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Abstract

Ragister value prediction has beenproposedas a tecth-
nigue to exploit register value reuse a form of locality
whele the resultproducedby an instructionis the sameas
the valuethat is alreadyin a destinationregister or other
registess in the register le. Ragister value predictional-

lowsincreasederformanceiy breakingtrue dependencies

betweeran instructionthat exhibitsthis locality andits de-
pendents.

Thispaperpresentsa studyinto usingpercepton-based
predictors to guide one form of register value prediction.
For a givenstorage budget, we nd that on the average a
perception predictor performsbetter than previously pro-
posedregister value predictors. Secondlywe demonstate
the impact of perception history length on register value
prediction. Lastly we analyzepredictor structues which
improve upon previous predictois targeting register value
reuse With a 4KB hybrid perception predictorwe showan
avelage speedumf 7.5%for thebendimarksstudied.

1. Intr oduction

Value prediction has beenproposedas a techniqueto
breaktrue dependenciebetweeninstructions. By predict-
ing the input and/oroutputvaluesof instructions,instruc-
tionsthatwereoncerequiredto executeserially canbe ex-
ecutedin parallel. Whena high numberof dependencies
canbe correctly predicted this parallelexecutioncanlead
to higheroverall performance.

Implementingvalue predictionin a processowften re-
quirestheuseof astoragestructureto hold thevalueswhich
will beusedin the prediction. Thesevalue les may need
to be large in orderto obtaingood performance.In order
to reducethe needfor large value les, Tullsenand Seng
proposea techniquecalled register value prediction [11].
Ragistervalue predictionexploits a type of locality called
registervaluereuse. Registervalue reuseoccurswhenan
instructionproducesa value that is the sameasthe value
thatis alreadyin the destinatiorregister of the instruction
or in anothermegisterin theregister le. TullsenandSeng
demonstrategredictiontechniqueshatallow registervalue
reuseto be exploitedvia predictorstructuresgiving higher
performance.
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Onerecentinnovation in predictordesignhasbeenthe
proposediuseof perceptronsn orderto implementbranch
prediction[5, 6]. A perceptroris asimplemodelof anarti-
cial neuronwhich canpredictbooleaneventsafterhaving
beentrainedon pastevents. Recentresearcthasdemon-
stratedhow perceptronsvork well whenbeingtrainedon
the globalhistory of branchoutcomegduring programexe-
cution.

In this paper we presenttechniqueausing perceptron-
basedpredictorgto performalimited form of registervalue
prediction,only the casewherethe valuewritten to a reg-
ister will be the sameasthe valuethatis currentlyin the
register We will referto instructionsthatproducethesame
valueasthatalreadyin thedestinatiorasredundantnstruc-
tions. If adynamicinstanceof aninstructionis redundant
andis correctlypredictedearlyin aprocessopipeline,then
instructionsdependenuponthatinstructionneednot wait
for the executionof the predictednstruction.

This paperis organizedasfollows: Section2 provides
backgroundinformation on perceptrons. Section3 dis-
cussegelatedstudies. Section4 describeghe simulation
methodologyandtools. Section5 discusse®ur resultson
perceptron-basegrediction.Section7 concludes.

2. Perceptron-BasedPrediction

A perceptror9] is a simple, easy-to-implementodel
of anarti cial neuronfrom arti cial intelligence.SeeFig-
ure 1 for an exampleof atypical perceptron.The percep-
tron typically takesa x ed numberof inputsandproduces
a singlenumericoutput. The perceptroris speci ed by the
numberof inputsN , andtheweightsconnectingheinputs
to the outputnode. The weightsare the parametersvhich
must be either setby handor learnedby a learningalgo-
rithm. Learningtheweightsonlineallows the perceptrorno
adaptto time-varying behaior anddoesnot requireexpert
intervention. A perceptrorcanbe considereda simplesin-
gle neuronin largerneuralnetworks, which aremuchmore
comple andwhich we do notconsiderhere.

Theinputto our perceptrons avectorof values(1 or -1)
correspondingo the globalhistory of mostrecentcommit-
tedinstructions.A valueof 1 indicatesthatthe instruction
was redundantand a -1 indicatesotherwise. The history
lengthis the numberof inputs to the perceptron. In our



predictor we have chosemot to usethetypical biasinput,
insteadallowing onemoreinstructionin the globalhistory.

Perceptrongypically producea numericoutput, which
we comparewith apreselectethresholdvalue to produce
a binaryyalue. Our perceptroroutputsone (predictredun-
dant)if  i;w , andzero(no prediction)otherwise.

We useatableof perceptrongor makingpredictions.To
selectthe perceptrorusedfor a giveninstruction,thetable
is indexed by thelower bits of theinstructionaddressEach
perceptrontrains and makes predictionsindependentlyof
all otherperceptronsn thetable.

We train the perceptrornin a mannersimilar to that de-
scribedby JiménezandLin [5]. Eachtime aninstruction
is executed,a perceptrormay make a predictionof redun-
dantor notredundantThatpredictionis comparedvith the
actualoutcomgwhentheinstructioncommits),andtheper
ceptroncanreceve positive or negative feedbackdepend-
ing on whetheror not its predictionwascorrect. This feed-
backis usedto furthertrain the perceptron Eachweightis
updatedndividually, andthe updaterule is bestdepictedn
atable:

wasghr redundant?
is thisinstr. redundant? yes no
yes | increment; | decrementy;
no | decrementv; | incrementw;

This updaterule is usedfor training on eachcommitted
instructionwhentheabsolutevalueof theoutputis lessthan
the threshold or if the predictionwasincorrect. In the
casethatthe predictionis correctandthe absolutevalue of
the perceptroroutputis greaterthan , we do nottrainthe
perceptronThe perceptrorusessaturatingveights.

Thetwo keysto usingaperceptrorfor redundaninstruc-
tion predictionare nding anappropriatehistorylengthand
settingthe weightswell. The history lengthis limited by
the memoryavailable,asis the rangeof valuesthe weights
canuse. We try varioushistory lengths(aswe show later)
andusesignedintegerweightswith therangeof 6 or 7 bits.

3. Related Work

Register value prediction[11] hasbeenproposedas a
methodfor value predictionwithout the needfor a large
valuetable. The outputvaluesfor instructionsare chosen
from the valuesin the architecturaregister le. Thatwork
demonstratethat good performanceémprovementscanbe
obtainedrom registervalueprediction.In additionto same
register prediction(which is studiedin this paper),the au-
thorsstudiedpredictinginstructionghatproducevaluesthat
are the sameas thosein deadregisters (registerswhose
valuewill not be readbeforebeing overwritten). Also in
thatwork, theauthordookedat predictinginstructionsstat-
ically (by marking instructionsin the code)and also dy-
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Figure 1. The classical perceptron has a x ed num-
ber of inputs i1:::in and weights wy :::wy , and
a bias term iq (constant input of 1) with weight wy.
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 perceptron pre-
dicts 0, otherwise 1. The weights of a perceptron
are learned with alearning algorithm. In this work
we did not use a bias term.

namically Ourwork focusesonly ondynamicpredictionof
registervaluereuse.

Thepredictorusedby TullsenandSeng[11] is designed
to tamgetlocal repetitve behaior of individual instructions,
but doesnot look at usingglobalhistoryin their prediction
schemeThe perceptrompredictorinherentlymakespredic-
tions basedon global history and not on a per instruction
basis.

Burtscherand Zorn [3] presenta techniquewhich uses
outcomesof predictionin orderto generatea con dence
estimatefor future predictions. The patternsthey usedto
triggera predictionaregatheredhroughpro ling andsub-
sequentlyencodednto the predictor The perceptrorpre-
dictor we usedoesnot requireary pro le informationand
canbe usedto generatea con dencefor a predictiondy-
namically

Balakrishnarand Sohi[1] notethata numberof values
producedby instructionsare often alreadylocatedin the
register le. Theauthorsstatethata valueproducedby an
instructionis oftenthe samevaluethat wasproducedby a
recentinstruction.This behaior is somevhatsimilarto the
behaior we tamgetin this work. The authorsexploit this
form of locality by not allocatinga registerif the instruc-
tionsareexecutedcloselyin time.

Burtscherand Zorn study usinga registervalue predic-
tor aspartof hybrid load valuepredictorg2]. Theauthors
demonstratahat hybrid predictorscan outperformsingle
componenpredictors. They concludethata registervalue
predictoris a goodadditionto mary hybrid load valuepre-
diction schemes. The predictorthey usefor the register
value predictionis similar to the one describedby Tullsen
andSeng[11].

JiménezandLin [5] proposedusing perceptronsvhen
developingmicroarchitecturapredictorstructures The au-
thors looked at using perceptron-basegredictorsto 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
gcce 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 lendianl.raw 2000
vpr route 1000

Table 1. The benchmarks used in this study, in-
cluding inputs and fast-f orwar d distances used to
bypass initialization.

prove branchprediction. For this work, we usesimilar ap-
proachedor trainingandcomputingthe perceptrorvalues,
but usethe predictionfor predictingredundaninstruction
outputsinsteadof targetingbranchpredictions.

4. Methodology

We use the SMTSIM simulator [10] in single-thread
modeto performsimulationsfor this research.The simu-
lator providesan accuratecycle-by-g/cle modelof anout-
of-orderprocessoexecutingthe CompadAlphainstruction
setarchitecture. Benchmarkswere taken from the SPEC
2000benchmarksuite (not all benchmarkgould be simu-
lated). All simulationsexecute300 million committedin-
structions. The benchmarksare fastforwarded(emulated
but not simulated)a sufcient distanceto bypassnitializa-
tion and startupcode before measuredsimulationbegins.
The benchmarkaised,their inputs, and the numberof in-
structionsfastforwardedareshowvn in Tablel. In all cases,
the inputsweretaken from amongthe referencenputsfor
thosebenchmarks.

Detailsof thesimulatedorocessomodelaregivenin Ta-
ble 2. The processomodelsimulatedis that of an 8-fetch
8-stageout-of-ordersuperscalamicroprocessowith 6 in-
teger functional units. The instructionand oating-point
gueuescontain32 entrieseach. The simulationsmodel a
processomvith level 1 instructionand datacaches,along
with a2MB on-chipsecondargache.

Thebaselingegistervaluepredictoris similarto thecon-
guration usedby Tullsenand Seng[11]. It consistsof a
tableof 3-bit saturatingcounters The countenvaluesarein-
crementedvhen&eraninstructionproduceshesamevalue

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 thedestinatiorandthe counteris re-

setwheneerthevalueis different. Thepredictionthreshold
is 6, andaninstructionis predictedredundantvheneer its

countervalueexceedghethreshold.

The perceptronpredictorswe use are similar in con-
guration to thoseusedby JiménezandLin [5]. For a
given hardware budget, we use the samehistory lengths
and thresholdsusedby Jiménezand Lin. Table 3 shavs
thecon gurationsusedfor the perceptrorpredictors.These
arethe con gurationvaluesusedin the experimentaunless
otherwisespeci ed. We have notyet hadthe opportunityto
performexhaustve thresholdandhistory lengthstudies.A
studyinto theimpactof predictorhistorylengthis shavn in
Figure3. We believe thatwith further studyinto threshold
selectiorandhistorylengthevenmorepredictoraccurag is
achievable.

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

For therecovery mechanismyve simulatea refetchtype
recovery. Misspeculationsare detectedin the execution
stageof the pipeline. After a misspeculationall instruc-
tionsthatarefetchedafterthe misspeculatethstructionare
ushed from the pipelineandfetch beginswith theinstruc-
tion following the misspeculateéhstruction. This is simi-
lar to the recovery mechanisnthatis usedto recover from
branchmispredictionsin the simulatedpipeline. With a
moreadwancedrecosery mechanisn{suchasareexecution
of dependeninstructions)we believe evenhigherspeedups
canbeobtained.

We assumethat the lateny of the predictor can be
pipelined. A possiblecon guration of low lateny percep-
tron predictorswas presentedy Jiménez[4]. The maxi-
mumperceptromweightsusedn our studiesare7-bit signed
integers,andin anumberof case$-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 perceptron predictor con gura-
tions.

andselectthe weight sizewith the bestperformancdor a
givenpredictorcon guration.

5. Results

In this section,we testthe effectivenessof perceptrons
asregistervaluepredictorsandproceedo nd waysto im-
provetheir performanceFirst, we studythe performancef
a perceptronpredictoron variousindividual benchmarks.
Secondly we look at the effect that history length hason
perceptrorpredictorperformance.Lastly, we look at hy-
brid predictorstructurego improve predictoreffectiveness.

5.1. Performance of Perceptron-Based Register
Value Prediction

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

Figure 2 shaws the performancemprovementachiered
for eachof thebenchmarksvhenusingan8KB rvp predic-
tor, an8KB perceptrorpredictor andthe speedufachieved
with perfectprediction. Thereis signi cant variationin the
speedupdetweenapplications. The perceptronpredictor
signi cantly outperformsthe rvp predictoron gap, mcf,
andvpr . In thesethreecaseswve nd the perceptrorpre-
dictor to predictmoreinstructionswith registerreusethan
doesrvp (for theaverageof thethreebenchmarks34.7%of
the actualnumberof redundaninstructionsversus63.4%)
anddoessowith a higheraccurag (for the averageof the
threebenchmarks98.6% predictionaccurag for the per
ceptronversus96.5%for rvp).

The rvp predictorperformsbetteron crafty , mesa,
andperlbmk . We nd thatfor eachof thesebenchmarks,
theperceptrorpredictorencountersigni cantly moremis-
predictionghanwith rvp.

With perfectprediction,the averagespeedugacrossthe
benchmarkss 13.2%. The perceptronpredictorachieves
61% of the maximumspeeduppossible.Thereis still more
performanceo be obtainedfrom registervalueprediction.

Becausf the natureof thervp predictor it tendsto de-
tect local predictability during the executionof individual
instructions. In contrast the perceptrorusesa global his-
tory registercontainingthe behaior of thelastN instruc-
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Figure 2. Performance speedup for an 8KB rvp pre-
dictor and an 8KB perceptron predictor . The po-
tential speedup achieved with perfect prediction is
also shown.

tions,whereN is thelengthof thehistorystored.Therefore
it is not surprisingto seethat thereare someapplications
wherethervp predictorexcelsandsomewherethe percep-
tron excels. We do nd thoughthatover the averageof the
benchmarksthe perceptrordoesbetter This demonstrates
that register value reusecan be effectively predictedwith
globalhistoryinformation.

5.2.Effect of History Length

Becausehe perceptrorpredictoris a global prediction
schemeijts accuray is dependenuponthe numberof bits
storedin the global historyregister In this section,we ex-
aminethe impactthathistory lengthhason overall perfor
mance.

Figure 3 shaws the averagespeedupbtainedwhenus-
ing a perceptrorpredictorwith a varyingamountof global
history The predictorusedis a perceptrornpredictorcon-
sisting of 8192 perceptronswith 6-bit weights. We usea
predictorwith a large numberof perceptrongo minimize
the effect of aliasing. We simulateglobal historiesfrom 4
to 60inputsin increment®of 4. We choosehresholddased
onthethresholdgivenby JiménezandLin [5].

As expected performancemproveswith increasinghis-
tory length. 90% of the speedupachiezed with a history
length of 60 canbe achieved with a history length of 40.
80%of speedupvith ahistorylengthof 60 canbeachieved
with a historylengthof greaterthan16.

Whenincreasinghistorylength,both predictorcoverage
(thefractionof correctlypredictededundaninstructiongo
actualnumberof redundaninstructions)andaccurayg are
affectedpositively. We nd that coverageincreasegrom
85.6%t0 87.8%with historylengthof 4 and32respectiely,
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Figure 3. Performance speedup for the average
of the benchmarks with varying lengths of global
histor y. The perceptron predictor used in each
data point consists of 8192 perceptr ons with 6-bit
weights.

but doesnotincreaseary furtherbeyonda historylengthof
32. Whenincreasinghistory from 4 bits to 16, accurag
increasedrom 94.2%to 97.7%. Whenthereare 60 bits of
globalhistory, the predictionaccurag increaseso 98.6%.

Not shawn in this work is the effect that history length
hason individual benchmarks.Somebenchmarkgreatly
bene tfrom anincreasedhistorylengthwhile othersdonot.
We nd thatmcf reachesearperfectpredictionwith only
12 global history inputs and doesnot improve in perfor
mancewith increasindnistory Themgrid benchmarlcon-
tinuesto improve in performancevenbeyondaglobal his-
tory of 60. Galgel performspoorly atlow historylengths
(30.4%and 15.1%slowvdown at 4 and8 bits respectiely),
but achieves speedugbeyond 16 bits (5.1%) and continues
improving up through60 bits (15.2%).

5.3.Hybrid Predictors

The designof the perceptronpredictor makes it well
suitedfor global patterndetectionwhereaghe rvp predic-
tor targetsexploiting local history In this section,we an-
alyzetheimpactof creatinghybrid predictorsusinganrvp
predictorcombinedwith a perception predictor as previ-
ouslydescribed.

We look at three differenttechniquesof combiningan
rvp with a perception predictorto form a hybrid predictor
The rst is atournamenstyle selectionmechanisnsimilar
to the mechanisndescribedby McFarling [7]. We usean
additionallK entryselectiontableof 2-bit saturatingcoun-
tersindexed by thelower 10 bits of the programcounter A
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Figure 4. Speedup for the various predictor s for the
average of the benchmarks. Results are shown for
the rvp, gshare , perceptron, tournament, cascade,
and tournament-cascade predictor s.

counterin the selectiontableis incrementedf the percep-
tron predictsa redundantegistervalueandis correct. The
counterin the selectiontableis decrementedf thervp pre-
dictor predictsa redundantalueandit is correct. If both
predictorsarecorrect,thecountervaluedoesnot changelf
thecountewaluefor aninstructionis 2 or 3, thenthepredic-
tion from the perceptroris used.If the countervalueis 0 or
1, thenthepredictionfrom thervp predictoris used.In this
hybrid con guration, half of the storagespaceis usedby
eachof the predictorsalthoughthe sizeof thervp predictor
is reducedby the sizeof thetournamenselectortable. We
referto this predictorcon gurationastour.

The otherhybridizationtechniguestudiedinvolves cas-
cading the rvp predictor with a percepton predictor
Michaud and Sezned8] studiedthis cascadingechnique
for perceptronsisedfor branchprediction. The prediction
bit from the rvp predictoris usedasadditionalinput to the
perceptron.Onelessbit from the global history registeris
usedto computethe perceptrorweightandthe rvp predic-
tion bit is usedinstead We referto this predictorcon gura-
tion ascasc

We also look at a hybrid predictorthat combinesthe
tournamentselectormechanismand the cascadedredic-
tion scheme.The samepredictionfrom the rvp is usedas
aninputto the perceptrorandalsoasa predictionitself. A
1K entry table of saturatingcountersis usedto selectbe-
tweenthe cascadegredictorandthervp predictor We will
referto this predictorcon gurationastour-casc

For comparisonwe also study a gshae register value
predictor which in con guration is similar to the gshare
branchpredictor[7]. For our experimentswe usea table
of 3-bit saturatingcounters.Theindex into thetableis the
resultof the XOR of thelower bits of theinstructionaddress
andthe global historyregister If theinstructionis veri ed
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Figure 5. Predictor coverage for the various pre-
dictor con gurations. Coverage is the ratio of
correctl y identied redundant instructions to the
number of actual redundant instructions. Data is
shown for 8KB predictor s.

to beredundantthenits counteris incrementedptherwise,
the countervalueis reset. If the countervalue exceedsa

thresholdthena predictionis made.The samethresholdis

usedfor the gshae predictorasfor rvp.

Figure 4 shaws the performanceresultsof the various
predictorsfor the averageof the benchmarksThe speedup
resultsare shawvn for rvp, gshae, perception, tour, casg
andtour-cascpredictorsin 4KB, 8KB, and16KB total pre-
dictorsizes.

At all storagesizes,gshae, perception, andthe hybrid
predictorsoutperformrvp. With a storagebudgetof 8KB,
percepton performsthe best,achiazing a higher speedup
thanary of thehybrids. Thesameis trueata 16KB storage
budget. At 4KB, the performancef perception is slightly
lower than that of gshae. We nd that the accurag of
gshake is slightly higher(97.6%for gshae versus97.5%).
Thebestperformingpredictorata4KB budget,is tour-casc
with aspeedumf 7.5%.

Upon analyzingthe behaiors of the variouspredictors,
we nd thatalthoughthe accurag of the hybrid predictors
is slightly betterthat a single componentvp or gshae, it
is in factthe coverageof the redundaninstructionswhich
separateshe predictors. Figure 5 shavs the coveragefor
the variouspredictorswith a size of 8KB. Upon compar
ing the coverageof rvp or gshae, we nd thatary predic-
tor with a perceptrorcomponentcorrectlyidenti es mary
moreredundantnstructions.Thisis dueto theability of the
perceptrono identify redundang thatspandongerhistory
lengths.

6. Future Work

In futurework, we intendto look atlimiting the scopeof
the predictionsmadeby the perceptrorpredictor Thatis,
we would like to limit the numberor typesof instructions
predicted. The currentpredictortargetsa numberof dif-
ferentinstructionwhich produceregistervalues.We would
like to look at targetingload instructionsonly or oating-
point instructionsonly. Somephase-basetdehaior may
alsoprovide someguidanceanto whichtypesof instructions
to tamgetat differenttimesin programexecution.

In additionto, or in placeof, the history of redundang
we considerin this paper we would alsolike to consider
a value predictor perceptronthat usesthe branchhistory.
Sinceprocessoralreadykeeptrackof branchhistory, using
this informationmay requirelesshardware thana percep-
tron basedon valueredundang. Branchhistory mayyield
otherinsightsthatallow further successt valueprediction
aswell.

7.Conclusions

Perceptronsrrea simplemodelof neuronbehaior. Re-
cently perceptronave beenproposedfor usein branch
predictorsandhave demonstratedoodperformanceln this
work, we studythe impactthata perceptron-basepredic-
tor hason registervalueprediction,a type of valuelocality
wherean instructionproduceghe samevaluethat already
exists in the instructiondestinationregister Whenanin-
structioncanbe correctly predictedto exhibit this locality,
the dependentsf thatinstructioncanbe issuedbeforethe
predictednstructionis doneexecuting.

We demonstratehat for a given size predictor a per
ceptronpredictorperformsbetterthana saturatingcounter
basedegistervaluepredictor Onthe averageof thebench-
marks studied, an 8KB perceptronpredictor achieves a
speedupof 8.1%, with speedup®f asmuchas45.2%on
onebenchmark.

We study using global history lengthsof up to 60 bits
and nd thatusinga history of 40 bits allows a perceptron
predictorto achiere 90% of the performanceof a predictor
with ahistoryof 60bits. We nd thatsomebenchmarksan
bene t from evenlongerhistories.

Finally, we studyhybrid predictorsvhichcombineaper
ceptronpredictorwith a saturatingcounterbasedpredictor
With a4KB hardwarebudget,aspeedupf 7.5%is achieed
usingthetournament-cascadwbrid.

8. Acknowledgments

We wouldlike to thankthe UC SanDiego ProcessoAr-
chitectureand Compilationlab andIntel for providing the



simulationervironmentfor thiswork. Wewouldalsoliketo
thankouranorymousreviewersfor theirvaluablefeedback.

References

(1]

(2]
(3]

(4]

(5]

(6]

(7]
(8]

El

[10]

[11]

S.BalakrishnarandG. S. Sohi. Exploiting valuelocality in
physicalregister®les. In 36th AnnuallnternationalSympo-
siumon Microarchitecture, 2003 Dec2003.

M. Burtscherand B. Zorn. Hybrid load-\alue predictors.
IEEE Transactionson Computey51(7),July 2002.

M. BurtscherandB. G. Zorn. Predictionoutcomehistory-
basedcon®denceestimatiorfor loadvalueprediction.Jour-
nal of Instruction-Level Parallelism 1, May 1999.

D. A. Jimdnez. Reconsideringomplex branchpredictors.
In the Ninth InternationalSymposiunon High Performance
ComputerArchitectue (HPCA-9) Feb2003.

D. A. JiménezandC. Lin. Dynamicbranchpredictionwith
perceptrons.In Seventhinternational Symposiunon High
PerformanceComputerArchitectue (HPCA-7) Jan2001.
D. A. Jimdnezand C. Lin. Neural methodsfor dynamic
branchprediction.ACM Transaction®n ComputelSystems
20(4),Nov 2002.

S. McFarling. Combiningbranchpredictors.TechnicalRe-
port TN-36, DEC-WRL, Junel993.

P. MichaudandA. Seznec.A comprehensk study of dy-
namic global history branchprediction. TechnicalReport
1406,IRISA, June2001.

F. Rosenblatt. The perceptron: A probabilisticmodel for
informationstorageand organizationin the brain. Psyto-
logical Review, 65(6):386—4081958.

D. Tullsen.Simulationandmodelingof asimultaneousnul-
tithreadingprocessar In 22nd Annual ComputerMeasue-
mentGroup Confeence Dec.1996.

D. TullsenandJ. Seng. Storagelessalue predictionusing
prior registervalues. In 26th Annuallnternational Sympo-
siumon ComputerArchitecture, pages270-279May 1999.



