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Abstract

The performanceof today's high-endmicroprocessors
continuesto grow. This increasein performanceis due
in part to theuseof speculative,out-of-order execution,
coupledwith highly accuratebranch prediction. How-
ever, evenwith branch predictionaccuraciesover90%,
manyinstructionsare executedunnecessarily from the
wrongpath. Thiswrong-pathexecutionresultsin cache
pollutionandunnecessary bustraffic.

Weusean extendedversionof theSimpleScalarsim-
ulation tool to modelan out-of-order, 4-wayissuepro-
cessor. First, we usevariousbranch confidencemech-
anismsto determineif a dataaccessis likely on a mis-
predictedpathor not. Next, wesort thedatacacheac-
cessesusingtheseconfidencemechanismsandcompare
the“inherentre-usability” of datathat is markedeither
“low confidence” (i.e. likely onthewrongpath)to those
marked“high confidence”(i.e. likely on the correct
path).Finally, with theassistanceof smallbuffersasso-
ciatedwith thefirst level datacache,we try to increase
thisre-usabilityfactorbypreventinglowconfidencedata
accessesfrombeingwritten into thedatacache. Wedis-
cusstheeffectivenessof this techniqueaswell asthebe-
haviorandreuseof speculativedata.

1 Intr oduction
Today's high-endmicroprocessorperformanceincrease
is dueto many factors;amongthemis theuseof specula-
tive, out-of-orderexecutionwith highly accuratebranch
prediction.Branchpredictionhasincreasedinstruction-
level parallelism(ILP) by allowing programsto specu-
latively executebeyond control boundaries,while out-
of-orderexecutionhasincreasedILP by allowing more
flexibility in instructionissueandexecution.Thecombi-
nationof thesetechniqueshasincreasedprocessorper-
formancein partby hiding thememorylatency penalty
in thecaseof acachemiss.Althoughspeculativeexecu-
tion is essentialfor increasingtheinstructionspercycle
(IPC),a largeamountof unnecessarywork resultsfrom
“wrong-path”operationsin thepipeline[5]. Wrongpath
operationsoccurwhenthebranchpredictormispredicts
abranch.In particular, ameasurablenumberof unneces-
sarymemoryaccessesresultfromwrong-pathexecution.

Unnecessary accessesto the memorysubsystemcan

createproblemsin termsof performance.First, theac-
cessis utilizing resources(namelythememoryportsand
buses)whichcouldhavebeenusedby other(useful)ac-
cesses.Second,assuminga multi-level memoryhierar-
chy, wrong-pathmemoryaccessesmay displaceuseful
datafrom thecaches.In otherwords,thecachemaybe-
comepollutedwith potentiallyuselessdata.

In this paper, we analyzethe effects of wrong-path
executionon cacheperformance.Specifically, we will
reporton the percentageof accessesto the datacache
that arespeculative down a wrong pathanddetermine
how muchof a factor“wrong” or “right” pathexecution
maymakeon there-usabilityof data.This work differs
from previouswork on wrong-patheffectson cachesin
two ways. First, our work is basedon wrong pathef-
fectson thedatainsteadof theinstructioncache,aswas
donein previous work by Pierceand Mudge [12]. In
their work, theauthorsshowedthatwrongpathinstruc-
tion prefetchingmay have beneficialeffect in termsof
processorperformance.While this may be true for in-
structions,ourexperimentshavefoundthatit is lesstrue
for thedata.Theseconddifferenceis how we dealwith
thesefindings.

We make the claim that wrong path data is more
likely to pollute the cachewith non-reusabledatathan
correctpath data. Basedon this claim, we presenta
methodto alleviate someof the cachepollution prob-
lemscreatedby wrong-pathoperations.We introducea
16-entry, fully associativestructureusedto storewrong
pathdataaccesses. Sincein a real CPU it is not pos-
sible to determineif instructionsareon thewrongpath
until the branchis resolved, we introducea confidence
mechanismto estimateif memoryaccessesarelikely on
the mispredictedpath [1, 4, 5]. When the machineis
estimatedto be executingwrong-pathinstructions,the
memorysubsystemplacesall fills from thesecondlevel
cacheinto thisstructure(calledtheconfidencebuffer) in-
steadof the first level maincache.During correctpath
operations,fills arenormally storedin the main cache.
Thisconfidencebuffer is accessedin parallelalongwith
thefirst level cacheto determineahit or miss.

Therestof thispaperis organizedasfollows. In Sec-
tion 2 we describethe hardwarearchitecturewe used,
aswell astheexperimentalenvironmentandthemech-
anismsusedto determineif an accessis likely down a
wrong path. In Section3 we presentdetailedexperi-



mentalresultsandin Section4 weconcludeandindicate
possiblefuturework.

2 Experimental Setup

This sectiondescribesthehardwaremechanismandex-
perimentalenvironmentweusein thispaper. Wereferto
theconfidenceestimationdescribedin [1, 4, 5] to deter-
minewhenthepipelineis in a low-confidencestate(i.e.
likely mispredicted)and,accordingto this estimate,we
makeuseof confidencebuffers. Finally, we presentthe
extendedversionof theSimpleScalartool set[2, 3] and
theconfigurationweusefor oursimulation.

2.1 ConfidenceEstimation

Currentbranchpredictiontechnologycanachieveapre-
diction accuracy of between65% andover 90%[7, 8].
This results in a large overheadof unnecessary in-
structionsand unnecessarymemoryaccesses.Branch
confidenceestimationattemptsto classifyeachbranch
predictionas having “high confidence”or “low confi-
dence”[6, 4]. A “high confidence”classificationmeans
that the branchwas likely predictedcorrectly, and a
“low confidence”classificationmeansthat the branch
waslikely mispredicted.Notethattheconfidenceclassi-
ficationof highandlow confidenceis independentof the
branchpredictionof branchtakenor branchnot taken.

2.1.1 “Both Strong” ConfidenceEstimator

A detailedanalysisof confidenceestimationmetricsand
methodsis presentedin [4]. We usedthe resultsfrom
this work to determinethebestconfidenceclassification
methodfor usingbuffers in a cachearchitecture.Since
weneededto capturealargeamountof themispredicted
branches,we decidedto usethe “Both Strong”method
in conjunctionwith thecombinedbranchpredictorpro-
posedby McFarling [7]. Variationsof the combined
branchpredictorareusedin thePentiumPro[9] andthe
new Alpha 21264chip [10]. The McFarling combined
branchpredictor usestwo different branchpredictors
anda predictor-predictorto determinewhich methodto
usefor thecurrentbranch.Eachbranchpredictorhasa
tableof countersto indicatethepredictionbasedon the
behavior of the last � branches.The statemachinefor
thebranchpredictioncountersis givenin Figure1. The
countersare2 bits each,andthevalueof thecounterfor
eachstateis given in parentheses.The “Both Strong”
confidenceestimatordeterminesthe confidenceof the
branchbasedon thestateof thecounters.If bothcoun-
tersarein astrongstate,andin thesamestrongstate,the
estimatorlabelsthisbranchasahighconfidencebranch.
Table1 shows the truth tablefor estimatingconfidence
basedon thevalueof thebranchpredictioncounters.
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Figure 1: Statemachinefor 2-bit branchprediction
counters. The McFarling combinedbranchpredictor
usestwo branchpredictors,eachusing a set of 2-bit
counters.

2.1.2 “Either Strong” ConfidenceEstimator

A variationof the “Both Strong” estimator, called“Ei-
ther Strong”, is alsopresentedin Table1; in this case
we mark a branchashigh confidence, if eitherone of
thecountersis in thestrongstate,low confidenceother-
wise.Now morebrancheswill weclassifiedashighcon-
fidence,andtherewill bea higherprobability thatwhat
wemarklow confidenceis reallyonthewrongpath.On
theotherhand,we maybemislabelinga larger number
of wrongpathinstructionsas“high confidence”.

Table 1: State table for “Both Strong” and “Ei-
ther Strong”confidenceestimatorsbasedon McFarling
countervalues.

Counter1 Counter2 BothStrong

Weak Weak LowConf
Weak Strong LowConf
Strong Weak LowConf
Strong Strong If samestate,HighConf

ElseLowConf

Counter1 Counter2 EitherStrong

Weak Weak LowConf
Weak Strong HighConf
Strong Weak HighConf
Strong Strong HighConf

2.1.3 SecondaryFilter Mechanism

Unfortunately, the level of accuracy is small for the
“Both Strong” predictor, i.e., only about 21% of



brancheslabeledlow confidencearetruly mispredicted.
To compensatefor this lack of accuracy, we added
the secondaryfilter mechanismdescribedin [5]. The
secondaryfilter mechanismestimatesthe stateof the
pipelinebasedon the numberof unresolved, low con-
fidencebranchesin thepipelineatonetime. If thereare�

low confidencebranchesin thepipelineat onetime,
andeachlow confidencebranchhasa 20% probability
of beingmispredicted,thenthe probability that at least
oneof the

�
brancheshasbeenmispredictedbecomes�	��
�����
�� ��
����

. Hence,when
�����

, theprobabil-
ity of a mispredictedbranchsomewherein thepipeline
becomes59%. The confidencethreshold� represents
the minimum numberof low confidencebranchesnec-
essarybeforea cacheaccessis labeledlow confidence.
If
��� � , thenwe mark theaccessaslow confidence,

otherwisehigh confidence. A uniquecounteris usedto
keeptrackof thenumberof low confidencebranches.

Wesaw thatthe“Either strong”methoddoesnotneed
a secondaryfilter, since it marks low confidenceonly
thosebranchesthathaveahighprobabilityof beingmis-
predicted.Notethatfor thedatacache,storeoperations
arenevermarkedaslow confidence,sincethey arecom-
mitted(i.e. written in thecache)only whenwe aresure
weareexecutingon thecorrectpath.

2.2 Simulator Envir onment

All the simulationswere completedusing an exten-
sion of the SimpleScalartool suite [2, 3]. Sim-
pleScalaris an execution-driven simulatorthat usesbi-
nariescompiled to a MIPS-like target. SimpleScalar
canaccuratelymodela high-performance,dynamically-
scheduled,multi-issueprocessor. We usean extended
version of the simulator that more accuratelymodels
all the memoryhierarchy, implementingnon-blocking
cachesand complete bus bandwidth and contention
modeling[3]. Othermodificationswereaddedto han-
dleprecisemodelingof cachefills.

Tables2, 3, and4 show theconfigurationof thepro-
cessormodeled.Notethatfirst level cachesareon-chip,
while theunifiedsecondlevel cacheis off-chip. In addi-
tion wehaveaconfidencebuffer associatedwith thefirst
level datacache;thesebuffers are16-entryfully asso-
ciative, with LRU replacement.Note that we chosean
8K first level cacheconfigurationin orderto obtainrea-
sonablehit/missratefrom ourbenchmarks[11]; thesize
of the confidencebuffer hasbeenchosenas a tradeoff
betweenimproved performanceand timing/area/power
issues.

Oursimulationswereexecutedon SPECint95bench-
marks;they werecompiledusingare-targetedversionof
theGNU gcccompiler, with full optimization.Sincewe
areexecutinga full modelon a very detailedsimulator,
thebenchmarkstakeseveralhoursto complete.There-
fore,dueto timeconstraints,we feedthesimulatorwith
a smallsetof inputs;however, we executeall programs
entirely.

Table2: Machineconfigurationparameters.

Parameter Configuration
L1 Icache 8KB direct;32B line; 1 cyclelat.
L1 Dcache 8KB direct;32B line; 1 cyclelat.
L2 UnifiedCache 256KB 4-way;64Bline; 12cycles
Memory 64 bit-wide;20 cycleson pagehit,

40 cyclesonpagemiss
BranchPred. 2k gshare+ 2k bimodal+ 2k meta
BTB 1024entry4-waysetassoc.
ReturnAddr. Stack 32 entryqueue
ITLB 32 entryfully assoc.
DTLB 64 entryfully assoc.

Table3: Processorresources.

Parameter Units
Fetch/Issue/CommitWidth 4
IntegerALU 3
IntegerMult/Div 1
FPALU 2
FPMult/Div/Sqrt 1
DL1 ReadPorts 2
DL1 Write Ports 1
InstructionWindow Entries 64
Load/StoreQueueEntries 16
FetchQueue 16
Minimum MispredictionLatency 6

Table4: Latency andoccupancy of eachresource.

Resource Latency Occupancy
IntegerALU 1 1
IntegerMult 3 1
IntegerDiv 20 19
FPALU 2 1
FPMult 4 1
FPDiv 12 12
FPSqrt 24 24
MemoryPorts 1 1

3 Experimental Results

3.1 BaseCase

In thissectionwewill describethebasecaseweused.As
statedbefore,it uses8K directmappedfirst level caches
(i.e. DL1 for dataandIL1 for instruction),with an off-
chipunified256K 4-waysecondlevel cache(UL2). Ta-
ble 5 shows theexecutiontime measuredin cyclesand,
for eachmemorylevel (DL1, IL1, UL2, andMain Mem-
ory (MM)), thenumberof accessesandmisses;all these
valuesaregiven in thousands.For clarity we alsogive
themissrate(m-rate). Noticethatonaverageaccessesto
thedatacachemiss7.7%of thetime(andatmost13.1%
for go).



Table5: Basecaseresults.Accesses,missesandmiss-ratearegivenfor eachmemorylevel. Valuesarein thousands
exceptfor m-rate.

DL1 IL1 UL2 MM
Name Cycles acc. misses m-rate acc. misses m-rate acc. misses m-rate acc.

compress 70 538 27 734 2 338 8.4% 130560 10 0.01% 3 132 284 9.08% 492
go 826111 169851 22351 13.1% 954702 36175 3.79% 60 056 280 0.47% 290
vortex 250942 93 470 7 557 8.9% 214249 9 070 4.23% 15 336 355 2.32% 522
gcc 392296 103490 7 529 7.8% 361405 17616 4.87% 22 966 376 1.64% 427
li 134701 74 453 5 574 7.9% 288335 1 117 0.39% 5 856 4 0.08% 5
ijpeg 139376 73 354 3 778 5.5% 307159 818 0.27% 3 876 96 2.48% 144
m88ksim 659451 130319 3 289 2.2% 479488 32764 6.83% 34 953 12 0.04% 19
perl 372034 90 363 7 971 8.1% 305208 17486 5.73% 24 531 142 0.73% 174

Table6: Inherent Re-usability in data cache.

Oracle Both Strong ���! 
Test Inh. reuse hit / fill behavior Inh. reuse hit / fill behavior

Lconf Hconf LC acc. LC fill Hit LC fill Lconf Hconf LC acc. LC fill Hit LC fill

compress 38.0% 60.4% 2.83% 13.89% 2.18% 40.0% 61.2% 7.85% 18.92% 6.36%
go 53.7% 66.7% 8.54% 18.41% 7.54% 57.1% 68.4% 23.39% 37.27% 19.28%
vortex 39.0% 52.9% 0.07% 0.21% 0.12% 44.0% 53.2% 2.07% 4.99% 1.42%
gcc 50.4% 74.1% 3.77% 10.57% 2.36% 61.3% 74.9% 10.48% 22.53% 8.09%
li 56.9% 88.1% 2.81% 3.52% 1.34% 85.9% 86.9% 4.27% 10.54% 3.34%
ijpeg 66.0% 81.9% 0.83% 4.24% 2.13% 70.1% 82.7% 5.43% 13.80% 6.45%
m88ksim 90.4% 65.8% 0.60% 2.29% 0.90% 37.1% 68.9% 1.67% 7.15% 1.46%
perl 46.6% 74.3% 2.32% 7.03% 1.21% 49.7% 76.3% 7.01% 16.41% 4.58%

3.2 Inherent Re-Usability

Ourwork startedwith theassumptionthatline fills com-
ing from wrongpathmisseshaveasmaller“inherentre-
usability” (i.e. have a lower probability of being fur-
theraccessed), thusthey aremorelikely to contributeto
cachepollution. Thatis, they areintroducedto thecache
without being usedand replaceother blocks that are
morelikely to beuseful.Table6 showsthis re-usability
factor for the data cacheusing two different sorting
schemes.The out-of-ordermodel in the SimpleScalar
tool sethasthecapabilityof determiningwhich instruc-
tions are from the wrong path at the time of decode.
We call this the Oracle, sinceit implementsa perfect
confidencepredictor(i.e. marksall truewrongpathac-
cessesaslow confidence). We alsopresentresultsusing
theconfidencescheme,usingBoth Stronganda thresh-
old � �#" , sinceit gives,overall, bestresults. We do
notpresentresultsusingthe“Either Strong”mechanism
for spaceconstraints,but resultswereanalogousto the
“Both Strong”case.We alsolimit our analysisto data
cachebehavior for thesamereason.

Resultsin Table 6 show two different characteris-
tics of datareuse. The first one,called inherent reuse
(columns2–3and7–8),keepstrackof thepercentageof
low andhigh confidencefills that wereaccessedagain
at leastonce. If blocks arenot re-accessed,we waste
cacheentries,sincewereplacepotentiallyusefulblocks
with otheronesthatwill notbeaccessedagain.Weana-

lyzedthisbehavior for blockfills markedlow confidence
andhighconfidence. In theOracle sectionweshow that
line fills dueto wrongpathaccesseshavea lower inher-
ent re-usabilitythanthe onesdueto correctpath(e.g.,
for compress38%vs. 60.4%respectively). Theaverage
re-usabilityfor low confidenceis 55%,while high con-
fidenceis 68%(seecolumns2 and3 of Table6). This
trendalsoextendsto theBoth Strongsection,wherewe
try to estimatethe wrong/correctpathusing the confi-
denceschemepreviously introduced. The re-usability
of low confidencefills generallyincreases(comparedto
theOracle).Thiscanbeexpected,sinceweareonly do-
inganestimate;thussomecorrectpathmemoryaccesses
mayendup beingtreatedasif they wereon thewrong
pathandvice-versa.

In thepreviousparagraphwe showedthebehavior of
blocksthat areaccessedmorethanonce,but we didn't
differentiatewhethertheblock wasaccessesagainonly
onceor severaltimes.This“amountof reuse”is thesec-
ondcharacteristicweanalyze,andwecall it hit / fill be-
havior (columns4–6 and 9–11). Column LC acc. is
thepercentageof memoryaccessesmarkedaslow con-
fidence; LC fill is thepercentageof low confidenceac-
cessesthat missed,thusgeneratinga cachefill; andHit
LC fill is thepercentageof all hits thatarecomingfrom
the low confidencefills we just mentioned.For exam-
ple if we considercompressin theOracle case,we see
that only 2.83%of all memoryaccessesare from the



Table7: Data cacheresults- Oracle. Percentimprovementover thebasecasefor whenusingtheconfidencebuffer
with anoracle.

confidencebuffer & re-usabilityinformation
Percentagedecreasecomparedto thebasecase Inh. reuse hit / fill behavior

Test $ Cyc $ DL1%'&(&�) $ DL1*,+.-�- $ UL2%'&(&�) Lconf Hconf LC acc. LC fill Hit LC fill %spared

compress 1.04% -0.07% 7.38% 6.62% 36.03% 60.59% 2.76% 10.91% 14.51% 4.30%
go 2.85% 1.11% 24.50% 10.77% 55.17% 68.72% 7.56% 19.20% 10.11% 13.29%
vortex 0.68% 0.11% 6.77% 3.76% 72.44% 51.74% 0.08% 0.30% 25.11% 2.17%
gcc 1.04% 0.16% 15.59% 5.15% 55.38% 74.27% 3.51% 10.25% 9.60% 6.24%
li 1.67% 0.08% 6.95% 6.64% 68.38% 88.76% 2.76% 5.63% 6.24% 2.79%
ijpeg 2.62% 0.47% 13.94% 13.95% 48.45% 81.99% 0.44% 1.95% 11.13% 5.37%
m88ksim 0.23% 0.09% 22.22% 2.29% 62.93% 61.76% 0.52% 2.24% 17.37% 8.04%
perl 0.27% -0.05% 8.58% 3.07% 55.08% 74.55% 2.30% 7.77% 5.06% 3.82%

wrongpath,but they areresponsiblefor 13.89%of the
overall numberof misses.This meansthat wrongpath
accessesaremore likely to miss. Furthermore,even if
theseblocks accountfor 13.89%of the fills, they ac-
count only for 2.18%of the overall hits, showing that
they presenta smallerreusethancorrectpathfills. This
behavior for the Oracleis also observed for the Both
Strong caseshow in columns7–11.

3.3 ConfidenceBuffers

As shown in Section3.2, we found that low confidence
missesfill thecachewith lessusefuldata,thuspolluting
thecache.Wetriedto avoid thisnegativeeffectby intro-
ducinga confidencebuffer; we put low confidencefills
in this buffer and therebyavoid replacingmoreuseful
blocksin themaincache.

Table7 showstheeffectsof theconfidencebuffer us-
ing theOracle case.Columns2–5of theTableshow a
comparisonwith thebasecasein termsof performance
andcachebehavior. Numbersgiven arepercentagede-
creasescomparedto the basecase;thuspositive num-
berswill meana reduction,while negative numbersan
increase.Notethatvaluesfor DL1 accessesandmisses
now refer to the combinedeffect of the primary data
cacheandconfidencebuffer (e.g. we have a missif and
only if theaccessmissesin boththeDL1 andtheconfi-
dencebuffer.)

The reductionin datacachemisses( / DL1 *,+.-�- ) is
significant(13.2%on averageandup to 24.5%for go).
However this does not directly translateinto perfor-
mancegain; for examplem88ksimhasa 22.22%reduc-
tion in the numberof misses,but only a 0.23%perfor-
manceimprovement.In this particularcasewe canpar-
tially explain this behavior consideringthe very small
missrate in the basecase:2.2%for m88ksim(seeTa-
ble 5). However, we alsoseeprogramssuchasgo, that
have a 13.1%miss rate in the datacachefor the base
caseanda reductionof 24.5%in missrate,but againof
only 2.85%in performance.We suspectthat themisses
we avoided werepredominantlyon the wrong path; if
thiswastrue,we reducedthelatency of instructionsthat

eventuallywerediscarded(assoonasthe mispredicted
brancheswereresolved).Thisonly partiallyexplainsthe
disparity betweenthe miss reductionand performance
improvement;wewill furtherdiscusswhymissratedoes
not translateto performancegainlaterin this paper.

Columns6–10of Table7 have thesamemeaningof
thosepreviously explainedin Table6. However, now
thatwehaveabuffer to storelow confidencedata,read-
ing themrequiresmoreattention.Someprograms,such
as go, show an increasein re-usabilityfor high confi-
denceblocksthatarenow containedin theprimarydata
cache(Inh. reuse- HConf68.72%vs. 66.7%shown in
Table6). However, this increaseis quitesmallanddoes
not seemto fully explain, for example,the 24.50%re-
duction in misseswe have in go. To betterunderstand
what happensconsiderfirst the columnlabeledHit LC
fill for go. We seethat thenumberof hits comingfrom
the low confidencedatais 10.11%comparedto 7.54%
for thebasecase,showingabetteruseof thisdatathanks
to positioningit in theconfidencebuffer. Now consider
thecolumnlabeled%spared; this columngivestheper-
centageof hits thatwouldhavemissedif wedidn't have
theconfidencebuffer. Thatis,wekeeptrackof thenum-
berof entriesin themaincachethathave been“spared”
from replacementdueto theuseof theconfidencebuffer
andarelateraccessedagain.Lookingat thiscolumn,we
seethat13.29%of hits would not havehappenedin the
maincacheif wedidn't movesomefills to thebuffer. In
summary, weseethatwe improve ourcachebehavior in
a doublemanner. First, we makebetteruseof themain
cacheby removing somelow confidencefills andthus
sparingreplacementsandmisses.Second,we also in-
creasethenumberof hitsfrom low confidencefills, since
they arenow storedin aseparatebuffer. Notethatevenif
theseblockswerefilled by wrongpathinstructions,this
doesnot meanthey won't be accessedby correctpath
instructionsin thefuture.

Anotherpoint is that we cannotsimply comparethe
basecasevaluesshown in Table6 with the caseusing
a buffer. First, we aremoving part of the fills to a 16-
entry fully associative buffer, which hasa a distinctbe-
havior from a 256-entrydirect mappedcache.In addi-



Table8: Data cacheresults- Both Strong,with Thr eshold= 3. Percentimprovementover thebasecasewhenusing
aconfidencebuffer andthe“Both Strong”sortingmechanism.

confidencebuffer & re-usabilityinformation
Percentagedecreasecomparedto thebasecase Inh. reuse hit / fill behavior

Test $ Cyc $ DL1%'&(&�) $ DL1*,+.-�- $ UL2%'&(&�) Lconf Hconf LC acc. LC fill Hit LC fill %spared

compress 1.90% -0.04% 11.57% 11.54% 26.61% 61.09% 7.53% 7.82% 63.00% 7.83%
go 3.41% 1.38% 29.20% 13.05% 55.20% 74.54% 21.19% 34.23% 12.58% 19.37%
vortex 2.39% -0.07% 25.26% 11.14% 65.32% 55.59% 1.94% 3.66% 21.69% 8.07%
gcc 1.51% 0.21% 21.79% 7.27% 60.79% 76.12% 9.88% 21.06% 9.72% 11.03%
li 2.44% 0.12% 11.14% 10.50% 90.92% 87.83% 4.11% 6.34% 14.05% 4.45%
ijpeg 3.33% 0.52% 20.55% 19.55% 69.27% 82.20% 4.82% 12.03% 10.93% 6.89%
m88ksim 0.29% 0.14% 32.71% 3.17% 33.99% 69.00% 1.62% 4.03% 8.57% 15.17%
perl 0.66% 0.09% 12.56% 4.47% 46.64% 76.38% 6.73% 14.14% 7.89% 6.59 %

tion, thecombinedeffectsof thesetwo cachesmaylead
to a completelydifferentbehavior. For examplevortex
hasa negligible numberof accessesmarkedlow con-
fidence(0.08%),that contribute to 0.3%of cachefills;
neverthelessthesefills accountfor 25.11%of theoverall
numberof hits. Sincethebuffer is fully associativeand
usesLRU replacement,it offers extra associativity for
storingsomeextremelyuseful(i.e. frequentlyaccessed)
data.

Thisbehavior is alsoevidentin Table8, whichshows
resultsusing the “Both Strong” confidencepredictor.
Herecompresshas63%of itshitscomingfromtheconfi-
dencebuffer, implying thatthereareafew blocksof data
that happenedto be placedin thebuffer andfrequently
accessed.In thiscasethegainweobtainin termsof miss
reductionis no longerrelatedto thespeculationmecha-
nism,but insteaddueto theextraassociativity offeredby
thebuffer. Wecansaythatin thesecases,theconfidence
buffer actsin asimilarmannerasavictim cache[13].

Anotherfact thatsupportsthis victim cachebehavior
is that in the caseof “Both Strong” we mark a larger
numberof instructionsaslow confidence,comparedto
theOracle(seecolumnLC acc.). By doingso,we intro-
ducein thebuffer somefills thatwe estimatebeinglow
confidence,but thatactuallyareon thecorrectpath.De-
spite this lack of precision,we seethat missreduction
(andperformance)is betterthan the Oracle. Sincewe
generallyhaveaverysmallnumberof memoryaccesses
thatarefrom thewrongpath(anaverageof 2.5%),in the
Oraclecasewe don't fully exploit thebuffer capacityto
storedata,soby addingsomeextrafills, wecanincrease
the“associativity” of themaincacheandobtainafurther
improvement.

The gain in performance,like in the Oraclecase,is
somewhatdisappointing(up to 3.41%and2% on aver-
age),but comeswith a goodimprovementin missrate
(up to 32%and20.6%on average).Otherthanthe rea-
sonspreviously explained,we tried to further explain
this fact by running a set of benchmarkwith an infi-
nite datacache(i.e. after thecold starteffect, it always
hits). Programslike go and vortex showeda 17% im-
provementin performance,while otherslike perl and

gcchadonly a 12%increaseandm88ksimwasassmall
as2.5%.ThismayindicatethatSPECint95benchmarks
have a small sensitivity to data cachelatency, thanks
to the out-of-orderexecutionthat, matchedto particu-
lar codebehavior, partially hidesthemisslatency. It is
unclearwhetherotherprograms(especiallycommercial
workloads)wouldpresentthesamebehavior.

4 Conclusionsand Futur eWork

In this paperwe analyzedthe re-usabilitybehavior of
low confidence(i.e likely on wrong path)data,versus
high confidence,(i.e. likely on correctpath)data. We
alsopresentedasimplemechanismto assignconfidence
to memoryaccessesandtheuseof confidencebuffers to
reducecachepollution and consequentlyimprove per-
formance.For all theexamplesweran,performanceim-
proved on average2% (and up to 3.41%). While the
performancegainis somewhatdisappointing,it mayin-
dicatetwo things. First, althoughlow confidencedata
has a lower rate of re-usability, the differenceis not
enoughto makea significantimpact in performanceif
usedas a sorting mechanism.Secondly, note that for
the SPECint95benchmarksat mostonly 7.56%of ac-
cessesareactuallyfrom wrongpathinstructionsandthe
averageis muchlower (2.5%).Evenwith a perfectpre-
dictor, we will be sortingout only a very small number
of accessesandseveral of thesemay endup beingac-
cessedagainanyway. It wouldbeinterestingto seehow
confidencesortingmay improve performancefor other
applicationswhichmayexhibit pathologicalwrongpath
behavior.

Sincewe observed that, in somecircumstances,the
confidencebuffers also presenta victim cache behav-
ior [13], wearecurrentlyinvestigatingthepossibilityof
combiningthesetwo techniques.First resultsshow that
it is possibleto improveperformancefurtherby combin-
ing boththeseschemes.
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