
Toward Ef�cient and Robust Software Speculative
Parallelization on Multipr ocessor s �

Marcelo Cintra
School of Informatics

University of Edinburgh
Edinburgh, UK

mc@inf.ed.ac.uk

Diego R. Llanos
Departamento de Informática
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ABSTRACT
With speculative parallelization,codesectionsthatcannotbefully
analyzedby the compiler are aggressively executedin parallel.
Hardwareschemesarefastbut expensive andrequiremodi�cations
to the processorsandmemorysystem. Softwareschemesrequire
no extrahardwarebut canbeinef�cient.

Thispaperproposesanew software-onlyspeculative paralleliza-
tion scheme. The schemeis developedafter a systematiceval-
uation of the designoptions available and is shown to be ef�-
cient androbust andto outperformpreviously proposedschemes.
The novelty andperformanceadvantageof the schemestemfrom
the use of carefully tuned data structures,synchronizationpoli-
cies,andschedulingmechanisms.Experimentalresultsshow that
our schemehas small overheadsand, for applicationswith few
or no datadependenceviolations,realizeson average71% of the
speedupof amanuallyparallelizedversionof thecode,outperform-
ing two recentlyproposedsoftware-onlyspeculativeparallelization
schemes.For applicationswith many datadependenceviolations,
ourperformancemonitorsandswitchescaneffectively curbtheper-
formancedegradation.

Categoriesand SubjectDescriptors
D.1 [Programming Techniques]: ConcurrentProgramming

GeneralTerms
Performance

Keywords
Speculative parallelization,Thread-Level Speculation

1. INTRODUCTION
Although parallelizingcompilershave proven successfulfor a

large set of codes,they fail to parallelizecodeswhen data de-
pendenceinformationis incomplete.Suchis the caseof accesses
throughpointersor subscriptedsubscripts,complex interprocedural
data�o w, or input-dependentdataandcontrol�o w. In thesecases,
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run-time parallelizationin software hasbeenexplored undertwo
majorapproaches:inspector-executor[15,25] andspeculativepar-
allelization[7, 8, 21,23,24]. With theinspector-executorscheme,
an inspectorloop is extractedfrom theoriginal loop with thepur-
poseof computingthe cross-iterationdatadependencesto guide
theexecutionof theexecutorloop. Thisapproachis effectivewhen
computingthe addressreferencestreamis cheapcomparedto the
actualcomputation.In many cases,however, the overheadof the
inspectorlooplimits theperformancebene�tsof thisapproach.Un-
derthespeculative parallelization(alsocalledthread-level specula-
tion) approach,thecodeis speculatively executedin parallelwhile
the referencestreamis monitoredfor datadependenceviolations.
If adependenceviolationis found,thesystemrevertsthestateback
to somesafeconditionandthreadsarere-executed.

While variousdegreesof hardwaresupportfor speculative par-
allelization on multiprocessorshave beenproposedin the litera-
ture (e.g., [5, 9, 16, 20, 26, 29, 31]), thesearecostly andrequire
modi�cationsto theprocessorsandcaches.In this paper, we focus
onsoftware-onlyimplementationsof speculativeparallelization.In
this case,theuserapplicationitself is augmentedwith codeto per-
form all thespeculative operations.

The contributionsof this paperare twofold. First, we system-
atically explore the designoptionsfor softwarespeculative paral-
lelization and analyzethe tradeoffs involved. In this processwe
placepreviouslyproposedschemesintoasingleframeworkof high-
level designchoicesandwe quantitatively evaluatepartof this de-
sign space.The secondcontribution of this paperis the designof
a highly cost-effective softwarespeculative parallelizationscheme.
Thenovelty andperformanceadvantageof theschemestemfrom:

� Aggressive schedulingmechanismbasedon a sliding win-
dow, which reducesthe impact of load imbalanceacross
threadsaswell asthememoryoverheadsassociatedwith the
speculative accessandversiondatastructures.

� Synchronizationpolicies that relax the critical sectionre-
quirementsof previous work, while still allowing checks
for cross-threaddatadependenceviolationsuponspeculative
memoryoperations.

� Speculative accessdatastructuresthatallow for ef�cient im-
plementationof the speculative operationsregardlessof the
sizeof theuserspeculative datastructures.

Experimentalresultsshow thatour schemehassmalloverheads
and is able to reacha large fraction of the potentialparallel exe-
cution performance.In particular, for applicationswith few or no
datadependenceviolations,theschemerealizesonaverage71%of
thespeedupof a manuallyparallelizedversionof thecode.There-
sultsalsoshow thattheschemeoutperformstwo recentlyproposed



software-onlyspeculative parallelizationschemes:oneby 25%on
averageandwith similar memoryoverhead,andthe otherby 7%
on averagebut with signi�cantly lessmemoryoverhead.For ap-
plicationswith many datadependenceviolations,our performance
monitorsandswitchescaneffectively curbtheperformancedegra-
dation.

Therestof thepaperis organizedasfollows: Section2 describes
speculative parallelizationandhighlights the operationsinvolved;
Section3 presentsour proposedspeculative parallelizationscheme
andits rationale;Section4 describesour evaluationmethodology;
Section5 presentstheexperimentalresults;Section6 discussesre-
latedwork; andSection7 concludesthepaper.

2. SOFTWARE­ONLY SPECULATIVE
PARALLELIZA TION

2.1 BasicConcepts
Underspeculative parallelizationthreadsareextractedfrom se-

quentialcodeandrun in parallel,hopingnot to violateany sequen-
tial semantics.The control �o w of the sequentialcodeimposesa
total orderon the threads.At any time duringexecution,theearli-
estthreadin programorderis non-speculativewhile theothersare
speculative. Thetermspredecessorandsuccessorareusedto relate
threadsin this total order. Storesfrom speculative threadsgenerate
unsafeversionsof variables,while loadsfrom speculative threads
areprovided with potentiallyincorrectversions.At specialpoints
in time dataversionsthathave becomesafemustbecommittedto
safestorage.

As executionproceeds,thesystemtracksmemoryreferencesto
identify any cross-threaddatadependenceviolation. Read-after-
write (RAW) dependenceviolationsoccurwhenever a speculative
threadconsumessomeversionof the dataotherthanthe onepro-
ducedby theproperstoreby a predecessorthread.Whenthemem-
ory accessesof suchdependencesoccur in-order at run time, a
violation can be preventedby forwarding the value producedby
thepredecessorthread.Write-after-write (WAW) dependencescan
causeviolationswhenthespeculative parallelizationschememain-
tainsaccessinformationatacoarsergranularitythanthatof theuser
datastructure.In thiscaseit is notpossibleto disambiguatethetwo
modi�cations anda violation by the successorthreadmustbe as-
sumed.Write-after-read(WAR) dependencesusuallydo not cause
violations asmodi�cations by successorthreadsare containedin
their respective versionsandcannotbe consumedby predecessor
threads.

When data dependenceviolations are detected,the offending
threadmust be squashed, along with any other threadsthat may
have an inconsistentstate.Theseusuallyincludeall successorsof
theoffendingthread.Whena threadis squashed,all thedatathatit
speculatively modi�ed mustbepurgedfrom thememoryhierarchy
andthethreadthenrestartsexecutionfrom itsbeginning.Duringre-
executionthethreadcanbethenprovidedwith theupdatedvalue.

From the above discussion,we cansummarizethe main opera-
tionsrequiredby speculative parallelizationasfollows: (1) identify
andmarkdatathatcanbeaccessedin anunsafemanner(thespec-
ulative data) and the loadsand storesthat can potentially access
thesedata(the speculativeloadsand stores), (2) maintainaccess
information to speculative data(the speculativeaccessstate), (3)
schedulespeculative threads,(4) buffer speculative dataandcom-
mit it to safestoragewhenappropriate,(5) detectdatadependence
violations,squash,andrestartthreadsasnecessary. In thefollowing
sectionswe give anoverview of theseoperationsandpresentsome
of thedesignoptionsavailable.

2.2 Identifying SpeculativeData and Memory
References

The �rst stepin preparingthe applicationcodefor speculative
parallelizationis to identify and mark the speculative data. The
compileranalysisrequiredcanbeeasilybuilt on topof thedatade-
pendenceanddata�o w analysesof existingautomaticparallelizing
compilers.All datathatcanpotentiallybeusedby a threadbefore
beingmodi�ed by it have to bemarkedasspeculative. In this case
we mustboth maintainmultiple versionsof the dataandlook out
for cross-threadRAW dependenceviolations. Datathat is identi-
�ed by the compileras read-onlydoesnot needto be marked as
speculative. Finally, for datathatis guaranteedto bede�ned before
beingusedin the samethread,the systemmustmaintainmultiple
versionsof thedata,but thereis noneedto look out for datadepen-
denceviolations.

Oncethespeculative dataareidenti�ed, thecompilermustiden-
tify all theirusesandde�nitions (loadsandstores)andreplacethese
with specialoperationsto updatethespeculativeaccessinformation
appropriately(Section2.3). Whenthecompilercanidentify thata
loadto acertainspeculativedatumis dominatedby someotherload
or storeto thesamedatum,thenthedominatedloaddoesnot have
to be augmentedwith speculative operations.This is not always
truefor stores.Idempotentloadsandstoresalsodo not needto be
augmentedwith speculative operations[13].

2.3 Maintaining AccessInf ormation
To maintainmultiple speculative versionsandtrackdatadepen-

dences,specialdatastructuresaregeneratedfor every userspecu-
lative data. To maintainmultiple versions,the userdatastructure
mustbe replicatedfor eachthreadthat canbe active at any given
time (Section2.4). Thesearecalledtheversioncopiesof theuser
data. To track accessesto different partsof the userspeculative
datastructure,we mustcreatea speculativeaccessstructure that
keepsper-threadaccessinformation for eachof suchparts. How
closelythespeculative accessstructureidenti�es individual datain
theuserdatastructureis referredto asthegranularity of theaccess
information.

Typically, eachentry in the speculative accessstructureshould
recordwhetherthecorrespondingpartof theuserdatastructurehas
been:not accessedby the thread,modi�ed by the thread,exposed
loadedby the thread,or exposedloadedandlater modi�ed by the
thread.An exposedloadoccurswhenathreadissuesaloadwithout
having previously issueda storeto thesamedata. Suchloadscan
potentiallycauseRAW dependenceviolations.

Upon a speculative store,the correspondingentry in the access
structuremustbeupdated:from notaccessedto modi�ed andfrom
exposedloadedto exposedloadedandmodi�ed. Thestoreis then
performedto the correspondingversioncopy of the data. Upon a
speculativeload,if thecorrespondingentryin theaccessstructureis
not accessedthenit mustbechangedto exposedloaded,otherwise
it remainsin the samestate. If forwarding is supportedthen the
mostup-to-dateversionis locatedby searchingtheaccessstructure
backward for the closestpredecessorentry in stateotherthannot
accessed.Otherwise,thecurrent(or reference) valueis returned.

2.4 SchedulingSpeculative Threads
In thesimplestapproachto schedulingthreadsunderspeculative

parallelization,wecandivide theiterationspacein asmany chunks
asthereareprocessorsandstaticallyassignchunksto processors.
Alternatively, we cancreatemorechunksthanthereareprocessors
anddynamicallyschedulethesechunkson theprocessors.

Recallthatunderspeculativeparallelization,eachthreadmustbe
assigneda versioncopy anda speculative accessstructure.Thus,
thenumberof suchstructuresmustbeequalto themaximumnum-



ber of chunksthat canbe active at any time. With the staticand
dynamicschedulingpolicies,this correspondsto the total number
of chunkscreated.An alternativeto thesepoliciesis to decouplethe
numberof possiblyactive threadsfrom thetotal numberof chunks
by usinga sliding windowover the iterationspace[5, 7]. In this
casea window of W active threadsslidesover theseriesof chunks
created,which canbemuchlargerthanW .

2.5 Committing SafeData
Speculative modi�cationsto theuserdataaretemporarilystored

in theversioncopies.Physically, theseversioncopiescanbeimple-
mentedasprivateor asshareddata.Supportingforwardingrequires
that the versioncopiesbe shared. At somepoint after becoming
safe,versioncopiesmustbe committedto safestorage,which is
usually the userdatastructureitself. The commit at the end of
the speculative executionwe call a �nal commit. After the �nal
commit theuserdatastructureis in thestateit would have beenif
thespeculative sectionhadbeenexecutedsequentially. In addition
to the �nal commit,we canperformintermediatepartial commits.
Performingintermediatepartialcommitssimpli�es theroll-backin
caseof squash,freesup versionstorage,andreducesthe amount
of datathathasto becommittedat theendof thespeculative exe-
cution. Themaindisadvantageof partialcommitsis theexecution
time overhead.

2.6 Squashingand Restarting Threads
Datadependenceviolationsaredetectedby looking at thespec-

ulative accessstructures: a RAW dependenceviolation has oc-
curredwhenever thereis an entry in stateexposedloadedor ex-
posedloadedandmodi�ed, with somepredecessorentry in state
modi�ed or exposedloadedandmodi�ed. Checkingfor violations,
andsquashing,regularlycanincurexecutionoverheadsbut prevents
processorsfrom performingmuchuselesswork.

We cancheckfor datadependenceviolationsuponthespecula-
tive loadsandstoresthemselves. Whenschedulingpoliciesbased
on windows areused,violation checksmustbeperformedat least
whenthewindow mustbeadvanced,sinceat this time thespecula-
tive accessinformationis lost. With staticor dynamicscheduling
policieswe canpostponethechecksto theendof theexecutionof
thespeculative section.

Whendatadependenceviolationsaredetectedwe mustsquash
and re-executethreadsthat may have consumedincorrectvalues.
Theseareusuallytheoffendingthreadandall its successors.

When a squash occurs the speculative data generatedby
squashedthreadsmustbepurgedandthespeculative accessinfor-
mationcleared.Additionally, whenthe threadsarerestartedsome
mechanismmustbe provided to prevent the sameviolation from
occurringagain.Oneway is to performforwarding. Anotherway
is to remembertheviolation andavoid it with synchronization[6,
19, 30]. Alternatively, we canwait to restartthreadsuntil all the
predecessorshave committed,in which casethe squashedthreads
canusethesafeversionof thedata.

3. COST­EFFECTIVE SOFTWARE SPECU­
LATIVE PARALLELIZA TION

In this sectionwe presentthe designof a new schemefor soft-
warespeculative parallelization. We highlight the major features
anddesigndecisionsalongwith therationalefor thechoices.

3.1 Sliding Window
The main designdecisionin our schemewas to implementin

software a sliding window mechanismsimilar to the hardware
mechanismof [5]. Traditionally, schedulingof parallel loops is
eitherstaticor dynamic.With staticscheduling,theiterationspace

is partitionedinto P chunksof iterations,whereP is the number
of processors.With dynamicschedulingindividual iterationsare
dynamicallyassignedto processors.Both policiesareundesirable
underspeculative parallelization. Static schedulingwill perform
poorly whenthereis loadimbalanceor whentherearedatadepen-
denceviolations. Dynamic schedulingis not practicalwhen the
numberof iterations,T , is very large, becausethe memoryover-
headof thespeculative structuresis proportionalto thenumberof
iterations. Alternatively, we canpartition the iterationspacein C
chunksof iterations,with P < C < T , anddynamicallysched-
ule thesechunkson processors.This alleviates,but doesnot solve,
theproblemsof thestaticanddynamicpolicies. In fact, tolerance
to load imbalanceanddatadependenceviolations is now propor-
tional to C, but memoryoverheadis also proportionalto C. To
keepmemoryoverheadtolerable,C mustbea smallmultipleof P ,
whichmaynotbeenoughto limit theimpactof loadimbalanceand
datadependenceviolations.

A slidingwindowmechanism[5, 7] canbetterdecouplethemem-
ory overheadfrom the numberof iterations. In theseschemes,
threadsconsist of chunksof a small number of iterations, but
schedulingis limited to a window of W chunksat a time. If
W > P thenthreadswithin a window canbestaticallyor dynam-
ically scheduled.At any time thereareonly W active threadsand
the memoryoverheadis proportionalto W , regardlessof the to-
tal numberof chunks,C. Nevertheless,toleranceto loadimbalance
anddatadependenceviolationsis signi�cantly increasedbecauseC
canstill bevery largeandthesliding of thewindow approximates
thebehavior of a dynamicscheduleacrossC.

Thereare two possibleschemesfor sliding the window: once
all threadsin the window arecompleted[7], andevery time non-
speculativethreadscommit[5]. Despitetheir largercomplexity and
managementoverhead,we expect schemesbasedon windows to
performbetteracrossabroadrangeof situations.

In our implementation,the sliding window mechanismconsists
of anarrayof charactersof lengthW containingastatusdescriptor
for eachuncommitted(active) thread. Additionally, two integers
marktheboundariesof thewindow atany time,pointingto thenon-
speculative andthemost-speculative threads(toppartof Figure1).

In thewindow array, threadslotscanbe in the following states:
FREE, meaningthat thereis no threadassociatedwith this slot at
themoment;RUN, meaningthat the threadis still beingexecuted;
DONE, meaningthat the threadhasbeenexecutedto completion;
and SQUASHED, meaningthat the threadhasbeeninvolved in a
violation,directlyor indirectly, andmustbesquashed.

During speculative execution, the non-speculative and most-
speculativepointersin thewindow structureareusedby speculative
loadsandstoresto determinethesectionof thespeculative access
arraythatmustbechecked. At theendof a thread's execution,the
threadstatesin the window structureareusedto determinewhat
threadsmustbecommitted,if any, andwhatthreadto runnext.

3.2 Speculative AccessStructure
Theimplementationof thespeculative accessstructurehasa di-

rectimpacton theexecutionoverheadsof checkingfor datadepen-
denceviolationsandcommitting. Thesimplestdatastructurethat
we canchooseis anarrayof accessstateof sizeM for eachactive
thread(M is thenthenumberof partsof theuserdatastructurethat
canbeunambiguouslytracked). This approachis very ef�cient for
checkingfor datadependenceviolationsonspeculativememoryop-
erations,sincethenthe systemknows exactly whereto obtainthe
relevant accessinformation for the part of the userdatastructure
beingaccessed.However, this approachis very inef�cient when
committingandwhencheckingfor datadependenceviolationson
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Figure 1: Data structuresusedin our software speculative parallelization scheme.In the version copies,the single-stripedboxescorrespond
to Moddata and the double-stripedboxescorrespondto ExpLd data.

multipleelementsof theuserdatastructure,sincein theseoccasions
all M accessinformationwouldhave to bechecked.

When the userspeculative data is very large comparedto the
amountof dataactuallyusedby eachthread,we canreducethese
overheadsby implementingthespeculativeaccessstructureasalist
of theindicesof theuserdataelementsactuallytouched.With such
a structure,the searchfor violationsand the commit of modi�ed
datastopwhentheendof the list is reached.This approach,how-
ever, is not well suitedfor checkingdatadependenceviolationson
every speculative memoryoperationbecauseof theextra overhead
of walking thelist.

To supportboth fast commitsand fast checksfor datadepen-
denceviolationsuponmemoryaccesses,weuseasetof threespec-
ulative accessstructures.The �rst structureis an M xW arrayof
characters,whereW is themaximumnumberof active threads(the
window size). In our system,M is equalto the total numberof
elementsof theuserstructurethat canbe independentlyaccessed.
We call it AM, for AccessMatrix (bottompart of Figure1). Each
elementin this speculative accessstructureencodesthe follow-
ing four states:not accesseddata(NotAcc ), exposedloadeddata
(ExpLd ), modi�ed data(Mod), andexposedloadedandmodi�ed
data(ExpLdMod). This accessstructureallows for quick lookups
uponspeculative loadsandstoresfor any particularelementof the
userstructure.

Thesecondspeculative accessstructureis anM xW arrayof in-
tegerswherethe�rst elementsin eachcolumnpoint to elementsof
AM in statesother than NotAcc . We call this structureIM, for
IndirectionMatrix (bottompart of Figure1). The last elementin
eachcolumnof IM thatcorrespondsto anaccessedelementof AM
is identi�ed by a tail pointer that is partof anarrayof W integers
(not shown in Figure1). The IM accessstructureis traversedon
commitsto quickly identify theuserdataactuallyusedby a thread.

To furtherspeedupthesearchfor datadependenceviolations,we
useathird accessstructure:asinglearrayof M logicalvalues.Each

elementcanbe in stateeitherExpLd (TRUE) or Safe (FALSE).
TheExpLd stateindicatesthatat leastsomethread,sincethestart
of thespeculative execution,hasperformedanexposedloadto this
particularelementof theuserdata,while theSafe stateindicates
thatno threadhasever performedanexposedloadto this element.
This accessstructureis useful in applicationswherethe memory
accessesof threadsdo not overlapat all, or overlapbut arewrite-
�rst. Wecall thisstructureGlExpLd, for GlobalExposedLoad(left
partof Figure1).

In additionto the type of datastructureused,the actuallayout
in memoryof theaccessstructurehasa second-ordereffect dueto
locality of referencesandcachemisses.For instance,thestructure
canbe laid out in memorysuchthat elementsalongW or M are
consecutive. Whencheckingfor datadependenceviolationson a
speculative load or store,multiple accessinformationdatacorre-
spondingto thesameuserelementarechecked in sequencealong
W . On a commit,multiple accessinformationdatacorresponding
to elementsof theuserdatabelongingto thecommittingthreadare
accessedin sequencealongM . Thus,theseoperationscall for con-
�icting layoutsin memory. Sincein practicewe expectW to be
muchsmallerthanM , we lay out our speculative accessstructure
suchthatelementsalongM areconsecutive in memory.

3.3 Speculative Loadsand Stores
Fast responseto data dependenceviolations requiresfrequent

checksfor violations. In general,detectingdatadependenceviola-
tionscanbedoneoneveryspeculative loadandstore,whenthreads
commit,or simply at theendof thespeculative section.Although
it may seemthat looking for datadependenceviolationson every
speculative load andstoreis too expensive, this is not necessarily
thecase.This is becausein this casewe mustonly checkfor viola-
tionson a particularelementof theuserspeculative data,while in
theothercaseswe mustcheckfor violationson at leastall theel-
ementsexposedloadedby thethreadsinvolved,andpotentiallyon



all elementsof theuserspeculative data. In our systemwe imple-
mentthe checksfor datadependenceviolationsin the speculative
loadsandstores.

Figures2aand2b show abridgedimplementationsof our specu-
lativeloadandspeculativestoreoperations,respectively, in aC-like
syntax.Fromthese�gures we canhighlight thefollowing features
of our scheme.Only the�rst loadto a datumrequiresspecialhan-
dling by the protocol (line 1 in Figure2a). The searchfor prede-
cessorversionsof thedatumon loadsonly requireslookingup one
elementof AM per thread(lines 6 to 11 in Figure2a). Similarly,
the searchfor datadependenceviolationson storesonly requires
looking up oneelementof AM per thread(lines 11 to 15 in Fig-
ure 2b). The useof the GlExpLd structureavoids searchingfor
datadependenceviolationswhenno threadhasperformedan ex-
posedloadto thedatum(line 10 in Figure2b). Also, thesearchfor
datadependenceviolationscanstopearly if a successorthreadis
found to have modi�ed the datumwithout an exposedload (lines
12 and13 in Figure2b). Note thatsquashescanonly betriggered
by storessinceforwardingis supported.Thesquash() operation
simply involvessettingthe window stateof the successorthreads
to SQUASHEDandmoving the non-speculative pointerbackward.
Laterwhena threadcommits(Section3.4) this will trigger there-
executionof thethread.

3.4 Commits
Figure3 showsanabridgedimplementationof thecodeexecuted

at theendof eachthread,in a C-like syntax. This codeis divided
in two main sections: the commit proper(lines 3 to 16) and the
assignmentof a new thread(lines 22 to 29). From this �gure we
canhighlight the following featuresof our scheme.Only thenon-
speculative threadperformscommits(line 3), andit is responsible
for committing itself and all successorthreadsthat have already
�nished (lines5 to 14). Committingthemodi�ed datais limited to
checkingtheelementsaccessedby thethreads,asidenti�ed by the
IM structure(lines10and11). Whenthewindow is full, processors
spin-wait without contentionuntil a threadslot is freed(line 22).
Finally, beforestartinga new threadtheAM structureis ef�ciently
clearedfor reuseby usingIM (lines24 and25). After increment-
ing themost-speculative pointerandsecuringa slot in thewindow,
the processoris readyto grabanotherthreadto execute(codenot
shown, for simplicity). The do squash() operationin practice
simply requiressettingthewindow slot to FREE.

3.5 ProtocolRaces
As describedso far, our protocolfor detectingdatadependence

violations and for partial commits suffers from race conditions.
Theseracesarecausedby usesof andupdatesto the sharedwin-
dow structureandthe sharedspeculative accessstructures.More
speci�cally, racesappearbetweenthespeculative loadsandstores
uponaccessesto GlExpLd, AM, andversion;betweenspeculative
loadsandcommituponaccessesto ref andnon spec;betweenspec-
ulative storesand commit upon accessesto AM and mostspec;
andbetweencommit and threadstartupon accessesto non spec,
most spec,andwindow. Wehavemarkedthesecon�icting memory
operationsin Figures2 and3. For instance,Ld 2 in Figure2arefers
to the load of non specembeddedin line 6 andLd d in Figure2b
refersto theloadembeddedin lines12 and14 of theparticularel-
ementof AM thatcancausea con�ict with anongoingspeculative
load.

We candivide the racesin two major cases:thosethat appear
due to the protocol itself when executedin strict programorder
andwhenthe memoryoperationsfollow a sequentialconsistency
memorymodel[1]; andthosethatappearwhenthecompilermay
re-order the operationsin the protocol and/or when the system

only enforcessomerelaxedmemoryconsistency modelthatallows
both loadsandstoresto bypasseachother, asis the casein Sun's
SPARC [27] andIBM' s PowerPCsystems[18].

� Race1: speculative loadvs. speculative store

According to the protocol in Figure 2a, upon an exposed
speculative load the consumermust perform the following
three actions: set the correspondingstate in the specula-
tive accessstructures(St1), scantheaccessarraybackward
for the mostup-to-dateversionof the data(Ld 3), andcopy
the forwardedvalue (Ld 4). In contrast,as shown in Fig-
ure 2b, upona speculative storethe producermustperform
the following threeactions: modify its versioncopy (Sta ),
setthecorrespondingelementin theaccessarray(St b), and
scantheaccessarrayforward for possibledatadependences
(Ld d ). It can be shown that, as long as the operationsoc-
cur in programorder and follow a sequentialconsistency
model, all possibleinterleavings of theseoperationsmain-
tain the semanticsof the original sequentialprogram,with
either the new valuebeingforwardedor a datadependence
violationbeingdetected.Note,however, thatsomeinterleav-
ings can lead to the detectionof a datadependenceviola-
tion evenwhenasuccessfulforwardingis performed.For in-
stance,considerthefollowing interleaving of theoperations:
Sta ! Stb ! St1 ! Ld 3 ! Ld 4 ! Ld d . In thiscasethe
consumerperformsa forwardingwith thecorrectup-to-date
value,but theproducerstill detectsa datadependenceviola-
tion. The problemis that we do not guaranteeatomicity of
the speculative storeoperation.We note,however, that this
doesnot affect thecorrectnessof theexecutionandwill lead
to someperformancedegradationonly in thepresenceof data
dependencesandraces.

Consideragain the operationsdescribedabove. It can be
shown thatincorrectbehavior occursif thoseloadsandstores
arenotglobally performedin programorder. For instance,if
loadsandstoresareallowedto bypassprecedingstores,then
the order Stb ! Ld 3 ! Ld 4 ! Ld d ! St1 ! Sta

canleadto a consumerperforminga forwardingwith a stale
valuewhile theproducerfails to detectadatadependencevi-
olation. Theproblemin this caseis that thestoreto theAM
elementby theproducerthread(Stb) performswith respect
to the consumerthreadbeforethe storeto the versioncopy
(Sta ).

� Race2: speculative loadvs. commit

Accordingto the protocol in Figure3, whena threadcom-
mits, it must perform the following two actions: update
the referencevalues(StA ) andadvancethe non-speculative
pointer (StB ). Upon a speculative load, a successorcon-
sumerthreadscansthe accessarraybackward for the most
up-to-dateversion of the data, using the non-speculative
pointerto delimit the endof the search(Ld 2 in Figure2a),
andmayreadthereferencecopy (Ld 5) if no suchversionis
found.As long astheoperationsoccurin programorderand
follow asequentialconsistency model,all possibleinterleav-
ingsof theseoperationsmaintainthesemanticsof theorigi-
nal sequentialprogram,with the correctvaluebeingloaded
by theconsumerthreadeitherfrom thealreadyupdatedref-
erencecopy or from thestill up-to-dateversioncopy.

If, however, the updateto the non-speculative pointer is al-
lowed to bypassthe updatesto the referencearray, thenthe
consumerthreadcouldobtainastaleversionfrom thenotyet
updatedreferencecopy, leadingto incorrectexecution. For



Stb

Stb

Ldd

Ldd

Ldc

 1.  version[I][tid]=rvalue;
 2.  #pragma memory fence
 3.  if (AM[I][tid] == NotAcc) {
 4.    AM[I][tid]=Mod;
 5.    IM[++tail[tid]][tid]=I;
 6.  }
 7.  if (AM[I][tid] == ExpLd)
 8.    AM[I][tid]=ExpLdMod;
 9.  #pragma memory fence;
10.  if (GlExpLd[I])

12.      if (AM[I][j] == Mod)
13.        break;
14.      else if (AM[I][j] != NotAcc)
15.        {squash(j); break;}

Sta

11.    for (j=tid+1; j<=most_spec; j++)

(b)

 1.  if (AM[I][tid] == NotAcc) {
 2.    GlExpLd[I]=TRUE;
 3.    AM[I][tid]=ExpLd;

  4.    IM[++tail[tid]][tid]=I;
 5.  #pragma memory fence

 7.      if (AM[I][j] != NotAcc) {
 8.        version[I][tid]=version[I][j];
 9.        forwarded=TRUE;
10.        break;
11.      }
12.    if (!forwarded)
13.      version[I][tid]=ref[I];
14.  }
15.  lvalue=version[I][tid];

3

2

4

5

Ld
Ld
Ld

Ld

(a)

 6.    for (j=tid-1; j>=non_spec; j--)

1St

Figure2: Abridged C-likecodefor speculative loads(a)andspeculativestores(b). Thememory fence dir ectivesarediscussedin Section3.5.
In this �gur e I is the index correspondingto the elementof the user structure being operated on, tid identi�es the thr ead performing the
operation, ref correspondsto the original user data structure, and lvalue and rvalue correspondto the variable or expressionsusedin
the original operations.

StB

StA

StD

StC

 1.  #pragma critical
 2.  if (window[tid] != SQUASHED) {
 3.    if (tid == non_spec) {
 4.      window[tid]=DONE;

 6.        if (window[i] == DONE &&
               window[i+1] != DONE)
 7.          {last=i; break;}
 8.      }

10.        for (k=1; k<=tail[j]; k++)
11.          ref[IM[k][j]]=
              version[IM[k][j]][j];
12.  #pragma memory fence

14.      }
13.        window[j]=FREE

 5.      for (i=non_spec; i<=most_spec; i++) {

 9.      for (j=non_spec; j<=last; j++) {

15.      non_spec=last+1;

19.  }

16.    }

18.      window[tid]=DONE;

20.  else do_squash();
21.  #pragma end critical

23.  #pragma critical

26.  #pragma memory fence

29.  most_spec++;
30.  #pragma end critical

17.    else

22.  while(window[most_spec+1] != FREE) {}

24.  for (j=1; j<=tail[most_spec+1]; j++)
25.    AM[IM[j][most_spec+1]][most_spec+1]=NotAcc;

27.  tail[most_spec+1]=0;
28.  window[most_spec+1]=RUN;

Figure3: Abridged C-like codeexecutedat the endof eachthr ead'sexecution.The memory fence and critical dir ectivesarediscussed
in Section3.5. In this �gur e ref correspondsto the original userdata structure.

instance,in theorderStB ! Ld 2 ! Ld 5 ! StA , thecon-
sumerwill seethe new valueof the non-speculative pointer
andwill stopthebackward searchbeforereachingthecom-
mitting producerandwill readthereferencevaluebeforeit is
actuallyupdated.

� Race3: speculative storevs. threadstart

Accordingto theprotocolin Figure3, whena new specula-
tive threadstartsit mustresettheold elementsof theaccess
structure(StC ) and incrementthe most-speculative pointer
(StD ). Upona speculative store,a predecessorthreadscans
the accessarrayforward for any datadependenceviolation,
usingthe most-speculative pointerto delimit the endof the
search(Ld c) andcheckstheaccessstructurefor anexposed
load(Ld d ). As longastheoperationsoccurin programorder
andfollow asequentialconsistency model,all possibleinter-
leavings of theseoperationsleadto correctbehavior andno
unnecessarysquashes.

If, however, theupdateto themost-speculative pointeris al-
lowedto bypasstheupdatesto theaccessstructure,thenthe
producerthreadcouldincorrectlydetecta violationbasedon
an old valueof the accessarray, leadingto an unnecessary
squash.For instance,in the orderStD ! Ld c ! Ld d !
StC , theproducerwill searchfor violationsbasedonthenew

valueof the most-speculative pointerandmay detecta vio-
lation basedon the valueof the accessstructurebeforeit is
cleared.This doesnot affect programcorrectness.

� Race4: commit vs. threadstartandthreadstartvs. thread
start

If multiple threadsare allowed to start simultaneouslyor
while a threadis committing,it canbeshown thatsomeim-
properinterleavingsof thecommitandthreadstartoperations
shown in Figure3 canleadto inconsistentstatesof thewin-
dow andspeculative accessstructures.For instance,a dead-
lock couldoccurwhentheearliestrunningspeculative thread
�nishes while the non-speculative threadis committing. In
this case,the non-speculative threadmight not realizethat
oneextra threadmustbecommitted(lines5 and6), while the
speculative threadwill not commit itself asit is not yet non-
speculative (line 3). Thusthis speculative threadwill never
be committedand oncethe window becomesfull the pro-
gramwill stopmakingprogress.As anotherinstance,if two
threadsareallowedto startsimultaneouslythey couldusethe
samevalueof themost-speculative pointerto selecttheele-
mentsof theaccessstructurefor reuse(lines24 and25),be-
foreeitherof themupdatesthemost-speculative pointer(line



29). In this case,part of the accessstructurewill contain
incorrectstalevaluesandwill leadto incorrectexecution.

� Race5: commitvs. squashandthreadstartvs. squash

The squashoperationsencapsulatedin line 15 of Figure2b
and line 20 of Figure3, which are not shown in detail for
simplicity, requireupdatingthesharedwindow structure.If
threadsareallowedto commitor startwhile asquashis being
performed,it can lead to inconsistentstatesof the window
andspeculative accessstructures.For instance,if the state
of thewindow is changedto SQUASHED(in thesquash()
procedure)after the squashedthreadexecutesline 2 in Fig-
ure3 but beforeit executesline 18in this�gure, thenthe�nal
stateof thewindow will beDONE, insteadof SQUASHEDand
this threadwill notbesquashedafterall.

Thesimplestwayto avoidall theraceconditionsdescribedabove
is to envelop all the speculative operationsin critical sections,
which guaranteesmutualexclusivity andatomicity. This solution
wasusedin theapproachwith simplelocksin [24]. Thisapproach,
while correct,canbe very inef�cient andcanbe shown to be too
conservative. In practice,we canrelax the constraintson the or-
deringof the speculative operationsandreducethe useof critical
sections.

We notethat races1 through3 only leadto incorrectbehavior
when programorder and sequentialconsistency are not guaran-
teed. If theprocessorandmemorysystemaswell asthecompiler
enforcesequentialconsistency [1], thencorrectbehavior is guar-
anteed. However, if the systemusessomerelaxed memorycon-
sistency modelthenmemoryfencesmustbe insertedto guarantee
correctness.A memoryfencetells the processorthat all pending
memoryoperationsmustbeglobally performedbeforeany follow-
ing memoryoperationcanbe issued.It alsotells thecompilernot
to reorderany memoryaccessinstructionsacrossthefence.

The fence directives shown in Figures2 and 3 show the set
of fencesthat mustbe usedwhenthe memoryconsistency model
allows for all types of reorderingof memory references. For
instance, the fence in line 5 in Figure 2a enforcesSt1 !
Ld 2 ; Ld 3 ; Ld 4 ; Ld 5 andthe fencein line 2 in Figure2b enforces
Sta ! Stb; Ld c ; Ld d . Note that the ordersLd 2 ! Ld 3 !
Ld 4 ; Ld 5 andLd c ! Ld d areguaranteedby thecontrol�o w con-
straintsandrequireno extra memoryfences.Somesubsetof these
fencesmaybesuf�cient in systemsthatsupportmorestrictmemory
consistency models.To seethat thesefencesguaranteecorrectbe-
havior onecaneasilycheckall theremainingpossibleinterleavings
of the operationsthat respectthe memoryfences,critical sections
andcontrol�o w.

In contrast,avoiding races4 and5 without a critical sectionis
notasstraightforward. In thiscase,programorderof theoperations
is not enoughto guaranteecorrectbehavior. We do not attemptto
eliminatethis critical section.Notethat,despitethecritical section
aroundthecommitoperation,thememoryfencesto avoid races2
and3 arestill necessary, sincetheremay be no guaranteeon the
orderof memoryoperationsgeneratedinsideacritical section.

3.6 OverheadMonitors
Automaticspeculative parallelizingcompiler technologyis still

in its infancy. In many caseswe expectthecompilerto incorrectly
suggestspeculative parallelizationwhenin fact therearetoo many
cross-threaddatadependences.Moreover, the numberof datade-
pendencesmayvary with the input data.A robustspeculative par-
allelizationschememustprovide mechanismsto dynamicallylimit
theslowdowns in suchcases.We implementin our schemea per-
formancemonitorthattrackstheamountof datadependenceviola-
tions. It is implementedastwo sharedcounters,commitcountand

squashcount; a �ag, speculate; anda threshold,squashthreshold.
Whenathreadcommits,commit countis incrementedby thenum-
berof threadsbeingcommitted.Thesquashcountcounteris incre-
mentedwheneverasquashis detected.Notethatsincebothcommit
andsquashoperationsareprotectedby critical sectionsthereis no
raceconditionto updatethesesharedvariables.At the endof the
speculativesectionif theratioof thesquashandcommitcountersis
greaterthanthe threshold,thenthespeculate�ag is setto FALSE
andno speculationis attemptedon futureinvocationsof thespecu-
lativesection.To switchoff speculativeexecutionwesimplyimple-
menttwo versionsof theloop, onespeculative andonesequential,
guardedby a testof thespeculate�ag.

4. EVALUATION METHODOLOGY

4.1 Applications
To evaluateour scheme,we choosethe following applications:

TREE from [3], WUPWISE andLUCAS from SPECfp2000[28],
MDG from the PERFECTClub suite [4], andAP3M from [12].
Theseapplicationsarerepresentativeof legacy aswell asrecentse-
quentialscienti�c Fortranprograms.Theinputsetsarethestandard
onesprovidedwith theapplications.All applicationsspenda large
fractionof their sequentialexecutiontime on loopsthat cannotbe
automaticallyparallelizedby state-of-the-artcompilers.

Table1 shows, for eachapplication,the loops that we attempt
to parallelizespeculatively, the fraction of the sequentialexecu-
tion time taken on our Sunserver (Section4.2), theaveragenum-
ber of iterationsexecutedper loop invocation,the sizeof the data
accessedthrough speculative references,and whether the loops
presentcross-iterationdata dependences.In the caseof WUP-
WISE, we obtainloopsmuldeo200' andmuldoe200' by merging
the threeouter loops in loop nestsmuldeo200 and muldoe200,
respectively. For that, it is necessaryto hoistsomeinductionvari-
ablesandcomputethe loop indicesappropriately, which is within
thecapabilitiesof recentcompilers1.

Application

WUPWISE

MDG

LUCAS

% of Seq.
Time

Iterations
per Invocation

RAW
Dependences

Spec data
size (KB)

41 8,000

No

12,000

86 343

No

< 1

20 4,194,304

Loops to
Parallelize

muldeo_200'
muldoe_200'
interf_1000

mers_mod_square
(line 444)

4,000 Yes

AP3M 343 to 2,197 Yes3,000shgravll_700

TREE 94 4,096 No< 1accel_10

78

Table1: Characteristicsof the applicationsstudied.

4.2 Parallel ExecutionEnvir onment
We ran the applicationsdescribedin Section 4.1 on a 24-

processorSunSun�re 6800symmetricmultiprocessor(SMP).The
machineis equippedwith 750MHz UltraSPARC-III processors,
eachwith a private 64KByte 4-way set-associative L1 cache,a
private8MByte direct-mappedL2 cache,and48GBytesof shared
mainmemory. ThesystemrunsSunOS5.8. Thesystemintercon-
necthasasustainedbandwidthof 9.6GBytes/s.TheSPARC V9 ar-
chitecturesupportsany of threedifferentmemoryconsistency mod-
els: relaxedmemoryorder (RMO), partial store order (PSO),and
total store order (TSO) [27]. Themodelenforceddependson the
actualcon�gurationof thesystem.We developedour codeassum-
ing RMO, asit is themostrelaxedof the threeanda programthat
1Recently, as part of the SPEC OMP parallelizationeffort [2], loops similar to
muldeo200 and muldoe200 have beenparallelizedwith help from handanalysis.
Suchanalysisis still beyondthecapabilitiesof automaticparallelizationalone.



correctlyexecutesin this modelis guaranteedto correctlyexecute
in theothertwo.

The applicationswere compiledwith Sun Workshop6 update
2 using the highestoptimization settingsfor our execution en-
vironment: -fast -xchip=ultra3 -xarch=v8plusb -
cache=64/32/4:8192/64/1 . They hadexclusive useof the
processorsduring theentireexecutionandwe usewall-clock time
in our time measurements.For theexecutiontime breakdowns we
usetheperformancecollectortool which is partof SunWorkshop.
In ourexperimentstheperformancecollectorintroducednegligible
executionoverheads.

WeusedOpenMP2.0to parallelizetheloopsbecauseof its wide
acceptanceandportability. The memoryfencesdescribedin Sec-
tion 3.5 werethenimplementedusingtheOpenMPflush direc-
tive. The semanticsof this directive is different from that of the
memoryfences:it simply enforcesthat theprocessorandmemory
have a consistentview of somesharedobjectspeci�ed in the di-
rective. With properdeclarationandplacementof thesedirectives
we canguaranteethatall processorsandmemoryhave a consistent
view of thesharedobjectsandthenmimic thebehavior of themem-
ory fencesof Section3.5.A moreaggressive implementationof our
schemecouldusethemoreselectiveMEMBARfenceprovidedin the
SPARC processor[27].

4.3 SystemsEvaluated
Thegoalof ourexperimentsis to quantitatively evaluatesomeof

thedesigntradeoffs availableto softwarespeculativeparallelization
schemesaswell asto compareour proposedschemeagainstother
possibledesigns,someof which aresimilar to schemespreviously
proposedin the literature. The schemesthat we evaluateare the
following.

Baseline: usesa window schemewith partialcommitswhenthe
non-speculative thread�nishes, checksfor datadependenceviola-
tionsoneveryspeculativestoreoperation,andsupportsforwarding.
This is our baselinesystemdescribedin Section3.

sys2: avariationof ourbaselineschemethatonly checksfor data
dependenceviolationswhenthreadscommit,anddoesnot support
forwarding. We evaluatethis systemto assessthe costof our de-
pendencecheckingmechanism.

sys3: usesa window schemewith partialcommitsonly whenall
threadsin thewindow complete,checksfor datadependenceviola-
tionsoneveryspeculativestoreoperation,andsupportsforwarding.
Thissystemis similar in conceptto theSW-R-LRPDschemeof [7],
exceptthat thereviolationsareonly checked whenthe window is
movedandthedatastructuresusedaredifferent.

sys4: has no window and no partial commits, usesdynamic
schedulingof iterationsto processors,checksfor datadependence
violationsoneveryspeculativestore,andsupportsforwarding.This
systemis similar in conceptto theschemeof [24], exceptthatwe
useourown speculative accessstructuresanddo notuselocks2.

In additionto the speculative parallelizationschemesdescribed
above, we alsoquantitatively evaluatethreeotherscenarios:Am-
dahl: the maximumspeedupobtainedaccordingto Amdahl's law
andthecoverageof thespeculativeloopsgivenin Table1; Autopar:
applicationsautomaticallyparallelizedwith Sun's compilerusing
the -autopar �ag; DOALL: speculative loopshand-parallelized
with OpenMPdirectives without any speculative scheme(obvi-
ously, this is only possiblewhenthe loopshave no RAW depen-
dences).In thelattercase,SCHEDULE(DYNAMIC,1)wasused.
2In [24], a parallelimplementationof the �nal commit is proposedto reduceits cost
when only an accessstructureequivalent to our AM is used. This optimizationis
complicatedwith theuseof theIM structure,but it thenbecomessomewhatredundant
as the IM structurealreadycuts to a minimum the amountof searchingfor datato
commit.

5. EXPERIMENT AL RESULTS
Sections5.1to 5.5evaluateoursystemwith speculative sections

that do not suffer from cross-threaddata dependenceviolations
(TREE, WUPWISE, andMDG). Section5.6evaluatesour system
with speculativesectionsthatsuffer from frequentdatadependence
violations(LUCAS andAP3M).

5.1 Overall Speedups
We startby presentingtheoverall speedupresultsfor thewhole

applicationsin Figure4 (top charts). The systemsshown arede-
scribedin Section4.3. In this plot, Baselineusesthebestwindow
sizeswe found(Section5.2). Thespeedupis givenfor 2, 4, 8 and,
for TREE andMDG, 16 processors.It is computedwith respectto
thesequentialexecutionof theunmodi�ed applicationon a single
processor. Becausethecoverageof thespeculativesectionin WUP-
WISE is below 60%of thesequentialexecutiontime,scalabilityis
poorand,thus,we donotpresentresultsfor 16 processors.

Fromthe �gure we observe that, in contrastto automaticparal-
lelization,our schemedeliversspeedupsfor all applications.This
demonstratesthe importanceof speculative parallelizationas a
complementarytechniqueto traditionalparallelizationtechniques.
In all cases,the performanceof our schemeis very close(within
82%onaverage)to theDOALL parallelexecutionspeedupandalso
close(within 79%onaverage)to theidealAmdahl's law speedups.

To bettervisualizehow our speculative parallelizationscheme
comparesto manual parallelization,Figure 4 also presentsthe
speedupsfor the speculative sectionsonly (bottomcharts). From
this �gure weobserve thattheoverheadsintroducedby ourscheme
donotpreventit from deliveringspeedupscloseto theDOALL par-
allel execution. In fact,our schemerealizesanaverageof 71%of
theparallelizationspeedupof DOALL. This demonstratesthat,de-
spiteits overheadscomparedto manualparallelization,speculative
parallelizationcandeliver a largefractionof thetotal potentialper-
formanceimprovements.

5.2 Effectsof Commit Policy
To evaluatetheperformanceimpactcausedby commitswecom-

pareour scheme,Baseline, with systemsthat vary from ours in
their commit policies: sys3andsys4. For the window-basedsys-
temswevary thewindow sizeto evaluateits impacton thecommit
overheadsandexecutiontimes. Figure5 shows theexecutiontime
breakdownsof thespeculative sectionsonly, on4 and8 processors.
On top of eachbarwe show thespeedupsrelative to sequentialex-
ecutiontime. Thebarsarenormalizedto thesequentialexecution
timeandarebrokendown into thefollowing components:

Busy: executiontime of the original loop body plus OpenMP
overhead.

Init: initialization time of thespeculative accessstructuresat the
beginning of the speculative sectionsand, for the window based
systems,whenthesestructuresarere-assignedto new threads(lines
24 to 27 in Figure3).

Spin: idle time due to load imbalancewhen waiting for other
threadsto completein order to advancethe window (line 22 in
Figure3), plus idle time dueto load imbalanceat the endof the
speculative section.

Ld+St: overheadtime spenton speculative loadsandstores,ex-
cludingtheoriginalmemoryoperation(all of Figure2aexceptline
8 or line 13,andall of Figure2b exceptline 1).

Commit: overheadtime of thecommitoperationsandsettingup
of a new thread(lines2 to 19and28 to 29 in Figure3).

Contention: idle time waiting at the locks andbarriersrequired
by thedifferentschemes.

Fromthe�gure weseethatBaselineperformsconsistentlybetter
thansys3and,with a large enoughwindow, betterthansys4. For
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Figure4: Overall speedups(top charts) and speedupsfor the speculative sectionsonly (bottom charts).

these4 and8 processorcon�gurations,Baselineis onaverage26%
fasterthan sys3and 13% fasterthan sys4for TREE; 43% faster
thansys3for WUPWISE; and5% fasterthansys3and1% faster
thansys4for MDG. As expected,Baselinesuffers lessfrom load
imbalancethansys3for thesamewindow size,andis ableto reduce
Spin to levels comparableto sys4even with small window sizes.
The main reasonfor the performanceadvantageof Baselineover
sys4is thelargecommittimerequiredby the�nal commitin sys4.

We alsonotethatwith sys4, toleranceto load imbalancecomes
at a high costof memoryoverheadandin thecaseof WUPWISE
this overheadpreventedus from runningthis schemein our multi-
processorsystem.

Finally, we notethataswe increasethewindow size,thereis an
increasein CommitandInit for Baselineandsys3, asexpected.This
effect reducesthebene�tsof largerwindow sizeswith Baselineand
sys3, especiallyfor WUPWISE. In generalwe �nd thata window
sizeof 2 or 4 timesthenumberof processorsperformsconsistently
well acrossall speculative sections.

5.3 ConstrainedMemory Overhead
In Section5.2, Baselineand sys3had the samememoryover-

headswith agivenwindow size,while sys4hadsigni�cantly higher
overheads,whichevenpreventedusfrom runningWUPWISEwith
this system. One way to bring the memoryoverheadof sys4to
the samelevels of Baselineandsys3is to block the iterationsin
sys4so that the resultingnumberof chunksis equalto thesizeof
the window in Baselineandsys3. Figure6 shows the normalized
executiontimesof thespeculative sectionsonly for Baselineanda
blockedversionof sys4, on4 and8 processorswith minimummem-
ory overhead,i.e., window sizeor numberof chunksequalto the
numberof processors.Again, thenumberson top of thebarsshow
thespeedupsrelative to sequentialexecutiontime andthebarsare
brokendown asbefore.

Fromthis �gure weseethatblockingsys4leadsto mixedresults.
When iterationsarenot well balancedlocally but blocking itera-
tions leadsto well balancedchunks,asin TREE, sys4outperforms
Baseline(in this caseby 31% on average). When iterationsare
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Figure 6: Normalized executiontime breakdown for Baselineand a
blocked version of sys4with minimum memory overhead. Resultsare
shown for 4 and 8 processors(P ). The numbers on top of the bars are
the speedupsrelative to sequentialexecution.

locally well balancedbut blocking iterationsleadsto unbalanced
chunks,asin MDG, Baselineoutperformssys4(in thiscaseby 27%
on average).Finally, whenbothiterationsandchunksarewell bal-
anced,as in WUPWISE, other factors,suchas the commit over-
head,determinethebetterperformingsystem(in thiscaseBaseline
by 12%onaverage).

Blocking iterationswith sys4seemsa viable option when load
imbalanceis not signi�cant. However, this techniquestill hasseri-
ouslimitationswhenthespeculative sectionssuffer occasionaldata
dependenceviolations.

5.4 Effectsof DependenceViolation Checks
To verify thecostof our policy of checkingfor datadependence

violationson every storeoperation,we compareour baselinesys-
tem, Baseline, with a similar systemthat only checksfor depen-
denceviolationswhenthreadscommit, sys2. Figure7 shows the
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Figure 5: Normalized executiontime breakdown for Baseline, sys3, and sys4. For Baselineand sys3the window size(W ) is varied fr om 1 to
8 times the number of processors(P ). Resultsare shown for 4 processors(top chart) and 8 processors(bottom chart). The numbers on top of
the bars are the speedupsrelative to sequentialexecution.

normalizedexecutiontimeof thespeculativesectionsonly, on4 and
8 processorswith thebestwindow sizesfrom Section5.2. Again,
the numberson top of the barsshow the speedupsrelative to se-
quentialexecutiontimeandthebarsarebrokendown asbefore.

From this �gure we seethat in all casesthe cost of checking
for datadependenceviolationsin Baselinedoesnot leadto notice-
ableperformancedegradationwith respectto sys2. As expected,
Ld+St is greaterwith Baselinewhile Commitis greaterwith sys2.
This indicatesthat moving the checksfor dependenceviolations
from the memoryoperationsto the endof threadssimply moves
the overheadsfrom the loadsandstoresto the commit. However,
in the caseof WUPWISE with 8 processors,the additionaltime
spentonviolationchecksatcommittimewith sys2signi�cantly in-
creasethecontentionoverhead.Thisis becausetheviolationchecks
aretheninsidethecritical section.In this casesys2performssig-
ni�cantly worsethanBaseline. We expect this behavior to occur
whenthespeculative datais largeanda largenumberof processors
is used.Overall, Baselineoffersgoodandconsistentperformance
alongwith theopportunityfor quicker responseto dependencevio-
lations.

5.5 Effects of Speculative AccessStructure
In this sectionwe evaluatethe performanceimpactof our opti-

mizedspeculativeaccessstructures.Figure8 showsthenormalized
executiontime breakdown of thespeculative sectionsonly for our

basesystem,Baseline, anda variation of it without the IM opti-
mization,noIM. Thebarsarebrokendown asbefore.Notethat to
keepthe plot readablewe truncateseveral sectionsof the bar for
WUPWISE noIM andtheheightof thebarsaremuchbiggerthan
shown.

ComparingBaselineto noIM in this �gure we seethat the IM
optimizationis crucial for applicationswith very largespeculative
data(WUPWISE). Thecostof scanningall elementsof theAM ac-
cessstructureatcommitandinitializationincreasestheseoverheads
signi�cantly. Theaddedtimeatcommitalsoleadsto signi�cant in-
creasein bothloadimbalanceandcontentionoverheads.

5.6 Effectsof PerformanceFeedback
In this sectionwe study the performanceof speculative paral-

lelization in the presenceof cross-threaddatadependenceviola-
tionsandwe evaluatetheimportanceof having performancemon-
itors andfeedback.The loopswe use,from LUCAS andAP3M,
areexamplesof caseswhereanautomaticspeculative parallelizing
compilerwould likely suggest,incorrectly, that speculative paral-
lelizationshouldbeused.Figure9 shows thenormalizedexecution
time breakdown of the speculative sectionsonly for our Baseline
con�gurationwith somevaluesof squashthresholdandfor a simi-
lar systemwithoutoursquashoverheadmonitor(noMonitor).

We canseefrom this �gure thatwithout squashmonitorssignif-
icantslowdownsarepossible.Contentionfor thesquashandcom-
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Figure7: Normalized executiontime breakdown for Baselineand sys2
with the best window sizefr om Figure 5. Resultsare shown for 4 and
8 processors(P ). The numbers on top of the bars are the speedups
relative to sequentialexecution.

mit operationsaccountfor mostof theexecutiontime increase,but
re-executionof the original instructionsand the speculative oper-
ationsalsocontribute to the overall slowdown. With the addition
of a squashmonitor, our schemeis ableto keeptheslowdowns to
tolerablelevels.

A completestudy of the sensitivity of the slowdowns to the
squashthresholdvalue is beyond the scopeof this paperandwe
presenthereonly somepreliminary observations. In the caseof
LUCAS the numberof datadependenceviolations increasesfor
eachinvocationof thespeculativesectionandweobserveagradual
increasein executiontime up to thresholdvaluesaround0.15. Be-
tween0.15and0.2 thereis a sharprisein executiontime andwith
a thresholdof 0.2 all the invocationsof thespeculative sectionare
run speculatively. In the caseof AP3M, the kneeis even sharper
sincethe numberof datadependenceviolations is effectively the
samein all invocations.Thus,aswe increasethe thresholdvalue,
we observe little changein executiontime asonly the �rst few in-
vocationsrunspeculatively; afteracertainpoint,all invocationsrun
speculatively. Overall, our experimentsseemto indicatethatsmall
thresholds(0.01to 0.1)arerequiredto keeptheslowdownstolera-
ble in mostcases,but furtherstudyis necessary.

6. RELATED WORK
Run-timespeculative parallelizationin softwarewasintroduced

in the LRPD test [23]. Data dependenceviolations are checked
at the end of the tentative parallel execution,and the loop is re-
executedsequentiallyif a violation is detected.Thus,this scheme
canonly handlefully parallel loops. The schemein [8] proposed
a seriesof run-time tests,alsoat the endof the tentative parallel
execution. They aretailoredfor differentaccesspatternsandrely
on thecompilerto identify themostlikely behavior. Morerecently,
[7] extendedtheLRPD work with two new mechanisms.Themost
aggressive, SW-R-LRPD test, usesa sliding window mechanism
somewhat similar to ours. This systemdiffers from ours in three
ways: the window only moves when all threadsin the window
complete;checkingfor datadependencesonly occursafterall the
threadswithin a window are�nished; andthethreadsin a window
arestaticallypartitionedandassignedto processors.The scheme
in [24] appliedin software many of the ideasof hardware-based
speculative parallelization,suchascheckingfor datadependence
violationson memoryoperationsand forwarding. It differs from
ours in two ways: no window is usedandeither locks or a non-
scalablebyte-vector implementationof the accessstructuresare
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Figure8: Normalizedexecutiontime breakdown for Baselinewith and
without the IM data structure optimization. In all casesweusethe best
window sizefr om Figure 5. Resultsare shown for 4 and 8 processors
(P ). Note that the bars for WUPWISE noIM are truncated and the
height of the bars arebigger than shown. The valuesof thesetruncated
sectionsareshown in the �gur e. The numberson top of the bars are the
speedupsrelative to sequentialexecution.

usedto avoid racesin theprotocol.Thework in [21] takesa differ-
entapproachto softwarespeculativeparallelizationby placingmost
of theoperationsin thesoftwaredistributedcoherenceengine.

Severalhardwareapproachesfor speculative parallelizationhave
beenproposed(e.g.,[5, 9, 16, 20,26,29,31]). While theseallevi-
atemany of theoverheadsof speculative parallelizationby moving
someof theoperationsto hardware,they requiresigni�cant changes
to thehardwarestructures,suchascaches,protocolcontrollers,and
eventheprocessors.

Alternatively to speculative parallelization, inspector-executor
schemes[15, 25] pre-computethereferencestreamandusethede-
pendenceinformationto executethe loop in parallelwith explicit
synchronizationwherenecessary. This approachworks well only
whencomputationof thereferencestreamis cheapcomparedto the
actualloop computation.

Finally, speculative parallelizationis also relatedto optimistic
concurrency control and synchronization[10, 14], including
hardware-assistedschemes[11, 17, 22]. Under theseschemes,
which targetexplicitly parallelcode,threadsareallowedto specu-
latively entercritical sectionssimultaneouslyor speculatively pro-
ceedpastabarrierbeforeall threadshavereachedit. In these,there
is noneedto enforceatotalorderonthememoryaccessesto shared
objects,but only that suchaccessessatisfysomevalid partial or-
der (mutualexclusionin thecaseof critical sectionsor pre-barrier
beforepost-barrieraccessesin the caseof barriers). Speculative
parallelizationschemes,on the otherhand,tacklea moregeneral
problemthat requiresenforcinga total orderof accessesthatsatis-
�es theexecutionsemanticsof theoriginal sequentialcode.

7. CONCLUSIONS
In this paper, we proposedandevaluateda new schemefor soft-

warespeculative parallelization.After systematicallyconsidering
thedesignspacewe implementedour schemewith carefully tuned
datastructures,synchronizationpolicies, and schedulingmecha-
nisms.Theaccessinformationstructuresareshown to work well on
speculative loadandstoreoperationsaswell ascommitoperations,
regardlessof thesizeof theuserdatastructure.Thesynchroniza-
tion policiesrelax the constraintsof previous work with software
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Figure 9: Normalized execution time breakdown for Baselinewith
and without a squashmonitor. With a squashmonitor thr esholdsof
0.05 (thrs=0.05), 0.1 (thrs=0.1), and 0.2 (thrs=0.2) were used. Results
are shown for 4 processors.The numbers on top of the bars are the
speedupsrelative to sequentialexecution.

speculative parallelizationandallow for fasterdependenceviola-
tion checkson every speculative storeoperation. We also show
how to guaranteepropersynchronizationin thecommoncasethat
the hardwareandthecompileronly enforcerelaxed memorycon-
sistency models. Finally, the schedulingmechanism,basedon an
aggressive sliding window, offers increasedtoleranceto load im-
balanceanddatadependenceviolationswhile keepingthememory
overheadassociatedwith the accessstructurestolerable. Experi-
mental resultsshow that our schemehassmall overheadsand is
ableto reacha largefractionof thepotentialparallelexecutionper-
formance.In particular, for applicationswith few or nodependence
violations,the schemerealizeson average71% of the speedupof
a manuallyparallelizedversionof thecode.Theresultsalsoshow
that the schemeoutperformstwo recentlyproposedsoftware-only
speculative parallelizationschemes:oneby 25% on averageand
with similar memoryoverheads,and the otherby 7% on average
but with signi�cantly lessmemoryoverhead.For applicationswith
many datadependenceviolations, our performancemonitorsand
switchescaneffectively curbtheperformancedegradation.
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