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ABSTRACT
Therecenttrendin theprocessorindustryof packingmultiplepro-
cessorcoresin a chip hasincreasedthe importanceof automatic
techniquesfor extractingthreadlevel parallelism.A promisingap-
proachfor extracting threadlevel parallelismin generalpurpose
applicationsis to applymemoryaliasor valuespeculationto break
dependencesamongstthreadsandexecutesthemconcurrently.

In this work, we presenta speculative parallelizationtechnique
calledSpeculativeParallelIterationChunkexecution(Spice)which
relieson a novel software-onlyvaluepredictionmechanism.Our
valuepredictiontechniquepredictsthe loop live-insof only a few
iterationsof agivenloop,enablingspeculativethreadsto startfrom
thoseiterations.It alsoincreasestheprobabilityof successfulspec-
ulationby only predictingthatthevalueswill beusedaslive-insin
somefutureiterationsof theloop. Thesetwin propertiesenableour
valuepredictionschemeto have high predictionaccuracieswhile
exposingsigni�cant coarse-grainedthread-level parallelism.Spice
hasbeenimplementedasanautomatictransformationin aresearch
compiler. Thetechniqueresultsin up to 157%speedup(101%on
average)with 4 threads.

Categoriesand SubjectDescriptors
D.3.4[Programming Languages]: Processors—Codegeneration,
Compilers,Optimization; C.1.4[ProcessorAr chitectures]: Paral-
lel Architectures
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Algorithms,Performance
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Multicore architectures,automaticparalleization,speculative par-
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1. INTRODUCTION
Theemergenceof multi-corearchitecturesasthedominantcom-

putingplatformis accompaniedby a nearstagnationin theperfor-
manceof individual processorcores.Thus,singlethreadedappli-
cationscanno longerrely on advancesin processtechnologyand
microarchitecturalinnovationsaloneto improvetheirperformance.
On the other hand, writing multi-threadedapplicationsis much
morecomplex thanwriting singlethreadedapplicationssinceit re-
quiresprogrammersto reasonaboutconcurrentaccessesto shared
data,andto inserttheright amountof synchronizationthatensures
correctbehavior without limiting parallelism. Active researchin
automatictools to identify deadlocks,livelocks,and racecondi-
tions [5, 7, 19] in multi-threadedprogramsis a testamentto the
dif�culty of this task.

An alternativeapproachfor producingmulti-threadedcodesis to
usethecompilerandthehardwareto automaticallyconvert single-
threadedapplicationsinto multi-threadedapplications. This ap-
proachis attractive asit takestheburdenof writing multi-threaded
codeoff the programmer, just as automaticinstruction-level par-
allelism(ILP) optimizationstake theburdenof writing codeopti-
mized for complex architecturesoff the programmer. While sig-
ni�cant progresshasbeenmadein parallelizingapplicationsin the
scienti�c andnumericcomputingdomain,thesametechniquesdo
notseemto applyto general-purposeprogramsdueto thecomplex
control�o w andmemoryaccesspatternsin theseprograms.

A promisingtechniqueto parallelizegeneralpurposeapplica-
tions is threadlevel speculation(TLS) [8, 13, 20, 21]. TLS spec-
ulatesthata future iterationof a loop, typically thenext iteration,
is independentof thecurrentiteration,andexecutesthemin paral-
lel. Themostcommonform of speculationusedin TLS is memory
aliasspeculationwhereloadsin later iterationsareassumednot to
con�ict with storesin theearlieriterations.If thespeculationturns
outto befalse,dueto dependencesbetweentheiterations,thespec-
ulatively executediterationsaresquashedandrestarted.As longas
themis-speculationrateis low, TLS canimprove theperformance
oversingle-threadedexecution.

Thealiasspeculationworksaslongasthecon�ict betweenloads
andstoresin differentiterationsareinfrequent. But if the depen-
dencesbetweenloop iterationsmanifestfrequently, aliasspecula-
tion suffers from high mis-speculationrates,causinga slowdown
over single-threadedcode. TLS systemstypically overcomethis
problemby synchronizing thosestore-loadpairs that con�ict fre-
quently. This limits theparallelismthatcanbeexploitedbetween
the loop iterations.An alternative approachis to applyvaluepre-
diction [10, 11] andspeculatively executethefutureiterationswith
thepredictedvalues.SeveralTLS techniques[4, 12, 14, 22] have
in factproposedtheuseof valuepredictionto increasetheamount
of parallelismexploited. TheseTLS techniqueswith value pre-



1 c = cm->next_cl;
2 while(c != NULL){
3 int w = c->pick_weight;
4 if (w < wm) {
5 wm = w;
6 cm = c;
7 }
8 c = c->next_cl;
9 }
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Figure1: Valueprediction example

diction typically usesomevaluepredictororiginally proposedto
improve ILP. While thosepredictorswork in somecases,we be-
lieve that bettervalue predictiontechniquestailor-madeto break
inter-iterationdependencesin a TLS systemcanbedeveloped.We
proposeanew parallelizationtechniquethatusesapredictorbased
on thefollowing two insightsinto valuepredictionfor threadlevel
speculation.

The �rst insight is that, to extract threadlevel parallelism, it is
suf�cient to predicta smallsubsetof thevaluesproducedbya static
operation. To seethis, considerthe loop in Figure1(a) from the
benchmarkotter that traversesa linkedlist. For thesake of this
discussion,assumethattheif conditionin line 4 is rarelytaken.In
thatcase,aTLS systemcanspeculatethatthereadof wmin thenext
iterationdoesnot con�ict with thewrite of wmin thecurrentitera-
tion. It canthenpredictthevalueof c at thebeginningof thenext
iterationandusethepredictedvalueof c to run that iterationcon-
currentlywith the currentiteration. But, it canalsospeculatively
parallelizethe loop by only predictingthe valueof c every tenth
iteration, insteadof every iteration. In that case,the TLS system
canspeculatively executechunksof 10 iterationsin parallel. If the
predictionsarehighly accurate,thenit is suf�cient to predictonly
asmany valuesas the numberof speculative threads. Predicting
morevaluesdoesnot increasetheamountof TLP. This is in con-
trastto valuepredictionfor ILP. ILP valuepredictiontechniques
predictvaluesof a long latency operationop to speculatively exe-
cutethe dependentoperations.For every dynamicinstanceof op
that is not predicted,the dependentoperationswould stall in the
pipeline,therebyreducingtheILP.

Thesecondkey insight is that theprobability of predictingthat
an operation will producea particular valuesometime in the fu-
ture is higher than predictingthat that valuewill be producedat
a speci�c time in the future. Predictingthat a valuewill appear
sometime in the future is suf�cient for thepurposesof extracting

TLP. To give an analogyfrom the stockmarket, the chancesthat
theDow Jonesindex will cross15000exactly a yearfrom now is
much lower than the chancesthat it will cross15000sometime
within thenext 2 years.To giveamoreconcreteexample,consider
Figure1(b) which shows the linked list andhow it getsmodi�ed
andaccessedover time. Considera simplepredictorthatpredicts
that node4 appearson the list. In this example,the predictionis
alwaystrue, even thoughthe relative positionof node4 from the
headof thelist changesover time. Thus,suchapredictorwill have
a higherpredictionrate thana predictorthat predictsthat node4
appearsasthefourthelementfrom theheadof thelist.

Thispaperproposesaspeculativeparallelizationtechniquecalled
Spice.Spiceusesa valuepredictiontechniquebasedon theabove
two insights.For every staticvaluethatneedsto bepredicted,our
techniquepredictsonly a small setof valuesproducedby thatop-
erationin a given loop invocation. It doesnot predictthespeci�c
iterationin which thosevalueswill be produced.This prediction
strategy is basedon theobservation that loop iterationlive-in val-
uestendto repeatacrossloop invocations.

Thepapermakesthefollowing contributions:

1. It presentsaviablesoftware-onlyvaluepredictiontechnique
to breakloop-carrieddependencesthat canenablespecula-
tive parallelizationbasedon key insightsinto valuepredic-
tion for TLP.

2. It presentsan automatedspeculative transformationcalled
Spice(speculativeparalleliterationchunkexecution)thatuses
this valuepredictionmethodologyanda dynamicload bal-
ancingschemeto extractthread-level parallelism.

3. It presentsan experimentalevaluationwith detailedperfor-
mancesimulationsof Spice-parallelizedcodesof applica-
tionswith linkedlist traversals,treetraversals,andcomplex
control�o w.

4. It describesa valuepro�ler framework to gaugeloop live-
in predictability in order to automaticallyidentify program
loopsamenablefor Spice-parallelization.Pro�le resultsshow
thatthereis goodlooplive-inpredictabilityacrossloopinvo-
cationsfor awidevarietyof applications.

Therestof this paperis organizedasfollows. Section2 usesan
exampleto highlight theperformancepotentialof Spicein compar-
isonto otherTLS techniques.Section3 describesthearchitectural
supportthat would be neededto supportSpiceTLS. The auto-
maticSpicetransformationis presentedin Section4, followedby a
quantitative evaluationin Section5. Section6 describesour value
pro�ling framework, providesawhole-applicationcharacterization
of loop live-in predictabilityacrossseveral benchmarks,anddis-
cussesthe issuesandchallengesin integratingsucha pro�ler into
an automatictransformationframework for Spice. We compare
and contrastthe contributions of this paperwith relatedwork in
Section7. Finally, Section8 summarizesthekey contributionsof
thiswork.

2. MOTIVATION
Thissectionprovidesaqualitativecomparisonof codegenerated

by existing TLS techniques,bothwith andwithout valuespecula-
tion, andthe codegeneratedby the Spicetransformation,for the
loop in Figure1(a).

2.1 TLS Without ValueSpeculation
Figure2 showshow theloopfrom Figure1(a)wouldbeexecuted

by existingTLS techniquesthatdonotemploy valuespeculationon
two processorcores.Thesolid linesrepresenttheexecutionof the
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Figure3: ExecutionSchedulefor TLS with ValuePrediction

codethat performsthe list traversalwhich is synchronizedacross
theiterations.Thedottedlinesrepresentthecodecorrespondingto
thecomputationof theminimumelement,andthedashedlinesrep-
resenttheforwardingof valuesfrom onethreadto anotherthread.
Thenumbersbelow thelinesindicatetheiterationnumbers.Let t1,
t2 andt3 respectively denotethelatency of eachof theabove three
partsof the executionin an ideal executionmodelwherethereis
no variancein the executiontime of thesethreecomponentsdue
to microarchitecturaleffectssuchascachemissesandbranchmis-
predictions.Let thetotal numberof iterationsof theloopbe2n.

Thetotal time takento executetheloop by TLS dependson the
relation betweent1, t2 andt3. If t2 > t1 + 2£ t3, then the com-
putationof cm andwmlies on the critical path. In that case,the
total executiontime is roughlyequalto n£ (t1 + t2), resultingin a
2X speedupover singlethreadedcode. On the otherhand,if the
minimumcomputationis not on thecritical path,thenthecommu-
nicationof valuesfrom onecoreto another, will alsobeapartof the
critical path. In particular, if t2 · t3, thenthe total executiontime
becomes2n£ (t1 + t3). This resultsin a speedupof t1+ t2

t1+ t3
, which is

alwayslessthan2, over single-threadedexecution.For theexam-
ple in Fig 1, thelist traversalis indeedon thecritical path.This is
becauseof thehigh cachemissrateof executingthepointerchas-
ing loadandalsobecauseof our assumptionthattheif statement
mostly evaluatesto false . Thus, the expectedspeedupof this
loop in theidealcaseis t1+ t2

t1+ t3
. Fromthis discussion,it is clearthat

theperformanceof TLS is susceptibleto inter-corecommunication
latencies.

2.2 TLS With ValueSpeculation
Let usnow considerthecasewheretheTLS techniqueemploys

value predictionto predict the value of c, eliminating the value
forwardingof c betweeniterations. Figure3 shows an execution
scheduleof the loop underTLS with valueprediction. In the ex-
ample,thepredictionof iteration4 is shown to bewrong,causing
iteration4 to bemis-speculatedandre-executed.Let p denotethe
probability thata givenvaluepredictionis correct.Assumingthat
the probability of a predictionbeingsuccessfulis independentof
otherpredictions,theexpectedspeedupis 2n(t1+ t2)

(n+( 1¡ p)n)(t1+ t2) or 2
2¡ p .

If all thevaluesof c aresuccessfullypredicted,thenTLS will give
a 2X speedup.Successfulpredictiondependsboth on the nature
of thecodethatproducesthevaluesandthepredictorthat is used.
In this example,the valuesareproducedby the nodesof a linked
list. In otter , betweensuccessive invocationsof theloop in Fig-
ure1(a),theminimumelementfoundby theloop is removedfrom
the list andsomeothernodesareinsertedinto the list. Giventhis,
let usnow considervariousvaluepredictorsandseehow successful
they wouldbein predictingthevaluesof c.

² The simplestvaluepredictoris the last valuepredictor that
predictsthataninstructionwill producethesamevaluepro-
ducedby theimmediatelyprecedingdynamicinstanceof that
instruction. Obviously, sucha predictorcannot predictthe
addressof thenodesof a linkedlist.

² Anothercommonpredictoris thestridepredictor. While this
is mostsuitedfor predictingarrayaddresses,it canalsopre-
dict linkedlist nodesaslong asthenodesareallocatedcon-
tiguouslyin theheapandtheorderof thenodesseenduring
the traversalmatchesthe orderin which the nodeswereal-
located.But, in this example,evenif thenodesareallocated
contiguously, a stridepredictorcannot successfullypredict
all thevaluesof c sincetheinsertionsanddeletionscausethe
traversalorderto bedifferentfrom theallocationorder.

² SomeTLS techniquesusetracebasedpredictorsinsteadof
instructionbasedpredictors. Insteadof predictinga value
basedon which instructionproducesthat value, thesepre-
dictors try to exploit the correlationof valuesproducedby
differentinstructionsin thesametrace.Marcuelloet al. [14]
proposedthe useof trace-basedpredictorsfor TLS. They
proposeda predictorcalled incrementpredictor which is a
tracebasedequivalentof a stridepredictor. The tracesthey
useare loop iteration traces,which areuniquepathstaken
by theprogramwithin a loop iteration. Therearetwo paths
in our exampleloop andin both thesepaths,the valuec is
producedonly once,by thesameinstruction.Hence,for this
example,a tracebasedpredictorwould farenobetterthanan
instructionbasedpredictor.

Thus,evenif valuepredictionis employed,it is unlikely thatexist-
ing TLS techniqueswould signi�cantly improve the performance
of this loop. In general,for applicationloopswith irregularmem-
ory accessesandcomplex control �o w, conventionalvaluepredic-
torsfail to doagoodjob. Thenext subsectiondescribeshow Spice
predictsvaluesby memoizingthe valuesseenduring the previous
invocationof the loop to breakpreviously hard-to-predictdepen-
denceswith very low mis-speculationrates.

2.3 SpiceTransformation With SelectiveLoop
Li ve-in ValueSpeculation

Let usnow seehow Spicewould transformthesameloop. Fig-
ure4 showstheparallelversionof theloopin Figure1 usingSpice.
Theexampleshows parallelizationwith two threads,but it canbe
generalizedto any numberof threads. For the two threadscase,
only onevalueof c hasto bepredictedsincethereis only onespec-
ulative thread.Assumethat thevariablepredicted_c contains
thatpredictedvalueof c. Later, in our discussionon thecompiler
transformation,wedescribehow thisvaluecouldbeobtained.Both
threadsexecutetheoriginal loop,but with somedifferences.In the
mainnon-speculativethread,weaddacheckattheendof eachloop
iterationthat checksif thecurrentvalueof c equalsthepredicted
value, in which casethe main threadsetsa �ag indicatinga suc-
cessfulspeculationandexits theloop. Outsidetheloop,it checksif
the�ag indicatingsuccessfulspeculationis set.If it hadexited the
loop becauseof a successfulspeculation,themain threadreceives
thewmandcmvaluesfrom thespeculativethreadandcomputesthe
minimum amongthe two wms andthe correspondingcm. In case
of mis-speculation,thespeculative threadis squashed.In thespec-
ulatedthread,thevalueof c is initialized predicted_c . When
it exits theloop, thespeculative threadsendsthecmandwmvalues
to themainthread.



1 c = cm->next_cl;
2 mispred = 1;
3 while(c != NULL){
4 int w = c->pick_weight;
5 if (w < wm) {
6 wm = w;
7 cm = c;
8 }
9 c = c->next_cl;

10 if(c == predicted_c) {
11 mispred = 0;
12 break;
13 }
14
15 }
16 if(!mispred){
17 receive(thread2, wm2);
18 receive(thread2, cm2);
19 if(wm2 < wm){
20 wm = wm2;
21 cm = cm2;
22 }
23 }
24 else{
25 squash_speculative_thread();
26 }

(a)Non-speculative thread(Thread1)

1 c = predicted_c;
2 while(c != NULL){
3 int w = c->pick_weight;
4 if (w < wm) {
5 wm = w;
6 cm = c;
7 }
8 c = c->next_cl;
9 }

10 send(thread1, cm);
11 send(thread1, wm);

(b) Speculative thread(Thread2)

Figure4: Parallelization usingSpice
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Figure5: ExecutionSchedulefor Spice

Figure5 showstheexecutionschedulefor thistransformedcode.
Insteadof alternatingtheiterationsacrossthetwo processorcores,
Spicesplits the iterationspaceinto two halvesandexecutesboth
the halvesconcurrentlyin two differentcores. Assumingagain a
probability p of successfulprediction,andthatthepredictedvalue
splits the list in the middle,applyingSpiceresultsin an expected
speedupof 2

2¡ p . Thus,if we have a predictorthatcanpredictjust
a few valueswith higheraccuracy, then the expectedspeedupof
Spicewould behigherthanexisting TLS schemes,sinceSpicere-
quiresfewervaluesto bespeculatedthantheexistingTLS schemes
to produceagivennumberof threads.Considerasimplevaluepre-
diction strategy whereon every loop invocation,thevalueof c in
themiddleof thelist is rememberedandusedasthepredictedvalue
in the following invocation. For the examplein Figure1(a), this
simplestrategy is likely to succeedsinceonly onenodeis deleted

from thelist aftereachinvocationandhencetheprobabilityof the
rememberednodebeingremovedfrom thelist is low.

In general,givenn processorcores,the loop in Figure1(a)can
be parallelizedinto n parallel speculative threadsby predicting
only n¡ 1 valuesof c acrossthe entireiterationspace1. Eachof
thesethreadsexecutesonechunkof iterationsandhasa low mis-
speculationrate. EachSpicethreadis long-runningcomparedto
iteration-granularTLS. Consequently, SpiceTLS doesnot incur
frequentthreadmanagementoverhead.In the following two sec-
tions, we describethe implementationdetailsof Spiceincluding
therequiredarchitecturalsupportandthecompilertransformation.

3. ARCHITECTURAL SUPPORT
In this section,we describethe architecturalsupportrequired

to supportSpice. SinceSpiceexecutesmultiple threadsconcur-
rently, it naturally requiresa multi-core architectureto execute
thosethreads.SinceSpiceemploys speculation,it requiresthefol-
lowing additionalsupport:

SpeculativeState Whena speculative threadgeneratedby Spice
needsto besquasheddueto mis-speculation,any changesto
architecturalstatemadeby thespeculativethreadmustbeun-
done.Undoingthechangesto registerstateinvolvessaving
andrestoringsomeregistervaluesanddiscardingtherestand
canbedonepurely in software. But to undothechangesto
memory, specialhardwaresupportis required.Suchsupport
is providedby hardwaretransactionalmemory[9] andmem-
ory systemsfor threadlevel speculation[8, 21] whichbuffer
speculativestateanddiscardit onmis-speculation.Whenthe
programreachesa point wherea speculative threadcannot
be squashedanymore, the bufferedstateis committedinto
themainmemoryandthestatecanno longerberolledback.
Our architecturalmodel includesISA supportto enterinto
a speculative state,commit thespeculative stateanddiscard
thebufferedstate.

Con�ict Detection LikeotherTLS techniques,Spicecanusemem-
ory aliasspeculationin additionto valuespeculation.This
requireshardware supportto detectif a storeand load ac-
tually con�ict during execution. Many existing TLS sys-
tems[8, 21] providesuchhardwaresupport.

Remoteresteer Whena threadis found to have mis-speculated,
the threadthat detectsthe mis-speculationforcesit to exe-
cutetherecoverycode.To supportthis,weproposearemote
resteermechanismthatallows onethreadto transfercontrol
in anotherthread. We currently supportit using a special
instructioncalledresteer.

4. COMPILER IMPLEMENT ATION
In this section,we describehow Spiceis implementedasanau-

tomaticcompiler transformation.Algorithm 1 outlinesthe Spice
transformation.Thealgorithmtakestheloop to beparallelizedand
the numberof threadsto createas its inputs. The algorithm�rst
computesthesetof live-insthat requirevalueprediction.This set
is obtainedby �rst computingthesetof all inter-iterationlive-ins.
Thoselive-insin this setthat canbe subjectedto reductiontrans-
formations[1] suchassumreductionor MIN/MAX reductiondo
not requireprediction. Value predictionis appliedto the rest of
theloopcarriedlive-ins.After obtainingthisset,thecompilerthen
performsthefollowing steps:
1A reductiontransformationcan remove the loop-carrieddepen-
dencefor wm.



Algorithm 1 Spicetransformation
1: Input: LoopL, numberof threadst
2: Computeinter-iterationlive-insLiveins
3: ComputereductioncandidatesReductions
4: Live-insto bespeculatedS= Liveins¡ Reductions
5: Createt ¡ 1 copiesof thebodyof L to form t ¡ 1 procedures
6: Insert communicationfor non-speculative loop live-ins and

live-outs
7: Generatecodeto initialize speculative live-insS
8: Generaterecoverycodein speculative threads
9: Insertcodefor mis-speculationdetectionandrecovery

10: Insertvaluepredictor

Thr ead creation: The compilerreplicatesthe loop t ¡ 1 times
andplacesthe loop copiesin separateprocedures.Eachof these
proceduresis executedin a separatethread. To avoid spawn-
ing thesethreadsbefore every invocation of the loop, threads
are pre-allocatedto the cores at the entry to the main thread.
Codeis insertedto the main threadloop's preheaderto generate
anew_invocation tokento all thethreadsbeforeeachloop in-
vocation.All otherthreadswait on thisnew_invocation token
andstarttheloopwhenthey receive this token.

Communication of live-insand live-outs:Thecompileridenti-
�es thesetof registerlive-insto theloopthatneedsto becommuni-
catedto thespeculative threads.All live-insexceptthespeculative
live-in setS andthesetof accumulatorsarecommunicated.Vari-
ablesusedasaccumulatorsarenot communicatedsincethey have
to beinitialized to 0 in thespeculative threads.

Value speculation: Thecompilercreatesa globaldatastructure
calledthespeculatedvaluesarrayof size(t ¡ 1) £ m, wheremis the
numberof live-in valuesthatneedto bespeculated.Thecompiler
initializes the speculative live-insof the loop in threadi with the
valuesfrom the(i ¡ 1)th row of thespeculatedvaluesarray. Later
wediscusshow thecontentsof thisarrayareobtained.

Recovery codegeneration: The compilercreatesa recovery
block for eachspeculative threadand generatescodeto perform
thefollowing actions:

1. Restoremachinespeci�c registerssuchasthe stackpointer
andthe �ag register. Registersusedwithin the loop that is
parallelizedaresimplydiscarded.

2. Rollbackthememorystateif theloopcontainsstores.

3. Inform themainthreadthatrecovery is complete.

4. Exit therecoveryblockandjumpto theprogrampointwhere
it waits for themain threadto senda token thatdenotesthe
beginningof thenext invocation

Mis-speculationdetectionand recovery: Mis-speculationde-
tection is done in a distributed fashion. We �rst look at mis-
speculationdetectionwhenthereis onespeculative thread(a total
of 2 threads)andthengeneralizeit for t threads.Let S be the set
of all the loop live-in registersthat needspeculation.At the be-
ginningof eachloop iteration,thenon-speculative thread1, which
is alsoreferredto as the main thread, comparesits valuesof the
registersin S with the valuesusedto initialize thoselive-in regis-
ters in thread2. If all the valuesmatchat the beginning of some
iteration j, it implies that thread2 startedits executionfrom iter-
ation j + 1 of the loop with correctlyspeculatedlive-in values.In
that case,thread1 stopsexecutingthe loop at the endof iteration
j andwaits for thread2 to communicateits live-outsat theendof

the loop. On the otherhand,if the valuesnever match,thread1
will eventuallyexit theloopby takingtheoriginal loopexit branch.
Sinceit hasexecutedall the iterationsof the loop andexited the
loopnormally, it canconcludethatthread2 hadmis-speculated.In
thatcaseit executesa resteer instructionto redirectthread2 to
its mis-speculationrecoverycode.

Mis-speculationdetectionandrecovery canbegeneralizedfor t
threads.Threadi is responsiblefor detectingwhetherthreadi + 1
hasmis-speculatedin a loop invocation. The compilergenerates
codein threadi at the beginning of eachloop iteration to com-
parethe valuesof all the registersin setS with the initial values
of thread(i + 1)'s live-ins. Thread(i + 1)'s initial live-in values
areloadedfrom the ith row of thespeculatedvaluesarray. It then
insertscodethat setsa �ag indicatingsuccessfulspeculationfol-
lowedby abranchto exit theloop, if thevaluesmatch.Outsidethe
loop,codeto checkthis �ag andtake thenecessaryrecoveryaction
is generated.

To recover from mis-speculation,thecompilergeneratescodeto
performthefollowingactions.Thethreaddetectingmis-speculation,
if itself is notthemainthread,communicatesthisinformationto the
main thread.Themain threadissuesresteer instructionsto all
themis-speculatedthreadsthatmakethesethreadsexecutetheir re-
coverycode.It thenwaitsfor anacknowledgmenttokenfrom each
of themthat indicatesthat they have successfullyrolled backthe
memorystate.Finally, afterall the tokenshave beenreceived,the
mainthreadcommitsthecurrentmemorystate.

Mis-speculationdetectionis illustratedin Figure6. Figure6(a)
shows the traversalof a list that has8 nodes. Threethreadspar-
ticipate in the traversalof this list. The �rst threadtraversesthe
nodesenclosedby the solid box, the secondthreadtraversesthe
nodesenclosedby thedottedbox andthenodesof the last thread
areenclosedby thedashedbox. SVA denotesthespeculatedvalues
arraywhoseelementscontaintheaddressesof list nodeswhichare
live-in to the list. Assumethat after the invocation,node4 is re-
movedfrom thelist asin Figure6(b). TheSVA entrystill pointsto
theremovednode.Whentheloop is invokedagain, the�rst thread
traversestheentirelist sinceit never �nds thenodewhoseaddress
is in the SVA during its traversalas the nodehasbeenremoved
from thelist. Thesecondthreadstartsfrom theremovednodeand
dependingonthewhatits next pointerpointsto, will eitherstopthe
traversal,loop forever, or causememoryfaultsby accessingsome
invalid memorylocation.Thread3 startsfrom node6 andtraverses
till theendof the list, repeatingthework doneby thread1. When
thread1 reachesthe endof the list, it concludesthat thread2 has
mis-speculatedandsquashesthreads2 and3. Note that if thread
1 comparesits live-in registerswith thespeculatedlive-insof both
threads2 and3, thenit needsto squashonly thread2 andthread3's
computationwould not have beenwasted. But this increasesthe
overheadin thread1 dueto theadditionalcomparisonsandhence
in ourcurrentimplementation,thecompilerlimits thecomparisons
to only onesetof live-ins.If thread2 goesinto anin�nite loop,the
resteer issuedby thread1 will redirectit to thecorrectrecovery
code. The recovery coderolls backits memorystateto undoany
changesthethreadhasdoneto its memorystate.

Valuepredictorinsertion
Thecompilerinsertsinto thethreadsa valuepredictorthat�lls the
contentsof the speculatedvaluesarrayon every loop invocation.
A trivial valuepredictionstrategy is to memoizeor rememberthe
live-ins from t ¡ 1 different iterationsduring the �rst invocation.
Theset ¡ 1 setof live-inscanbe usedas the predictedvaluesin
all subsequentinvocations.Thisapproachdoesnotadaptto change
in programbehavior andhencedoesnot work in many cases.For
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Figure6: List TraversalExample

instanceif thevaluesthatarememoizedareaddressesof thenodes
nodesof a linkedlist, andif amemoizednodeis removedfrom the
list, all subsequentinvocationswill mis-speculateeven if the list
elementshardlychangesubsequently.

A betterapproachis to make the predictormemoizethe values
not just once,but on every invocationof the loop. Valuesmemo-
izedin oneinvocationareusedasa predictiononly in thenext in-
vocation.This approachadaptsitself betterto changesin the loop
behavior. Moreover, this alsoallows dynamicloadbalancingsince
thework doneby thespeculative threadsdependson theiterations
whoselive-invaluesarepredicted.

The valuepredictorhastwo components.The �rst component
of the valuepredictorthat writes to the speculatedvaluesarrayis
distributedacrossall the threads. To implementthis component,
the compiler �rst createsa setof datastructuresusedby the pre-
dictor. A list calledsvai is createdperthread.Theentriesof this
arrayfor threadi containtheindicesto thespeculatedvaluesarray
(sva ) to which threadi shouldwrite to. Anotherper-threadlist
calledsvat containsthresholdsthat determinewhich valuesare
memoized.Thecompileralsocreatesanarraycalledwork whose
entriescontainthe amountof work doneby eachthread. This is
usedin dynamicloadbalancing.

Algorithm 2 Spicevalueprediction
my-work = 0
for eachiterationof theloopdo

my-work = my-work + 1
if my-work > svat[list-index] then

sva[svai[list-index]] = loop carriedlive-insin currentitera-
tion
list-index = list-index+1

end if
end for
work[my-thread-id]= my-work

The compiler emits the codecorrespondingto Algorithm 2 in
eachthreadto memoizethevalues.Eachthreadmaintainsacounter
my-work that is a measureof the amountof work doneby that
thread. In our currentimplementation,the threadsincrementthe
counteronceper loop iteration. A moreaccuratemeasureof the
workdonecouldbeobtainedby readingtherelevanthardwarecoun-
ters periodically. If the work doneso far exceedsthe threshold
found in the headof the svat list for this thread,then the cur-
rent loop live-in valuesarerecordedin the sva array. The index
to the sva array locationto which the valuehasto be written is
given by the valueat the headof the svai list. After writing to
thesva array, theheadpointersof both the lists areincremented.
After exiting theloop, thethreadwritesthetotal work donein that
invocationto theglobalwork array.

The othercomponentof the valuepredictoris centrally imple-
mentedin a separateprocedure.This componentis executedat the

Core FunctionalUnits: 6 issue,6 ALU, 4 memory, 2 FP, 3 branch
L1I Cache:1 cycle,16KB, 4-way, 64B lines
L1D Cache:1 cycle,16KB, 4-way, 64B lines,write-through
L2 Cache:5,7,9cycles,256KB,8-way, 128Blines,write-back
MaximumOutstandingLoads:16

SharedL3 Cache > 12cycles,1.5MB, 12-way, 128Blines,write-back
Main Memory Latency: 141cycles
Coherence Snoop-based,write-invalidateprotocol
L3 Bus 16-byte,1-cycle,3-stagepipelined,split-transaction

buswith roundrobinarbitration

Table1: Machine details.

endof eachloopinvocation.It collectstheamountof work doneby
eachthreadin that invocationanddecideson the iterationsof the
next loop invocationwhoselive-in valueshave to be memoized.
Dependingon which threadsexecutethoseiterations,it generates
the entriesof the svai list. But how the iterationswill be parti-
tionedamongthethreadsin thenext invocationcannotbedecided
apriori at theendof currentinvocationsinceit dependsonthepro-
gramstate.Hence,thepredictormakesthefollowing assumptions:

1. In futureinvocations,thetotal amountof work donewill re-
mainthesame.

2. In the immediatelyfollowing invocation, the threethreads
will executethesameamountof work.

Theseassumptionsenablethepredictorto orchestratethemem-
oizationin a way that resultsin loadbalancing.This is bestillus-
tratedwith an example. Considerthe casewherethereare three
threadswherethework doneby eachthreadin a particularinvoca-
tion are10, 1 and1 units respectively. Basedon the �rst assump-
tion, thepredictorwantsto collectthelive-inswhenthetotal work
donein a sequentialexecutionare4 and8. It thenusesthesecond
assumptionto determinewhich threadswill have to write theval-
ues. In this example,thework doneby the �rst threadin thenext
invocationis assumedto be8 andsoboththerows of thesva are
written to by the �rst threadafter iterations4 and8 andthe other
two threadsdo not write into thesva . Hencethesvat list of the
�rst threadis setto [4, 8] andits svai list is setto [0,1]. For the
othertwo threadstheheadelementof svat is setto ¥ sothatthey
wouldneverwrite to thesva array.

5. EXPERIMENT AL EVALUATION
We now describeour experimentalevaluationof Spice.We use

a cycle accuratemulti-coresimulatorto evaluatethe performance
bene�tsof usingSpice.Ourbasemodelis a4 coreItanium2 CMP
modelmodeledusing the Liberty simulationenvironment(LSE).
The architecturaldetailsof eachcore in our model are given in
Table1. To supportthe remoteresteermechanism,we make the
resteer instructiontake a programaddressto which thecontrol
is transferredin a differentcore. This could alsobe implemented
throughanOScall thatsendsa signalto theremotethread.While
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thecoreshave theability to buffer memorystateto enablerollback
of the speculative state,our architecturesimulatordoesnot sup-
port detectionof con�icts in hardware. This restrictsthe loopsto
whichwecanapplythetransformation.Thesetof benchmarkswe
useto evaluatethe techniqueis given in Table2. Theseloopsare
chosenfrom a setof loopsthatarefound,by manualinspectionof
the sourcecode,to be goodcandidatesfor this techniquebut are
not DOALL. Fromthatset,we removedloopsthatdo not execute
for a signi�cant fractionof theprogram's executionandthosethat
requirememorycon�ict detection.Section6 describesa pro�ling
framework thatcanbeusedto automatetheaboveprocessof deter-
mining theloopsto whichSpicecanbeapplied.

Theprogramis �rst compiledto a low level intermediaterepre-
sentation.Classicaloptimizationsareappliedto this low level code
beforeapplyingtheSpicetransformation.Translationto IA-64 as-
sembly is followed by anotherround of classicaloptimizations,
scheduling,registerallocationanda �nal schedulingphase.The
resultsreportedarein termsof loop speedupover singlethreaded
binary, which is subjectedto the samesequenceof optimization
passesexceptSpice.Exceptfor the loop beingoptimized,therest
of theapplicationremainsunchanged.Consequently, detailedper-
formancesimulationis doneonly for the loopsbeingoptimized.
Thecachesandbranchpredictorsarekeptwarmwhile the restof
theapplicationis executedona fast-forwardmode.

Figure 7 shows the speedupsobtainedon these4 loops. The
speedupnumbersareshown for boththe2 threadsandthe4 threads
cases.Thespeedupsrangefrom24%in 458.sjeng with 2 threads
to ashigh as157%on the loop in ks with 4 threads.The whole
programspeedupcanbe obtainedfrom the loop speedupandthe
fraction of time spenton the loop in the original program. There
are several factorsthat prevent the actualspeedupfrom being in
line with theideal linearspeedupexpectedfrom threadsexecuting
in aDOALL fashion:

Mis-speculations 458.sjeng is theonly benchmarkthatsuffers
heavily due to mis-speculation.Around 25% of the invo-
cationsmis-speculatein this benchmark.In the otherthree
loops,themis-speculationrateis lessthan1%.

Load imbalance Thenumberof iterationsperinvocationvariesin
otterdueto insertionsto thelinkedlist. Loadbalancingplays
animportantrole in speedingup theloop's execution.Since
our distributedre-memoizationstrategy doesnot equallydi-
vide the work amongthe differentcores,it resultsin some
slowdown comparedto anidealcasewherethework among
thethreadsis equallydivided. In 458.sjeng , eventhough
thevariancein thenumberof iterationsperinvocationis not
very high, theactualnumberof instructionsexecutedper it-
erationvariesacrossiterations.A bettermetric for loadbal-
ancingthanjust iterationcountswould improvethespeedup.
Loadbalancingis alsoanissuein 181.mcf dueto thevari-
ability in thenumberof iterationsof theinnerloopperouter
loop iteration.

Speculationoverhead Even when there is no mis-speculation,
thereis an overheadin checkingfor mis-speculationevery
iteration. In otter , the time to executethe loop body per
iterationis low andhencetheoverhead,asa fractionof use-
ful executiontime, is high. In 458.sjeng , the overhead
is high becausethereare 8 distinct live-in valuesthat are
comparedwith the memoizedvaluesof the next threadand
ANDedtogetherto determinewhetherthespeculationis suc-
cessful.

Other overheads Themainthreadhasto communicatelive-inval-
uesthatarede�ned outsidethe loop to all theotherthreads,
collectall live-outvaluesandperformoperationssuchasre-
ductionsat theendof eachinvocation.This overheadis typ-
ically low asit is paid only onceper invocation. However,
certainearly invocationsof theotter loop have small trip
countcausingthis overheadto becomea signi�cant perfor-
mancefactor.

The resultsshow that the proposedtechniqueis a viable paral-
lelization techniquefor certainclassesof loops. While the above
parallelizationopportunitiesweremanuallyidenti�ed to the com-
piler, thenext sectionpresentsa valuepro�ling framework which
can be usedto pro�le applicationsfor loop live-in predictability
acrossloop invocationsandenablethe compiler to automatically
identify opportunities.

6. VALUE PROFILER
This sectiondescribesa genericvalue pro�ling framework to

characterizethepredictabilityof loop live-invaluesacrossloop in-
vocations. This characterizationwill enableus to understandthe
limits andthepotentialof Spice.Practicalissuesthatmustbeover-
cometo enablethe useof this pro�ling framework for automatic
identi�cation of loopsfor Spice-parallelizationarealsodiscussed.

Thepro�ler takesaprogramin low level IR, andidenti�es theset
of loopswhoseloop-carriedlive-insarepredictable.The pro�ler
consistsof two components:aninstrumenterandananalyzer. We
now describethesetwo componentsin detail.

6.1 Instrumenter
The�rst stepof theinstrumentationprocessis to identify theset

of loopsthatarecandidatesfor valuepro�ling. Only loopsthatex-
ecutefor morethan0:5%of thetotalexecutiontime,asdetermined
by the dynamicinstructioncount, and are not DOALL-able, are



consideredfor valuepro�ling. For theseloops, the instrumenter
identi�es the set of valuesthat are live-in acrossloop iterations.
Theinstrumenterthenfurthertrims thissetasdescribedbelow.

Reductions
It �rst identi�es thesetof operationsthatarecandidatesfor reduc-
tion transformations[1]. For instance,if the loop hasanaccumu-
lator variablesum which is incrementedby thestatementsum =
sum + A[i] , thenthevariablesum is live-in at theloop header.
But this doesnot prevent the loop from beingparallelizedif sum
is not reador written anywhereelsein the loop, sincetheparallel
threadscanindependentlycomputethe valueof sum, and�nally ,
afterall thethreadshavecompletedtheirexecutions,addthevalues
to getsum. Hencethis live-in canberemovedfrom theset. Sim-
ilarly live-ins usedto computeother associative operationssuch
asmultiplication,computationof minimumor maximumof anar-
ray, areremovedfrom theset.Removing suchloop-carrieddepen-
dences,whichcanbehandledin otherways,is importantto obtain
meaningfulresultsfrom thepro�ler.

LowFrequencyMemoryDependences
If the programon which the instrumenteris appliedhasmemory
pro�ling annotationsthen the instrumentercan use the memory
con�ict frequency informationto excludeloop live-inscreatedby
low frequency memorydependencesfrom thecorrespondingloop's
live-in set. Any resultingSpiceparallelizationwill thenneedrun-
timememorycon�ict detectionto handleany memorydependence
violationscausedby oneof theseexcludedloop live-ins.

Theinstrumentertheninstrumentstheprogramto recordtheset
of loop carriedlive-insfor theloopsunderconsideration.For each
loop,anarrayis allocatedwhosesizeis setto thecardinalityof the
loop carriedlive-in set. At the entry to the loop, the setof regis-
ter live-insarestoredat distinct locationsof this array. For each
memorylive-in thatloadsavalueinto aregisterr , theinstrumenter
insertsthecodeto storetheregisterr into thearrayafter the load
operation.

At the loop preheader, the instrumenterinsertsa call to an an-
alyzermethodnew_invocation that informs the analyzerthe
startof a new invocationof a loop which is uniquelyidenti�ed by
theargumentto themethod.At theendof theloopiteration,before
thebackwardbranchto theheaderof theloop, theinstrumenterin-
sertsa call to an analysisroutinerecord_values passingthe
arraycontainingthe live-insfor that loop. Laterwe describehow
theanalyzerprocessesthis array. Finally, the instrumenterinserts
a call to ananalyzermethodexit_program to inform theana-
lyzer that theprogramis goingto exit makingtheanalyzeroutput
its analysis.

Loadsthatarecontainedwithin innerloopsposea problemdur-
ing instrumentation.For a giveniterationof theouterloop, a load
in an inner loop cangetexecutedmorethanonce. However, only
thevalueproducedby the�rst dynamicinstanceof theloadin the
outerloop executionis consideredloop-carriedwith respectto the
outerloop andsoonly thatvalueneedsto bepro�led. This canbe
achievedby associatingaguardvariablefor eachsuchload.A load
is pro�led only if theassociatedguardis true.Theinstrumenteren-
suresthattheguardis setto trueonly for the�rst dynamicinstance
of thatloadin anouterloop iteration

6.2 Analyzer
Theanalyzerprocessesthesetof live-in valuesin eachloop it-

erationto determineif the live-insof the loop exhibit predictabil-
ity acrossinvocations. For eachloop L, the pro�ler associatesa
probability P(L) and the invocationsof L are sampledwith that

probability. Samplingis doneto reducethepro�ler overhead.For
eachsampledinvocation,theanalyzergetsthesetof live-in values
every iterationthroughthe call to record_values method. It
computesa signatures of the live-in values. All suchsignatures
in an invocationareaddedto a setS. In the following invocation,
the analyzeragain computesthe signatures of the live-in setand
searchesthesignaturesetSto seeif thesignatures is found.It then
computesthefractionof loop iterationsf in which thesignatureis
found in S. If f is above somethresholdt, theanalyzerconsiders
theloop invocationto bepredictable.

6.3 Predictability of Values
Figure 8 summarizesthe resultsfrom the pro�ler on a set of

benchmarksfrom the SPECinteger suites,the Mediabenchsuite
anda few otherapplications.We usea thresholdof 0.5 to deter-
mineif a loop invocationis predictable.In otherwords,a loop in-
vocationis consideredpredictableif the live-insof morethanhalf
its iterationsmatchlive-insfrom thepreviousinvocation.We then
classifyeachloopinto oneof four predictabilitybinsbasedonwhat
percentageof its invocationsarepredictable:low (1-25%),aver-
age(26-50%),good(51-75%),andhigh (76-100%).The number
of loops in eachbenchmarkthat fall undereachof thesebins is
shown in Figure8. The loop countsarenormalizedto 100. Miss-
ing barsfor benchmarksindicatethatnoneof theinvocationsin any
of theloopsshow predictability. Theabove �gure indicatesthat in
many of the applications,a signi�cant fraction of their dynamic
loop invocationsshow goodto high predictability. We expectthat
agoodnumberof theseloopswill bene�t from SpiceTLS.

As mentionedin Section5, while the Spicetransformationhas
beenautomatedin our researchcompiler, the speci�c paralleliza-
tion opportunitiesthemselveshadto bemanuallyidenti�ed to the
compiler. Theuseof theabove pro�ler outputto automaticallyde-
tectopportunitiesfor Spice-parallelizationwasprecludeddueto a
few missingpiecesin the automationprocess. In particular, the
predictabilityvaluesreturnedby thevaluepro�ler will have to be
taken into accountin conjunctionwith other informationsuchas
the structureof the loop nest tree and the cumulative execution
weight, the total numberof invocations,andthe numberof itera-
tions per invocationof eachnodein the loop nesttree. Further-
more, if both outerand inner loopsof a loop nesthave desirable
executionandvaluepro�le characteristics,then the compilerhas
to usesomeheuristicto decidewhattheright granularityof Spice-
parallelizationis. Outerloopstypically executefor many iterations
and hence,when Spice-parallelized,can yield signi�cant perfor-
manceimprovements.On the �ip side,if the outerloop executes
for very few invocations,the fraction of invocationsthat aresuc-
cessfullyparallelizedwith goodload balancingcould be low. Fi-
nally, the absenceof the hardware for memorycon�ict detection
precludesthe techniquefrom being appliedto loops with poten-
tial inter-iterationloadstorecon�icts. Wearecurrentlyworkingon
formulatingand incorporatingtheseheuristicsin our compiler to
evaluatethespeeduppotentialof Spiceacrossentireapplications.

7. RELATED WORK
Lipasti [10, 11] showed that datavaluesproducedby instruc-

tions during programexecutionshow a lot of predictability and
proposedthe useof valuepredictorsto exploit this predictability.
In ourwork, weemploy valuepredictionto only a few selecteddy-
namicinstancesof astaticoperation.Calderetal. [2] alsoproposed
a techniquecalledselectivevalueprediction. While they propose
instruction �ltering mechanismsto determinewhich instructions
write into the value predictiontable in a uniprocessor, ours is a
purelysoftwarebasedvaluepredictionwith thegoalof extracting
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Figure 8: Value predictability of loops in applications. Each loop is placed into 4 predictability bins (low, average,goodand high)
and the percentageof loopsin eachbin is shown.

threadlevel parallelism.Marcuelloet al. [14] proposedtheuseof
valuepredictionfor speculativemulti-threadedarchitectures.They
investigatedboth instructionbasedpredictorsandtracebasedpre-
dictors,in which the predictorusesthe loop iterationtraceasthe
predictioncontext. Steffanet al. [22] proposetheuseof valuepre-
diction aspartof a suiteof techniquesto improve valuecommuni-
cationin threadlevel speculation.They usea hybrid predictorthat
choosesbetweena stridepredictoranda context basedpredictor.
Cintra andTorellas[4] alsoproposevaluepredictionasa mecha-
nismto improveTLS. They useasimplesilentstorepredictorthat
predictsthe valueof a load to be the last valuewritten to that lo-
cationin themainmemory. Liu et al [12] predictsonly thevalues
of variablesthat look like inductionvariables.Oplinger[15] also
incorporatesvaluepredictionin TLS design,with aparticularfocus
on function returnvalues.Our work focuseson a compilerbased
techniqueto predicta few valueswith high accuracy. Zilles [23]
proposedMaster/Slavespeculativeparallelization(MSSP),whichis
aspeculativemulti-threadingtechniquethatusesvaluespeculation.
Thepredictionin MSSPis madeby a distilled program, which ex-
ecutesthespeculativebackwardsliceof thelooplive-ins.Oursoft-
warevaluepredictorpredictsbasedon valuesseenin thepastand
doesnothave to executeaseparatethreadfor prediction.

SomeTLS techniques[3, 4,16,17]havealsoproposedtheuseof
iterationchunking.Thesechunksareiterationsof �x edsize,while
in our casethe numberof chunksequalsthe numberof processor
coresandthechunksizeis determinedat runtimeby the loadbal-
ancingalgorithm.TheLRPDtest[18] andtheR-LRPDtest[6] are

alsospeculative parallelizationtechniquesthatchunkthe iteration
space,but they usememorydependencespeculationandnot value
speculation.

8. CONCLUSION
Thispaperpresentedanew speculativeparallelizationtechnique

calledSpicethatusesanovel valuepredictionmechanismfor thread
level parallelism.Thevaluepredictionmechanismis basedon two
new insightson thedifferencesbetweenvaluespeculationfor ILP
andTLP. Thehighly accurateandtargetedvaluepredictionis ac-
complishedby the compiler without any supportfrom the hard-
ware. The paperdescribedin detail the algorithms,compiler im-
plementationand the hardwaresupportrequiredto automatically
applySpice.We evaluatedSpiceon a setof 4 loopsfrom general-
purposeapplicationswith complex control�o w andmemoryaccess
patterns.Spiceshows up to 157%(101%on average)speedupon
the setof loopsto which it is applied. We alsopresenteda value
pro�ler which demonstratesthat the kind of value predictability
exploited by Spiceis presentin many benchmarks,indicatingthe
widerapplicabilityof Spice.
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