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Abstract

Thispaperdescribesseveral methodsfor improving the
scalability of memorydisambiguationhardware for future
high ILP processors.Asthenumberof in-�ight instructions
growswith issuewidth and pipeline depth,the load/store
queues(LSQ)threatento becomeabottleneck in bothpower
and latency. By employinglightweightapproximatehash-
ing in hardware with structurescalled Bloom�lter s many
improvementsto theLSQare possible.

We proposetwo typesof �ltering schemesusingBloom
�lter s: search�ltering , which useshashingto reduceboth
the numberof lookupsto the LSQand the numberof en-
tries that mustbesearched,andstate�ltering , in which the
numberof entrieskept in theLSQsis reducedby coupling
addresspredictors and Bloom �lter s, permitting smaller
queues.We evaluatethesetechniquesfor LSQsindexedby
bothinstructionageandtheinstruction'seffectiveaddress,
and for both centralizedand physicallypartitionedLSQs.
We showthat search �ltering avoidsup to 98% of the as-
sociativeLSQ searches,providing signi�cant power sav-
ingsandkeepingLSQsearchesto underonehigh-frequency
clock cycle. We alsoshowthat with state�ltering , the load
queuecan be eliminatedaltogether with only minor re-
ductionsin performancefor small instructionwindowma-
chines.

1. Intr oduction

Computer architects have been improving the per-
formance of processors by implementing deeper
pipelines[28], wider issue,andwith largerout-of-orderis-
sue windows. Thesetrends producemachinesin which
morethanonehundredinstructionsmay be in-�ight [16].
Recently, several researchershave proposedtechniques
for scaling issuewindows to sizesof hundredsor thou-
sandsof instructions[8, 19, 22]. In all theseactual and

proposedmachines,hardwaremustperformdynamicmem-
ory disambiguationto guaranteethat a memoryordering
violationdoesnotoccur.

For any systemcapableof out-of-ordermemoryissue,
thememoryorderingrequirementsarethreefold.First, the
hardwaremust checkeachissuedload to determineif an
earlier (programorder) in-�ight store was issuedto the
samephysicaladdress,andif so,usethevalueproducedby
thestore.Second,eachissuedstoremustcheckto seeif a
later(programorder)loadto thesamephysicaladdresswas
previously issued,and if so, take corrective action.Third,
thehardwareshouldensurethat loadsandstoresreachthe
memorysystemin theorderspeci�ed by thememorycon-
sistency model.In many processors,thehardwarethat im-
plementsthe above requirementsis called the load/store
queue(LSQ).

Onedisadvantagewith currentLSQ implementationsis
that the detectionof memoryorderingviolations requires
frequentsearchesof considerablestate.In a naiveLSQ im-
plementation,every in-�ight memoryinstructionis stored
in theLSQ.Thus,asthenumberof instructionsin-�ight in-
creases,sodoesthenumberof entriesthatmustbesearched
in theLSQ to guaranteecorrectmemoryordering.Both the
accesslatency andthepowerrequirementsof LSQsearches
scalesuper-linearly with increasesin the amountof state
as the LSQ is typically implementedusinga CAM struc-
ture[2]. Asweshow in thenext section,simplyreducingthe
sizeof traditionalLSQ designsfor futuremachinescauses
anunacceptabledropin performance,whereasnotdoingso
incursunacceptableLSQ accesslatenciesandpower con-
sumption.Thesetraditionalstructuresthushave thepoten-
tial to bea signi�cant bottleneckfor futuresystems.

The techniqueevaluatedin this paperto mitigatethese
LSQ scalability limits is approximatehardware hashing.
We implementlow-overheadhashtableswith Bloom �l-
ters [3], a structurein which a load or a storeaddressis
hashedto a single bit. If the bit is alreadyset, thereis a
likely, but not a certainaddressmatchwith anotherloador
store.If the bit is unsettherecannotbe an addressmatch



with anotherload or store.We useBloom �lters to evalu-
atethefollowing LSQimprovements:

� Search �ltering: Eachloadandstoreindexesinto a lo-
cationin theBloom �lter (BF) uponexecution.If the
indexedbit is set in the BF, a possiblematchhasoc-
curred,andtheLSQ mustbesearched.If the indexed
bit is clear, the bit is thenset in the BF, but the LSQ
neednotbesearched.However, all memoryoperations
muststill beallocatedin theLSQ.Thisschemereduces
LSQ searchesby 73-98%dependingon the machine
con�guration.

� Partitioned search �ltering: Multiple BFs eachguard
a different bank of a banked LSQ. When a load or
store is executed,all the BFs are indexed in paral-
lel. LSQ searchesoccuronly in the bankswherethe
indexed bit in the BF is set. This policy enablesa
bankedCAM structurewhichreducesboththenumber
of LSQsearchesandthenumberof banksthatmustbe
searched.This schemereducesthe numberof entries
thatmustbesearchedby 86%.

� Load state�ltering: A predictorexamineseachload
uponexecutionandpredictsif a storeto thesamead-
dressis likely to beencounteredduringthelifetime of
the load. If so, the load is storedin the memoryor-
deringqueues.If thepredictionis otherwise,the load
addressis hashedin a load BF andis not kept in any
memoryorderingqueues.When storesexecute,they
checktheloadBF, andif amatchoccurs,adependence
violation may have occurredand the machinemust
perform recovery. With this scheme,the load queue
canbe completelyeliminated,at a costof 3% in per-
formancefor small instructionwindow machines.For
largewindow machines,however, ourresultsshow that
thecurrentlyusedBF'shashfunctionscausetoomany
unnecessary�ushesandarenotaneffectivesolution.

With theseschemes,we show that the area required
for LSQs can be reducedmarginally and, more impor-
tantly, that the power andlatency for maintainingsequen-
tial memorysemanticscanbesigni�cantly reduced.This,in
turn alleviatesa signi�cant scalabilitybottleneckto higher-
performancearchitecturesrequiringlargeLSQs.

The restof thepaperis organizedasfollows: Section2
surveysrelatedwork andshowsthattechniquesproposedto
datewill causeunacceptableperformancelossesin future,
large-window systems.Section3 describesandreportsthe
performanceof the search�ltering techniques.Section4,
describesloadstate�ltering. Conclusionsanda discussion
of futurework areprovidedin Section5.

2. Conventional Load/Store Queues

Traditionalmethodsof constructingLSQshavebeenef-
fective for current-generationprocessorswith limited num-
ber of instructions in �ight. However, these traditional
methodsfaceseveral challengeswhenappliedto high ILP
machinesof the future with large instructionwindows. In
thissectionwedescribetherangeof organizationsof mem-
ory disambiguationhardwareandthenshow experimentally
why solutionsproposedto datearepoormatchesfor future
high-ILParchitectures.

2.1. Historical Memory Ordering Hardware

Initially, simple sequentialmachinesexecutedone in-
struction at a time and did not require hardware for en-
forcing the correctorderingof loadsandstores.With the
advent of speculative, out-of-orderissuearchitectures,the
buffering andorderingof in-�ight memoryoperationsbe-
camenecessaryandcommonplace.However, thefunctions
embodiedin modernLSQ structuresarethe resultof a se-
riesof innovationsmucholderasdescribedbelow.

Store Buffers: In early processorswithout caches,stores
were long-latency operations.Store buffers were imple-
mentedto enabletheoverlapof computationwith thecom-
pletion of the stores.Early exampleswere the stunt box
in the CDC 6600 [30] and the store data buffers in the
IBM 360/91[4]. More modernarchitecturesseparatedthe
functionality of the storebuffers into pre-completionand
post-commitbuffers.Thepre-completionbuffers,now com-
monly calledstorequeues,hold speculatively issuedstores
that have not yet committed.Post-commitbuffers are a
memory systemoptimization that increaseswrite band-
width through write aggregation. Both types of buffers,
however, must ensurethat store forwarding occurs;when
laterloadto thesameaddress(henceforthcalledmatching)
areissued,they receivethevalueof thestoreandnotastale
valuefrom thememorysystem.Both typesof storebuffers
mustalsoensurethattwo storesto thesameaddress(match-
ing stores)arewritten to memoryin programorder.

Load Buffers: Load buffers were initially proposedto
temporarily hold loads while older storeswere complet-
ing, enablinglaternon-memoryoperationsto proceed[24].
Later, more aggressive out-of-order processors–suchas
IBM' sPower4[29] andAlpha21264[1]–permittedloadsto
accessthe datacachespeculatively, even with older stores
waiting to issue.The load queuesthenbecamea structure
usedfor detectingdependenceviolations, andwould initi-
atea pipeline�ush if oneof theolder storesturnedout to
match (have thesameaddressas)thespeculative load.We
de�ne a memoryoperationthathasthesameaddressasat
leastoneotherin-�ight memoryoperationof oppositetype
in the window as a matching address.Processorssuchas
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theAlpha 21264[27] andPower4alsousedtheloadqueue
to enforcethe memoryconsistency model,preventingtwo
matchingloadsfrom issuingout of orderin casea remote
storewasissuedbetweenthem.

As window sizesincreased,theprobabilitythatmatching
memoryoperationswould bein-�ight increased,asdid the
chancethat they would issuein the incorrectorder, result-
ing in frequentpipeline�ushes. Memory dependencepre-
dictors[6, 21, 15] weredevelopedto addressthis problem,
allowing loadsthatwereunlikely to matcholderstoresto is-
suespeculatively,but deferringloadsthathadoftenmatched
in-�ight storesin thepast.

2.2. LSQ OrganizationStrategies
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Figure 1. A simpli�ed LSQ datapath

We show a simpli�ed datapathfor an LSQ1 in Fig-
ure1. Thequeuesaredividedinto CAM andRAM arrays.
Memoryaddressesarekept in theCAMs. TheRAM array
holds storedata,load instructiontargets,and other meta-
informationfor optimizations.A memoryinstructionupon
executionmustperformtwo operations:search andentry.
To searchthe LSQ, the operationsearchesthe CAM ar-
ray for matchingaddresses.Matchingoperationsareemit-
ted to the orderinglogic, which determineswhethera vi-
olation hasoccurred,or whethera valueneedsto be for-
warded.Therearetwo policiesfor enteringinstructionsinto
theLSQ,whicharedescribedbelow.

2.2.1. Age-indexedLSQs The majority of LSQ designs
have beenage indexed, in which memoryoperationsare
physicallyorderedby age.They areenteredinto a speci�c
row in the CAM andthe RAM structuresbasedon an age
tag that is typically assignedat the decodeor map stage
andis associatedwith every instruction.In additionto de-
termininginto whichslotamemoryoperationshouldbeen-
tered,the agetagsare usedto determinedependencevi-
olationsand forwarding of storedataas well as �ushing
the correctoperationswhen a branchis found to be mis-
predicted.Sinceage-indexedLSQsact ascircular buffers,
they mustbelogically centralizedandalsofully associative,
sinceevery memoryoperationmayhave to searchall other
operationsin theLSQ.Althoughfully associativestructures

1 Typically, separatestructuresarebuilt for the load andstorequeues
but to simplify theexplanationwe illustratea singlequeue.

areexpensive in termsof latency andpower, ageindexing
permitssimpler circuitry for allocatingentries,determin-
ing con�icts, committingstoresin programorder, andquick
partial�ushestriggeredby mis-speculations.

Related Work: Dynamically scheduledprocessors,such
asthosedescribedby Intel [5], IBM [10], AMD [18] and
Sun[23], useage-indexedLSQs.An LSQ slot is reserved
for eachmemoryinstructionat decodetime, which it �lls
uponissue.To reducetheoccurrenceof pipelinestallsdue
to full LSQs,thequeuesizesaredesignedto hold a signi�-
cantfractionof all in-�ight instructions(two-thirdsto four-
�fths). For example,to supportthe80-entryre-orderbuffer
in theAlpha 21264,the loadandstorebufferscanhold 32
entrieseach.Similarly, on the Intel Pentium4, the maxi-
mumnumberof in-�ight instructionsis 128,theloadbuffer
sizeis 48,andthestorebuffer sizeis 32.

Ponomarev et al. [26] proposedanage-indexedbut seg-
mentedLSQ, in which a fully associative LSQ is broken
into banksthroughwhich requestsare pipelined,access-
ing onebankpercycle.This strategy ultimatelysaveslittle
power or latency, sinceall entriesmustbe searchedin the
commoncaseof nomatch,andanoperationmustwait until
anumberof cyclesequalto thenumberof bankshaselapsed
to determinethattherewerenocon�icts. Thisschemelends
itself to ef�cient pipeliningof LSQsearchesfor fasterclock
rates,but notnecessarilyhigherperformance.
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Figure 2. Address-inde xed LSQ datapath

2.2.2. Addr ess-indexedLSQs To reducethe state that
mustbe searchedfor matches,partitioningof LSQsis de-
sirable.Address-indexedLSQslogically breakthe central-
ized,fully associative LSQ into a set-associative structure.
As shown in Figure2, aportionof anmemoryinstruction's
addresschoosesthe LSQ set,andthenonly the entriesin
thatsetaresearchedfor amatch.While thisdoesreducethe
numberof entriesthataresearched,address-indexedorga-
nizationssuffer from two majordrawbacks.First, address-
partitionedLSQs can have frequentover�ows (since set
con�icts arepossible),resultingin more�ushesthananage-
indexedLSQ.Second,orderingandpartial�ushing become
moredif�cult in an address-indexedLSQ becauseinstruc-
tionsto be�ushed mayexist in differentsets.For thesame
reason,in-ordercommit of storesto memoryis alsomore
expensive.

To mitigatethecon�ict problem,setscanbemadelarger,
in which casethe latency, power, and partitioning advan-
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tagesdiminish. Alternatively, the setscan be mademore
numerous,in whichcasetheLSQ mayrequiringmorearea
thanapurecentralizeddesignandtheaverageutilizationof
theentrieswill be low. Thus,eventhoughaddress-indexed
LSQscansupportsetsresidingin separatebankswith lo-
calizedorderinglogic (enablingde-centralizedLSQs),they
incurbothperformanceandcomplexity penalties.

RelatedWork: A numberof proposedor implementedde-
signshave usedaddress-indexed LSQs to facilitate parti-
tioning. The Itanium-1 microarchitectureusesa violation
detectiontablecalledan ALAT [17], which is a 32-entry,
2-waysetassociative structure.Becausecon�icts canover-
�o w a setin an address-partitionedLSQ, moreentriescan
reducethe probability of con�icts; the ALAT canhold 32
entries,eventhoughamaximumof 20memoryinstructions
canbe in-�ight. The Itanium-2microarchitecture[20] im-
plementsa 32 entryfully associative structurereducingthe
probabilityof con�icts evenmore.

Both the IA-64 [13] compilerandtheMemoryCon�ict
Buffer paper[12] emphasizestaticdisambiguationanalysis
to storeonly instructionswhoseaddresseseitherhaveatrue
dependenceor cannotbestaticallydisambiguated,thusre-
ducingthesizeof thehardwareALAT or MCB structures.
An IA-64 studyondependenceanalysis[31], however, con-
cedesthat relying completelyon staticanalysisis ineffec-
tivefor programsthatcannottoleratethecompile-timeanal-
ysiscost(e.g.JITs)or non-nativebinariesfor whichsource
accessis not available,andthatstaticanalysisis muchless
effective for many pointer-intensive codes.Staticanalysis
canplaya rolebut cannotaddressLSQscalingissuescom-
prehensively.

Finally, theMultiScalarprocessorproposedanaddress-
indexeddisambiguationtablecalledtheAddressResolution
Buffer (ARB) [11]. WhenanARB entryover�ows(anARB
sethastoomany memoryaddresses),theMultiScalarstages
aresquashedandtheprocessorrolls back.TheMultiScalar
compilerwriters focusedstronglyon minimizing theprob-
ability of con�ict in theARB, trying to reducethenumber
of subsequentsquashes.

2.3. Conventional LSQ Scalability

All of thepreviousschemespresentoneof two undesir-
ablechoices:(1) high power consumptionandlatency due
to a large,fully associative, age-indexedscheme,or (2) in-
creasedstallsand/orrollbacksdueto LSQ over�ows with
anaddress-indexedscheme.In this section,we analyzethe
scalabilityof age-indexedandaddress-indexedschemesto
largewindows,and�nd thatneitherapproachprovidessuf-
�cient scalability.

Experimental Infrastructur e: Wesimulateafuturelarge-
window, 16-wideissueout-of-orderprocessorwith a 512-
entryreorderbuffer, usingthesim-alphasimulator[7]. Ta-

ble 1 summarizesthemicroarchitecturalfeaturesof thetar-
getmachine.To explorearangeof in-�ight instructionpres-
suresontheLSQs,wesimulatetwo 512-entrywindow con-
�gurations. The �rst, called low-ILP (LILP), is an Alpha
21264microarchitecturescaledto theparametersshown in
Table 1. The second,called High-ILP (HILP) is intended
to emulatea moreaggressive microarchitecture–assuming
that otheremerging bottlenecksaresolved–tobetterstress
theLSQsin ourexperiments.In particular, theHILP con�g-
urationassumesperfect(oracle)load-storedependencepre-
dictionandbranchprediction.

Metrics: We simulatedboth con�gurations while vary-
ing the sizesand organizationsof both age-indexed and
address-indexed LSQ organizations,to determinethe per-
formancedegradationscausedby queuessmallerthan the
instructionwindow. In theseexperiments,weoptimistically
assumethat theLSQ structurescanbeaccessedin onecy-
cle,to isolatetheperformanceeffectsof LSQstructuralhaz-
ards.In addition to performance,the two other pertinent
metricswemeasurearethetotalnumberof LSQentriesre-
quired(which translatesto arearequirement)andthe total
numberof entriesassociatively searcheduponeachLSQac-
cess(which translatesto LSQenergy consumption).

Age-indexed LSQ scalability: For, age-indexed struc-
tures, we measuredthe performancefor load and store
queueseachwith 64,128and256entries.Themicroarchi-
tecturehandlesa full queueby throttling themapstageun-
til LSQ entriesarecommittedandavailablelater for map-
ping.

Table 2 shows the performanceof the age-indexed
schemes,for thethreesizesof LSQs.Almostnobenchmark
in eithertheLILP or HILP con�gurationhadmorethan128
loadsor storesin �ight at any time, thus the performance
bene�ts of increasingthequeuesizesfrom 128 to 256en-
trieseachis negligible.Halvingthequeuesizesto 64entries
eachcausesa large20%performancedropfor HILP, but a
mere5% performancedropfor LILP. This indicatesthat if
futurearchitecturesareunableto �ll their in-�ight instruc-
tion windows, thencentralizedLSQssubstantiallysmaller
thanthe instructionwindow sizecanbeusedwith negligi-
bleperformancelosses.However, largerperformancelosses
will result if the processoris able to keepits window rel-
atively full. Performancelosseswill also result from hav-
ing centralizedLSQs,sincefuture distributedmicroarchi-
tectureswill beunableto accessacentralizedstructureef�-
ciently.

Addr ess-indexed LSQ scalability: For the address-
indexed structures,we vary the size from 128 entriesto-
tal per loadandstorequeueto 512entrieseach.We simu-
latedthequeuespartitionedinto multiplesets,rangingfrom
4 to 32 partitions.The numberof waysin eachsetranged
from 8 to 256,which is equivalentto thenumberof entries
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Parameter Con�guration
Buffer Sizes 512-entryint, 512-entryfp issuewindow,

512-entry reorder buffer, separateload
andstorequeues,16-wideissue,16-wide
commit.

InstructionSupply 32 entry RAS, partitionedIL1 (64KB, 8
r/w ports,2-cycle hit), 32 entryIL1 TLB,
perfectand2-level branchprediction,16
wide fetch,fetchesacrossbranches,mul-
tiple branchprediction.

DataSupply PartitionedDL1 (64KB, 8 r/w ports, 3-
cyclehit), 64MSHRs,8 targets,2MB L2,
8-cycle hit, 60-cycle main memory, 32-
entry TLBs, oraclememorydependence
prediction for HILP and store-wait pre-
dictionwith a 2048-entrytablefor LILP.

Functionalunits 512registers(int andfp), 16 int/fp units,
8 ld/stunits,pipelinedfunctionalunits.

Simulation SingleSim-pointregionsof 100M for 19
SPECCPU2000 benchmarks.The other
benchmarksin thesuiteareincompatible
with ourexperimentalinfrastructure.

Table 1. Simulation parameter s for an 512-entr y
ROB machine

LQ/SQSize Con�guration
(Entries) HILP (IPC) LILP (IPC)

64/64 1.88 0.57
128/128 2.36 0.60
256/256 2.38 0.60

Table 2. Age-inde xed LSQ perf ormance for the
LILP and HILP con�gurations

searchedassociatively uponeachaccess.
Sinceage-indexedschemesarefully associative,thereis

only the possibility of a capacityover�ow, andnot a con-
�ict. In address-indexed LSQ organizations,it is possible
for all in-�ight instructionswith unknown addressesto is-
sueandthenmapto thesameset,causinganLSQ partition
over�ow eventhoughotherpartitionsmightstill haveunoc-
cupiedentries.

We modeledtwo strategies for handlingset over�ows.
The �rst is a preventive stalling policy in which the map
stagestallswhenthenumberof unresolvedloadsor stores
in �ight is suf�cient to �ll apartitioncompletely. For exam-
ple, if eachloadqueuepartitioncanhold � loads,andthe
fullest partition contains�
	�� loads,thenthe mapstage
muststall assoonasthreeadditionalunresolved loadsare
put into �ight. As loadsresolve to otherbanks,morecan
bepermittedto passthemapstage.Thesecondpolicy is a

�ushing policy thatcausesapipeline�ush wheneveroneof
thepartitions(sets)over�ows.

LQ/SQOrganization Policy for Structural Hazards
Stalling(IPC) Flushing(IPC)

LQ/SQ Size:128/128

32sets,8 ways 0.45 1.97
16sets,16 ways 0.72 1.95
8 sets,32ways 1.00 1.91
4 sets,64ways 1.31 2.23

LQ/SQ Size:256/256

32sets,16 ways 0.71 1.92
16sets,32 ways 1.02 1.90
8 sets,64ways 1.34 2.27
4 sets,128ways 1.78 2.35

LQ/SQ Size:512/512

32sets,32 ways 1.01 1.88
16sets,64 ways 1.34 2.27
8 sets,128ways 1.80 2.33
4 sets,256ways 2.28 2.35

Table 3. Address-inde xed LSQ perf ormance for
the HILP con�guration with two structural hazard
policies

Table 3 shows the performanceacross the address-
indexed LSQ con�gurations.The stalling policy performs
uniformly worsethanthe�ushing policy acrossall con�gu-
rations.Thenumberof unresolvedin-�ight memoryopera-
tionsis commonlygreaterthanthenumberof freespacesin
thefullestpartition,andpipeline�ushesdueto actualover-
�o wsarefar lessfrequent.

Eventhoughpipeline�ushing uponover�ow worksbet-
ter, 20% dropsarecommonfor all but the largestqueues
or thosewith the highestnumberof comparesper access
(on the orderof 64), giving themthe sameproblemfaced
by theage-indexedapproaches.As canbeseenfrom theta-
bles,thetwo organizationshavedifferenttradeoffs; fromthe
power point of view, lower associative addressentryLSQs
areadvantageousbut have lower performance.Addressen-
try LSQswith performancecomparableto ageentryLSQs
aretwice thesizeandhencerequiremorearea.

2.4. LSQ Optimization Opportunities

Current-generationLSQs checkall memoryreferences
for forwardingor orderingviolations,sincethey areunable
to diffentiatememoryoperationsthat are likely to require
specialhandlingfrom othersthatdo not.Only a fractionof
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Figure 3. Percenta ge of matc hing memor y in-
structions

memoryoperationsmatchothersin theLSQs,however, so
treatingall memoryoperationsasworstcaseis unnecessar-
ily pessimistic.

Figures3(a)and3(b) show the fractionof matchingin-
�ight memory referencesfor varying window sizeswith
the LILP and HILP con�gurationsrespectively. The frac-
tion of matchingaddressesis extremelysmallfor awindow
comparableto currentprocessors.With an Alpha 21264-
like window of 80 instructionswith a realistic front end,
fewer than1%of memoryinstructionsmatch.For theLILP
con�guration,a 512-instructionwindow sees3% matching
memoryinstructions.This rateremainsessentially�at un-
til the4096-instructionwindow, at which point thematch-
ing instructionsspike to nearly 8%. The HILP con�gura-
tion, whichhasamuchhighereffectiveutilizationof theis-
suewindow, hasmatchinginstructionsexceeding22%for a
512-entrywindow, which slowly grow to roughly26%for
an8192-entrywindow.

Two resultsarenotablein Figure3(b). First, while the
matchingratesarecloseto two ordersof magnitudegreater

thancurrentarchitectures,three-quartersof theaddressesin
theseenormouswindows arenot matching,indicating the
potentialfor a four-fold reductionin theLSQ size.Second,
thegrowth in matchinginstructionsfrom 1K to 8K instruc-
tion windows is small,hinting that theremay be room for
furtherinstructionwindow growth beforethematchingrate
increasesappreciably. Of courseif the window is in�nite,
thematchingratewill becloseto 100%.

Many of thesematchinginstructions,however, arearti-
factsof thecompilationandmaybegoodcandidatesfor re-
moval. A signi�cant fraction (approximately50%) of the
matchinginstructionsarestackandglobal references.It is
likely that more intelligent stackallocationand improved
registerallocationto remove spills and �lls caneliminate
many of thematchingstackreferences.

3. Search Filtering

This sectiondescribestechniquesto avoid searchesfor
memory instructionsthat do not match, then reducethe
LSQ power consumptionand latency for instructionsthat
do match.The �rst techniqueusesa Bloom �lter predic-
tor (BFP)to eliminateunnecessaryLSQ searchesfor oper-
ationsthat do not matchotheroperationsin the LSQ. We
thenapply BFPsto separateLSQ partitions,reducingthe
numberof partitionsthat mustbe searchedwhenthe BFP
predictsthat an LSQ searchis necessary. Finally, we dis-
cussother applicationsof BFPsto future partitionedpri-
marymemorysystems.

3.1. BFP Designfor Filtering LSQ Searches

address
Memory

LSQ search 
decision

M
at

ch
?

LSQ

predictor Hash 
Load & Store

ST

LD

function tables

Figure 4. BFP Search Filtering: Only memor y in-
structions predicted to matc h must search the
LSQ; all other s are �ltered.

The Bloom Filter Predictor (BFP) used for �ltering
LSQ searchesmaintainsan approximateand heavily en-
codedhardware record–asproposedby Bloom [3]–of the
addressesof all in-�ight memory instructions(Figure 4).
Insteadof storing completeaddressesand employing as-
sociative searcheslike an LSQ, a BFP hasheseachad-
dressto some location. In one possibleimplementation,
eachhash bucket is a single bit, which an memory in-
struction setswhen it is loadedinto the BFP and clears
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when it is removed. Every in-�ight memoryaddressthat
hasbeenloadedinto theLSQ is encodedinto theBFP. If a
new hashedaddress�nds a zero,it meansthat theaddress
matchesno otherinstructionin theLSQ, so theLSQ does
notneedto besearched.Theinstructionsetsthebit to 1 and
writesit back.If a1 is foundby anaddresshashinginto the
BFP, it meanseitherthattheinstructionmatchesanotherin
theLSQ or a hashcollision (a falsepositive) hasoccurred.
In eithercase,the LSQ mustbe searched.The BFP is fast
becauseit is simply a RAM arraywith a small amountof
statefor eachhashbucket.Bloom �lters wereusedby Pier
etal. [25] usedfor for earlydetectionof cachemisses.

The BFP evaluatedin this sectionusestwo Bloom �l-
ters:one for load addressesandother for storeaddresses,
eachof which hasits own hashfunction and � locations.
An issuingmemoryinstructioncomputesits hashandthen
accessesthe predictorof the oppositetype (e.g. loadsac-
cessthestoretableandvice versa).To detectmultiproces-
sorreadorderingviolations,anotherBloom�lter with inval-
idationaddressesis alsocheckedby loads.Sinceourevalu-
ation infrastructureis uniprocessorbasedthedetailsof the
invalidationBloom�lter areomitted.

3.1.1. DeallocatingBFP Entries A bit setby a particular
instructionshouldbeunsetwhentheinstructionretires,lest
the BFP gradually�ll up andbecomeuseless.But if mul-
tiple addressescollide, unsettingthe bits whenoneof the
instructionsretireswill lead to incorrectexecution,since
a subsequentinstructionto the sameaddressmight avoid
searchingthe LSQ even though a match was alreadyin
�ight. Thereareseveralsolutionsto this problem.

Counters: One solution usesup/down countersin each
hashlocationinsteadof singlebits. Thecounterstrack the
numberof instructionshashinginto a particular location.
Upon instructionexecutionthe counterat the indexed lo-
cationis incrementedby oneanduponcommit thecounter
is decrementedby one.The counterscan either be made
suf�ciently large so as not to over�ow, or they can take
someothercorrectiveactionusingoneof thetechniquesde-
scribedbelow whenthey over�ow. Theuseof counterbased
Bloom�lters waspreviouslyproposedby Fanet al. [9].

Flash clear: An alternative approachto using up/down
counters,is to clearall of thebits in thepredictoronbranch
mispredictions.A pipeline �ush guaranteesthat no mem-
ory instructionsarein �ight andhenceit is safeto resetall
thebits.The�ash clearingmethodhastheadvantageof re-
quiring lessareaandcomplexity thanthecounters,but has
thedisadvantageof increasingthefalsepositiverate.

Hybrid solution: A third approachthatmixestheprevious
two involvesfreezinga counterwhenit over�ows, so that
all addressesthat hashto that set perform LSQ searches,
andtheninitiating apipeline�ush (or waiting for a mispre-
diction)whenthenumberof frozenhashbucketsin theBFP

grows too large. Our resultshave shown that 3-bit coun-
tersaresuf�cient for mosttablelocations,for bothloadand
storeBFPs.Themaximumnumberof collisions,acrossany
benchmarkwith a 512-entrywindow, was41. 6-bit coun-
tersshouldthereforebeableto avoid over�ows,but smaller
2- or 3-bit counterswould likely bemoreef�cient with this
hybridscheme.

3.1.2. Hash Functions To maximize the bene�ts of
search�ltering, thenumberof falsepositivesmustbemin-
imized.Thenumberof falsepositivesdependson thequal-
ity of thehashfunction, themethodusedfor unsettingthe
bits, and the size of the BFP tables.The BFP table must
besizedlargerthanthenumberof in-�ight memoryopera-
tions,sincetheprobabilityof afalsepositiveis proportional
to thefractionof setbits in thetable.

Thereare two aspectsthat determinethe ef�cacy of a
hashfunction: (1) thedelaythroughthehashfunction and
(2) theprobabilityof a collision in thehashtable.Sincethe
hashfunction is serializedwith theBFPandthentheLSQ
search(if it is needed),weexploredonly two hashfunctions
thatwerefastto compute,with zeroor onelevelof logic, re-
spectively. The�rst hashfunction, 
�� , useslowerorderbits
of theaddressto index into thehashtable,incurringzerode-
lay for hashfunction computation.The secondhashfunc-
tion, 
�� , usespro�led heuristicsto generatean index us-
ing thebits in thephysicaladdressthatweremostrandom
on a per-benchmarkbasis. 
�� incurs a delay of one gate
level of logic (a 2-input XOR gate).To determine


� for
eachbenchmark,we populateda matrix by XORing each
pair of bits of the addressandaddingthe result to the ap-
propriatepositionin thematrix.We thenchosethebits that
generatedthemostevennumberof zerosandones,assum-
ing thatthey werethemostrandom.

3.1.3. BFP Results Table4 presentsa sensitivity analysis
of theBFPfalsepositivesfor arangeof parameters,includ-
ing variedpredictorsizesrangingfrom oneto four timesthe
sizeof eachloadandstorequeue,thetwo hashfunctions
��

and 

� , �ash andcounterclearing,andthe threemicroar-

chitecturalcon�gurationsused:theAlpha21264,LILP, and
HILP. The�ash clearingresultsarenot applicableto HILP
becausethey rely on branchmispredictions,andHILP as-
sumesaperfectpredictor. As a lowerbound,we includethe
expectednumberof falsepositivesthatwould result,given
thenumberof memoryinstructionsin �ight for eachbench-
mark,assuminguniform hashfunctions2. The rateof false
positives is averagedacrossthe 19 benchmarkswe used
from theSPECCPU2000suite.

2 Using probabilistic analysisthe numberof load (store) false posi-
tivesassuminga uniform hashfunctioncanbeestimatedas:�����

���

����������� �

!#"

�

"

, where �

� is thenumberof store(load)searchesoc-
curringwhenthereare $ uniqueaddressin-�ight loads(stores)and %

is theload(store)BFPsize.
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Con�guration Alpha 21264 LILP HILP
BFP Size 32 64 128 128 256 512 128 256 512

HashType ClearingMethod
&('

Counter 5.7 2.6 1.6 8.4 2.8 2.0 15.0 8.8 4.3
&

� Counter 3.9 2.3 1.4 5.7 3.3 2.0 10.1 6.1 4.2
& '

Flash 59.9 53.3 49.2 30.2 28.6 25.9 n/a
&

� Flash 54.0 49.7 42.2 27.2 23.9 20.4 n/a
ExpectedFalsePositives 2.8 1.6 1.0 5.7 3.2 1.7 9.6 5.3 2.8

Table 4. Percenta ge of False Positives for Various ILP Con�gurations and BFP Sizes

As expected,the table shows that the numberof false
positivesdecreasesas the size of the BFP tablesincrease
simplybecauseof thereducedprobabilityof con�icts. Flash
clearingincreasesthenumberof falsepositivessigni�cantly
over count clearing. However, the count clearing works
quite effectively, especiallyusing the 
 � hash function,
showing lessthana2%falsepositiveincreaseovertheprob-
abilistic lower bound.This resultindicatesthatmoderately
sizedBFPsareableto differentiatebetweenthemajorityof
matchingaddressesandthosethathave no matchin �ight.
Furthermore,the lookup delayof all tablesizespresented
hereinis lessthanone8FO4clock cycle at a 90nmtech-
nology. The power requiredto accessthe predictortables
is negligible comparedto theassociative lookupasthepre-
dictor tablesarecomparatively small,directmappedRAM
structures.

3.2. Partitioned BFP Search Filtering
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Figure 5. Partitioned Search Filtering: Each LSQ
bank has a BFP associated with it (see far left)

The previous sectiondescribedthe useof BFPsto pre-
vent most non-matchingaddressesfrom expensive LSQ
searches.In this section,we describea BFP organization
thatextendstheprior schemeto reducethecostof matching

addresssearchesappreciably. A distributedBFP(or DBFP),
shown in Figure5, is coupledwith a physicallypartitioned
but logically centralized(in termsof orderinglogic) LSQ.
OneDBFPbankis coupledwith eachLSQ bank,andeach
DBFP bankcontainsonly the hashedstateof thosemem-
ory operationsin its LSQ bank.Dependingon the imple-
mentationof the LSQsandthe partitioningstrategy, some
extra logic mayberequiredto achieve correctmemoryop-
erationorderingacrossthepartitions.

Memoryinstructionsarestoredin theLSQjustasin pre-
vioussections,but anoperationis hashedinto theBFPbank
associatedwith thephysicalLSQ bankinto which it is en-
teredinsteadof a larger centralizedBFP as in the previ-
oussection.Beforebeinghashedinto theBFPbank,how-
ever, the address'hashis computedandusedto lookup in
all DBFP banks,which areaccessedin parallel.Any bank
that incursa BFP “hit” (the counteris non-zero)indicates
thatits LSQbankmustbeassociatively searched.All banks
�nding addressmatchesraisetheir matchlinesandthecor-
rect orderingof the operationis thencomputedby the or-
deringlogic.

Dependingon the LSQ implementation,the bankingof
the LSQ may have latency advantagesover a morephysi-
cally centralizedstructure.However, thepowersavingswill
besigni�cant in a large-window machineif only asubsetof
thebanksmustbesearchedconsistently. Figure6 presentsa
cumulativedistributionfunctionof thenumberof banksthat
aresearchedon eachBFPhit for both theHILP andLILP
con�gurations,varying the numberof LSQ banksfrom 4
to 16. The cumulative DBFP sizewasheld at 512 entries
for the differentbankingschemes.The resultsshow that a
DBFPcanreducethenumberof entriessearchedon a BFP
hit appreciably;For theLILP con�guration,60%to 80%of
theaccessesresultin thesearchingof onlyonebank.For the
HILP con�guration,80%of thesearchesusefour or fewer
banks.

3.3. LSQ/BFP Organizations for Partitioned
CacheAr chitectures

In high-ILP wider issue machines,as the numberof
simultaneouslyexecuting memory instructionsincreases,
both the LSQsand the BFPswill needto be highly mul-
tiported.Thissectiondiscussesorganizationsthatstill usea
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Figure 6. Partitioned State Filtering for Banked LSQs and BFPs

logically centralized,age-indexedLSQ, but exploits BFPs
to facilitate a disambiguationhardware organizationthat
matchesthebandwidthof theprimarymemorysystem.

The port requirementson the BFPscanbe trivially re-
ducedby bankingthem,usingpartof thememoryaddress
asan index, to selectoneof the BFPbanks,that will hold
only memoryinstructionsmappedto its bank.Bankingthe
BFPslendsitself naturallyto apartitionedprimarymemory
systemwheretheL1 datacaches(L1D) arealsoaddressin-
terleaved,asshown in Figure7a.In thisorganization,apor-
tion of the DBFP guardingeachphysicalLSQ bankis as-
sociatedwith eachL1D bank.Upon an accessto the L1D
cache,its DBFPbanksgeneratea bitmaskwhich indicates
theLSQ banksthatneedto besearched.If thememoryop-
erationhits in noneof theDBFPbanks(thecommoncase),
thentheLSQ searchcanbeavoided.

1: Logic to determine cache
    bank to access

2: LSQ port arbitration logic

1

2

From LD/ST
Unit

L1D

L1D

L1D

L1D

1
Unit
From LD/ST

L1D

L1D

L1D

L1D

Banked LSQ

(a)
(b)

DBFPs DBFPs LSQs

Centralized

Shared LSQ with Replicated BFPs Replicated BFPs and LSQs

Figure 7. Replication of BFPs and LSQs to matc h
L1D band width

Evenwith distributedreplicatedBFPs,eachmemoryin-
structionmust still be sentand allocatedin the LSQ. As

longassimultaneouslyexecutingmemoryinstructionsmust
aretargetedinto differentbanksof theLSQ, no contention
occurs.However, if the LSQ is to supportparallel multi-
banked accesses,extra circuitry must deal with buffering
andcollisions,increasingcomplexity. Onesimplesolution
to theproblemis to replicatethebankedLSQsaswell. As
with the DBFPseachreplicatedLSQ canbe coupledwith
the statically addressinterleaved DL1 banks(Figure 7b),
thus permitting all operationsto completelocally at each
partition.This schemewill also facilitatehigh bandwidth,
low latency commit of storesto the L1D (assumingweak
ordering is provided). Thus, replicatedLSQs provide a
complexity-effectivesolutionbut increasethearearequire-
mentssigni�cantly. In thenext sectionwe turn to schemes
to reduceLSQarea,with thelong-termgoalbeingto reduce
areasuf�ciently thatcompletelyreplicatedordistributedso-
lutionsbecomefeasible.

4. Load StateFiltering

Increasinginstruction window sizes lead to a corre-
spondingincreasein the numberof in-�ight memory in-
structions,making it progressively less power- and area-
ef�cient to enforcesequentialmemory semantics.A fu-
ture processorwith an 8K instructionwindow would need
to hold, on average,betweentwo and threethousandin-
�ight memory operations.Any two in-�ight memory in-
structionsto thesameaddress(matchinginstructions)must
be buffered for detectionof ordering violations and for-
wardingof storevalues.However, aspreviously shown in
Figure3, a small fractionof theaddressesin �ight aretyp-
ically matching.An ideal LSQ organizationwould buffer
only in-�ight matchinginstructions,permittingreductions
in theLSQarea,latency, andpower. Bufferingfeweropera-
tionsin theLSQ facilitatesef�cient implementationof par-
titioned, address-indexed schemesthat are a bettermatch
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for futurecommunication-dominatedtechnologies.
In-�ight storeaddressesandvaluesmustbebufferedre-

gardlessof their interleaving with loads,since their val-
uesmustonly bewritten backto thememorysystemupon
commit.Theschemespresentedin thissectionthereforeat-
temptto reduceonly thenumberof loadscontainedin the
LSQs,by attemptingto buffer only matchingloads.Future
work mayusetechniquessuchastheSpeculative Version-
ing Cache(SVC) [14] to reducetheLSQsfurtherby buffer-
ing only storesthat are matching,placing non-matching
storesin anSVC-like structure.

Figure8 shows onepossibleschemeto reducetheloads
thatmustbesavedin theLSQ.An addressmatch predictor
(AMP) predictswhethera loadis likely to matcha store.If
a load is predictednot to match,it is hashedinto a struc-
turecalledanexclusiveBloom�lter (EBF),which contains
anapproximatehardwarehashof all in-�ight loadsnotcon-
tainedin theloadqueue.If theloadis predictedto match,it
is placedinto theloadqueue,which maybeguardedby an
inclusiveBloom �lter for ef�cient accessing,asdescribed
in theprevioussection.Issuedstoreschecktheloadqueues
asusual,but they alsosearchtheEBF. A storehashingto a
setbit in the EBF indicateseithera falsepositive hit, or a
possiblememoryorderingviolation dueto incorrecthash-
ing into theEBF by theAMP. Sincethetwo cannotbedif-
ferentiated,theprocessormusttake corrective action,pos-
sibly culminatingin apipeline�ush.

In thispaper, wereportonly onesimple,preliminaryde-
sign,in which the loadqueueis completelyeliminatedand
all loadsare hashedinto the EBF. If a load is issuedbe-
fore an olderprogram-orderstoreto thesameaddress,ev-

ery instructionpastthestoremustbe�ushed whenthestore
�nds the hashedload in the EBF. This schemethusguar-
anteescorrectexecutionwithoutrequiringany memorydis-
ambiguationhardware,but is likely to incur severeperfor-
mancepenaltiesdueto �ushes causedby dependencevio-
lations,which will grow as the window size is increased.
That claim is buttressedby the resultsin Table 5, which
show thatfor theAlpha-likecon�guration,theperformance
lossis a mere3%, but for the HILP con�guration, the av-
erageperformancepenaltyis 34%.That largeperformance
loss is due to �ushes causedby threefactors:falseposi-
tives(EBFhashcollisionsof non-matchingaddresses),true
dependenceviolations,anda matchingload followedby a
storeissuedin bothprogramandtemporalorder(i.e.a �ush
causedonaarti�cial WAR hazard).SincetheEBFoccupies
two-thirdstheareaof theoriginal loadqueue,this particu-
lar solutionsavestoo little areaat too greata performance
lossto bea viablesolutionfor futurehigh-ILPprocessors.

Two ideas that we are currently exploring eliminate
the arti�cial WAR hazard-induced�ushes and the false
positive-induced�ushes, respectively. The �rst ideastores
aninstructionnumberin anEBF-parallelstructure,permit-
ting a storethat hits in theEBF to determinethat the load
hashedtherewasactuallyolder in programorder, thusre-
quiring no corrective action.Identifying theexactcon�ict-
ing load will alsohelp reducethecostof �ushes by �ush-
ing only instructionsafter the con�icting load (including
the load itself), insteadof all instructionsafter the match-
ing store,on a truedependenceviolation. The secondidea
involvesplacing a checker at the commit stage,to �nd a
youngerloadthatobtainedanincorrectvaluewhichshould
have comefrom anolderstore.Whenthatstorehits in the
EBF, it marks the checker to check all load instructions
from the currentnewest instruction(“Y”) in the ROB to
theinstructionimmediatelyfollowing thestore(“X”). This
checkcanbe donein parallelfor high performance,or in-
crementallyas instructionsare committed.When instruc-
tion Y commits,if no matchingload hasbeenfound, the
hit in theEBFwasa falsepositive,andnocorrectiveaction
needbetaken.This schememayrequiremultiple storeval-
uesin thechecker to bescanningtheROB at once,andre-
quiringacentralizedROB, andsomaynotbeagoodmatch
for future,moredistributedarchitectures.

5. Conclusions

Conventional approachesfor scaling memory disam-
biguationhardware for future processorsare problematic.
Fully associative load/storequeuesthat canhandleall in-
�ight memoryoperationswill be too slow andconsumea
largeamountof powerasreorderbuffersgrow. Ontheother
hand,our analysisshows that smallerstructures,that �ush
or stall when they �ll, will incur signi�cant performance
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Benchmarks Performancedrop(%)
Alpha HILP

164.gzip 0.0 35.5
171.swim 0.0 16.7
172.mgrid 0.0 46.2
173.applu 0.0 66.7
175.vpr 11.1 23.1
176.gcc 0.0 11.8
177.mesa 8.3 65.8
178.galgel 0.0 0.0
179.art 0.0 25.0
181.mcf 0.0 0.0
183.equake 0.0 30.5
188.ammp 0.0 25.0
189.lucas 0.0 25.0
197.parser 8.3 20.0
252.eon 25.0 58.1
253.perlbm 12.5 47.6
254.gap 0.0 73.1
256.bzip2 0.0 46.1
Average 3.3 34.2

Table 5. Percenta ge drop in perf ormance for Al-
pha and HILP con�guration with complete LDQ
elimination

penalties.For example,in a512-entrywindow machine,re-
ducingtheloadandstorequeues(LSQs)from 128to 64en-
trieseachresultsin a 21%performanceloss.

Solvingthis challengeby moving from fully associative
to setassociative,address-indexedLSQpartitionsresultsin
a differentsetof problems.Structuralhazardsoccurmore
frequentlyunlesseachof thepartitionsthemselvesbecome
in-feasiblylarge.To reduceperformancelossesbelow 10%,
eachof thepartitionsrequired64 entries,resultingin a to-
tal LSQ sizeof twice the capacityof all in-�ight instruc-
tions. For smallersetsizes,our resultsshow that �ushing
thepipelineon anactualover�ow is betterthanstallingin-
structionfetch on a potentialover�ow. With this scheme,
8-waypartitionsshow abest-caseperformancelossof 19%
dueto �ushing.

In this paper, we proposeda rangeof schemesthat use
approximatehardware hashingwith Bloom �lters to im-
prove LSQ scalability. Theseschemesfall into two broad
categories:search �ltering , reducingthenumberof expen-
sive associative LSQ searches,andstate�ltering , in which
somememoryinstructionsareallocatedinto theLSQsand
othersareencodedin theBloom�lters.

The search�ltering resultsshow that by placing a 4-
KB Bloom �lter in front of an age-indexed, centralized
queue,73% of all memory referencescan be prevented
from searchingtheLSQ,includingthe95%of all references
thatdo not actuallyhave a matchin theLSQ. By banking
theage-indexedstructureandshieldingeachbankwith its

own Bloom �lter , a small subsetof banksaresearchedon
eachmemoryaccess;for a 512-entryLSQ, only 20 entries
neededto be searchedon average.We alsoproposedplac-
ing Bloom �lters nearpartitionedcachebanks,preventing
a slow, centralizedLSQ lookup in thecommoncaseof no
con�ict.

For state�ltering, wecoupledanaddressmatchpredictor
with a Bloom�lter to placeonly predicteddependentoper-
ationsinto theLSQs,encodingeverythingelsein a Bloom
�lter andintiating recoverywhenamemoryoperation�nds
its hashedbit setin theBloom�lter . Theseschemeswerein-
effective dueto bothfalsepositivesin theBloom �lter and
dependencemispredictions,resultingin performancedrops
too largeto justify a 37%reductionin LSQ area.

Futur e Dir ections: As instructionwindows grow to thou-
sandsof instructions,hardware memory disambiguation
facesseverechallenges.First, the numberof operationsin
�ight with thesameaddresswill grow. Second,communi-
cationdelayswill forceincreasedarchitecturalpartitioning,
renderinga centralizedLSQ impractical.It is possiblethat
thesearch�ltering methodsthatcanbeeffectiveupto8K in-
structionwindows may not be effective for larger window
sizes.

We foreseeseveral promisingdirections.First, by im-
proving bothdependence(“addressmatch”)predictorsand
Bloom �lter hashfunctions,effective state�ltering may
make distributed,smallLSQ partitionscoupledwith cache
partitions feasible.Second,by encodingtemporal infor-
mation into Bloom �lters rollback on arti�cial WAR haz-
ards can be avoided. Third, software can help by parti-
tioning referencesinto classespreventingfalsecon�icts as
well, reducingin-�ight addressmatchesby renamingstack
frames,andperhapseven explicitly markingcommunicat-
ing store/loadpairs.

Approximatehardwarehashingwith Bloom �lters pro-
videsanexciting new spaceof solutionsfor scalableLSQs.
Thesestructuresmayalso�nd usein otherhigh-powerparts
of the microarchitecture,suchashighly associative TLBs,
issuewindows, downstreamstorequeues,or other struc-
turesnot yet invented.
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