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ABSTRACT
Feedback-directedoptimizationhasdevelopedinto anincreasingly
importanttool in designingoptimizingcompilers.Baseduponpro-
�ling, memorydistanceanalysishasshown muchpromisein pre-
dicting datalocality andmemorydependences,andhasseenuse
in locality basedoptimizationsand memorydisambiguation. In
this paper, we apply a form of memorydistance,calledstore dis-
tance, to the problemof memorydisambiguationin out-of-order
issueprocessors.Storedistanceis de�ned asthe numberof store
referencesbetweenaloadandthepreviousstoreaccessingthesame
memorylocation.By generatinga representative storedistancefor
eachload instruction,we canapplya compiler/micro-architecture
cooperativeschemeto directrun-timeloadspeculation.Usingstore
distance,the processorcan, in most cases,accuratelydetermine
on which speci�c storeinstructiona loaddependsaccordingto its
storedistanceannotation.Ourexperimentsshow thattheproposed
storedistancemethodperformsmuchbetterthanthepreviousdis-
tancebasedmemorydisambiguationscheme,andyields a perfor-
manceverycloseto perfectmemorydisambiguation.Thestoredis-
tancebasedschemealsooutperformsthe store set techniquewith
a relatively small predictorspaceandachievesperformancecom-
parableto that of a 16K-entry store set implementationfor both
�oating pointandintegerprograms.

Categoriesand SubjectDescriptors
C.1.1 [ProcessorAr chitectures]: Single Data StreamArchitec-
tures;D.3.4 [Programming Languages]: Processors—codegen-
eration

GeneralTerms
Languages,Performance
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memorydisambiguation,storedistance
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1. INTRODUCTION
Modernsuperscalarprocessorsallow instructionsto executeout

of programorderto exploit moreinstructionlevel parallelism(ILP).
Becauseload instructionsusuallyappearon theprogram's critical
executionpaths,processorsmust scheduleloadsasearly aspos-
sible. However, to ensurethe correctnessof programexecution,
a loadshouldnot bescheduledaheadof any precedingstoresthat
accessthesamememorylocationastheload.Memorydisambigua-
tion detectsthesememorydependencesin orderto avoid memory
orderviolationswhile speculatingloadinstructions.

Previouswork hasemployednumerousstatic-analysisandhard-
ware techniquesto disambiguatememoryreferencesto improve
performance[5, 10, 11, 15, 16, 17]. While many hardwaretech-
niquesachieve good performance,most require a large on-chip
memoryto recordmemorydependences.In contrast,staticdepen-
denceanalysisdoesnot requirethelargeon-chipmemory, but can
only effectively identify load/storedependencesfor regular array
referencesin loopnests.In thispaper, weexploreacompiler/micro-
architecturecooperative solution to the memory disambiguation
problemfor superscalarprocessors.We give a feedback-directed
mechanismbaseduponmemorydistanceanalysisto assistthepro-
cessorin determiningthe exact memorydependencesat runtime.
Theproposedschemedoesnotrequirea largeon-chipmemoryand
is not limited to array-basedcodes.

Memorydistanceis de�ned asa dynamicquanti�able distance
in termsof memoryreferencesbetweentwo accessesto the same
memorylocation.Fangetal. [9] de�ne memorydistanceto include
reusedistance, accessdistanceandvaluedistance. Thereusedis-
tanceof a memoryreferenceis de�ned asthe numberof distinct
memory locationsaccessedbetweentwo referencesto the same
memory location. Both whole-program[7, 28] and instruction-
based[8, 9, 13] reusedistanceshave beenpredictedaccurately
acrossall programinputsusinga few pro�ling runs. Reusedis-
tanceanalysishasshown muchpromisein locality-basedoptimiza-
tions.Accessdistanceis thenumberof memoryreferencesbetween
a load andits dependentstore,while valuedistanceis the access
distancewith theconsiderationthata loaddependsonly onthe�rst
storein a sequenceof storeswriting to the sameaddresswith the
samevalue. Fang et al. [9] proposea feedback-directedmecha-
nism baseduponaccessdistanceandvaluedistanceto determine
whetheror not to speculatea load.

In this paper, we applya form of memorydistance,calledstore
distance[26], to the problemof memorydisambiguationin out-
of-orderissuesuperscalarprocessors.Storedistanceis de�ned as
the numberof storeinstructionsbetweena load andthe previous



storeaccessingthe samememorylocation. Throughpro�ling the
programwith one small input, we analyzethe instruction-based
storedistancedistribution andgeneratea representative storedis-
tancefor eachstaticloadinstruction.Then,a costeffective micro-
architecturemechanismis developedfor theprocessorto determine
accuratelyon which speci�c storeinstructiona load dependsac-
cordingto its storedistanceannotation.

Theproposedstoredistancebasedmechanismshows very good
resultsacrossa set of SPECCPU2000benchmarks.Our exper-
imentalevaluationsindicatethat the storedistancebasedmethod
performsmuchbetterthanthepreviousaccessdistancebasedmem-
ory disambiguationscheme[9], andyieldsperformancevery close
to perfectmemorydisambiguation,whichusesexactknowledgeof
memorydependencesfor eachdynamicload instance.The store
distancebasedschemealso outperformsthe store set technique
with a relatively small predictorspaceandachievesperformance
comparableto thatof a 16K-entrystore setimplementation[5] for
both �oating point andintegerprograms.In bothcases,storedis-
tancerequiresa negligible amountof chip space(16 bytesin our
implementation)comparedto the several thousandbytesof chip
spaceusedby storeset.

We begin the rest of this paperwith a review of relatedwork
andbackgroundin the�eld of memorydistanceanalysisandmem-
ory disambiguation.Next, wedescribeouranalysistechniquesand
algorithmsfor measuringandanalyzingstoredistance.Then,we
presentthemicro-architecturalconsiderationsof our work andour
experimentalevaluation of store distancebasedmemory disam-
biguation.Finally, we presentour conclusionsandproposefuture
work.

2. RELATED WORK AND BACKGROUND
In this section,we �rst introducerelevant researchin memory

distanceanalysisanddynamicmemorydisambiguation.Then,we
explain in detail two existing memorydisambiguationapproaches
to whichwewill compareourproposedscheme.

2.1 Memory DistanceAnalysis
Giventhehighcostof memoryoperationsin modernprocessors,

compileranalysisandoptimizationof thememoryperformanceof
programshasbecomeessentialin obtaininghigh performance.To
addressthe limits of staticanalysis,muchwork hasbeendonein
developingfeedback-directedschemesto analyzethememorybe-
havior of programsusingvariousformsof memorydistance.Matt-
son et al. [14] introducereusedistance(or LRU stackdistance)
for stackprocessingalgorithmsfor virtual memorymanagement.
Othershave developedef�cient reusedistanceanalysistoolsto es-
timate cachemisses[1, 4, 24, 27] and to evaluatethe effect of
programtransformations[1, 2, 6]. Ding et al. [7, 21, 28] have
developeda set of tools to predict reusedistanceacrossall pro-
graminputsaccurately, makingreusedistanceanalysisapromising
approachfor locality basedprogramanalysisand optimizations.
They apply reusedistancepredictionto estimatewhole program
miss rates[28], to performdatatransformations[29] and to pre-
dict the locality phasesof a program[21]. Beyls andD'Hollander
collectreusedistancedistribution for memoryinstructionsthrough
one pro�ling run to generatecachereplacementhints for an Ita-
nium processor[3]. Marin andMellor-Crummey [13] incorporate
instruction-basedreusedistanceanalysisin theirperformancemod-
elsto calculatecachemisses.Fangetal. [8, 9] introducethenotion
of memorydistanceto encompassreusedistance,accessdistance
and value distance. They proposea generalanalysisframework
to predict instruction-basedmemorydistance,andapply memory
distanceanalysisto optimizationsthatrequirememoryor datade-
pendenceinformation.

2.2 Memory Disambiguation
In order to get high performance,load instructionsmustbe is-

suedasearlyaspossiblewithoutcausingmemoryorderviolations.
Oneway to accomplishthis task is to usea memorydependence
predictorto guide instructionscheduling. By cachingthe previ-
ouslyobservedload/storedependences,adynamicmemorydepen-
dencepredictorguidesthe instructionschedulerso that load in-
structionscan be initiated early, even in the presenceof a large
numberof unissuedstoreinstructionsin the instructionwindow.
Work in this areahasproducedincreasinglybetterresults[11, 16,
15, 5]. The problemof memorydisambiguationandcommunica-
tion throughmemoryhasbeenstudiedextensively by Moshovos
and Sohi [15]. The dynamicmemory disambiguatorsproposed
mainly useassociative structuresaiming to identify the load/store
pairsinvolvedin thecommunicationprecisely. Reinmanetal. [20]
proposeusingpro�le analysisto markdependencesbetweenstores
andloadsvia tagsin storeandload instructionsto identify oppor-
tunitiesto communicatevaluesbetweena storeandits dependent
load. They do not apply their techniqueto memorydisambigua-
tion. Variouspatents[23, 11] alsoexist thatareaimedat identify-
ing thoseloadsandstoresthatcausememoryorderviolationsand
synchronizingthemwhenthey areencountered.

ChrysosandEmer[5] introducethestoresetconceptwhichuses
direct mappedstructureswithout explicitly aiming to identify the
load/storepairsprecisely. With suf�cient resources,the storeset
schemeprovidesnearoracleperformance[5] for a setof SPEC95
benchmarks.We choosethis schemeasoneof the basesfor our
evaluationanddescribethealgorithmandimplementationin detail
in Section2.3.1. Yoazet al. [26] presenta dynamicstoredistance
basedtechniquethat useslessspacethan storeset, but doesnot
performaswell. ÖnderandGupta[19] haveshown thattherestric-
tion of issuingstoreinstructionsin-ordercanberemovedandstore
instructionscan be allowed to executeout-of-orderif the mem-
ory orderviolationdetectionmechanismis modi�ed appropriately.
Furthermore,they have shown thatmemoryorderviolation detec-
tion canbebasedon values,insteadof addresses.̈Onder[17] has
proposeda light-weightmemorydependencepredictorwhich uses
multiple speculationlevels in thehardwareto direct loadspecula-
tion. This schemeoutperformsstoresetalgorithmwhenpredictor
spaceis small.

While theaboveschemesarebasedonmemorydependencepre-
dictions,Fanget al. [9] have proposeda feedback-directedmem-
ory schemewhich usememorydistancepredictionto determine
whetheror not to speculatea load instruction. We examinetheir
approachin detail in Section2.3.2.

2.3 Background

2.3.1 StoreSet
Thestoresetalgorithmrelieson thepremisethatfuturememory

dependencescanbecorrectlyidenti�ed from thehistoryof memory
orderviolations. In this respect,thestore setof a load instruction
in arunningprogramis de�ned to bethesetof all storeinstructions
uponwhichit haseverdepended.Thealgorithmbeginswith empty
sets,andspeculatesload instructionsaroundstoresblindly. When
themicro-architecturedetectsamemoryorderviolation,offending
storeandload instructionsareallocatedstoresetsandplacedinto
their respective sets.Whenthe load is fetched,theprocessorwill
determinewhichstoresin theload'sstoresetwererecentlyfetched
but not yet issued,andcreateadependenceuponthesestores.

Sincealoadmaydependuponmultiplestoresandmultipleloads
may dependon a singlestore,an ef�cient implementationof the
conceptmaybedif�cult. In orderto usedirectmappedstructures,
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Figure1: Storesetimplementation

ChrysosandEmerproposecertainsimplifying assumptionsin their
implementationwhich limit astoreto bein atmostonestoresetat
a time andlimit the total numberof loadsthatcanhave their own
storeset. Furthermore,storeswithin a storesetareconstrainedto
executein theprogramorder. With thesesimpli�cations, they im-
plementthestoresetalgorithmusingtwo directmappedstructures,
asshown in Figure1. The �rst is a PC indexed tablecalled the
StoreSetID Table(SSIT)whichmaintainsstoresetswith aunique
storeset identi�er (SSID) for eachset. The secondis called the
Last Fetched Store Table (LFST) and containsdynamic identi�-
cationnumber(storeinum) of the mostrecentlyfetchedstoreper
storeset. Recentlyfetchedload/storeinstructionsaccesstheSSIT
basedon their PCandget their SSID.A loador storewith a valid
SSID will accessthe secondtable, the LFST, to get the inum of
thestoreinstructionthatit shouldfollow at thetimeof scheduling.
A storeinstructionalsoupdatesits LFST entrywith its own inum.
Whenamis-speculationis observed,thecolliding loadandstorein-
structionsareassignedthesameSSIDin their correspondingSSIT
entries.

Thestoresetalgorithmprovidesnearoracleperformancewhenit
is presentedwith asuf�ciently largeSSITtable.However, sincethe
setinformationis collecteddynamicallythereis noeasywayto use
thesamemechanismduringcompiletimeto calculateandcommu-
nicateinstructiondependencies.To beeffective,any compiletime
only mechanismshouldguaranteethatthedependenceinformation
communicatedto the hardware by the compiler will be invariant
acrossdifferentprograminputs. The compilercanonly do this if
eachstoreinstructionis assigneda uniquecompiletime identi�er
andthestoresetinformationis collectedacrossall programpaths.
Thiswouldmeanthateachstoresetto whicha loadbelongswould
beoverly conservative (a loadcouldhavebeenspeculatedsuccess-
fully eventhoughit is dependenton a store)andthesetswould be
prohibitively largefor effective communicationto thehardwareby
thecompiler.

On the contrary, as a feedback-directedmethod,the proposed
storedistancebasedschemeperformsoff-line analysisto determine
how therelevantmemorydependenceswill manifestthemselvesin
thestoreschedulingwindow. Doingso,thecompilerdoesnotneed
to assigna uniquestatic storeidenti�er. In otherwords, instead
of encodingtheexactdependenciesamongloadsandstoreswhere
eachis uniquelyidenti�able, thestoredistancetechniqueencodes
thedistancethatwill beobservedbetweena storeanda dependent
loadin theschedulingwindow. Suchinformationcanbecommuni-
catedto thehardwareusinga very small integernumber. Changes
that would occurwith differentdatasets(i.e., whenthe program
takesa differentpaththeschedulingdistancemaychange)canbe
handledusingstatisticalanalysis,aspresentedin thefollowing sec-
tions.

2.3.2 AccessDistance
Accessdistancebasedmemorydisambiguationis a feedback-

directedmethodthat identi�es the load instructionsthat can be
speculatedat runtime using two pro�le runs of a program. For
speculativeexecution,if aloadis suf�ciently farawayfrom thepre-

viousstoreto thesameaddress,theloadwill beagoodspeculation
candidate.Otherwise,it will likely causeamis-speculationandin-
troducepenalties.Thepossibilityof a mis-speculationdependson
thedistancebetweenthestoreandtheloadaswell astheinstruction
window size,the load/storequeuesize,andmachinestate.Taking
all thesefactorsinto account,Fanget al. [9] de�ne theaccessdis-
tanceof a load asthe numberof memoryreferencesbetweenthe
loadandthepreviousstoreto thesamememoryaddress.They pro-
poseto speculatea loadinstructionif its accessdistanceis greater
thananempiricalthreshold.Having observedthechangeof access
distancewith datasize,Fangetal. usetwo trainingrunswith small
inputsto estimatethe instructionbasedaccessdistancefor a third
input in evaluation.

For thoseload instructionswith a constantaccessdistance,the
thresholdis directly usedto determinewhetherthe load is spec-
ulative or non-speculative. Thoseload instructionswhoseaccess
distanceincreaseswith datasizearemarked asspeculativein fa-
vor of large inputs. All otherload instructionsaremarkedasnon-
speculativeto reducethe possibility of mis-speculations.At run-
time, the processorspeculatesthe load instructionsaccordingto
the speculative or non-speculative compilerannotation.The store
distancebasedschemethat we presentin this paperdiffers from
the accessdistancebasedmethodin that it aims to �nd the spe-
ci�c storeinstructiononwhicha loaddepends,andthusis likely to
bemoreaccuratein memorydependenceprediction.Additionally,
thestoredistancebasedschemerequiresonly onetrainingrunona
verysmall input.

3. STORE DISTANCE ANALYSIS
In this section,we �rst introducetheconceptof store distance.

Then,we presentour storedistanceanalysisusedfor memoryde-
pendencepredictionandload speculationfor dynamicallysched-
uledsuperscalarprocessors.At theendof this section,we brie�y
describehow to encodethestoredistancein a loadinstruction.

3.1 StoreDistance

Figure2: Storedistanceexample

The store distanceof a load is de�ned as the numberof store
instructionsbetweenthe load andthe previous storethat accesses
thesamememorylocation.As shown in thecodesequencein Fig-
ure 2, instruction5 (load B) hasa storedistanceof 1, while the
storedistanceof instruction8 (load A) is 4. Storedistanceis a
programpropertythat quantitatively speci�es the dependencebe-
tweena loadanda store.For a loadwith a storedistanceof n, we
can�nd thestore(the(n+1)-st one)on which it dependsby track-
ing thestoreexecutiontracein reverseprogramorder. In modern
superscalarprocessors,instructionsareusuallyprocessedin pro-
gramorderin thefront-endof thepipeline. If thestoredistanceof
a load instructionbecomesknown asit is decoded,it is not dif�-
cult for theprocessorto �gure out thespeci�c storeinstructionon
which theloaddepends,andthusscheduletheloadaccordingly. In
this work, we usepro�ling with a small input to collect the store



distanceof eachload instruction,andthendevelop a novel com-
piler/architecturecooperativemechanismto directtheprocessorfor
ef�cient andaccurateloadspeculation.

3.2 StoreDistanceAnalysis
To simplify thecompiler/micro-architectureinterface,thecom-

piler associatesonestoredistancewith eachstaticloadinstruction,
calledthesummarystoredistance. Wehaveobservedthat,onaver-
age,over82%of theloadinstructionsin SPECCPU2000programs
have just onestoredistance.For theseinstructions,the storedis-
tanceis directly usedasthe summarydistance.However, for the
otherinstructions,multiplestoredistancesfor astaticloadinstruc-
tion canresultfrom adependencechangebetweendifferentexecu-
tionsof a loadin a singlerun. Many factors,suchasindirectarray
referencesandconditionalbranches,may causea dependenceto
change.For theinstructionsin this category, thecompilermustju-
diciouslyselecta summarydistanceto ensurecorrectspeculations
for mostcases.We have developedanef�cient summarystoredis-
tanceselectionalgorithmthatwe presentlater in this section.Our
algorithm�rst collectsstoredistancebasedon a pro�ling run on
a small input. Thesummarydistanceis thenchosenbasedon the
distancedistributionof eachinstruction.

To collect thestoredistancedistribution for eachstaticload in-
struction,we run a programusinga small traininginput. To calcu-
latethestoredistance,wekeepaglobalstoreinstructioncounterto
representthestorecycle. For eachstore,weinsertits addressinto a
hashtablealongwith thecurrentstorecycle. Eachloadonly needs
to searchthe hashtableandcomparethe currentstore cyclewith
the previous onefor the sameaddressto obtainits storedistance.
For the purposeof memorydependencepredictionin superscalar
processors,we only needto considershortstoredistances.If the
storedistanceis greaterthanor equalto a thresholddistance,e.g.,
the reorderbuffer size,the load instructionis not likely to depend
on any storesin the currentpipeline. We refer to this threshold
distanceasthespeculatingdistance. If a loadhasa storedistance
greaterthanor equalto the speculatingdistance,we set the store
distanceto bethespeculatingdistance.For suchaload,theproces-
sormayalwaysspeculateit with averylow probabilityof incurring
amis-speculation.

To computethe storedistance,we keepa counterfor eachdis-
tinct storedistancerangingfrom 0 to the speculatingdistance.A
storedistancefor a singleload is consideredasthe dominantdis-
tanceif the instancesof this distanceaccountfor at least95% of
thetotal accessesfor this instruction.

To selectthe summarystoredistance,we begin by initializing
every load instruction's summarystoredistanceto the speculat-
ing distance(rule 0). Then, accordingto the pro�ling results,if
a loadinstructionhasa dominantdistance,we outputthis distance
asits summarystoredistance(rule 1). Otherwise,we choosethe
minimum distancewith a non-zerocounterfor its summarystore
distance(rule 2). Rule 0 appliesto thoseload instructionsnot
appearingin the training run, and we chooseto speculatethose
loadinstructionsalwaysbecauseblind speculationoutperformsno
speculationin mostcases[5]. Rule 1 makesit likely that a dom-
inant numberof load instanceswill be correctlyspeculated.For
rule 2, choosingtheminimumdistancereducesthenumberof mis-
speculations.Weillustratethethreerulesusingthefollowing loop:

DO I = 1, N-1
A(I) = B(I)
B(I) = A(N) + A(I) + A(2)

No dependenceexistsfrom thestoreto A(I) to theloadfrom A(N),
and A(N) 's summarystoredistanceis set as the speculatingdis-

tance. Additionally, the load from A(I) always dependson the
previousstoreto A(I) , giving a storedistanceof 0. This indicates
thatA(I) shouldnever bypassany precedingstoreinstruction.Fi-
nally, theloadfrom A(2) hastwo storedistances:0 whenI equals
2 anda very large distanceotherwise. Sincethe large storedis-
tancedominatesin this case,our algorithm choosesto speculate
A(2) alwaysby usingthespeculatingdistanceasits summarystore
distance.Thestoresetapproachcannotspeculatein this caseonce
amemoryorderviolationoccurs.However, theproposedapproach
correctlyspeculatesadominantnumberof loadinstanceswhile in-
curring just a few mis-speculations.In Section5, our evaluations
show thatthestoredistancebasedschemeoutperformsstoresetin
similar situationsonseveralSPECCPU2000benchmarks.

Storedistancebasedmemorydisambiguationmustconsiderthe
casewherethe storedistancechangesacrossprograminputs. A
changein storedistanceimplies that the summarystoredistance
doesnotexactlyrepresentthememorydependencesfor inputsother
than the pro�led one. Our methodassumesthat small storedis-
tancesareindependentof input size.Fanget al. [9] have observed
thatover 80%of thememoryinstructionsin SPECCPU2000have
constantmemorydistances.For shortstoredistances,this percent-
ageis evenhigher. If a dependenceis loop-independentor carried
by theinnermostloop,or theloop boundis constant,thestoredis-
tanceof a load instructionis likely to be independentof the input
size. To seewhy, considerthe loopsin Figure3. Thedependence
betweenA(I,J+3) andA(I,J) in Figure3(a) is carriedby thein-
nermostJ loop,andthestoredistanceof A(I,J) is2 for all possible
inputs.On theotherhand,if thedependenceis carriedby anouter
loop,asthecasein Figure3(b), thestoredistanceis normallyvery
large(ontheorderof N in theexampleloop). Eventhoughthestore
distancemay changewith inputs,our schemestill considersit as
constantbecausewe canalwaysspeculatetheseload instructions
likely without incurring mis-speculationssincethe storedistance
is greaterthan the speculatingdistance. As shown in Section5,
most loadshave a storedistancethat canbe consideredconstant
for thepurposesof memorydisambiguation,whetherthey becon-
stantacrossinputsor alwayslarger thanthe speculatingdistance.
In caseswherethe in�uence of input sizeuponstoredistancesis
not negligible, thememorydistanceanalysisframework proposed
by Fang et al. [9] can be appliedto enhanceour mechanismby
predictingstoredistances.

Finally, we would like to noteherethat the storedistancepro-
�ling in this work is costeffective. Only a single,small input is
requiredfor thepro�ling runandthecostto calculatethestoredis-
tancefor eachreferenceis just a smallconstant.Becausewe only
considershortstoredistances,thememoryrequirementis limited,
only ontheorderof thenumberof staticloadinstructions,which is
normallyjust severalthousandfor aSPECCPU2000program.

3.3 StoreDistanceEncoding
In order to encodethe storedistancein a load instruction,we

must�rst determinethe storedistancerangeunderconsideration,
which dependson thespeculatingdistance.If thespeculatingdis-
tanceis too small, loadswith a storedistancebeyond this range
maycausemis-speculations.On theotherhand,if thespeculating
distanceis too large,theencodingwill requiretoomany bits in the
instruction�eld. As discussedpreviously, all loadswith astoredis-
tancegreaterthanor equalto thespeculatingdistancemaybespec-
ulatedblindly with a low probability of incurring memoryorder
violations. Thereorderbuffer sizeis anupperboundfor thespec-
ulating distance. For a speci�c machinecon�guration, the spec-
ulatingdistanceis determinedby machineparameterssuchasthe
width anddepthof the pipeline, the instructionwindow size, the



    A(I,J+3) = A(I,J) + 10.0
  DO J = 1, N�3
DO I = 1, N

(a) Innermostloopcarrieddependence

DO I = 1, N�1
  DO J = 1, N
    A(I+1,J) = A(I,J) + 10.0

(b) Outerloopcarrieddependence

Figure3: Constantstoredistance

numberof memoryportsandthe load/storequeuesize,aswell as
someprogrampropertieslike the storeinstructiondensityin the
codesequence.While ananalyticalmodelmaybedif�cult to ob-
tain, in Section5 we usean empirically determinedvaluefor the
speculatingdistanceby observingthenumberof mis-speculations
for asetof benchmarksusingvariousspeculatingdistances.

Giventhat thesummarystoredistanceis in therangefrom 0 to
s, wheres is thespeculatingdistance,we canuseblog(s)c+ 1 bits
of the offset �eld of a load to encodethe storedistanceinto the
load instruction.Eventhoughusingbits from theoffset �eld may
increaseregister usageand addresscomputation,Wang [25] has
observed only a negligible performancedifference(usuallynone)
by reducingthe offset from 16 to 12 bits in the Alpha instruction
set.

4. MICR O­ARCHITECTURE DESIGN
With the summarystoredistanceencodedin the load instruc-

tions,themajor taskof themicro-architecturedesignis to �nd the
appropriatestoreuponwhich a load dependsusing this informa-
tion. For this purpose,we implementa store table, asshown in
Figure4. Eachentryof the tablecontainsa storeinstruction's ID,
which canuniquely identify this storein the currentpipeline. In
this work, we usethereorderbuffer index to identify the loadand
storeinstructions.Cur is a pointerthatpointsto themostrecently
decodedstoreinstruction. The storetable is addressedusingcur
andanoffset.Whenastoreinstructionis decoded,cur is advanced
andthestoreinstructionputsits ID in thecur positionof thestore
table. As a load instructionis decoded,it usesits summarystore
distanceastheoffset to get the ID of thestoreon which it is sug-
gestedto dependandremembersit in thereorderbuffer for a later
speculationdecision. In our experiment,we implementthe store
tableusinga small circular buffer. If the encodedsummarystore
distanceis the speculatingdistance,the load instructionmay be
speculatedblindly becauseno dependentstorewill befoundin the
table.

1. st or e  A  / /  I D1

2. st or e  B  / /  I D2

3. l oad   C  / /  SSD = s 
4. st or e  D  / /  I D4

5. l oad   A  / /  SSD = 2 

ID1

ID2

ID4

0

store table 

cur

Figure4: Store table implementation

For the examplecodesequencein the right-handside of Fig-
ure 4, instruction3 will alwaysbe speculated,andfor instruction
5, becauseits storedistanceis 2, this load instructiondependson
instruction1 by usingcur and2 asan offset to addressthe store
table.

As mentionedearlier, the encodeddistancemay not represent
thestoredistancesfor all instancesof a staticloadinstruction,and
mis-speculationsarestill possible,especiallyfor caseswherethe
actualstoredistanceis shorterthan the summarystoredistance.
In this work, we usea mis-speculationhandlingmechanismvery
similar to that proposedby ÖnderandGupta[19]. Detectionof
thememoryorderviolationsis performedby recordingtheloadin-
struction's effective address,theload's ID andtheproducerstore's
ID in a tablecalledthespeculativeload tablewhena loadinstruc-
tion is issuedspeculatively. If theloadobtainsthevaluefrom mem-
ory, its producerstore's ID is setto a numberout of the rangeof
the reorderbuffer index. Eachload instructionis associatedwith
an exceptionbit in the reorderbuffer. This bit is setor resetby
thestoreinstructions.We allow thestoreinstructionsto be issued
out of programorder, andthecheckingof thespeculative load ta-
ble is delayeduntil the retire time of the storeinstructions. The
speculative loadtableis probedwith theaddressusedby thestore
instruction. For a matchingaddress,the producerstoreresetsthe
exceptionbit andall otherstoressetthis bit. This is to make sure
only thosestoresthat a load hasactuallybypassedcanbe effec-
tively involved in memoryorderviolation checkingfor this load.
Oncethe load instructionis readyto retire, it checksits exception
bit. If thebit is set,a roll-backis initiatedandthefetchstartswith
the exceptingload instruction. Otherwise,the load instruction's
entryis deallocatedfrom thespeculative loadtable.

Onceequippedwith theability to detectmemoryorderviolations
androll backappropriately, themicro-architecturebecomescapa-
ble of exploiting dependencesthroughmemory. For variousap-
proachesthedifferenceliesin how thespeculatingloadinstructions
areselected.In this paper, we assumethat the micro-architecture
examinesload andstoreinstructionsfrom oldestto youngest. If
a storeinstructionis readyto issueandresourcesareavailable,it
is issued.If a loadinstructionhascompletedaddresscomputation,
i.e., is readyto issue,it is issuedunlessthestorein thestoretableon
which it dependsis not ready. Finally, if a loador storeinstruction
hasnot completedits addresscomputation,it is skipped.

In this paper, we usethesamememoryorderviolation handling
mechanismandsimilar load/storeissuelogic for thevariousmem-
ory disambiguationschemes.Therefore,themajorcostdifference
amongthe variousschemescomesfrom the predictorspace.The
accessdistancebasedschemeusesno predictorandthe proposed
storedistancebasedschemeusesan extremely small storetable
(16 bytesin our implementation)to resolve memorydependences.
However, store setrequiresa large SSIT which usuallyconsumes
severalthousandbytesof on-chipmemoryin orderto achievegood
performance.



5. EXPERIMENT AL EVALUATION
In thissection,weexplorethepotentialof usingstoredistanceas

a metricto determinememorydependencesin dynamicallysched-
uled superscalarprocessors.We begin with a discussionof our
experimentaldesignand then examine the performanceof store
distancebasedmemorydisambiguationon a subsetof the SPEC
CPU2000benchmarksuite.

5.1 Experimental Design
To examinetheperformanceof storedistancebasedmemorydis-

ambiguation,weusetheFAST micro-architecturalsimulatorbased
upontheMIPS instructionset[18]. Thesimulatormodelsthesu-
perscalarpipelineandis cycle accurate.Themajorparametersof
the baselinemachineare shown in Table 1(a). We implementa
32KB directedmappednon-blockingL1 cachewith a latency of
2 cyclesanda 1MB 2-way setassociative LRU L2 cachewith an
accesslatency of 10 cyclesanda misslatency of 50 cycles. Both
cacheshavea line sizeof 64bytes.

To evaluatethe relative performanceof storedistance,we have
implementedsix differentmemorydisambiguationschemeswhich
arelisted in Table1(b). For theaccessdistancebasedscheme[9]
asdescribedin Section2.3.2,we usethe test and train input sets
of SPECCPU2000for the two training runs. SS1K, SS4K and
SS16K arethreestoresetschemeswith storesetidenti�er tablesof
1K, 4K and16K entries,respectively. For storeset,we implement
a256-entrylastfetchedstoretable,andapplycyclicclearingevery
onemillion instructionsto invalidateall SSIT entries[5]. Perfect
memorydisambiguationnever mis-speculateswith theassumption
that it alwaysknows aheadthe addressesaccessedby a load and
storeoperation.

For our testsuite,weuseasubsetof theC andFortran77bench-
marksin theSPECCPU2000benchmarksuite.Theprogramsmiss-
ing fromSPECCPU2000includeall Fortran90andC++programs,
for whichwehavenocompiler, and3 programs(254.gap,255.vor-
tex, and200.sixtrack)which could not be compiledandrun cor-
rectly with our simulator. For compilation,we usegcc-2.7.2with
the-O3optimization�ag. Weusethetest inputsetsfor thetraining
run to generatethesummarystoredistance,andthenexaminethe
performanceusingthe reference inputs. To reducethesimulation
time, we fast forward the �rst onebillion instructionsandcollect
resultsfor thenext onebillion instructions.

In this work, we addinstrumentationto our micro-architectural
simulatorto collect the storedistancestatisticsfor every load in-
struction. However, tools like ATOM [22] andPIN [12] may be
usedon many architecturesto reducethepro�ling costover simu-
lation.

In this experiment,we augmentthe MIPS instructionsetto in-
clude the summarystoredistancefor the processorto determine
which storeinstructiona load dependson at runtime. To encode
thestoredistanceof a loadin theinstruction,we usea speculating
distanceof 15 for our simulatedmicro-architecture.This is based
on the observation that almostno mis-speculationsarecausedby
thoseloadswith a storedistancegreaterthanor equalto 15, even
thoughthey areblindly speculated.Givenaspeculatingdistanceof
15,we use4 bits from the16-bit offsetof a MIPS loadinstruction
to encodethesummarystoredistance.

5.2 Results
In this section,we report the resultsof our experimenton our

benchmarksuite. First, we report the storedistancecharacteris-
tics of SPECCPU2000benchmarksthat we usedin our experi-
ment.Then,we reportraw IPCdatausinganumberof speculation
schemes.

5.2.1 StoreDistanceCharacteristics
As discussedin Section3, storedistancebasedmemorydisam-

biguationcanoftenmoreeffectively predictmemorydependences
if thestoredistanceof a loaddoesnotchangeacrossinputs.A con-
stantstoredistanceallows storedistanceanalysisto be appliedto
a singletrainingrun, ratherthanthemultiple trainingrunsusedin
previous memorydistanceanalysis[7, 8, 13, 29]. An analysisof
thebenchmarksin our suiteshows that99.1%of the load instruc-
tions in CFP2000programsand94.9%of the load instructionsin
CINT2000programshave constantstoredistancesacrosstest and
reference input setswith over half of thesedistancesbeinggreater
thanor equalto thespeculatingdistanceusedin our experiments.
Notethatweconsiderany distancegreaterthanorequalto thespec-
ulatingdistanceto bethespeculatingdistancesinceanythinglarger
thanthespeculatingdistancewill allow speculationevenif it grows
with thedatasize. This resultvalidatesusinga singletrainingrun
to computestoredistance.

Giventhesummarystoredistancefrom asingletrainingrun,the
effectivenessof our schemedependson how accuratelythe com-
piler generatedsummarystoredistancerepresentstheactualstore
distanceof the load instructionsin the actualrun. To determine
the accuracy of storedistanceanalysis,we comparethe storedis-
tanceof eachinstanceof theloadinstructionsfor the reference in-
put with its summarystoredistance,which is obtainedfrom the
training run usingthe test input. For a load instruction,if the ac-
tual storedistanceequalsits summaryone(EXACT), its dependent
storeinstructioncanbecorrectlyidenti�ed at runtimeandthis load
canbesuccessfullyspeculatedaccordingto themicro-architecture
designin Section4. If theactualstoredistanceis greaterthanthe
summarystoredistance(LONGER), ourschemewill directtheload
instructionto dependon a laterstoreinstruction,andfalsedepen-
dencesmaybe introduced.Finally, whentheactualstoredistance
is lessthanthe summarystoredistance(SHORTER), the load in-
structionmay be mis-speculated.The goal of our summarystore
distanceselectionalgorithmis to maximizethecasesof EXACT to
ensurecorrectspeculation,while keepingSHORTER casesaslow
aspossiblein orderto avoid mis-speculation.

We classifyload instructionsinto theabove threecategoriesfor
our setof SPECCPU2000programs,asshown in Figure5. For
�oating point programs,95.4%load instructionsfall into the EX-
ACT category, and0.2%fall into theSHORTER category, on aver-
age.177.mesais theonly programthathasmorethan0.2%of the
loadinstructionswhoseactualstoredistanceis shorterthanits sum-
marystoredistance.This is becausea numberof the loadsdo not
appearin the trainingrun, makingthemspeculatedblindly. Some
of theseblind speculations,in turn, resultin mis-speculations.

As shown in Figure5(b), the integerprogramshave 88.3%EX-
ACT and1.1%SHORTER load instructions.This implies that the
storedistancebasedschememay generatemoremis-speculations
andfalsedependenceson theintegerprogramsthanon the�oating
point programs.164.gzip,253.perlbmk,256.bzip2and300.twolf
incur a largerpercentageof loadsin the SHORTER category than
theotherprograms.For256.bzip2and300.twolf, anumberof loads
do not appearin the training run, resultingin blind speculation.
Theseloadsthenexperiencemis-speculationsduringexecutionon
thereference input. For 164.gzip,in somecasesthedistributionof
shortandlongreusedistanceschangesfor amultiplestoredistance
load.In theseinstances,alargerpercentageof shortreusedistances
occurin the referencerun dueto variationsin theexecutionpaths
taken.Finally, for 253.perlbmkthechangein input from test to ref-
erence resultsin adifferentdistributionof storedistancesthatfavor
a shorterdistance.Note that in eachof the above cases,the mis-
predictionof storedistanceonly occursfor averysmallpercentage



parameter con�guration
issue/fetch/retirewidth 8/8/8
instructionwindow size 128
reorderbuffer size 256
load/storequeuesize 128
functionalunits issuewidth symmetric
branchpredictor 16K gshare
memoryports 2
datacache L1: 32KB, D-Mapped

L2: 1MB, 2-way

(a)Con�guration

scheme description
access accessdistance
SD storedistance
SS1K storeset,1K SSIT
SS4K storeset,4K SSIT
SS16K storeset,16K SSIT
perfect perfectdisambiguation

(b) Disambiguators

Table1: Machine con�guration and memory disambiguators
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Figure5: Instruction distrib ution around summary storedistance

of loads.As shown in thenext section,evenwith thesecasesstore
distancedoesaneffective job of predictingmemorydependences.

Whetheror not a SHORTER load instructionwill causemis-
speculationor a LONGER load instructionwill causea falsede-
pendencedependsuponthe runtimesituation. For example,even
if a loadinstructionwith anactualstoredistanceof 4 is speculated
becauseits summarystoredistanceis larger, the�fth previousstore
instructionmayhavealreadybeenexecutedwhentheprocessoris-
suestheloadinstruction,resultingin nomis-speculation.

5.2.2 IPC
Giventheeffectivenessof storedistanceanalysisasshown in the

previoussection,in this sectionwe detail theruntimeperformance
of storedistancebasedmemorydisambiguation(SD). Overall,SD
yields performancebetterthan accessdistancebasedspeculation
(access), storesetusinga 1K SSIT (SS1K) andstoresetusinga
4K SSIT(SS4K) for boththeintegerand�oating-point programsin
our benchmarksuite. Speci�cally, on �oating-point programsSD
achievesa harmonicmeanperformanceimprovementof 9% over
both access andSS1K and4% over SS4K. On integer programs,
SD obtainsa harmonicmeanimprovementof 10% over access,
8% over SS1K and4.5% over SS4K. Whencomparedwith store
setwith a 16K SSIT(SS16K) andperfectmemorydisambiguation
(perfect), SD yieldsperformancecomparableto both. On �oating-
point programs,SD achievesa 1% harmonicmeanimprovement

over SS16K andcomeswithin 1% of the harmonicmeanperfor-
manceof perfect. On integer programs,SD comeswithin 1% of
SS16K andwithin 2% of perfect. In the rest of this section,we
focuson the relative performanceof SD versusSS1K andSS16K
sincetheselatter two schemesgive us a comparisonwith current
well-known hardwaretechniques.Wenotethedifferencesof SS4K
and SS16K nearthe end of the section. For the performanceof
all disambiguationtechniques,seeFigures6 and7. In addition,Ta-
bles2 and 3 detailtheeffectivenessof eachdisambiguationmethod
in termsof the numberof mis-speculations,the total numberof
speculationsandthenumberof falsedependencesincurred.

Wehavefoundtwo mainfactorsthatcontributeto aperformance
advantagefor SD over both storeset schemes.First, SD hasan
advantagewhenaliasingoccursin theSSIT. SincetheSSIT is ac-
cessedusingthe PC asan index into the direct-mappedstructure,
multiple PCsmapto the sameentry in the table. This may cause
a load andstorethat never incur a memoryorderviolation to be
mappedto thesameSSID,preventingloadspeculation.Increasing
the SSIT sizeandclearingthe tableperiodicallyreducethe prob-
lem,but donoteliminatealiasingcompletely. As describedin Sec-
tion 3, thesecondfactorgiving SD aperformanceadvantageis that
dependencesbetweena load andstoremay only occuroccasion-
ally. In thissituation,SS1K andSS16K will ceaseloadspeculation
uponthe �rst occurrenceof a memoryorderviolation, even if the
violation only occursrarely thereafter. In contrast,SD recognizes



0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

wupwise apsi mgrid applu mesa art equake ammp apsi H-Mean

IP
C

access

SD

SS1K

SS4K

SS16K

perfect

Figure6: CFP2K IPC

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

gzip vpr gcc mcf crafty parser perlbmk bzip2 twolf H-Mean

IP
C

access

SD

SS1K

SS4K

SS16K

perfect

Figure7: CINT2K IPC

the rarity of thedependenceandsacri�cesa few mis-speculations
for increasedperformancein themajorityof cases.

Several�oating-point programsincurproblemswith aliasingthat
reduceperformance.For SS1K, 168.wupwise,171.swim,179.art,
183.equake and301.apsiexhibit a performancedegradationwith
respectto SD dueto aliasing. Table2 shows that SS1K exhibits
signi�cantly morefalsedependencesthanSD. Thesedependences
resultfrom aliasingin theSSIT. For SS16K, only 301.apsiincursa
signi�cant amountaliasingin theSSITasshown by theincreasein
thefalsedependenceswhencomparedwith SD.

173.appluexhibitsthesecondphenomenonmentionedabove. As
reportedin theoriginal storesetpaper[5], someload instructions
in 173.appluonly dependonneighboringstoresoccasionally. Store
distanceanalysisrecognizestherareoccurrenceof a dependences
andallowsspeculation.BothSS1K andSS16K limit thenumberof
speculationsbecauseof this frequentlyfalsedependenceasillus-
tratedin Table2.

Consideringintegerprograms,176.gccand300.twolf exhibit sig-
ni�cant aliasingfor SS1K. This is dueto a large numberof static
load instructionsin both programs. However, SS16K is able to
overcomethis problem. Examining the numberof falsedepen-
dencesperonethousandloadsfound in Table3, SS1K incurssig-
ni�cantly morefalsedependencesthanboth SD andSS16K with
SD incurringmorefalsedependencesthanSS16K.

In examiningthe caseswherethe storeset techniqueperforms
betterthanSD, we have foundthreemajorreasonsgiving storeset
an advantage. First, SD mustsummarizethe storedistancewith
a singlevalue,choosinga minimum storedistanceif a dominant
distancedoesnot exist. In somecases,thestoredistanceof a load
correlatesto theexecutionpathin theprogram.Considertheexam-
plein Figure8. If executionfollowspath1, theloadat instruction9

exhibitsastoredistanceof 5. However, if executionfollowspath2,
the loadexhibits a storedistanceof 1. If neitherdistanceis domi-
nant,SD selects1 asthestoredistance.Thus,every timeexecution
follows path1, a falsedependencemayoccur. Thestoresetalgo-
rithm putsbothinstructions1 and7 into thestoresetfor instruction
9. Whenexecutionfollows path1 andinstruction1 executes,issu-
ing of instruction9 is possible.In otherwords,storesetmakesa
loadwait only aslongasnecessary.

 

11..  ssttoorr ee  AA  
2. store B 
3. store C 
4. store D 
5. store E 
6. store F 

77..  ssttoorr ee  AA  
 8.   store E 
  

99..  llooaadd  AA  

path 1 path 2 

Figure8: Path-correlatedstoredistance

The secondreasoncausingSD to performworsethanstoreset
occurswhenloadinstructionsdo not appearin thetrainingrun. In
this case,SD may incur moremis-speculationsthanstoresetdue
to blind speculation,reducingperformance.Finally, thethird phe-
nomenongiving storesetanadvantageoccurswhenthe in�uence
of input sizechangecausesSD to incur anincreasein falsedepen-
dences.Thisoccursdueto a failureto detectthatthestoredistance
hasincreasedwith thedatasize.Thislastphenomenoncanbeover-
comeusingthememorydistancepredictiondevelopedby Fanget
al. [9].



Benchmark mis-speculation total speculation falsedependences
SD SS1K SS4K SS16K SD SS1K SS4K SS16K SD SS1K SS4K SS16K

168.wupwise 2.44 1.96 0.13 0.54 874 771 873 874 30.62 91.2 3.83 1.88
171.swim 0.02 0.27 0.07 0.04 964 930 959 964 0.32 30.54 12.16 2.63
172.mgrid 0.12 0.05 0.01 0.01 816 813 816 816 0.03 1.41 0.29 0.16
173.applu 2.62 0.97 0.01 0.01 851 832 815 815 28.88 54.42 55.5 58.56
177.mesa 2.64 1.32 0.91 0.05 713 710 715 718 6.68 13.28 2.42 0.25
179.art 0.02 0.04 0.04 0.04 724 697 724 724 0.30 30.25 0.01 0.01
183.equake 0.00 14.44 2.24 0.07 550 478 522 551 0.00 18.43 5.62 0.10
188.ammp 1.09 0.25 0.35 0.11 149 134 149 152 0.16 7.43 1.64 0.03
301.apsi 2.64 18.16 12.68 0.08 806 498 582 758 37.25 117.34 107 53.73
Average 1.29 4.16 1.83 0.11 716 651 684 708 11.58 40.48 20.94 13.04

Table2: Mis-speculations,total speculationsand falsedependencesper thousandloadsfor CFP2K

Benchmark mis-speculation total speculation falsedependences
SD SS1K SS4K SS16K SD SS1K SS4K SS16K SD SS1K SS4K SS16K

164.gzip 2.03 0.79 0.04 0.04 265 273 277 277 39.84 11.55 11.48 11.45
175.vpr 0.16 1.31 0.66 0.65 430 425 437 437 5.28 16.15 2.98 0.65
176.gcc 5.50 7.98 7.08 0.24 587 298 421 600 5.78 150.96 104.01 2.49
181.mcf 0.00 0.01 0.01 0.01 608 608 608 608 28.18 27.89 27.75 27.71
186.crafty 0.10 1.44 0.08 0.08 242 235 243 243 0.88 6.10 0.32 0.17
197.parser 0.66 2.13 0.12 0.06 330 326 343 345 8.42 19.03 1.04 0.71
253.perlbmk 0.06 0.62 0.17 0.17 385 384 389 390 6.67 11.26 2.71 1.26
256.bzip2 8.53 0.05 0.04 0.04 380 382 383 383 14.30 41.56 39.33 39.33
300.twolf 5.47 6.11 4.26 0.89 631 300 466 649 35.90 100.68 63.1 14.21
Average 2.50 2.27 1.38 0.24 429 359 396 437 16.14 42.83 28.08 10.89

Table3: Mis-speculations,total speculationsand falsedependencesper thousandloadsfor CINT2K

When comparingSD and SS16K, SD suffers from issuesre-
latedtopath-correlatedstoredistanceon168.wupwise,176.gccand
300.twolf. However, thenegativeeffectsof multiplestoredistances
counterbalancetheeffectof aliasingin SS1K giving SD anadvan-
tage.SD performsworsethanbothstoresetschemeson256.bzip2.
Thisoccurssince11%of theloadinstructionsappearingin theref-
erence run do not appearin the test run. In thesecases,SD's use
of blind speculationyieldsa performancedegradation.Finally, SD
performsworseon177.mesabecausethestoredistancecalculation
is sensitiveto thechangein datasizebetweenthetest andreference
input sets.

As mentionedpreviously, Tables2 and3 summarizethenumber
of mis-speculations,total speculationsand falsedependencesfor
SD, SS1K andSS16K. In general,SD incursfewermis-speculations
andfalsedependencesandmoretotal speculationsthanSS1K on
�oating-point programswith the sametrendon integer programs
except that SD incursslightly moremis-speculationsthanSS1K.
Comparedwith the performanceof SS16K on �oating-point pro-
grams,SD incursfewer falsedependencesandmoretotal specula-
tions,but incursa highernumberof mis-speculations.On integer
programs,SD incursahighernumberof mis-speculationsandfalse
dependencesandfewer total speculationsthanSS16K. Thereason
thatSD doesbetteron �oating-point programsthanon integerpro-
gramscan be tracedto Figure 5 in Section5.2.1. As shown in
this �gure, thepredictedstoredistancefalls into the EXACT cate-
gorymoreoftenfor �oating-point programsthanintegerprograms.
Thus, storedistanceanalysisis more accuratefor �oating-point
codesandcanyield betterperformanceresults.

SS4K andSS16K yield similar resultsexcepton four programs:
176.gcc,300.twolf, 183.equake and 301.apsi. On eachof these
four programsSS4K exhibits signi�cantly moremis-speculations
andfalsedependencesthanSS16K. In thesecases,thereductionin
tablesizeyields an increasein aliasing,resultingin signi�cantly

lowerperformance.
SD outperformsaccess by over8%onbothintegerand�oating-

pointprograms.Access yieldsbetterperformancethanSD ononly
oneprogram– 256.gzip. In 256.bzip2,mostload instructionsap-
pearin only oneof therunsusingthe test or train inputs.Because
access usesboth the test and train input sets,access is able to
useoneor the otherinput setmeasurementsratherthanuseblind
speculationasSD does. SD could regain the performanceloss if
we choseto usemultiple training runsto computestoredistance.
In all programsotherthan256.bzip2,theadditionalhardwareand
dynamicdependencecheckingperformsbetterthanthe singlebit
usedto denotespeculative loadsin access.

Finally, we notethatusingfewer than4 bits to encodethestore
distanceyieldsworseresultsfor SD. Using3 bits for thestoredis-
tancedecreasesthe performanceof SD between8 and10% over
using4 bits. Additionally, using5 bits to encodethestoredistance
yieldsnoappreciableimprovement.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we have developeda novel compilerandmicro-

architecturecooperative mechanismfor dynamicmemorydisam-
biguation in superscalarprocessors. Basedupon store distance
analysis,thecompilergeneratesa representative storedistancefor
eachload instructionand passesthis information throughan in-
structionannotationto themicro-architecture.Guidedby thestore
distanceannotation,theprocessorcanaccuratelyidentify thespe-
ci�c storeinstructionon which a loaddependsandmake specula-
tion decisionsaccordingly.

The storedistancebasedmechanismshows very promisingre-
sults acrossa set of SPECCPU2000benchmarks. Our experi-
mentalevaluationsindicatethat the storedistancebasedmethod
performsmuchbetterthantheaccessdistancebasedmemorydis-
ambiguationschemeandyieldsaperformanceverycloseto perfect



memorydisambiguation.Thestoredistancebasedschemealsoout-
performsthe storesettechniquewith a small predictorspaceand
achievesaperformancecomparableto a16K-entrystoresetimple-
mentationfor both�oating pointandintegerprograms.

We arecurrentlyaddingpathinformationto our computationof
memorydistanceto helpdisambiguatestoredistanceson multiple
paths. In the future, we plan to incorporatethis analysisinto our
speculationschemeto enhancestoredistancebasedmemorydis-
ambiguation.
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