstudiedpredictinginstructionsthatproducevaluesthat
are the sameas thosein deadregisters(registerswhose
valuewill not be readbeforebeingoverwritten). Also in
thatwork, theauthorslookedatpredictinginstructionsstat-
ically (by marking instructionsin the code)and also dy-

0 (not redundant)or 1 (redundant)

P
i j wj � � ?

i 0 = 1
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i N
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Figure 1. The classical perceptr on has a �x ed num­
ber of inputs i 1 : : : i N and weights w1 : : : wN , and
a bias term i 0 (constant input of 1) with weight w0.
To make a prediction, the inputs are multiplied by
the weights and then summed. If the sum is less
than a �x ed threshold � , then the perceptr on pre­
dicts 0, otherwise 1. The weights of a perceptr on
are learned with a learning algorithm. In this work
we did not use a bias term.

namically. Ourwork focusesonly ondynamicpredictionof
registervaluereuse.

Thepredictorusedby TullsenandSeng[11] is designed
to targetlocal repetitivebehavior of individual instructions,
but doesnot look at usingglobalhistory in their prediction
scheme.Theperceptronpredictorinherentlymakespredic-
tions basedon global history andnot on a per instruction
basis.

BurtscherandZorn [3] presenta techniquewhich uses
outcomesof prediction in order to generatea con�dence
estimatefor future predictions. The patternsthey usedto
triggera predictionaregatheredthroughpro�ling andsub-
sequentlyencodedinto the predictor. The perceptronpre-
dictor we usedoesnot requireany pro�le informationand
canbe usedto generatea con�dencefor a predictiondy-
namically.

BalakrishnanandSohi [1] notethata numberof values
producedby instructionsare often alreadylocatedin the
register�le. Theauthorsstatethata valueproducedby an
instructionis often the samevaluethatwasproducedby a
recentinstruction.Thisbehavior is somewhatsimilar to the
behavior we target in this work. The authorsexploit this
form of locality by not allocatinga register if the instruc-
tionsareexecutedcloselyin time.

BurtscherandZorn studyusinga registervaluepredic-
tor aspartof hybrid loadvaluepredictors[2]. Theauthors
demonstratethat hybrid predictorscan outperformsingle
componentpredictors.They concludethata registervalue
predictoris a goodadditionto many hybrid loadvaluepre-
diction schemes. The predictor they use for the register
valuepredictionis similar to the onedescribedby Tullsen
andSeng[11].

Jiménezand Lin [5] proposedusing perceptronswhen
developingmicroarchitecturalpredictorstructures.Theau-
thors looked at using perceptron-basedpredictorsto im-



Benchmark input Fast forward
(millions)

applu applu.in 1000
art c756hel.in 2000

bzip2 input.program 2000
crafty crafty.in 1000

eon kajiya 100
equake inp.in 3000
galgel galgel.in 2600

gap ref.in 1000
gcc 200.i 10

gzip input.program 50
mcf inp.in 1500

mesa mesa.in 1000
mgrid mgrid.in 2000

parser ref.in 300
perlbmk perfect.pl 2000

twolf ref 2500
vortex lendian1.raw 2000

vpr route 1000

Table 1. The benc hmarks used in this stud y, in­
cluding inputs and fast­f orwar d distances used to
bypass initialization.

prove branchprediction.For this work, we usesimilar ap-
proachesfor trainingandcomputingtheperceptronvalues,
but usethe predictionfor predictingredundantinstruction
outputsinsteadof targetingbranchpredictions.

4. Methodology

We use the SMTSIM simulator [10] in single-thread
modeto performsimulationsfor this research.The simu-
lator providesanaccuratecycle-by-cycle modelof anout-
of-orderprocessorexecutingtheCompaqAlpha instruction
set architecture. Benchmarkswere taken from the SPEC
2000benchmarksuite(not all benchmarkscould be simu-
lated). All simulationsexecute300 million committedin-
structions. The benchmarksare fast forwarded(emulated
but not simulated)a suf�cient distanceto bypassinitializa-
tion and startupcodebeforemeasuredsimulationbegins.
The benchmarksused,their inputs,andthe numberof in-
structionsfastforwardedareshown in Table1. In all cases,
the inputsweretaken from amongthe referenceinputsfor
thosebenchmarks.

Detailsof thesimulatedprocessormodelaregivenin Ta-
ble 2. Theprocessormodelsimulatedis thatof an8-fetch
8-stageout-of-ordersuperscalarmicroprocessorwith 6 in-
teger functional units. The instructionand �oating-point
queuescontain32 entrieseach. The simulationsmodela
processorwith level 1 instructionand datacaches,along
with a2MB on-chipsecondarycache.

Thebaselineregistervaluepredictoris similarto thecon-
�guration usedby TullsenandSeng[11]. It consistsof a
tableof 3-bit saturatingcounters.Thecountervaluesarein-
crementedwheneveraninstructionproducesthesamevalue

Parameter Value
Fetch bandwidth 8 instructions per cycle

Functional Units 3 FP, 6 Int (4 load/store)
Instruction Queues 32-entry FP, 32-entry Int

Inst Cache 64KB, 2-way, 64-byte lines
Data Cache 64KB, 2-way, 64-byte lines

L2 Cache (on-chip) 2 MB, 4-way, 64-byte lines
Latency (to CPU) L2 18 cycles,

Memory 150 cycles
Pipeline depth 8 stages

Min branch penalty 6 cycles
Branch predictor 4K gshare

Instruction Latency Based on Alpha 21164

Table 2. The processor con�guration.

asthevaluealreadyin thedestinationandthecounteris re-
setwheneverthevalueis different.Thepredictionthreshold
is 6, andaninstructionis predictedredundantwhenever its
countervalueexceedsthethreshold.

The perceptronpredictorswe use are similar in con-
�guration to thoseusedby Jiménezand Lin [5]. For a
given hardware budget, we use the samehistory lengths
and thresholdsusedby Jiménezand Lin. Table 3 shows
thecon�gurationsusedfor theperceptronpredictors.These
arethecon�gurationvaluesusedin theexperimentsunless
otherwisespeci�ed.Wehavenotyethadtheopportunityto
performexhaustive thresholdandhistory lengthstudies.A
studyinto theimpactof predictorhistorylengthis shown in
Figure3. We believe thatwith furtherstudyinto threshold
selectionandhistorylengthevenmorepredictoraccuracy is
achievable.

In this work we assumethatloads,integerarithmeticin-
structions,and�oating point arithmeticinstructionsareall
candidatesfor register value prediction. Storesand con-
trol �o w instructionsarenot consideredfor prediction.We
found that on the averagean additional2.28 register read
portsper cycle is requiredfor veri�cation for this type of
valueprediction.

For therecovery mechanism,we simulatea refetchtype
recovery. Misspeculationsare detectedin the execution
stageof the pipeline. After a misspeculation,all instruc-
tionsthatarefetchedafterthemisspeculatedinstructionare
�ushed from thepipelineandfetchbeginswith theinstruc-
tion following the misspeculatedinstruction. This is simi-
lar to therecovery mechanismthat is usedto recover from
branchmispredictionsin the simulatedpipeline. With a
moreadvancedrecovery mechanism(suchasa reexecution
of dependentinstructions),webelieveevenhigherspeedups
canbeobtained.

We assumethat the latency of the predictor can be
pipelined.A possiblecon�guration of low latency percep-
tron predictorswaspresentedby Jiménez[4]. The maxi-
mumperceptronweightsusedin ourstudiesare7-bit signed
integers,andin anumberof cases6-bit signedintegers.We
simulatedthe perceptronpredictorusing 5 through8 bits



Parameter Value
Total size 4KB 8KB 16KB

History length 28 34 36
Maximum weight 32 64 64

Prediction threshold 68 80 83

Table 3. Table of perceptr on predictor con�gura­
tions.

andselectthe weight sizewith the bestperformancefor a
givenpredictorcon�guration.

5. Results

In this section,we test the effectivenessof perceptrons
asregistervaluepredictorsandproceedto �nd waysto im-
provetheirperformance.First,westudytheperformanceof
a perceptronpredictoron various individual benchmarks.
Secondly, we look at the effect that history lengthhason
perceptronpredictorperformance.Lastly, we look at hy-
brid predictorstructuresto improve predictoreffectiveness.

5.1. Performance of Perceptron­Based Register
ValuePrediction

In this section,we comparethe performanceof an dy-
namicregistervaluepredictor(from now on referredto as
rvp) asproposedby TullsenandSeng[11] andaperceptron
predictor.

Figure2 shows theperformanceimprovementachieved
for eachof thebenchmarkswhenusingan8KB rvp predic-
tor, an8KB perceptronpredictor, andthespeedupachieved
with perfectprediction.Thereis signi�cant variationin the
speedupsbetweenapplications. The perceptronpredictor
signi�cantly outperformsthe rvp predictoron gap , mcf ,
andvpr . In thesethreecaseswe �nd the perceptronpre-
dictor to predictmoreinstructionswith registerreusethan
doesrvp (for theaverageof thethreebenchmarks,84.7%of
theactualnumberof redundantinstructionsversus63.4%)
anddoesso with a higheraccuracy (for theaverageof the
threebenchmarks,98.6%predictionaccuracy for the per-
ceptronversus96.5%for rvp).

The rvp predictorperformsbetteron crafty , mesa,
andperlbmk . We �nd thatfor eachof thesebenchmarks,
theperceptronpredictorencounterssigni�cantly moremis-
predictionsthanwith rvp.

With perfectprediction,the averagespeedupacrossthe
benchmarksis 13.2%. The perceptronpredictorachieves
61%of themaximumspeeduppossible.Thereis still more
performanceto beobtainedfrom registervalueprediction.

Becauseof thenatureof thervp predictor, it tendsto de-
tect local predictabilityduring the executionof individual
instructions. In contrast,the perceptronusesa global his-
tory registercontainingthe behavior of the last N instruc-

Figure 2. Performance speedup for an 8KB rvp pre­
dictor and an 8KB perceptr on predictor . The po­
tential speedup achieved with perf ect prediction is
also sho wn.

tions,whereN is thelengthof thehistorystored.Therefore
it is not surprisingto seethat therearesomeapplications
wherethervp predictorexcelsandsomewherethepercep-
tron excels.We do �nd thoughthatover theaverageof the
benchmarks,theperceptrondoesbetter. This demonstrates
that register value reusecan be effectively predictedwith
globalhistoryinformation.

5.2.Effect of History Length

Becausethe perceptronpredictoris a global prediction
scheme,its accuracy is dependentuponthenumberof bits
storedin theglobalhistory register. In this section,we ex-
aminethe impactthathistory lengthhason overall perfor-
mance.

Figure3 shows the averagespeedupobtainedwhenus-
ing a perceptronpredictorwith a varyingamountof global
history. The predictorusedis a perceptronpredictorcon-
sistingof 8192perceptronswith 6-bit weights. We usea
predictorwith a large numberof perceptronsto minimize
the effect of aliasing. We simulateglobal historiesfrom 4
to 60inputsin incrementsof 4. Wechoosethresholdsbased
on thethresholdsgivenby JiménezandLin [5].

As expected,performanceimproveswith increasinghis-
tory length. 90% of the speedupachieved with a history
lengthof 60 canbe achieved with a history lengthof 40.
80%of speedupwith ahistorylengthof 60canbeachieved
with ahistorylengthof greaterthan16.

Whenincreasinghistorylength,bothpredictorcoverage
(thefractionof correctlypredictedredundantinstructionsto
actualnumberof redundantinstructions)andaccuracy are
affectedpositively. We �nd that coverageincreasesfrom
85.6%to 87.8%with historylengthof 4 and32respectively,



Figure 3. Performance speedup for the average
of the benc hmarks with varying lengths of global
histor y. The perceptr on predictor used in each
data point consists of 8192 perceptr ons with 6­bit
weights.

but doesnot increaseany furtherbeyondahistorylengthof
32. When increasinghistory from 4 bits to 16, accuracy
increasesfrom 94.2%to 97.7%. Whenthereare60 bits of
globalhistory, thepredictionaccuracy increasesto 98.6%.

Not shown in this work is the effect that history length
hason individual benchmarks.Somebenchmarksgreatly
bene�t from anincreasedhistorylengthwhile othersdonot.
We �nd thatmcf reachesnearperfectpredictionwith only
12 global history inputs and doesnot improve in perfor-
mancewith increasinghistory. Themgrid benchmarkcon-
tinuesto improve in performanceevenbeyondaglobalhis-
tory of 60. Galgel performspoorlyat low historylengths
(30.4%and15.1%slowdown at 4 and8 bits respectively),
but achievesspeedupbeyond16 bits (5.1%)andcontinues
improving up through60bits (15.2%).

5.3.Hybrid Predictors

The designof the perceptronpredictor makes it well
suitedfor globalpatterndetection,whereasthervp predic-
tor targetsexploiting local history. In this section,we an-
alyzethe impactof creatinghybrid predictorsusinganrvp
predictorcombinedwith a perceptron predictor, as previ-
ouslydescribed.

We look at threedifferent techniquesof combiningan
rvp with a perceptron predictorto form a hybrid predictor.
The�rst is a tournamentstyleselectionmechanismsimilar
to the mechanismdescribedby McFarling [7]. We usean
additional1K entryselectiontableof 2-bit saturatingcoun-
tersindexedby thelower 10 bits of theprogramcounter. A

Figure 4. Speedup for the various predictor s for the
average of the benc hmarks. Results are sho wn for
the rvp, gshare , perceptr on, tournament, cascade ,
and tournament­cascade predictor s.

counterin theselectiontableis incrementedif thepercep-
tron predictsa redundantregistervalueandis correct.The
counterin theselectiontableis decrementedif thervp pre-
dictor predictsa redundantvalueandit is correct. If both
predictorsarecorrect,thecountervaluedoesnotchange.If
thecountervaluefor aninstructionis 2 or 3, thenthepredic-
tion from theperceptronis used.If thecountervalueis 0 or
1, thenthepredictionfrom thervp predictoris used.In this
hybrid con�guration, half of the storagespaceis usedby
eachof thepredictors,althoughthesizeof thervp predictor
is reducedby thesizeof thetournamentselectortable.We
referto thispredictorcon�gurationastour.

The otherhybridizationtechniquestudiedinvolvescas-
cading the rvp predictor with a perceptron predictor.
MichaudandSeznec[8] studiedthis cascadingtechnique
for perceptronsusedfor branchprediction. Theprediction
bit from thervp predictoris usedasadditionalinput to the
perceptron.Onelessbit from theglobalhistory registeris
usedto computetheperceptronweightandthervp predic-
tion bit is usedinstead.Wereferto thispredictorcon�gura-
tion ascasc.

We also look at a hybrid predictor that combinesthe
tournamentselectormechanismand the cascadedpredic-
tion scheme.The samepredictionfrom the rvp is usedas
aninput to theperceptronandalsoasa predictionitself. A
1K entry tableof saturatingcountersis usedto selectbe-
tweenthecascadedpredictorandthervp predictor. Wewill
referto thispredictorcon�gurationastour-casc.

For comparison,we also study a gshare register value
predictor, which in con�guration is similar to the gshare
branchpredictor[7]. For our experiments,we usea table
of 3-bit saturatingcounters.The index into the tableis the
resultof theXOR of thelowerbitsof theinstructionaddress
andtheglobalhistory register. If the instructionis veri�ed



Figure 5. Predictor coverage for the various pre­
dictor con�gurations. Coverage is the ratio of
correctl y identi�ed redundant instructions to the
number of actual redundant instructions. Data is
sho wn for 8KB predictor s.

to beredundant,thenits counteris incremented;otherwise,
the countervalue is reset. If the countervalueexceedsa
threshold,thena predictionis made.Thesamethresholdis
usedfor thegsharepredictorasfor rvp.

Figure 4 shows the performanceresultsof the various
predictorsfor theaverageof thebenchmarks.Thespeedup
resultsare shown for rvp, gshare, perceptron, tour, casc,
andtour-cascpredictorsin 4KB, 8KB, and16KB totalpre-
dictor sizes.

At all storagesizes,gshare, perceptron, andthe hybrid
predictorsoutperformrvp. With a storagebudgetof 8KB,
perceptron performsthe best,achieving a higherspeedup
thanany of thehybrids.Thesameis trueata16KB storage
budget. At 4KB, theperformanceof perceptron is slightly
lower than that of gshare. We �nd that the accuracy of
gshare is slightly higher(97.6%for gshare versus97.5%).
Thebestperformingpredictorata4KB budget,is tour-casc
with aspeedupof 7.5%.

Uponanalyzingthebehaviors of thevariouspredictors,
we �nd thatalthoughtheaccuracy of thehybrid predictors
is slightly betterthat a singlecomponentrvp or gshare, it
is in fact the coverageof the redundantinstructionswhich
separatesthe predictors. Figure5 shows the coveragefor
the variouspredictorswith a size of 8KB. Upon compar-
ing thecoverageof rvp or gshare, we �nd thatany predic-
tor with a perceptroncomponentcorrectlyidenti�es many
moreredundantinstructions.This is dueto theability of the
perceptronto identify redundancy thatspanslongerhistory
lengths.

6. Futur eWork

In futurework, we intendto look at limiting thescopeof
the predictionsmadeby the perceptronpredictor. That is,
we would like to limit the numberor typesof instructions
predicted. The currentpredictortargetsa numberof dif-
ferentinstructionwhich produceregistervalues.We would
like to look at targeting load instructionsonly or �oating-
point instructionsonly. Somephase-basedbehavior may
alsoprovidesomeguidanceinto whichtypesof instructions
to targetatdifferenttimesin programexecution.

In additionto, or in placeof, thehistoryof redundancy
we considerin this paper, we would also like to consider
a value predictorperceptronthat usesthe branchhistory.
Sinceprocessorsalreadykeeptrackof branchhistory, using
this informationmay requirelesshardwarethana percep-
tron basedon valueredundancy. Branchhistorymayyield
otherinsightsthatallow furthersuccessat valueprediction
aswell.

7. Conclusions

Perceptronsarea simplemodelof neuronbehavior. Re-
cently, perceptronshave beenproposedfor usein branch
predictorsandhavedemonstratedgoodperformance.In this
work, we studythe impactthata perceptron-basedpredic-
tor hason registervalueprediction,a typeof valuelocality
wherean instructionproducesthe samevaluethat already
exists in the instructiondestinationregister. Whenan in-
structioncanbecorrectlypredictedto exhibit this locality,
thedependentsof that instructioncanbe issuedbeforethe
predictedinstructionis doneexecuting.

We demonstratethat for a given size predictor, a per-
ceptronpredictorperformsbetterthana saturatingcounter
basedregistervaluepredictor. Ontheaverageof thebench-
marks studied, an 8KB perceptronpredictor achieves a
speedupof 8.1%, with speedupsof asmuchas45.2%on
onebenchmark.

We study usingglobal history lengthsof up to 60 bits
and�nd thatusinga historyof 40 bits allows a perceptron
predictorto achieve 90%of theperformanceof a predictor
with ahistoryof 60bits. We�nd thatsomebenchmarkscan
bene�t from evenlongerhistories.

Finally, westudyhybrid predictorswhichcombineaper-
ceptronpredictorwith a saturatingcounterbasedpredictor.
With a4KB hardwarebudget,aspeedupof 7.5%isachieved
usingthetournament-cascadehybrid.
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