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ABSTRACT

Feedback-directedptimizationhasdevelopedinto anincreasingly
importanttool in designingoptimizingcompilers.Baseduponpro-
ling, memorydistanceanalysishasshovn muchpromisein pre-
dicting datalocality and memorydependencesnd hasseenuse
in locality basedoptimizationsand memory disambiguation. In
this paper we apply a form of memorydistance calledstore dis-
tance to the problemof memorydisambiguatiorin out-of-order
issueprocessorsStoredistances de ned asthe numberof store
referencebetweeraloadandthepreviousstoreaccessinghesame
memorylocation. By generating representatie storedistancefor
eachloadinstruction,we canapply a compiler/micro-architecture
cooperatie schemeo directrun-timeloadspeculationUsingstore
distance,the processorcan, in most cases,accuratelydetermine
on which speci ¢ storeinstructiona load dependsaccordingto its
storedistanceannotation Our experimentsshow thatthe proposed
storedistancemethodperformsmuchbetterthanthe previous dis-
tancebasedmemorydisambiguatiorschemeandyields a perfor
mancevery closeto perfectmemorydisambiguationThestoredis-
tancebasedschemealsooutperformsthe store settechniquewith
a relatively small predictorspaceandachie/es performancecom-
parableto that of a 16K-entry store setimplementationfor both
oating pointandintegerprograms.
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1. INTRODUCTION

Modernsuperscalaprocessorsllow instructionsto executeout
of programorderto exploit moreinstructionlevel parallelism(ILP).
Becausdoad instructionsusuallyappearon the programs critical
execution paths,processorsnust scheduldoadsas early as pos-
sible. However, to ensurethe correctnes®f programexecution,
aload shouldnot be scheduledaheadof any precedingstoresthat
accesshesamememorylocationastheload. Memorydisambigua-
tion detectsthesememorydependenceis orderto avoid memory
orderviolationswhile speculatindoadinstructions.

Previouswork hasemplgsed numerousstatic-analysisindhard-
ware techniquegto disambiguatememoryreferencedo improve
performancdg5, 10, 11, 15, 16, 17]. While mary hardwaretech-
niguesachieve good performancemost require a large on-chip
memoryto recordmemorydependencedn contraststaticdepen-
denceanalysisdoesnot requirethe large on-chipmemory but can
only effectively identify load/storedependence®r regular array
reference@ loopnests.In thispaperweexploreacompiler/micro-
architecturecooperatie solution to the memory disambiguation
problemfor superscalaprocessors We give a feedback-directed
mechanisnbasediponmemorydistanceanalysiso assisthe pro-
cessolin determiningthe exact memorydependenceat runtime.
Theproposedchemaloesnotrequirealargeon-chipmemoryand
is notlimited to array-basedodes.

Memorydistanceis de ned asa dynamicquanti able distance
in termsof memoryreferencedbetweenwo accesseo the same
memorylocation.Fangetal. [9] de ne memorydistanceo include
reusedistance accesdlistanceand valuedistance Thereusedis-
tanceof a memoryreferences de ned asthe numberof distinct
memory locationsaccessedetweentwo referencedo the same
memory location. Both whole-program[7, 28] and instruction-
based[8, 9, 13] reusedistanceshave beenpredictedaccurately
acrossall programinputsusinga few pro ling runs. Reusedis-
tanceanalysishasshavn muchpromisein locality-basedptimiza-
tions. Accesslistances thenumberf memoryreferencebetween
aload andits dependenstore,while value distanceis the access
distancewith theconsiderationthataloaddepend®nly onthe rst
storein a sequencef storeswriting to the sameaddresswith the
samevalue. Fanget al. [9] proposea feedback-directednecha-
nism basedupon accesdlistanceand value distanceto determine
whetheror notto speculateaload.

In this paper we apply a form of memorydistance calledstore
distance[26], to the problemof memorydisambiguatiorin out-
of-orderissuesuperscalaprocessorsStoredistances de ned as
the numberof storeinstructionshetweena load andthe previous



storeaccessinghe samememorylocation. Throughpro ling the
programwith one small input, we analyzethe instruction-based
storedistancedistribution and generatea representatie storedis-
tancefor eachstaticloadinstruction. Then,a costeffective micro-
architecturenechanisnis developedfor theprocessoto determine
accuratelyon which speci ¢ storeinstructiona load dependsac-
cordingto its storedistanceannotation.

The proposedstoredistancebasedmechanisnshavs very good
resultsacrossa setof SPECCPU2000benchmarks.Our exper
imental evaluationsindicatethat the storedistancebasedmethod
performsmuchbetterthanthepreviousaccesslistancebasednem-
ory disambiguatiorschemg9], andyields performancevery close
to perfectmemorydisambiguationwhich usesexactknowledgeof
memorydependencefr eachdynamicload instance. The store
distancebasedschemealso outperformsthe store set technique
with a relatively small predictorspaceand achieves performance
comparableo thatof a 16K-entrystore setimplementatior{5] for
both oating point andinteger programs.In both casesstoredis-
tancerequiresa nggligible amountof chip space(16 bytesin our
implementation)}comparedto the several thousandbytesof chip
spaceausedby storeset.

We begin the restof this paperwith a review of relatedwork
andbackgroundn the eld of memorydistanceanalysisandmem-
ory disambiguationNext, we describeour analysigechniquesind
algorithmsfor measuringand analyzingstoredistance. Then,we
presenthe micro-architecturatonsiderationsf our work andour
experimentalevaluation of store distancebasedmemory disam-
biguation. Finally, we presenbur conclusionsand proposefuture
work.

2. RELATED WORK AND BACKGROUND

In this section,we rst introducerelevant researchin memory
distanceanalysisanddynamicmemorydisambiguationThen,we
explain in detail two existing memorydisambiguatiorapproaches
to whichwe will compareour proposedscheme.

2.1 Memory DistanceAnalysis

Giventhehigh costof memoryoperationsn modernprocessors,
compileranalysisandoptimizationof the memoryperformancef
programshasbecomeessentialn obtaininghigh performanceTo
addresghe limits of staticanalysismuchwork hasbeendonein
developingfeedback-directedchemedo analyzethe memorybe-
havior of programausingvariousformsof memorydistance Matt-
sonet 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
programtransformationd1, 2, 6]. Ding et al. [7, 21, 28] have
developeda setof tools to predict reusedistanceacrossall pro-
graminputsaccuratelymakingreusedistanceanalysisapromising
approachfor locality basedprogramanalysisand optimizations.
They apply reusedistancepredictionto estimatewhole program
miss rates[28], to perform datatransformationg29] andto pre-
dict thelocality phase®f a program[21]. Beyls andD'Hollander
collectreusedistancedistribution for memoryinstructionsthrough
onepro ling run to generatecachereplacementints for an Ita-
nium processof3]. Marin andMellor-Crummey [13] incorporate
instruction-basetbusedistanceanalysisn theirperformancenod-
elsto calculatecachemissesFangetal. [8, 9] introducethe notion
of memorydistanceto encompasseusedistance accesglistance
and value distance. They proposea generalanalysisframevork
to predictinstruction-basednemorydistance and apply memory
distanceanalysisto optimizationsthatrequirememoryor datade-
pendencénformation.

2.2 Memory Disambiguation

In orderto get high performanceload instructionsmustbe is-
suedasearlyaspossiblewithout causingnemoryorderviolations.
Oneway to accomplishthis taskis to usea memorydependence
predictorto guide instructionscheduling. By cachingthe previ-
ouslyobseredload/storedependences,dynamicmemorydepen-
dencepredictor guidesthe instruction schedulerso that load in-
structionscan be initiated early, even in the presenceof a large
numberof unissuedstore instructionsin the instructionwindow.
Work in this areahasproducedncreasinglybetterresults[11, 16,
15, 5]. The problemof memorydisambiguatiorand communica-
tion throughmemoryhasbeenstudiedextensively by Moshovos
and Sohi [15]. The dynamic memory disambiguatorgproposed
mainly useassociatie structuresaiming to identify the load/store
pairsinvolvedin thecommunicatiorprecisely Reinmanetal. [20]
proposeusingpro le analysiso markdependencdsetweerstores
andloadsvia tagsin storeandload instructionsto identify oppor
tunitiesto communicatevaluesbetweena storeandits dependent
load. They do not apply their techniqueto memorydisambigua-
tion. Variouspatentg23, 11] alsoexist thatareaimedat identify-
ing thoseloadsandstoresthatcausememoryorderviolationsand
synchronizinghemwhenthey areencountered.

ChrysosandEmer([5] introducethe storesetconcepthichuses
direct mappedstructureswithout explicitly aimingto identify the
load/storepairs precisely With sufcient resourcesthe storeset
schemeprovidesnearoracleperformancd5] for a setof SPEC95
benchmarks.We choosethis schemeas one of the basesfor our
evaluationanddescribehe algorithmandimplementatiorin detail
in Section2.3.1. Yoazetal. [26] presenta dynamicstoredistance
basedtechniquethat usesless spacethan store set, but doesnot
performaswell. OnderandGupta[19] have shovn thattherestric-
tion of issuingstoreinstructionsin-ordercanberemovedandstore
instructionscan be allowed to executeout-of-orderif the mem-
ory orderviolation detectiormechanisnis modi ed appropriately
Furthermorethey have shavn thatmemoryorderviolation detec-
tion canbe basedon values,insteadof addressesOnder[17] has
proposed light-weightmemorydependenceredictorwhich uses
multiple speculatiorevelsin the hardwareto directload specula-
tion. This schemeoutperformsstoresetalgorithmwhenpredictor
spacds small.

While theabore schemesrebasedn memorydependencpre-
dictions, Fanget al. [9] have proposeda feedback-directechem-
ory schemewhich use memorydistancepredictionto determine
whetheror not to speculatea load instruction. We examinetheir
approachn detailin Section2.3.2.

2.3 Background

2.3.1 Store Set

Thestoresetalgorithmreliesonthe premisethatfuturememory
dependencesanbecorrectlyidenti ed from thehistoryof memory
orderviolations. In this respectthe store setof aload instruction
in arunningprogramis de nedto bethesetof all storeinstructions
uponwhichit haseverdependedThealgorithmbeginswith empty
sets,andspeculate$oad instructionsaroundstoresblindly. When
themicro-architectureletectsa memoryorderviolation, offending
storeandload instructionsareallocatedstoresetsand placedinto
their respectie sets. Whenthe load is fetched,the processowwill
determinewhich storesin theload's storesetwererecentlyfetched
but notyetissuedandcreatea dependencaponthesestores.

Sincealoadmaydependuponmultiple storesandmultiple loads
may dependon a single store,an ef cient implementatiorof the
conceptmay bedif cult. In orderto usedirectmappedstructures,
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Figure 1: Store setimplementation

ChrysosandEmerproposecertainsimplifying assumptions their
implementatiorwhich limit a storeto bein atmostonestoresetat
atime andlimit the total numberof loadsthat canhave their own
storeset. Furthermorestoreswithin a storesetare constrainedo
executein the programorder With thesesimpli cations, they im-
plementhestoresetalgorithmusingtwo directmappedstructures,
asshavn in Figure1l. The rst is a PCindexed table called the
Stoe SetlD Table (SSIT)which maintainsstoresetswith aunique
storesetidenti er (SSID) for eachset. The secondis calledthe
Last Fetched Stoe Table (LFST) and containsdynamicidenti -
cationnumber(storeinum) of the mostrecentlyfetchedstoreper
storeset. Recentlyfetchedload/storeinstructionsaccesshe SSIT
basedon their PCandgettheir SSID. A load or storewith a valid
SSID will accesghe secondtable, the LFST, to get the inum of
the storeinstructionthatit shouldfollow atthetime of scheduling.
A storeinstructionalsoupdatests LFST entrywith its own inum
Whenamis-speculatiotis obsered,thecolliding loadandstorein-
structionsareassignedhe sameSSIDin their correspondingSIT
entries.

Thestoresetalgorithmprovidesnearoracleperformancevhenit
is presentedavith asufciently largeSSITtable.However, sincethe
setinformationis collecteddynamicallythereis no easywayto use
thesamemechanisnduringcompiletime to calculateandcommu-
nicateinstructiondependencieslo be effective, any compiletime
only mechanisnshouldguarante¢hatthe dependenceamformation
communicatedo the hardware by the compilerwill be invariant
acrosdifferentprograminputs. The compilercanonly do this if
eachstoreinstructionis assigneda uniquecompiletime identi er
andthe storesetinformationis collectedacrossall programpaths.
Thiswould meanthateachstoresetto which aloadbelongswould
beoverly conserative (aloadcouldhave beenspeculateduccess-
fully eventhoughit is dependentn a store)andthe setswould be
prohibitively largefor effective communicatiorio the hardwareby
the compiler

On the contrary as a feedback-directednethod,the proposed
storedistancébasedschemegperformsoff-line analysiso determine
how therelevantmemorydependencesill manifesthemselesin
thestoreschedulingvindow. Doing so,thecompilerdoesnotneed
to assigna uniquestatic storeidenti er. In otherwords, instead
of encodingthe exactdependencieamongloadsandstoreswhere
eachis uniquelyidenti able, the storedistancetechniqueencodes
thedistancethatwill be obseredbetweera storeanda dependent
loadin theschedulingvindow. Suchinformationcanbecommuni-
catedto the hardwareusinga very smallintegernumber Changes
that would occurwith differentdatasets(i.e., whenthe program
takesa differentpaththe schedulingdistancemay change)anbe
handledusingstatisticalanalysisaspresentedh thefollowing sec-
tions.

2.3.2 AccesdDistance

Accessdistancebasedmemory disambiguatioris a feedback-
directed methodthat identi es the load instructionsthat can be
speculatedat runtime using two pro le runs of a program. For
speculatie execution,if aloadis sufciently farawayfromthepre-

viousstoreto thesameaddresstheloadwill beagoodspeculation
candidateOtherwisejt will likely causeamis-speculatiorandin-
troducepenalties.The possibility of a mis-speculatiomlepend®n
thedistancebetweerthestoreandtheloadaswell astheinstruction
window size,theload/storequeuesize,andmachinestate. Taking
all thesefactorsinto accountFangetal. [9] de ne theaccesdis-
tanceof aload asthe numberof memoryreferencedetweenthe
loadandthepreviousstoreto thesamememoryaddressThey pro-
poseto speculatea loadinstructionif its accesglistances greater
thananempiricalthreshold.Having obseredthe changeof access
distancewith datasize,Fangetal. usetwo trainingrunswith small
inputsto estimatethe instructionbasedaccesslistancefor a third
inputin evaluation.

For thoseload instructionswith a constantaccesdlistance the
thresholdis directly usedto determinewhetherthe load is spec-
ulative or non-speculative Thoseload instructionswhoseaccess
distanceincreasewith datasize are marked as speculativen fa-
vor of largeinputs. All otherloadinstructionsaremarked asnon-
speculativeto reducethe possibility of mis-speculationsAt run-
time, the processoispeculateshe load instructionsaccordingto
the speculatie or non-speculatie compilerannotation.The store
distancebasedschemethat we presentin this paperdiffers from
the accesdistancebasedmethodin thatit aimsto nd the spe-
ci ¢ storeinstructiononwhichaloaddependsandthusis likely to
be moreaccuratén memorydependencprediction. Additionally,
the storedistancebasedschemeequiresonly onetrainingrunona
very smallinput.

3. STORE DISTANCE ANALYSIS

In this sectionwe rst introducethe conceptof store distance
Then,we presenbur storedistanceanalysisusedfor memoryde-
pendenceredictionandload speculatiorfor dynamicallysched-
uled superscalaprocessorsAt the endof this section,we brie y
describenow to encodehe storedistancen aloadinstruction.

3.1 Store Distance

store A

store B ——

store C

load D 4
load B ——

store E

store B

load A

ERN - NV I VO SR

Figure 2: Store distanceexample

The store distanceof a load is de ned asthe numberof store
instructionsbetweenthe load andthe previous storethataccesses
thesamememorylocation. As shavn in the codesequencén Fig-
ure 2, instruction5 (load B) hasa storedistanceof 1, while the
storedistanceof instruction8 (load A) is 4. Storedistanceis a
programpropertythat quantitatvely speci esthe dependencée-
tweena loadanda store. For aload with a storedistanceof n, we
can nd thestore(the (n+1)-stone)onwhich it dependsy track-
ing the storeexecutiontracein reverseprogramorder In modern
superscalaprocessorsinstructionsare usually processedn pro-
gramorderin the front-endof the pipeline. If the storedistanceof
a load instructionbecomesknown asit is decodedjt is not dif -
cult for the processoto gure outthe speci ¢ storeinstructionon
whichtheloaddependsandthusscheduleheloadaccordingly In
this work, we usepro ling with a smallinput to collectthe store



distanceof eachload instruction,and then develop a novel com-
piler/architectureooperatre mechanisnto directtheprocessofor
ef cient andaccuratdoadspeculation.

3.2 Store DistanceAnalysis

To simplify the compiler/micro-architecturaterface,the com-
piler associatesnestoredistancewith eachstaticloadinstruction,
calledthesummarystore distance We have obseredthat,on aver
age,over82%of theloadinstructiondn SPECCPU200@rograms
have just one storedistance.For theseinstructions the storedis-
tanceis directly usedasthe summarydistance.However, for the
otherinstructionsmultiple storedistancedor a staticloadinstruc-
tion canresultfrom a dependencehangebetweerdifferentexecu-
tionsof aloadin asinglerun. Many factors suchasindirectarray
referencesand conditionalbranchesmay causea dependencéo
change For theinstructionsin this cateyory, the compilermustju-
diciously selecta summarydistanceto ensurecorrectspeculations
for mostcasesWe have developedanef cient summarystoredis-
tanceselectionalgorithmthatwe presentaterin this section.Our
algorithm rst collectsstoredistancebasedon a pro ling run on
a smallinput. The summarydistances thenchosernbasedon the
distancedistribution of eachinstruction.

To collectthe storedistancedistribution for eachstaticloadin-
struction,we run a programusinga smalltraininginput. To calcu-
latethe storedistanceye keepa globalstoreinstructioncounterto
representhestore cycle For eachstore weinsertits addressnto a
hashtablealongwith the currentstorecycle. Eachloadonly needs
to searchthe hashtable and comparethe currentstore cycle with
the previous onefor the sameaddresgo obtainits storedistance.
For the purposeof memorydependenceredictionin superscalar
processorswe only needto considershortstoredistances.If the
storedistanceis greaterthanor equalto a thresholddistancege.g.,
the reorderbuffer size,the load instructionis not likely to depend
on ary storesin the currentpipeline. We refer to this threshold
distanceasthe speculatingdistance If aloadhasa storedistance
greaterthanor equalto the speculatinglistance we setthe store
distanceo bethespeculatinglistance For suchaload,theproces-
sormayalwaysspeculatét with averylow probabilityof incurring
amis-speculation.

To computethe storedistance we keepa counterfor eachdis-
tinct storedistancerangingfrom 0 to the speculatingdistance.A
storedistancefor a singleloadis consideredasthe dominantdis-
tanceif the instancef this distanceaccountfor at least95% of
thetotal accessefor thisinstruction.

To selectthe summarystore distance we begin by initializing
every load instructions summarystore distanceto the speculat-
ing distance(rule 0). Then, accordingto the pro ling results,if
aloadinstructionhasa dominantdistancewe 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 speculatehose
loadinstructionsalwaysbecauselind speculatioroutperformano
speculationn mostcaseq5]. Rule 1 makesit likely thata dom-
inant numberof load instanceswill be correctly speculated.For
rule 2, choosinghe minimumdistancereduceghe numberof mis-
speculationsWe illustratethethreerulesusingthefollowing loop:

DOl =1, N-
All) B()
B() = A(N) + A()

No dependencexistsfrom thestoreto A(l) to theloadfrom A(N),
and A(N) 's summarystoredistanceis setasthe speculatingdis-

+ A2

tance. Additionally, the load from A(l) always dependson the
previousstoreto A(l) , giving a storedistanceof 0. This indicates
thatA(l) shouldnever bypassary precedingstoreinstruction. Fi-
nally, theloadfrom A(2) hastwo storedistances0 whenl equals
2 anda very large distanceotherwise. Sincethe large storedis-
tancedominatesin this case,our algorithm chooseso speculate
A(2) alwaysby usingthespeculatinglistanceasits summarystore
distance The storesetapproacltcannotspeculaten this caseonce
amemoryorderviolation occurs.However, theproposedpproach
correctlyspeculatea dominantnumberof loadinstancesvhile in-
curring just a few mis-speculationsin Section5, our evaluations
shaw thatthe storedistancebasedschemeputperformsstoresetin
similar situationson several SPECCPU2000benchmarks.

Storedistancebasedmemorydisambiguatiormustconsiderthe
casewherethe storedistancechangesacrossprograminputs. A
changein storedistanceimplies that the summarystoredistance
doesnotexactlyrepresenthememorydependencdsr inputsother
thanthe pro led one. Our methodassumeghat small storedis-
tancesareindependentf input size. Fangetal. [9] have obsered
thatover 80% of the memoryinstructionsn SPECCPU2000have
constantmemorydistancesFor shortstoredistancesthis percent-
ageis evenhigher If adependences loop-independentr carried
by theinnermostioop, or theloop boundis constantthe storedis-
tanceof aloadinstructionis likely to be independenbf the input
size. To seewhy, considertheloopsin Figure3. The dependence
betweem(,J+3) andA(l,J) in Figure3(a)is carriedby thein-
nermost] loop,andthestoredistanceof A(l,J) is2for all possible
inputs. Ontheotherhand,if the dependences carriedby anouter
loop, asthe casein Figure3(b), the storedistances normallyvery
large (onthe orderof Nin theexampleloop). Eventhoughthestore
distancemay changewith inputs, our schemestill considerst as
constantbecausave canalways speculateheseload instructions
likely without incurring mis-speculationsincethe storedistance
is greaterthanthe speculatingdistance. As shawvn in Section5,
mostloadshave a storedistancethat can be consideredconstant
for the purpose®f memorydisambiguationywhetherthey be con-
stantacrossinputsor always larger thanthe speculatinglistance.
In caseswherethein uence of input size upon storedistancess
not negligible, the memorydistanceanalysisframeavork proposed
by Fanget al. [9] canbe appliedto enhanceour mechanismby
predictingstoredistances.

Finally, we would like to note herethat the storedistancepro-
ling in this work is costeffective. Only a single,smallinputis
requiredfor thepro ling runandthecostto calculatethe storedis-
tancefor eachreferencds just a small constant.Becauseve only
considershortstoredistancesthe memoryrequirements limited,
only ontheorderof thenumberof staticloadinstructionswhichis
normallyjust severalthousandor a SPECCPU2000program.

3.3 Store DistanceEncoding

In orderto encodethe storedistancein a load instruction,we
must rst determinethe storedistancerangeunderconsideration,
which depend®n the speculatingdistance.If the speculatingdis-
tanceis too small, loadswith a storedistancebeyond this range
may causemis-speculationsOn the otherhand,if the speculating
distancss too large, the encodingwill requiretoo mary bitsin the
instruction eld. Asdiscussegbreviously, all loadswith astoredis-
tancegreatetthanor equalto thespeculatinglistancemaybespec-
ulatedblindly with a low probability of incurring memoryorder
violations. Thereorderbuffer sizeis an upperboundfor the spec-
ulating distance. For a speci ¢ machinecon guration, the spec-
ulating distanceis determinedby machineparametersuchasthe
width and depthof the pipeline, the instructionwindow size,the



DOI=1,N
DOJ=1,N3
A(1,3+3) = A(1,J) + 10.0

(a) Innermostoop carrieddependence

DOI=1,N1
DOJ=1,N
A(I+1,J) = A(1,J) + 10.0

(b) Outerloop carrieddependence

Figure 3: Constant store distance

numberof memoryportsandthe load/storequeuesize,aswell as
someprogrampropertieslike the storeinstructiondensityin the
codesequenceWhile an analyticalmodelmay be dif cult to ob-
tain, in Section5 we usean empirically determinedvalue for the
speculatingdistanceby observingthe numberof mis-speculations
for asetof benchmarksisingvariousspeculatinglistances

Giventhatthe summarystoredistanceis in the rangefrom 0 to
s, wheres is the speculatinglistancewe canusehblog(s)c+ 1 bits
of the offset eld of a load to encodethe storedistanceinto the
loadinstruction. Eventhoughusingbits from the offset eld may
increaseregister usageand addresscomputation,Wang [25] has
obsered only a nggligible performanceifference(usually none)
by reducingthe offsetfrom 16 to 12 bits in the Alpha instruction
set.

4. MICR O-ARCHITECTURE DESIGN

With the summarystoredistanceencodedn the load instruc-
tions, the majortaskof the micro-architecturelesignis to nd the
appropriatestoreuponwhich a load dependsusing this informa-
tion. For this purpose we implementa store table, asshavn in
Figure4. Eachentry of the tablecontainsa storeinstructions ID,
which canuniquelyidentify this storein the currentpipeline. In
this work, we usethe reorderbuffer index to identify the load and
storeinstructions.Cur is a pointerthat pointsto the mostrecently
decodedstoreinstruction. The storetable is addressedising cur
andanoffset. Whena storeinstructionis decodedgur is advanced
andthe storeinstructionputsits ID in the cur positionof the store
table. As aload instructionis decodedjt usesits summarystore
distanceasthe offsetto getthe ID of the storeon which it is sug-
gestedo dependandrememberdt in thereorderbuffer for alater
speculationdecision. In our experiment,we implementthe store
tableusinga small circular buffer. If the encodedsummarystore
distanceis the speculatingdistance,the load instructionmay be
speculatedlindly becausano dependenstorewill befoundin the
table.

store table
1. store A // 1D
1Dy 2. store B // ID,
1D, 3. load C // SSD=s
4. store D // ID,
cur —» D, 5. load A // SSD=2
0

Figure 4: Storetable implementation

For the example code sequencen the right-handside of Fig-
ure 4, instruction3 will alwaysbe speculatedandfor instruction
5, becausets storedistances 2, this load instructiondependson
instruction1 by usingcur and2 asan offset to addresghe store
table.

As mentionedearlier the encodeddistancemay not represent
the storedistancedor all instance®f a staticload instruction,and
mis-speculationare still possible,especiallyfor caseswvherethe
actualstoredistanceis shorterthanthe summarystore distance.
In this work, we usea mis-speculatiorhandlingmechanisnvery
similar to that proposedby Onderand Gupta[19]. Detectionof
thememoryorderviolationsis performedoy recordingtheloadin-
structions effective addresstheload's ID andthe producerstores
ID in atablecalledthe speculativdoad tablewhenaloadinstruc-
tionisissuedspeculatiely. If theloadobtainsthevaluefrom mem-
ory, its producerstores ID is setto a numberout of the rangeof
the reorderbuffer index. Eachload instructionis associatedvith
an exceptionbit in the reorderbuffer. This bit is setor resetby
the storeinstructions.We allow the storeinstructionsto beissued
out of programorder andthe checkingof the speculatie load ta-
ble is delayeduntil the retire time of the storeinstructions. The
speculatie load tableis probedwith the addressisedby the store
instruction. For a matchingaddressthe producerstoreresetsthe
exceptionbit andall otherstoressetthis bit. Thisis to make sure
only thosestoresthat a load hasactually bypassedtan be effec-
tively involved in memoryorderviolation checkingfor this load.
Oncetheloadinstructionis readyto retire, it checksits exception
bit. If thebit is set,aroll-backis initiated andthe fetch startswith
the exceptingload instruction. Otherwise,the load instructions
entryis deallocatedrom the speculatie loadtable.

Onceequippedvith theability to detectmemoryorderviolations
androll backappropriatelythe micro-architecturdoecomesapa-
ble of exploiting dependencethroughmemory For variousap-
proacheshedifferencdiesin how thespeculatindoadinstructions
areselected.In this paper we assumehat the micro-architecture
examinesload and storeinstructionsfrom oldestto youngest. If
a storeinstructionis readyto issueandresourcesre available, it
is issued.If aloadinstructionhascompletedaddressomputation,
i.e., isreadytoissuejt isissuedunlesghestorein thestoretableon
which it dependss notready Finally, if aloador storeinstruction
hasnot completedts address€omputationit is skipped.

In this paper we usethe samememoryorderviolation handling
mechanismandsimilar load/storeéssuelogic for thevariousmem-
ory disambiguatiorschemesTherefore the major costdifference
amongthe variousschemegsomesfrom the predictorspace.The
accesdlistancebasedschemeusesno predictorandthe proposed
storedistancebasedschemeusesan extremely small storetable
(16 bytesin ourimplementation}o resole memorydependences.
However, store setrequiresa large SSIT which usuallyconsumes
severalthousandytesof on-chipmemoryin orderto achieve good
performance.



5. EXPERIMENT AL EVALUATION

In this sectionwe explorethe potentialof usingstoredistanceas
ametricto determinememorydependenceis dynamicallysched-
uled superscalaprocessors.We begin with a discussionof our
experimentaldesignand then examine the performanceof store
distancebasedmemorydisambiguatioron a subsetof the SPEC
CPU2000benchmarlsuite.

5.1 Experimental Design

To examinetheperformancef storedistancebasednemorydis-
ambiguationwe usethe FAST micro-architecturasimulatorbased
uponthe MIPS instructionset[18]. The simulatormodelsthe su-
perscalapipelineandis cycle accurate.The major parametersf
the baselinemachineare shovn in Table 1(a). We implementa
32KB directedmappednon-blockingL1 cachewith a lateny of
2 cyclesanda 1MB 2-way setassociatie LRU L2 cachewith an
accesdateny of 10 cyclesanda misslateng of 50 cycles. Both
cachedave aline sizeof 64 bytes.

To evaluatethe relative performanceof storedistance we have
implementedsix differentmemorydisambiguatiorschemesvhich
arelistedin Table1(b). For the accesglistancebasedschemg?9]
asdescribedn Section2.3.2,we usethe test andtrain input sets
of SPECCPU2000for the two training runs. SS1K, SS4K and
SS16K arethreestore setschemesvith storesetidenti er tablesof
1K, 4K and16K entries respectrely. For storeset,we implement
a 256-entrylastfetchedstoretable,andapplycyclic clearingevery
onemillion instructionsto invalidateall SSIT entries[5]. Perfect
memorydisambiguatiomever mis-speculatewith theassumption
thatit alwaysknows aheadthe addresseaccessedby a load and
storeoperation.

For ourtestsuite,we usea subsebf theC andFortran77 bench-
marksin theSPECCPU200Menchmarlsuite. Theprogramsmiss-
ing from SPECCPU2000dncludeall Fortran90andC++ programs,
for whichwe have no compiler and3 programg254.aap, 255.\or-
tex, and 200.sixtrack)which could not be compiledandrun cor-
rectly with our simulator For compilation,we usegcc-2.7.2with
the-O3optimization ag. We usethetest inputsetsfor thetraining
run to generatehe summarystoredistanceandthenexaminethe
performancausingthe reference inputs. To reducethe simulation
time, we fastforward the rst onebillion instructionsandcollect
resultsfor the next onebillion instructions.

In this work, we addinstrumentatiorto our micro-architectural
simulatorto collect the storedistancestatisticsfor every load in-
struction. However, tools like ATOM [22] and PIN [12] may be
usedon mary architectureso reducethe pro ling costover simu-
lation.

In this experiment,we augmenthe MIPS instructionsetto in-
clude the summarystoredistancefor the processotto determine
which storeinstructiona load dependn at runtime. To encode
the storedistanceof aloadin theinstruction,we usea speculating
distanceof 15 for our simulatedmicro-architectureThis is based
on the obsenation that almostno mis-speculationsire causedoy
thoseloadswith a storedistancegreaterthanor equalto 15, even
thoughthey areblindly speculatedGivena speculatinglistanceof
15, we use4 bits from the 16-bit offsetof a MIPS loadinstruction
to encodehe summarystoredistance.

5.2 Results

In this section,we reportthe resultsof our experimenton our
benchmarksuite. First, we reportthe storedistancecharacteris-
tics of SPECCPU2000benchmarkdhat we usedin our experi-
ment. Then,we reportraw IPC datausinga numberof speculation
schemes.

5.2.1 Store DistanceCharacteristics

As discussedn Section3, storedistancebasedmemorydisam-
biguationcanoften moreeffectively predictmemorydependences
if thestoredistanceof aloaddoesnotchangeacrossnputs.A con-
stantstoredistanceallows storedistanceanalysisto be appliedto
asingletrainingrun, ratherthanthe multiple training runsusedin
previous memorydistanceanalysis[7, 8, 13, 29]. An analysisof
the benchmarksn our suiteshavs that99.1%of the load instruc-
tionsin CFP2000programsand 94.9%of the load instructionsin
CINT2000programshave constantstoredistancescrossest and
reference input setswith over half of thesedistancedeinggreater
thanor equalto the speculatingdistanceusedin our experiments.
Notethatwe considemary distancegreatethanor equalto thespec-
ulatingdistanceo bethespeculatinglistancesincearythinglarger
thanthespeculatinglistancewill allow speculatiorevenif it grows
with the datasize. This resultvalidatesusinga singletraining run
to computestoredistance.

Giventhesummarystoredistancefrom a singletrainingrun, the
effectivenessof our schemedependson how accuratelythe com-
piler generatecdsummarystoredistancerepresentshe actualstore
distanceof the load instructionsin the actualrun. To determine
the accuray of storedistanceanalysis,we comparethe storedis-
tanceof eachinstanceof theloadinstructionsfor thereference in-
put with its summarystoredistance which is obtainedfrom the
training run usingthe test input. For a load instruction,if the ac-
tual storedistancesqualsits summaryone(EXACT), its dependent
storeinstructioncanbecorrectlyidenti ed atruntimeandthisload
canbe successfullyspeculatedccordingto the micro-architecture
designin Section4. If the actualstoredistances greaterthanthe
summarystoredistancLONGER), our schemewill directtheload
instructionto dependon a later storeinstruction,andfalsedepen-
denceganay be introduced.Finally, whenthe actualstoredistance
is lessthanthe summarystoredistance(SHORTER), the load in-
structionmay be mis-speculated The goal of our summarystore
distanceselectionalgorithmis to maximizethe casef EXACT to
ensurecorrectspeculationwhile keepingSHORTER casesaslow
aspossiblein orderto avoid mis-speculation.

We classifyload instructionsinto the above threecategoriesfor

our setof SPECCPU2000programs,asshavn in Figure5. For
oating point programs95.4%load instructionsfall into the EX-
ACT categyory, and0.2%fall into the SHORTER category, on aver-
age.177.mesas theonly programthathasmorethan0.2%of the
loadinstructionsvhoseactualstoredistances shorterthanits sum-
mary storedistance.This is because numberof the loadsdo not
appeaiin thetraining run, makingthemspeculatedlindly. Some
of theseblind speculationsin turn, resultin mis-speculations.

As shavn in Figure5(b), theinteger programshave 88.3%EX-
ACT and1.1% SHORTER load instructions. This implies thatthe
storedistancebasedschemeamay generatemore mis-speculations
andfalsedependencesn theinteger programghanonthe oating
point programs. 164.gzip,253.perlbmk,256.bzip2and 300.twolf
incur a larger percentag®f loadsin the SHORTER cateyory than
theotherprograms For 256.bzip2and300.twolf, anumberof loads
do not appearin the training run, resultingin blind speculation.
Theseloadsthenexperiencemis-speculationguring executionon
thereference input. For 164.gzip,in somecaseghedistribution of
shortandlongreusedistanceghangedor a multiple storedistance
load. In theseanstancesalargerpercentagef shortreusedistances
occurin thereferenceun dueto variationsin the executionpaths
taken. Finally, for 253.perlomkhechangen inputfrom test to ref-
erence resultsin adifferentdistribution of storedistanceshatfavor
a shorterdistance.Note thatin eachof the above casesthe mis-
predictionof storedistanceonly occursfor avery smallpercentage



parameter con guration

issue/fetch/retiravidth | 8/8/8

instructionwindow size | 128

scheme]| description

reorderbuffer size 256

access | accesglistance
SD storedistance

load/storequeuesize 128

(a) Con guration

functionalunits issuewidth symmetric SSIK storeset, 1K SSIT
SS4K storeset, 4K SSIT
branchpredictor 16K gshare SST6K £ 16K SSIT
memoryports 2 fect 5 orrfeatad’l mbiguation
datacache L1: 32KB, D-Mapped pertect | perfectdisambiguatio
L2: 1IMB, 2-way . .
(b) Disambiguators

Table 1: Machine con guration and memory disambiguators
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Figure5: Instruction distrib ution around summary store distance

of loads.As shavn in the next section,evenwith thesecasesstore
distancedoesaneffective job of predictingmemorydependences.
Whetheror not a SHORTER load instructionwill causemis-
speculationor a LONGER load instructionwill causea falsede-
pendencelependsiponthe runtime situation. For example,even
if aloadinstructionwith anactualstoredistanceof 4 is speculated
becausdés summarystoredistances larger, the fth previousstore
instructionmay have alreadybeenexecutedwhenthe processors-
suestheloadinstruction,resultingin no mis-speculation.

5.2.2 IPC

Giventheeffectivenes®f storedistanceanalysisasshovn in the
previoussection,in this sectionwe detailthe runtimeperformance
of storedistancebasedmemorydisambiguatior{SD). Overall, SD
yields performancebetterthan accesdistancebasedspeculation
(access), storesetusinga 1K SSIT (SS1K) andstoresetusinga
4K SSIT(SS4K) for boththeintegerand oating-point programsn
our benchmarksuite. Speci cally, on oating-point programsSD
achieves a harmonicmeanperformancémprovementof 9% over
both access and SS1K and 4% 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 yields performanceomparabldéo both. On oating-
point programs,SD achiezesa 1% harmonicmeanimprovement

over SS16K and comeswithin 1% of the harmonicmeanperfor
manceof perfect. On integer programs,SD comeswithin 1% of
SS16K andwithin 2% of perfect. In the restof this section,we
focuson the relative performanceof SD versusSS1K and SS16K
sincetheselatter two schemegjive us a comparisorwith current
well-known hardwaretechniquesWe notethedifference®f SS4K
and SS16K nearthe end of the section. For the performanceof
all disambiguatiotechniquesseeFigurest and?. In addition, Ta-
bles2 and 3 detailtheeffectivenesof eachdisambiguatiomethod
in termsof the numberof mis-speculationsthe total numberof
speculationsindthe numberof falsedependencescurred.

We have foundtwo mainfactorsthatcontrituteto aperformance
adwantagefor SD over both storesetschemes.First, SD hasan
adwantagewhenaliasingoccursin the SSIT. Sincethe SSIT is ac-
cessedisingthe PC asanindex into the direct-mappedtructure,
multiple PCsmapto the sameentry in the table. This may cause
a load and storethat never incur a memoryorder violation to be
mappedo the sameSSID, preventingload speculationincreasing
the SSIT size andclearingthe table periodically reducethe prob-
lem, but do noteliminatealiasingcompletely As describedn Sec-
tion 3, thesecondactorgiving SD a performancadwantages that
dependencebetweena load and storemay only occuroccasion-
ally. In this situation,SS1K andSS16K will ceasdoadspeculation
uponthe rst occurrenceof amemoryorderviolation, evenif the
violation only occursrarely thereafter In contrast,SD recognizes



wupwise apsi mgrid applu mesa

: HHIH

art equake ammp apsi H-Mean

Figure6: CFP2K IPC

45

4 o

35 T Daccess

3 R I BsD
0 251 I [ e OssiK
L, HH EeEER N OSSHK

151 OSS16K

1. Hperfect

) [

0 : ‘

0zip vpr gec mef crafty

parser perlbmk bzip2 twolf H-Mean

Figure7: CINT2K IPC

therarity of the dependencandsacri cesa few mis-speculations
for increasegerformancen the majority of cases.

Several oating-point programsncur problemswith aliasingthat
reduceperformance For SS1K, 168.wupwise171.swim,179.art,
183.equak and 301.apsiexhibit a performancedegradationwith
respectto SD dueto aliasing. Table 2 shavs that SS1K exhibits
signi cantly morefalsedependencethanSD. Thesedependences
resultfrom aliasingin the SSIT. For SS16K, only 301.apsincursa
signi cant amountaliasingin the SSITasshavn by theincreasen
thefalsedependenceshencomparedvith SD.

173.applwexhibitsthesecongphenomenomentionedabore. As
reportedin the original storesetpaper[5], someload instructions
in 173.applwnly dependnneighboringstoresoccasionally Store
distanceanalysisrecognizegherareoccurrencef a dependences
andallows speculationBoth SS1K andSS16K limit thenumberof
speculationdecausef this frequentlyfalsedependencasillus-
tratedin Table2.

Consideringntegerprograms176.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. Examiningthe numberof false depen-
dencegeronethousandoadsfoundin Table3, SS1K incurssig-
ni cantly morefalsedependencethanboth SD and SS16K with
SD incurringmorefalsedependencethanSS16K.

In examiningthe caseswvherethe storesettechniqueperforms
betterthansD, we have foundthreemajorreasongiving storeset
an adwantage. First, SD mustsummarizethe store distancewith
a single value, choosinga minimum storedistanceif a dominant
distancedoesnot exist. In somecasesthe storedistanceof aload
correlateso theexecutionpathin theprogram.Considetheexam-
plein Figure8. If executionfollows pathl, theloadatinstruction9

exhibits a storedistanceof 5. However, if executionfollows path2,
the load exhibits a storedistanceof 1. If neitherdistanceis domi-
nant,SD selectsl asthestoredistance Thus,every time execution
follows path1, a falsedependencenay occur The storesetalgo-
rithm putsbothinstructionsl and?7 into the storesetfor instruction
9. Whenexecutionfollows path1 andinstructionl executesjssu-
ing of instruction9 is possible.In otherwords, storesetmakesa
loadwait only aslong asnecessary

storeA
storeB
storeC

store D
store E 7. storeA

Sore E 8. storeE

nair& ‘/aamh 2

9.load A

S UAWNE

Figure 8: Path-correlatedstore distance

The secondreasoncausingSD to performworsethanstoreset
occurswhenloadinstructionsdo not appeaiin thetrainingrun. In
this case,SD may incur more mis-speculationshanstoresetdue
to blind speculationreducingperformance Finally, thethird phe-
nomenongiving storesetan advantageoccurswhenthein uence
of inputsizechangecausessD to incur anincreasan falsedepen-
dencesThis occursdueto afailureto detectthatthe storedistance
hasincreasedavith thedatasize. Thislastphenomenocanbeover
comeusingthe memorydistancepredictiondevelopedby Fanget
al.[9].



Benchmark mis-speculation total speculation falsedependences

SD | SSIK [ SS4K | SS16K || SD | SSIK [ SS4K | SS16K SD SS1K [ SS4K | SS16K
168.wupwise| 2.44] 196 | 0.13 | 054 | 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 | 3054 | 12.16| 2.63
172.mgrid 0.12] 0.05 | 0.0I | 0.01 || 816 813 816 816 003 ] 141 | 0.29 | 0.16
173.applu 262 097 ] 0.0I | 0.01 || 851 832 815 815 28.88| 54.42 | 55,5 | 58.56
177.mesa 2641 1.32 | 091 | 0.05 || 713| 710 715 718 6.68 | 13.28 | 242 | 0.25
179.art 0.02] 0.04 | 0.04 | 0.04 | 724] 697 724 724 0.30 | 30.25 | 0.0I | 0.01
183.equak | 0.00| 14.44] 2.24 | 0.07 || 550 | 478 522 551 0.00 | 1843 | 5.62 | 0.10
188.ammp | 1.09] 0.25 | 0.35 | 0.11 || 149 | 134 149 152 016 | 743 | 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 129] 416 | 1.83 | 0.11 || 716| 651 684 708 11.58| 40.48 | 20.94 | 13.04

Table 2: Mis-speculations,total speculationsand false dependenceger thousandloadsfor CFP2K

Benchmark mis-speculation total speculation falsedependences

SD [ SSIK | SS4K | SS16K || SD | SSIK | SS4K | SS16K SD SS1K SS4K | SS16K
164.g9zip 2.03] 0.79 | 0.04 | 0.04 | 265| 273 | 277 277 39.84| 1155 | 11.48 | 11.45
175.vpr 0.16] 1.31 | 0.66 | 0.65 | 430| 425 | 437 437 528 | 16.15 | 2.98 0.65
176.gcc 550 7.98 | 708 | 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 2818 2789 | 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] 213 | 0.12 | 0.06 || 330| 326 | 343 345 8.42 | 19.03 | 1.04 0.71
253.perlomk| 0.06 | 0.62 | 0.17 | 0.17 | 385]| 384 | 389 390 6.67 | 1126 | 2.71 1.26
256.bzip2 8.53] 0.05 | 0.04 | 0.04 || 380| 382 383 383 1430 41.56 | 39.33 | 39.33
300.twolf 5471 611 | 426 | 0.89 | 631| 300 | 466 649 35.90| 100.68| 63.1 | 14.21
Average 250 227 | 1.38 | 0.24 | 429 359 | 396 437 16.14| 42.83 | 28.08 | 10.89

Table 3: Mis-speculations,total speculationsand falsedependenceger thousandloadsfor CINT2K

When comparingSD and SS16K, SD suffers from issuesre-
latedto path-correlatedtoredistanceon 168.wupwisel76.gccand
300.twolf. However, thenegative effectsof multiple storedistances
counterbalancehe effect of aliasingin SS1K giving SD anadwan-
tage.SD performsworsethanbothstoresetschemesn 256.bzip2.
This occurssincell%of theloadinstructionsappearingn theref-
erence run do not appeairin thetest run. In thesecasesSD's use
of blind speculatioryieldsa performancealegradation Finally, SD
performsworseon 177.mesdecause¢he storedistancecalculation
is sensitve to thechangen datasizebetweerthetest andreference
input sets.

As mentionedpreviously, Tables2 and3 summarizeéhe number
of mis-speculationstotal speculationsand falsedependencefor
SD, SS1K andSS16K. In general SD incursfewer mis-speculations
andfalsedependenceand moretotal speculationghan SS1K on

oating-point programswith the sametrend on integer programs
exceptthat SD incurs slightly more mis-speculationshan SS1K.
Comparedwith the performanceof SS16K on oating-point pro-
grams,SD incursfewer falsedependenceandmoretotal specula-
tions, but incursa highernumberof mis-speculationsOn integer
programssD incursahighernumberof mis-speculationandfalse
dependenceandfewer total speculationshanSS16K. Thereason
thatSD doesbetteron oating-point programshanonintegerpro-
gramscan be tracedto Figure 5 in Section5.2.1. As shawvn in
this gure, the predictedstoredistancefalls into the EXACT cate-
gory moreoftenfor oating-point programghanintegerprograms.
Thus, store distanceanalysisis more accuratefor oating-point
codesandcanyield betterperformanceesults.

SS4K andSS16K yield similar resultsexcepton four programs:
176.gcc,300.twolf, 183.equak and 301.apsi. On eachof these
four programsSS4K exhibits signi cantly more mis-speculations
andfalsedependencebhanSs16K. In thesecasesthereductionin
table sizeyields an increasein aliasing,resultingin signi cantly

lower performance.

SD outperformsaccess by over 8% onbothintegerand oating-
pointprograms Access yieldsbetterperformancehanSD ononly
oneprogram-— 256.gzip. In 256.bzip2,mostload instructionsap-
pearin only oneof therunsusingthetest or train inputs. Because
access usesboth the test and train input sets,access is able to
useoneor the otherinput setmeasurementsatherthanuseblind
speculatioras SD does. SD could regain the performancdossif
we choseto usemultiple training runsto computestoredistance.
In all programsotherthan256.bzip2 the additionalhardwareand
dynamicdependenceheckingperformsbetterthanthe single bit
usedto denotespeculatie loadsin access.

Finally, we notethatusingfewer than4 bits to encodethe store
distanceyieldsworseresultsfor SD. Using 3 bits for the storedis-
tancedecreasesthe performanceof SD between8 and 10% over
using4 bits. Additionally, using5 bits to encodethe storedistance
yieldsno appreciablémprovement.

6. CONCLUSIONS AND FUTURE WORK

In this paper we have developeda novel compilerand micro-
architecturecooperatre mechanisnfor dynamicmemorydisam-
biguationin superscalaprocessors. Basedupon store distance
analysisthe compilergenerates representatie storedistancefor
eachload instructionand passeghis information throughan in-
structionannotatiorto the micro-architectureGuidedby the store
distanceannotationthe processocanaccuratelyidentify the spe-
ci ¢ storeinstructionon which aload dependsandmalke specula-
tion decisionsaccordingly

The storedistancebasedmechanisnshavs very promisingre-
sults acrossa set of SPECCPU2000benchmarks. Our experi-
mental evaluationsindicate that the store distancebasedmethod
performsmuchbetterthanthe accesslistancebasedmemorydis-
ambiguatiorschemeandyieldsa performancerery closeto perfect



memorydisambiguationThestoredistancebasedschemalsoout-
performsthe storesettechniquewith a small predictorspaceand
achiesesa performanceomparabléo a 16K-entrystoresetimple-
mentationfor both oating pointandinteger programs.

We arecurrentlyaddingpathinformationto our computatiorof
memorydistanceto help disambiguatestoredistancesn multiple
paths. In the future, we plan to incorporatethis analysisinto our
speculatiorschemeto enhancestoredistancebasedmemorydis-
ambiguation.
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